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Abstract

Conventional communication systems consist of several signal processing blocks,
each performing an individual task at the transmitter or receiver, e.g. coding, mod-
ulation, or equalisation. However, there is a lack of optimal, computationally fea-
sible algorithms for nonlinear fibre communications as most techniques are based
upon classical communication theory, assuming a linear or perturbed by a small
nonlinearity channel. Consequently, the optimal end-to-end system performance
cannot be achieved using transceivers with sub-optimum modules. Carefully cho-
sen approximations are required to exploit the data transmission potential of optical
fibres.

In this thesis, novel transceiver designs tailored to the nonlinear dispersive fi-
bre channel using the universal function approximator properties of artificial neural
networks (ANNs) are proposed and experimentally verified. The fibre-optic system
is implemented as an end-to-end ANN to allow transceiver optimisation over all
channel constraints in a single deep learning process. While the work concentrates
on highly nonlinear short-reach intensity modulation/direct detection (IM/DD) fi-
bre links, the developed concepts are general and applicable to different models and
systems.

Found in many data centre, metro and access networks, the IM/DD links are
severely impaired by the dispersion-induced inter-symbol interference and square-
law photodetection, rendering the communication channel nonlinear with memory.
First, a transceiver based on a simple feedforward ANN (FFNN) is investigated
and a training method for robustness to link variations is proposed. An improved
recurrent ANN-based design is developed next, addressing the FFNN limitations
in handling the channel memory. The systems’ performance is verified in first-in-
field experiments, showing substantial increase in transmission distances and data
rates compared to classical signal processing schemes. A novel algorithm for end-
to-end optimisation using experimentally-collected data and generative adversarial
networks is also developed, tailoring the transceiver to the specific properties of the
transmission link. The research is a key milestone towards end-to-end optimised
data transmission over nonlinear fibre systems.



Impact Statement

Optical fibre networks form the major part of the current internet infrastructure and
carry most of the generated digital data traffic. However, the design of conventional
fibre links is based upon classical communication theory, which was developed for
linear systems. Although convenient to engineer, systems using such techniques are
not able to fully exploit the potential for data transmission provided by the nonlin-
ear dispersive communication channel, imposing limitations on the achievable data
rates and transmission distances. Consequently, fundamentally new methods are
required to increase the throughput and reach of fibre-optic networks.

This research proposes and, for the first time, demonstrates both numerically
and in lab experiments, a fundamentally new outlook on optical fibre communi-
cations. Unlike classical approaches it allows end-to-end optimised transmission
over the channel. The complete fibre-optic system is implemented as an end-to-end
deep artificial neural network (ANN), obtaining transmitter and receiver optimised
in a single process over all channel constraints. The approach is general and can be
applied to different models and systems. The thesis is focused on the application
to highly nonlinear short-reach optical fibre links, which are the preferred tech-
nology in data centre, metro and access networks. Two different end-to-end deep
learning-based designs are proposed – a low complexity system based on a simple
feedforward ANN as well as an advanced design using recurrent neural networks
for nonlinear processing of data sequences. These configurations are successfully
verified in breakthrough experiments. Compared to systems based on state-of-the-
art digital signal processing, they can increase the reach or enhance the data rate at
shorter distances, while operating with a lower computational complexity. In addi-
tion, the developed optimisation algorithms for robustness to link variations and sys-
tem self-learning during transmission enable the implementation of efficient, easily
reconfigurable, and versatile transceivers that exploit the data carrying potential of
the optical fibre to a greater extent. These are key features in keeping operational
costs low and combined with an efficient hardware implementation can establish
the technology as a prime candidate for deployment in future optical networks.
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Chapter 1

Introduction

1.1 Deep learning in communication systems
Through decades of innovation, machine learning has been establishing its presence
as a data processing, optimisation and analysis tool in various disciplines, ranging
from social to natural and applied sciences [1–3]. In recent years, the exponential
increase and availability of data and computational resources allowed this process to
pick up an unprecedented speed. One particular class of machine learning methods
— deep learning using artificial neural networks— has become the dominant ap-
proach for utilising the big data in many areas due to its computational capacity and
scalability potential [4, 5]. Powerful deep learning techniques are revolutionising
many aspects of the modern world, leading a tremendous technology leap in fields
such as image and speech analysis [6, 7], and natural language processing [8]. The
application to communications engineering follows a similar trajectory and after
early work in the late 1980s and the 1990s [9], today there is a firm renewal of in-
terest in ubiquitously employing machine learning, and deep learning in particular,
on various layers of modern communication networks [10, 11].

1.1.1 Solving communication problems with deep learning
Artificial neural networks (ANNs) are formed by interconnected processing ele-
ments called neurons, organised into multiple layers with nonlinear relation be-
tween them [12]. Using a collection of powerful optimisation techniques, such com-
putational systems can be optimised to approximate complex nonlinear functions —
a process which is often referred to as deep learning. Deep learning is a data-driven
optimisation approach, which relies on the availability of a large set of examples,
representative of the function’s behaviour. It combines well-known algorithms such
as backpropagation [13] and gradient descent [14, 15] with modern adaptive learn-
ing techniques, specifically developed for multi-layer (deep) ANNs [16–18].

Using artificial neural networks and deep learning for the design and optimi-
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Figure 1.1: General conditions under which deep learning could be considered as a suitable
solution to a communication engineering problem (adapted from [19]).

sation of an algorithmic solution to a communication problem can be viewed as
a methodology which is an alternative to conventional domain knowledge-based
approaches. Inspired by [19–21], Fig. 1.1 together with the discussion in this sec-
tion provides some general instructions on how to identify communication tasks for
which the deep learning perspective is particularly suitable.

First, in order for the traditional engineering flow to be applied, an accurate
mathematical model which captures the underlying physical properties of the prob-
lem needs to be present. If the model is unknown, conventional model-based tech-
niques cannot be designed and it is necessary to resort to alternative approaches.
As already mentioned, a substantial condition that needs to be satisfied before con-
sidering a deep learning solution is the presence of sufficient data examples for the
training of the algorithm. Importantly, in the case of a lack of a model, the data
needs to be collected such that its distribution is representative for the encountered
problem.

Next, in cases where the field of interest is characterised by an established
mathematical model, the availability of existing optimal algorithms, engineered
based on the model, needs to be considered. If such algorithms are not known or
not available due to complexity reasons, the use of deep learning might be utilised,
given that sufficient amount of data is available. Note that typically in this case
large amounts of data can be generated using the physics-based model.

Finally, even in the presence of well-established models and optimal algorith-
mic solutions developed for them, a deep learning approach could still be beneficial
in scenarios where its implementation would require a lower complexity without
sacrificing the performance compared to the traditional techniques.
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Although communication engineering is a field with well-established channel
models [22–24] as well as algorithms for reliable communication over them [25],
they apply only to a sub-class of all communication problems. Moreover, often the
available domain knowledge can be integrated into the learning algorithm, while the
collection of a sufficiently large amount of data for training in certain situations can
be easier than applying traditional approaches. As a consequence, the advantages
of applying deep learning in place of a conventional technique should be evaluated
on an individual basis.

1.1.2 Applications
The unparalleled growth of interconnected devices nowadays leads to an enormous
amount of generated Internet traffic which increases at an exponential rate [26].
This results in rapidly increasing complexity and dynamics in all modern network-
ing systems, the core part of which is constituted by the optical fibre infrastruc-
ture, and presents great challenges for their configuration, management and con-
trol [27, 28]. Stringent requirements regarding the quality of service, latency and
flexibility to frequent change in conditions are fastly becoming infeasible to realise
using conventional approaches. In the same time, the ubiquitous collection of var-
ious networking data, for example from monitoring reports, has empowered wide
interest in developing scalable, energy-efficient and optimised solutions using deep
learning, artificial neural networks and machine learning in general [29–33]. For
example, the techniques have been used for the modeling, prediction and classifica-
tion of the data traffic flow [34–40], enabling a promising direction for substantially
reducing the operational cost of the network [34].

From physical layer’s perspective, the application of deep learning, as a col-
lection of powerful optimisation tools, is considered particularly suitable for dig-
ital signal processing (DSP). Advanced DSP algorithms enable the compensation
for wide variety of transmission impairments and have become an effective ubiq-
uitously employed solution for increasing the data rate and transmission reach of
state-of-the-art communication systems [41, 42]. The conventional communication
transceiver design consists of several DSP blocks, each employed to perform an
individual task. Figure 1.2 shows a basic schematic representation of such a sys-
tem. At the transmitter, signal processing functions such as coding, modulation,
pre-compensation and pulse-shaping are applied to the incoming data, shaping the
signal before it is launched into the transmission link. At the receiver, the signal, dis-
torted by the communication channel, is typically equalised before functions such
as demodulation and decoding are performed to recover the transmitted data. Such a
modular transceiver implementation is convenient from an engineering perspective
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Figure 1.2: Basic schematic of a conventional communication system design, showing
some of the main signal processing modules at the transmitter and the receiver.

as it allows separate analysis, optimisation and control of the DSP blocks.
Due to their powerful function approximation capabilities, the use of artificial

neural networks combined with deep learning in the DSP chain of modern com-
munication transceivers has attracted great interest. Often the techniques are con-
sidered for the optimisation or the computational complexity reduction of a specific
DSP function. This has been achieved by incorporating varying degrees of the avail-
able domain knowledge for completing the DSP task. For example, artificial neural
networks and deep learning enabled a low-complexity near-optimal solution for the
demodulation of received symbols in additive white Gaussian noise (AWGN) chan-
nels [43]. Applications in the decoding process of forward error correction (FEC)
codes have also been widely investigated [44–47]. In [44] deep learning was applied
for the optimisation of the existing belief propagation decoding algorithm for linear
codes, leading to increased decoding capabilities. This prompted the development
of methods for complexity reduction of the scheme [48]. In [47] it was shown that
advanced recurrent neural network architectures can be used for the optimal (up to
a specific memory) decoding of convolutional codes.

During propagation through the communication link, the transmitted signals
undergo various distortions which are often mitigated using digital equalisation
schemes at the receiver. Typically, the equalisation algorithms are designed us-
ing the available mathematical model, which describes the propagation through the
transmission medium. For example, an efficient method for the compensation of
deterministic distortions in long-haul coherent optical fibre systems is to solve the
nonlinear Schrödinger equation, which governs signal propagation over the opti-
cal fibre, using negated medium parameters, a technique known as digital back-
propagation (DBP) [49]. The algorithm involves multiple iterations of linear and
nonlinear processing steps, whose number, and thus the computational complexity
of the DBP, increases with the input power, transmission bandwidth and distance.
Moreover, exact knowledge of the link parameters is required for optimal compen-
sation. A method, known as learned DBP (LDBP), which consists in “unfolding”
the iterative algorithm to interpret its steps as ANN layers and apply deep learning,
allowed to reduce the complexity and tune the compensation to the specific link pa-
rameters [50–52]. Signal equalisation using ANNs has been considered for satellite
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Figure 1.3: Communication system implemented as an end-to-end deep artificial neural
network and optimised in a single process.

communications in the early 1990s [53, 54], while in recent years the method at-
tracted a renewed interest in both long-haul [55,56] and short-reach [57,58] optical
fibre communications.

All aforementioned applications of ANNs and deep learning are examples
where the techniques were applied for the optimisation of a specific DSP func-
tion in the transmitter or receiver, which themselves consist of signal processing
modules with separated tasks. However, the approach of designing and optimis-
ing the communication system independently on a module-by-module basis can
be sub-optimal in terms of the end-to-end performance. A different approach to
deep learning-based DSP, which utilises the function approximation capabilities of
artificial neural networks and deep learning to a greater extent, is to interpret the
complete communication chain from the transmitter input to the receiver output as
a single deep ANN and optimise its parameters in an end-to-end process. The idea
of such fully learnable communication transceivers (known as auto-encoders) was
introduced for the first time for wireless communications in [59–61]. The auto-
encoders avoid the modular design of conventional communication systems and
have the potential to achieve an end-to-end optimised performance for a specific
metric. Figure 1.3 shows a simple schematic of such an end-to-end deep learning-
based system.

The application of auto-encoders is particularly viable in communication sce-
narios where the optimum pair of transmitter and receiver or optimum DSP mod-
ules are not known or computationally prohibitive to implement. The approach was
quickly utilised in optical fibre communications aiming at exploiting to a greater
extent the potential for data transmission [62–65]. In particular, the achievable data
rates and transmission distance in short reach optical fibre links based on the in-
tensity modulation/direct detection (IM/DD) technology are severely limited by the
presence of chromatic dispersion and nonlinear (square-law) signal detection [23].
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The joint effects of dispersion, which causes intersymbol interference (ISI), and
square-law detection render the optical IM/DD a nonlinear communication channel
with memory for which optimal, computationally feasible algorithms are not avail-
able. State-of-the-art IM/DD systems employ techniques such as nonlinear Volterra
equalisation [66] or maximum likelihood sequence detection [67–69] to address the
channel distortions. However, as the channel memory increases, the implementa-
tion of such algorithms quickly becomes infeasible because of the associated com-
putational complexity. Moreover, their performance can be significantly degraded
when the complexity is constrained. On the other hand, deep learning, which can
approximate complex nonlinear functions, can be used to provide carefully chosen
transmitter and receiver for the optical IM/DD via end-to-end optimisation. The
IM/DD systems play an important role as the enabling technology in many data
centre, metro and access optical fibre networks [70] and the application of end-to-
end deep learning for enhancing the system performance is a promising direction
for investigation. Moreover, it should also be noted that the relatively stable link
conditions, typical for guided transmission media such as the optical fibre, further
facilitate the prospect of end-to-end system learning.

In the research described in this thesis, the concept of end-to-end deep learn-
ing was applied for the first time in optical fibre communications. The work was
focused on IM/DD systems, but it should be emphasized that the developed designs
and methods are not restricted to this scheme and can be extended to different sys-
tems. In particular, two different transceiver designs were proposed — a simple
structure using a feedforward ANN (FFNN) as well as an advanced design based
on a recurrent ANN (RNN), tailored to the dispersive properties of the nonlinear
channel. Their performance was extensively investigated in numerical simulations
and successfully verified on an experimental optical IM/DD test-bed. The complex-
ity and performance of the auto-encoder systems was compared to state-of-the-art
IM/DD transmission schemes based on pulse amplitude modulation with receivers
using classical DSP approaches such as nonlinear Volterra equalisation and maxi-
mum likelihood sequence detection. The research included development of novel
methods for the optimisation of the deep learning-based optical transceivers. Firstly,
an approach for the generalisation of the ANN parameters, which allowed transmis-
sion over varied distances without reconfiguration of the transceivers, was proposed
and experimentally demonstrated. Moreover, the concept of end-to-end optical fibre
system optimisation using a generative adversarial network (GAN) and experimen-
tally collected data was introduced and verified on the transmission test-bed.

The work in this thesis forms an important step towards establishing end-to-
end deep learning as a viable digital signal processing solution for future optical
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fibre communication networks.
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Figure 1.4: Diagram highlighting the scope and organisation of the thesis.

1.2 Thesis outline
Figure 1.4 shows a diagram which summarises the organisation and highlights the
scope of this thesis. The remainder of the thesis is organised as follows:

Chapter 2 gives a detailed description of the artificial neural networks and
deep learning techniques which are used throughout this thesis. It starts with an in-
troduction to artificial neural networks (ANNs) of which the simplest feedforward
ANN (FFNN) is presented first, followed by the recurrent ANN (RNN) and the
generative adversarial network (GAN). The deep learning framework for training
of the neural network parameters is summarised next. This includes introduction to
the gradient descent (GD) optimisation method, as well as the backpropagation al-
gorithm for computing gradients. Then, the specific variant of a learning algorithm
that is used in this work is introduced – a stochastic gradient descent optimisation
method, known as the Adam optimiser.

Chapter 3 presents the physical properties of the intensity modulation/direct
detection optical fibre transmission system, used as a reference in the development
of the end-to-end deep learning concept. It includes a detailed description of the
mathematical modeling of all the system components.

In Chapter 4 an optical fibre system design based on an end-to-end deep feed-
forward neural network is proposed and numerically investigated. The principles
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of block-based transmission enabled by the FFNN are explained and the process-
ing at the transmitter and receiver sections of the systems are described in detail.
Simulation results for the system performance are also presented. Moreover, a
novel method for training of the neural network parameters, developed to obtain
transceivers robust to distance variations, is introduced in this chapter.

In Chapter 5 an advanced system design based on a sequence processing us-
ing a bidirectional RNN (BRNN) is developed. The neural network functions within
the transmitter and receiver are described together with the efficient sliding window
sequence estimation algorithm in which the optimised system is operated. This
chapter also includes the procedures developed for coefficient optimisation for the
estimation algorithm, as well as techniques for optimising the bit-to-symbol map-
ping function. The performance of the end-to-end BRNN-based auto-encoder is
numerically investigated and compared to conventional pulse amplitude modulation
(PAM) systems with state-of-the-art nonlinear ANN equalizers as well as maximum
likelihood sequence detection (MLSD). The complexity of the BRNN system is also
analysed and compared to these benchmarks.

Chapter 6 focuses on the experimental demonstration of the FFNN and BRNN
systems as well as the verification of the proposed optimisation method for robust-
ness to distance variations. It begins with a detailed description of the experimental
optical IM/DD transmission test-bed. Then, the data collection procedures are ex-
plained. The system performance is examined at different transmission distances. A
detailed experimental comparison with PAM transmission and the receivers based
on classical digital signal processing is also carried out. Importantly, the chapter
includes a description and experimental demonstration of the proposed concept for
end-to-end system optimisation using a GAN-based model of the actual transmis-
sion link obtained using collected data from measurements.

Chapter 7 summarises the work presented in Chapters 4, 5 and 6, and out-
lines important future directions for development of the research towards flexible
transceivers and applications in long-haul optical systems.

1.3 Key contributions
i) In Chapter 4 a novel framework for coding and detection in optical fibre com-

munications using end-to-end deep learning is introduced and numerically in-
vestigated for the first time. The work was published in [2].

ii) A novel training method for the generalisation of the neural network parame-
ters is presented in Chapter 4 and its experimental verification is described in
Chapter 6. It allows the optimisation of transceivers robust to variations in the
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transmission distance. This concept was published in [2], while its experimen-
tal demonstration was published in [12].

iii) In Chapter 5 an advanced transceiver design performing nonlinear sequence
processing using recurrent neural networks is developed and its performance
is numerically evaluated, outperforming state-of-the-art DSP algorithms. The
work led to publications [1] and [11].

iv) In Chapter 5 an offline method for optimising the weight assignments in the
sliding window estimation algorithm in which the recurrent neural network
transceiver is operated is developed. This method, which allowed additional
performance improvement of the system, was published in [11].

v) In Chapter 5 a bit-to-symbol optimisation method using a combinatorial algo-
rithm is proposed. It was published in [11].

vi) In Chapter 5 a comparative study of performance and computational complex-
ity with a benchmark maximum likelihood sequence detection system for the
recurrent neural network-based transceiver is described. This investigation was
published in [11].

vii) In Chapter 6 the first experimental demonstration of an optical fibre system
implemented as an end-to-end deep neural network is presented. The setup
and the results from the experiment were reported in [2].

viii) The first-in-field experiment of an end-to-end recurrent neural network-based
optical system is described in Chapter 6. The system setup and performance
were reported in [8] and [9].

ix) Comprehensive numerical (Chapters 4 and 5) and experimental (Chapter 6)
comparisons with conventional IM/DD systems based on linear and nonlinear
receiver digital signal processing were carried out. These results were pub-
lished in [2],[8],[11], and [12].

x) The concept and experimental demonstration of an end-to-end optical system
optimisation using data collected from measurements are presented in Chap-
ter 6. The proposed algorithm, which employs a generative adversarial network
for modeling of the real transmission link, was published in [10].
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Chapter 2

Artificial neural networks and deep
learning

The combination of artificial neural networks (ANNs), known as universal func-
tion approximators, and deep learning is a powerful tool for the modeling of any
complex function [12]. This chapter starts with an introduction to the data process-
ing and optimisation objective in the different types of artificial neural networks,
used to perform the research described in the thesis. This is followed by a detailed
description of the deep learning techniques enabling the optimisation of the ANN
parameters.

2.1 Artificial neural networks
The original concept of artificial neural networks, introduced in the 1940s, was in-
spired by the prospect of mimicking the biological neural networks in the human
brain [71]. Nevertheless, their application as computational entities has been far-
reaching. An ANN consist of simple interconnected processing elements, called
artificial neurons, which are typically organised into multiple layers. It has been
mathematically proven in the late 1980s that such structures can be optimised to
approximate an arbitrary mapping from one vector space to another [72–74]. The
optimisation of an artificial neural network can be performed using a set of labeled
data examples for training, i.e. in the so-called supervised manner. For this purpose,
the pairing of an input and a desired output is defined. The training set is formed
by such pairings, whose number (set size) is chosen such that the data is represen-
tative of the input-to-output mapping function to be approximated by the ANN. In
this section the data processing in the artificial neuron, the building block of every
ANN is discussed. Then, three different types of networks and their optimisation
objectives are introduced — feedforward and recurrent ANNs as well as generative
adversarial networks.
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Figure 2.1: Basic schematic of an artificial neuron which combines its inputs xi into an
output y.

2.1.1 Artificial neuron
Figure 2.1 shows a schematic representation of an artificial neuron. The function of
the neuron is to map its inputs xi to an output y through an operation given by

y = α

(
l

∑
i=1

ωixi +b

)
, (2.1)

where xi ∈ R, i = 1 . . . l are the inputs to the neuron, which can be denoted by the
vector x ∈ Rl , y ∈ R is the neuron’s scalar output, ωi ∈ R, i = 1 . . . l and b ∈ R
are the neuron’s weights (one for each input) and bias parameters, while α is the
so-called activation function. The neuron’s activation function plays an important
role in the structure of every ANN as it is typically chosen to introduce a nonlinear
relation between the layers, enabling the approximation of nonlinear functions.

A commonly employed activation function in state-of-the-art ANNs is the rec-
tified linear unit (ReLU) [75], which keeps the positive values and equates the neg-
ative to zero, i.e. y = αReLU(u) with

y = max(0,u). (2.2)

Another function often used as an activation for the artificial neurons is the sigmoid
y = αsigmoid(u) where

y =
1

1+ exp(−u)
. (2.3)

The sigmoid translates its input to an output in the (0;1) region. A function that can
output negative values and is also often used in practice is the hyperbolic tangent,
expressed as y = αtanh(u) with

y =
exp(u)− exp(−u)
exp(u)+ exp(−u)

. (2.4)
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Figure 2.2: Left: sigmoid and hyperbolic tangent (tanh) functions. Right: rectified linear
unit (ReLU) function.

The hyperbolic tangent function allows the neuron output to take values in the
(−1;1) range. Figure 2.2 exemplifies the ReLU, sigmoid and hyperbolic tangent
functions. The choice of an activation function for the layers of an ANN has an im-
pact on the speed and convergence of the procedure for parameter optimisation. A
detailed description of the optimisation procedure is provided in Section 2.2. Com-
pared to the other two popular activation functions, the ReLU has a constant gra-
dient, which renders training computationally less expensive and also partly avoids
the effect of vanishing gradients. This effect occurs for activation functions with
asymptotic behaviour, such as sigmoid and tanh, since the gradient can become
small and consequently decelerate the convergence of the learning algorithm. A dis-
cussion on the vanishing gradient problem in the training of ANNs can be found in
[12, Sec. 8.2]. Another important activation function, the softmax function, which
normalises the whole layer of neurons in order to provide probability outputs, is
introduced in the following section together with the simplest form of organisation
of artificial neurons – the feedforward ANN.

2.1.2 Feedforward ANN

2.1.2.1 Data processing

An artificial neural network consists of interconnected layers of neurons. Each
layer is characterised by an activation function as well as a weight matrix and a
bias vector where the parameters of its neurons are organised. Figure 2.3 shows a
schematic of a feedforward ANN (FFNN), a network where the data is passed only
in one direction – from the input to the output layer (forward). The network is fully
connected, i.e. the output of each of the nodes (neurons) in one layer is used as an
input to all nodes in the next layer. A K-layer FFNN maps an input vector x0 to an
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Figure 2.3: Schematic representation of a feedforward artificial neural network (FFNN)
which transforms an input vector x0 to an output vector xK .

output vector xK = fFFNN(x0) through the iteratively applied operations of the form

xk = αk(Wkxk−1 +bk), k = 1, ..,K, (2.5)

where xk−1 ∈ Rlk−1 is the output of the (k−1)-th ANN layer, xk ∈ Rlk is the output
of the k-th layer, Wk ∈ Rlk×lk−1 and bk ∈ Rlk are respectively the weight matrix and
the bias vector of the k-th layer and αk is its activation function.

As already mentioned, the ANN can be trained to approximate any complex
function, which is enabled by the presence of a (typically nonlinear) activation func-
tion on each layer. In addition to the most common activation functions described
in the previous section, the softmax is another important function. It is applied
element-wise and is defined as y = softmax(u) with

yi =
exp(ui)

∑
j

exp(u j)
. (2.6)

The softmax function is typically used on the final layer of an ANN in cases where
a probability output is required (e.g. in classification tasks) and performs normali-
sation of the whole layer such that ∑

i
yi = 1.

2.1.2.2 Optimisation objective

For the optimisation of parameters in the FFNN, pairings between an input vector
x0 and a desired output vector x̃K are defined as elements in the training set. Let the
set of all parameters of the FFNN is denoted by

θ = {φ1, . . . ,φK}, (2.7)
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where φk = {Wk,bk} is the set of parameters for the k-th layer. The objective of
the training is to minimize, over the training set, the loss (error) L (θ) between
the desired output x̃K,i and the ANN output xK,i = fFFNN(x0,i), with respect to the
parameter set θ . The loss can be expressed as

L (θ) =
1
|S| ∑

(x0,i,x̃K,i)∈S

`
(
x̃K,i, fFFNN

(
x0,i)) , (2.8)

where `(x,y) denotes the specific per-example loss function that is utilised and |S|
denotes the cardinality of the training set, i.e. the number of (x0,i, x̃K,i) pairings of
inputs and labeled outputs used for training. A ubiquitously employed loss function
in classification tasks, which is as well considered in this thesis, is the cross entropy
defined as

`(x,y) =−∑
i

xi log(yi). (2.9)

To achieve a machine learning estimator, both the input to the neural network x0

and the desired output x̃K are typically represented as a one-hot vector of size M,
denoted as 1m ∈ RM, where the m-th element equals 1 and the other elements are
0. Such one-hot encoding is the standard way of representing categorical values
in most deep learning algorithms [12]. Accordingly, the final layer in the neural
network uses the softmax activation such that its output xK is a probability vector.
Section 2.2 presents the approach for optimisation of the parameter set θ aimed at
minimising the computed loss.

2.1.3 Recurrent ANN

2.1.3.1 Data processing
As described in the previous section, feedforward neural networks process each
input vector independently to obtain an output. The structure of such networks
does not include mechanisms allowing information to persist when dealing with
sequences of data. However, the solutions to many tasks, especially in communica-
tion systems, require processing of data sequences. In such cases, the application
of an advanced ANN architecture – the recurrent neural network (RNN) [13, 76] is
beneficial.

Figure 2.4 illustrates the basic concept of a recurrent neural network. As seen
in the figure, the structure of an RNN is characterised by a loop which allows some
information from the previous processing steps to be included in the processing
of the current data input. This is further exemplified in Fig. 2.5, which presents a
schematic of the RNN loop “unfolded” in time. The recurrent structure takes as an
input the sequence (. . . ,xt−1,xt ,xt+1, . . .). At time t, the input vector xt is processed
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Figure 2.4: Schematic representation of a recurrent artificial neural network (RNN).
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Figure 2.5: Schematic of an RNN “unfolded” in time.

by the recurrent cell together with the previous output ht−1 to produce an updated
output ht . In its simplest (vanilla) variant, the processing in the recurrent cell is
similar to the single-layer FFNN, acting on the concatenation between the current
input and previous output. Thus, the current output of the recurrent cell can be
expressed as

ht = α

(
W
(

xT
t hT

t−1

)T
+b
)
, (2.10)

where xt ∈Rl is the RNN input at time t, ht−1 ∈Rn is the RNN output at time t−1,
W ∈Rn×(n+l) and b ∈Rn are the weight matrix and bias vector, respectively, and T

denotes the matrix transpose. The activation function is denoted by α .

In addition to the vanilla RNN cell, which processes the simple concatenation
of the current input with the most recent output of the network, more advanced
structures have been developed to adequately model long-term dependencies, char-
acteristic for certain tasks [77]. The long short-term memory (LSTM) architecture
is one of the most widely used designs for learning long-term dependencies in se-
quential data, achieved by preserving information in an internal cell state [78]. The
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Figure 2.6: Gated recurrent unit (GRU) variant of the long short-term memory (LSTM) cell
in recurrent neural networks.

LSTM is an enabling technique in many fields related to language processing [79]
and different variants of the cell structure have been examined to enhance the per-
formance, reduce the complexity or improve the convergence speed [80]. A partic-
ularly efficient LSTM architecture with state-of-the-art performance is the so-called
gated recurrent unit (GRU), proposed in [81]. Next, the structure of the GRU cell
is introduced in more detail.

Figure 2.6 shows a GRU schematic. Compared to the vanilla structure, it con-
sists of two additional single-layer memory gates ga

t and gb
t employed to control the

information flow in the cell. The gates take as an input the concatenation of the
current input xt with the previous output ht−1 and their function is to decide which
elements of the previous output should be preserved for further processing. The
current output of the GRU cell is obtained as

ga
t = α1

(
W1

(
xT

t hT
t−1

)T
+b1

)
, (2.11)

gb
t = α2

(
W2

(
xT

t hT
t−1

)T
+b2

)
, (2.12)

ht = (1−gb
t )�ht−1 +gb

t �α3

(
W3

(
xT

t (ga
t �ht−1)

T
)T

+b3

)
, (2.13)

where � denotes the Hadamard product (element-wise multiplication of vectors)
and Wi and bi are the layers’ weights and biases, whose sizes are identical to the
size of the weight and bias of the vanilla cell. The activation functions of the two
gates, i.e. α1 and α2, are typically chosen to be the sigmoid function, while α3 can
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Figure 2.7: Schematic of a bidirectional recurrent neural network (BRNN).

be the ReLU or the hyperbolic tangent functions.

So far, all aforementioned RNN examples consider dependencies in the se-
quence (. . . ,xt−1,xt ,xt+1, . . .) which are stemming only from the preceding data,
i.e. the transformation of xt is performed using information from the previous in-
puts xt−k, k = 1 . . . t − 1. Such unidirectional processing is inherently unable to
model any influence on the current input to the RNN occurring from the post-cursor
data. To enable the modeling of both preceding and succeeding dependencies in
a data sequence, the bidirectional recurrent neural network (BRNN) architecture
was introduced in [82]. Subsequently, the BRNN mechanism has been widely ap-
plied for example in the field of speech processing as it allow to efficiently capture
important contextual information [83].

Figure 2.7 shows a schematic of the BRNN concept. It combines two unidi-
rectional RNNs which are responsible for the processing of the input sequence in
its original (forward) and reversed (backward) order. In the forward direction, the
concatenation of an input xt at time t with the previous output

−→
h t−1 is processed

by the recurrent cell to produce an updated output
−→
h t . The procedure is performed

on the full data sequence. In order to adequately handle dependencies from the suc-
ceeding symbols, the structure is repeated in the backward direction, updating the
outputs

←−
h t . Assuming a simple vanilla cell structure in both directions, the process-
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ing in the BRNN can be expressed as

−→
h t = αfw

(
Wfw

(
xT

t
−→
h T

t−1

)T
+bfw

)
, (2.14)

←−
h t = αbw

(
Wbw

(
xT

t
←−
h T

t+1

)T
+bbw

)
, (2.15)

ht = merge
(−→

h t ,
←−
h t

)
, (2.16)

where
−→
h t and

←−
h t denote the outputs of the RNN cells in the forward and the back-

ward directions, respectively, Wfw and Wbw are the corresponding weight matrices
in the forward (fw) and backward (bw) directions, while bfw and bbw are the bias
vectors. The activation functions used in the two directions, which are typically
identical, are denoted by αfw and αbw. The outputs of the forward and the backward
passes at the same time instance t are combined by the merge function. Typically,
either an element-wise averaging or a concatenation of the two output vectors, i.e.

ht =
1
2

(−→
h t +

←−
h t

)
or ht =

(−→
h T

t
←−
h T

t

)T
, is performed.

2.1.3.2 Optimisation objective
Similarly to the FFNN, the optimisation of the RNN (and BRNN) is also typically
performed in a supervised manner by using a set of labeled data. The goal is to
obtain a set of neural network parameters for the recurrent cell (denoted by θ ), such
that the loss L (θ), given by

L (θ) =
1
|S| ∑

((...,xt−1,xt ,xt+1,...),x̃t)∈S
`(x̃t , fRNN,t(. . . ,xt−1,xt ,xt+1, . . .)) , (2.17)

is minimised. Note that fRNN,t(. . . ,xt−1,xt ,xt+1, . . .) denotes the output of the RNN
at the same time instance t as the desired output x̃t (the label). The per-example loss
function is denoted by `(x,y) and is typically the cross entropy which was already
defined in Sec. 2.1.2, Eq. (2.9).

2.1.4 Generative adversarial network (GAN)

2.1.4.1 Data processing
The generative adversarial network (GAN) is an efficient tool for the learning of
generative models [84]. Such models are used to generate new data instances by
learning the probability distribution of a real dataset. In particular, the generative
model is used to simulate a random vector y, which follows some distribution p(y)
that is not known, but for which a representative set of data yk, k = 1 . . .K (samples
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Figure 2.8: Schematic representation of a generative adversarial network (GAN). The gen-
erator aims at transforming the random input vector z into a vector ŷk, which is
statistically identical to yk – a sample vector from the distribution of a real data
set. The discriminator aims at correctly classifying real and fake samples.

from p(y)) is available.

The GAN model can be viewed as similar to the inverse transform method [85,
Ch. 2] for generating random variables that follow a given distribution by “reshap-
ing” random variables with simpler distributions such as the normal or uniform
distributions [86]. Figure 2.8 shows a schematic of a generative adversarial net-
work. The GAN employs two artificial neural networks, typically with feedforward
architectures, that have competing objective functions (see Sec. 2.1.4.2). The gen-
erator ANN aims at translating its input into a (high-dimensional) output vector,
mimicking the ground truth distribution of the real dataset. The discriminator acts
as a binary classifier between real (ground truth) and fake (generated) vectors. To
achieve its goal, the generator takes as an input an l-dimensional vector of random
samples, which are typically uniformly- or normally-distributed, i.e. z ∼U

(0,1)
l or

z ∼N
(0,1)

l , where U (0,1) denotes the uniform distribution over the interval (0,1)
and N (0,1) denotes the standard normal distribution. The GAN generator trans-
forms z into the fake vector sample

ŷk = Gθ g (z) , (2.18)

where Gθ g is an operator describing the function of the generator feedforward ANN,
with θ g denoting the set of all its weight and bias parameters. Subsequently, the
discriminator is first fed with a sample yk from the real dataset, yielding the output

pr = Dθ d (yk) , (2.19)

where Dθ d is the function of the discriminator feedforward ANN, with θ d being
the set of all its weight and bias parameters. Afterwards, the the generated (fake)
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sample ŷk is also fed to the discriminator, producing the output

pf = Dθ d (ŷk) . (2.20)

Typically, the discriminator ANN is designed such that the outputs pr and pf are
probabilities, indicating the confidence whether the input was real or fake.

2.1.4.2 Optimisation objective

For optimisation of the generator and discriminator ANN parameters, labels lr and
lf are assigned for the real and fake samples, respectively. When obtaining the loss
LG of the generator ANN, the parameters θ d at the discriminator are assumed to be
fixed. As a result, the loss is a function of θ g given by

LG(θ g) =
1
|S| ∑

zi,lr∈S
`
(
lr,Dθ d

(
Gθ g (zi)

))
, (2.21)

where the training set S is formed by the pairings of a random input vector z and
the label for real samples lr, while `(·) denotes the utilised loss function such as the
cross entropy. Note that when dealing with probability outputs, the labels can be
conveniently set to lr := 1 and lf := 0, for the real and fake samples, respectively.

On the other hand, the loss of the discriminator LD, assuming a fixed set θ g of
generator parameters, can be expressed as

LD(θ d) =
1
|S| ∑

(zi,lf),(yi,lr)∈S
[`
(
lr,Dθ d (yi)

)
+ `
(
lf,Dθ d

(
Gθ g (zi)

))
]. (2.22)

Note that here the training set is formed by two pairings – one between the generator
input vector z and the label for fake samples lf, and another between the sample
vector yi from the real distribution and the label for real samples lr.

The parameters of the generator and discriminator are optimised iteratively.
The objective for the discriminator is to minimise LD(θ d), thus learning to classify
its real (y) and fake (ŷ=Gθ g (z)) inputs correctly. On the other hand, by minimising
the loss LG(θ g), the generator model learns to translate its random input vector z
into representations ŷ = Gθ g (z) which are statistically similar to the samples y from
the real distribution. The goal of such an adversarial ANN training algorithm is to
converge to parameter sets for which the generator output, given a random input,
approximates the distribution of the real data, while the discriminator is unable to
differentiate between the two distributions (see [84, Sec. 4]).
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2.2 Deep learning
Deep learning techniques, applied for the optimisation of neural network parame-
ters, play an integral role in exploiting their potential for universal function approxi-
mation. This section introduces the gradient descent algorithm – a key deep learning
strategy for optimisation of the ANN parameters. It also explains the backpropaga-
tion technique which enables efficient computation of gradients in deep ANNs.

2.2.1 Gradient descent optimisation
Gradient descent (GD) is a powerful and efficient method for minimisation of a
function f (x). The technique was proposed for the first time by Augustin Cauchy
in 1847 [14] and later expanded by Haskell Curry for nonlinear optimisation prob-
lems [15]. It has a fundamental role in many areas of optimisation theory and deep
learning [5, 12]. The GD method utilises the information given by the gradient
∇x f (x) about the slope of the function f (x) at x. It aims at reducing f (x) by ad-
justing x in small steps with a sign (direction) opposite to that of the gradient. As a
simple illustrative example, consider the function

f (x) = x2, (2.23)

of the scalar variable x ∈ R, whose derivative is f ′(x) = 2x. Figure 2.9 shows both
f (x) and f ′(x). For values x < 0, the derivative f ′(x) is negative, indicating that the
function is decreasing, i.e. f (x+η) < f (x), with η > 0 and thus the input x can
be increased by a small amount η to reduce f (x). On the other hand, f ′(x)> 0 for
x > 0 (the function is increasing) and thus f (x−η)< f (x), i.e. f (x) is reduced by
reducing the input with a small amount η . At x = 0 the function reaches a stationary
point where f ′(x) = 0. There, the derivative provides no information how to adjust
x and the GD method halts. For the considered example, reaching the point x = 0,
i.e. the end of the GD, coincides with arriving at the global minimum of f (x).
This simple GD algorithm can be formally generalised and written using a vector
notation as

xt = xt−1−η ·∇x f (xt−1). (2.24)

The update of x depends on the steepness of the slope of f (x), allowing greater
changes for steeper slopes (high absolute value of the gradient) and finer steps
around the stationary points. It is important to mention that often, especially in
the framework of deep learning, the input is multidimensional and the optimisation
can encounter and converge to local minima. As a consequence, deep learning is
associated with performing approximate minimisation of the given objective. In
practice, state-of-the-art variants of the GD technique (described in the following
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Figure 2.9: Illustration of the gradient descent method for minimisation of the function
f (x) = x2. For f ′(x) < 0 or f ′(x) > 0, the input x is increased or decreased,
respectively, by a small amount η > 0. The gradient descent algorithm stops
when f ′(x) = 0, where the function f (x) is at a minimum.

sections) have been developed to achieve convergence to solutions corresponding
to very low function values [12, Sec. 4].

2.2.1.1 Stochastic gradient descent
In order to perform GD minimisation of the computed loss L (θ) in an ANN, the
gradient ∇θL (θ) with respect to the ANN parameters needs to be calculated using
the entire, typically very large, training set. This imposes a great computational
burden to perform the GD algorithm. A commonly employed approach, which
reduces the computational demands, is to use a stochastic approximation [87] of
the GD, a method known as a stochastic gradient descent (SGD) [12, 18, 88]. The
SGD performs optimisation of the ANN parameters operating on estimates of the
gradient obtained from small randomly-selected sub-sets (called mini-batches) of
the training data. The algorithm aims at updating the set of ANN parameters θ such
that the loss L (θ) over a mini-batch S, given by (for FFNN)

L (θ) =
1
|S| ∑

(x0,x̃K)∈S

`
(
x̃K, fFFNN

(
x0)) , (2.25)
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is minimised. The mini-batch loss for BRNN (Sec. 2.1.3.2) or GAN (Sec. 2.1.4.2)
is correspondingly expressed. On the first step of the SGD algorithm, the ANN
parameters θ are randomly initialised and then iteratively updated as

θ t = θ t−1−η ·∇θL (θ t−1), (2.26)

where η is referred to as the step-size of the learning algorithm and ∇θL (θ) de-
notes the gradient of the mini-batch loss with respect to the parameters θ . The
product η ·∇θL (θ) determines the learning rate and speed of convergence of the
SGD algorithm and thus many variants for its adaptation has been considered. An
extensive overview and comparison of many popular implementations can be found
in [18] and [12, Sec. 8.3-8.7]. In particular, the “adaptive moment” estimation
(Adam) algorithm has been specifically developed for the training of deep ANNs
and has become the de facto default optimisation method in the field of deep learn-
ing [17, 18, 89]. The Adam optimiser is introduced in the following section and
has been used for the learning of ANN parameters for the research covered by this
thesis.

2.2.1.2 Adaptive moment estimation (Adam) optimiser

The Adam algorithm is a computationally efficient variant of the SGD strategy
with an improved convergence achieved by the dynamic adaptation of the learning
rate [16]. To control the learning rate, the method utilises biased moving averages
of the gradient µ t and the squared gradient ν t , estimated as [16, Sec. 2]

µ t = β1 ·µ t−1 +(1−β1) ·∇θL (θ t−1), (2.27)

ν t = β2 ·ν t−1 +(1−β2) · (∇θL (θ t−1))
2 , (2.28)

respectively. Where ()2 denotes the element-wise square function, and β1 and β2

are the corresponding exponential decay rates, whose default values are empirically
evaluated and set to β1 = 0.9 and β2 = 0.999 (see [16, Sec. 6.4]). Next, the terms
are biased-corrected as

µ̂ t =
µ t

1−β t
1
, (2.29)

ν̂ t =
ν t

1−β t
2
. (2.30)

Subsequently, the update of the ANN parameters is governed by

θ t = θ t−1−η · µ̂ t

(
√

ν̂ t + ε)
, (2.31)
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where ε is a small constant used for numerical stability, which is typically set to
ε = 10−8 as originally suggested in [16, Sec. 2]).

2.2.2 Backpropagation algorithm
The calculation of the gradient of the scalar mini-batch loss ∇θL (θ) with respect
to the ANN parameters is a key aspect in the optimisation procedure. A simple and
computationally efficient method for the computation of gradients, first proposed
in [13], is the so-called backpropagation algorithm. In order to introduce the algo-
rithm, this section starts with the representation of ANNs as computational graphs,
followed by the description of backpropagation, which consists in recursively ap-
plying the chain rule of calculus [90] across the graph nodes.

2.2.2.1 Computational graph of an ANN
Figure 2.10 shows an example of a computational graph which represent the pro-
cess of computing the loss function in an artificial neural network. The nodes on
the graph indicate the variables (in scalar, vector, matrix or other multi-dimensional
form) that are subject to operations (e.g. matrix multiplication, addition, etc.). In
particular, for illustrative purposes, the presented graph uses as a reference a deep
fully-connected feedforward ANN (see Sec. 2.1.2). As already discussed, this net-
work translates its input x0 to an output xK through the series of operations of the
form xk = αk(Wkxk−1 + bk), k = 1, ..,K. Note that in the computational graph
this transformation is expressed as

uk1 = Wkxk−1, (2.32)

uk2 = uk1 +bk, (2.33)

xk = αk(uk2), (2.34)

such that all intermediate expressions are represented by a node. Importantly, in ad-
dition to the ANN operations, the scalar loss L (see Sec. 2.1.2, Eq. (2.5)) between
the output xK of the ANN and the corresponding training label x̃K is also computed.
This is indicated by the final node on the graph. Such a representation of an ANN
and its loss computation, highlights the dependencies of the optimisation objective
on all nodes in the deep network. In particular, the goal of the optimisation proce-
dure is to update the trainable nodes in the graph (highlighted in grey colour on the
schematic) such that L is minimised.

2.2.2.2 Backpropagation algorithm
The backpropagation algorithm consists in recursively applying the chain rule of
calculus for computing gradients of functions [13], [12, Sec. 6.5]. As an example,
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Figure 2.10: Computational graph representation of the process of computing the loss in an
artificial neural network. For illustrative purposes, the feedforward network
described in Sec. 2.1.2 is used as an ANN reference. It transforms its input x0

to an output xK by performing the operations xk = αk(Wkxk−1 +bk), k =
1, ..,K. This is followed by the computation of a scalar loss L between xK and
the training labels x̃K . Larger grey nodes are used to highlight the trainable
parameters in the graph.
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Algorithm 1 The backpropagation algorithm performed over the reference compu-
tational graph presented in Fig. 2.10.

1: g← ∇xKL . Initialise with gradient of loss w.r.t final ANN output
2: for k = K,K−1 . . .1 do . Iterate starting from the final ANN layer

3: ∇uk2L =
(

∂αk(uk2)
∂uk2

)T
g . Apply chain rule

4: g← ∇uk2L . Update last computed gradient

5: ∇bkL =
(

∂ (uk1+bk)
∂bk

)T
g . Compute bias gradient

6: ∇uk1L =
(

∂ (uk1+bk)
∂uk1

)T
g

7: ∇WkL =
(

∂ (Wkxk−1)
∂Wk

)T
g . Compute weight gradient

8: ∇xk−1L =
(

∂ (Wkxk−1)
∂xk−1

)T
g . Compute gradient w.r.t lower layer output

9: g← ∇xk−1L . Update last computed gradient
10: end for

assume that the vector x ∈ Rm is mapped to y ∈ Rn, i.e. y = f1(x), and then the
scalar variable Z ∈ R is computed via a different mapping Z = f2(y). To obtain the
gradient ∇xZ of Z with respect to x, the chain rule can be utilised. In vector notation
it is expressed as

∇xZ =

(
∂y
∂x

)T

∇yZ, (2.35)

where

∂y
∂x

=


∂y1
∂x1

. . . ∂y1
∂xm

... . . . ...
∂yn
∂x1

. . . ∂yn
∂xm

 (2.36)

is the n×m Jacobian matrix of the mapping f1 from x to y. For the optimisation of
an ANN, the gradients of the scalar loss with respect to the trainable nodes in the
ANN graph need to be computed. Using the computational graph from Fig. 2.10
as a reference, the backpropagation algorithm allows to obtain the gradients ∇WkL

and ∇bkL , k = 1 . . .K for the network weights and bias parameters. They are
subsequently utilised in the gradient descent optimisation procedure, which was
described in Section 2.2.1. The backpropagation algorithm, whose detailed step-
by-step description is given in Algorithm 1, is initialised by computing the gradient
∇xKL of the loss L with respect to the final ANN output xK . It then proceeds with
computing gradients across the computational graph of the ANN, moving in the
backward direction, until all gradients of L , from the K-th to the first layer of the
ANN, have been computed. It is worth mentioning that in the case of a recurrent
ANN, the computational graph will include dependencies between different time
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instances. In this case, the utilised algorithm for computation of gradients, identical
in its essence to the presented example, is often referred to as backpropagation
through time.



Chapter 3

Optical fibre communication systems
for short reach

Short reach optical communications are found in many data centre, metro and ac-
cess network scenarios. Such systems crucially rely on the simplicity and cost-
effectiveness of a signal transmission scheme based on intensity modulation with
direct detection (IM/DD) [23,70]. The short reach links typically consist of a single
fibre span, thus avoiding the associated costs of deploying in-line optical amplifica-
tion. The IM/DD technology enables the utilisation of electronic and optical com-
ponents that are inexpensive, have a small footprint and low power consumption.
It is thus considered as a prime candidate for fibre to the home (FTTH) systems,
realised, for instance, via passive optical networks (PONs).

The optical IM/DD communication links are mainly characterised by the pres-
ence of fibre chromatic dispersion, which introduces inter-symbol interference (ISI),
and nonlinear (square-law) photodiode (PD) detection. Moreover, due to the hard-
ware imperfections and bandwidth limitations in the low-cost components, the sig-
nal is corrupted by a significant amount of noise and nonlinearity stemming from
multiple sources at both transmitter and receiver, i.e. modulators, electrical amplifi-
cation circuits as well as low resolution digital-to-analogue and analogue-to-digital
converters. Meeting the ever-increasing data rate demands for such systems be-
comes quite a challenging task because of the limitations imposed by these impair-
ments and the application of advanced DSP algorithms has attracted great interest
in recent years [66, 91, 92].

In this chapter, the transformations and distortions undergone by the signal
propagating between the output of the transmitter DSP module and the input to
the DSP module at the receiver are described in detail. Figure 3.1 shows a gen-
eral schematic of an optical intensity modulation/direct detection system, high-
lighting the parts of the transmission link where digital-to-analogue/analogue-to-
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Figure 3.1: Schematic of an IM/DD communication system, indicating the signal trans-
formations across the transmission link. Tx - transmitter, DSP - digital signal
processing, D/A - digital to-analogue conversion, E/O - electro-optical conver-
sion, O/E - opto-electrical conversion, Amp. - amplification, A/D - analogue-
to-digital conversion, Rx - receiver.

digital, electro-optical/opto-electrical conversions and optical fibre propagation are
performed. The remaining chapters of this thesis are concerned with proposing DSP
schemes allowing reliable communication over such a channel.

3.1 Transmitter

3.1.1 Digital-to-analogue conversion

The output samples (. . .xi−1,xi,xi+1 . . .) ∈ R≥0 from the DSP module at the trans-
mitter are transformed into an analogue electrical signal x(t) using a digital-to-
analogue converter (DAC). The device is characterised by its sampling period Ts [s]
from which the DAC sampling rate is obtained as

fs =
1
Ts

[Hz]. (3.1)

Accordingly, the Nyquist frequency of the DAC is then given by

fNyq. =
fs

2
. (3.2)

The significance of this expression is that the digital signal applied for DAC conver-
sion must have a frequency content limited to fNyq. in order to be fully recoverable.
In practice, due to hardware limitations of the device, the actual DAC bandwidth
is smaller than fNyq. [93] and typically the signal is low-passed filtered before the
converter. The output of the low-pass filter (LPF) can be expressed as

x′(t) = s(t)∗g1(t) =
∞

∑
i=−∞

xig1(t− iTs), (3.3)
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where g1(t) is the impulse response of the LPF, while the train of input samples is
represented by the temporal train of Ts-spaced impulses

s(t) =
∞

∑
i=−∞

xiδ (t− iTs), (3.4)

with δ (·) denoting the Dirac delta function. The impulse response of the so called
brick-wall LPF, which has a unit frequency gain and sets the the bandwidth of the
real-valued signal to B f is given by

gLPF(t) = sinc(2B f πt). (3.5)

The DAC distorts x′(t) as a consequence of its limited quantisation resolution.
This distortion is modeled as an additive and uniformly distributed quantisation
noise [94, 95] and the real-valued analogue electrical signal at the output of the
DAC can correspondingly be expressed as

x(t) = x′(t)+n1(t), (3.6)

where n1(t) denotes the noise contribution. In particular, the output signal-to-noise
ratio (SNR) of the DAC, and thus the variance of n1(t), is determined by the ef-
fective number of bits (ENOB) of the device. The theoretical output SNR of a
digital-to-analogue converter with an ENOB of Nb bits is given by [95]

SNR = 6.02Nb +1.76 [dB]. (3.7)

The noise n1(t) is zero mean, i.e.

E(n1(t)) = 0, (3.8)

where E(·) denotes the expectation operator. The corresponding quantisation noise
variance then becomes

σ
2
n1
= 3E

(
|x′(t)|2

)
·10−(6.02·Nb+1.76)/10. (3.9)

For state-of-the-art high-speed DACs the typical Nb values are between 5 and 6 [96].

3.1.2 Electro-optical conversion
At the electro-optical conversion stage at the transmitter, a Mach-Zehnder modula-
tor (MZM) is employed to externally modulate the amplitude of an optical carrier
wave, generated by a laser source. The MZM is driven by the electrical signal x(t).
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Neglecting laser fluctuations, the electric field of the laser light is given by

ξ (t) = |E0| · exp(− jωct) , (3.10)

where |E0| is the field amplitude and ωc is the angular frequency. The MZM modu-
lates ξ (t) with the information-carrying signal x(t), resulting in the complex-valued
bandpass optical signal

q̄(0, t) = sin(x(t)) · |E0| · exp(− jωct) , (3.11)

where sin(·) is modeling the modulator electric field transfer function [97]. It acts
on the information signal x(t), whose amplitude thus needs to be restricted in the
[−π/2,π/2] interval, e.g. by proper scaling in the DSP. Omitting the carrier term
from Eq. (3.11), the modulated real-valued baseband signal becomes

q(0, t) = |E0| · sin(x(t)) . (3.12)

This scheme is referred to as Intensity Modulation (IM) since varying the amplitude
of the laser field, results in modulation of the optical intensity I(0, t) at the fibre
input, with the two quantities related as

I(0, t) ∝ |q(0, t)|2. (3.13)

3.2 Propagation over the optical fibre
The propagation of the optical signal q(z, t) through the fibre medium can be de-
scribed by the second-order nonlinear partial differential equation (PDE)

∂q(z, t)
∂ z

=−α

2
q(z, t)− j

β2

2
∂ 2q(z, t)

∂ t2 + jγ|q(z, t)|2q(z, t), (3.14)

where α , β2, and γ are the fibre attenuation, chromatic dispersion and Kerr nonlin-
earity coefficients, respectively, z denotes the distance along the fibre, and j =

√
−1

is the imaginary unit. Equation (3.14) is referred to as the nonlinear Schrödinger
equation (NLSE).

The nonlinear Kerr effect is associated with local changes of the fibre refractive
index due to the intensity of the optical field [24]. Typically, for IM/DD systems
the intensity at the fibre input I(0, t) is small and subsequently attenuated by the
medium. Moreover, as already discussed, such systems do not employ in-line sig-
nal amplification. As a consequence, the impact of the Kerr nonlinearity during
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propagation along the fibre can be neglected [23]. The fibre-induced attenuation of
the signal is taken into account in the definition of the noise at the receiver, presented
in Sec. 3.3.

Chromatic dispersion is the dominant fibre effect for IM/DD transmission sys-
tems. According to the NLSE, its operation on the propagating signal is expressed
by

∂q(z, t)
∂ z

=− j
β2

2
∂ 2q(z, t)

∂ t2 , (3.15)

which is a second-order linear PDE that can be solved analytically in the frequency
domain, where it is re-written as

∂Q(z,ω)

∂ z
= j

β2

2
ω

2Q(z,ω), (3.16)

with a solution given by

Q(z,ω) = Q(0,ω)exp
(

j
β2

2
ω

2z
)
, (3.17)

where
Q(0,ω) = F{q(0, t)}, (3.18)

is the Fourier transform of the transmit signal q(0, t). The time domain optical
signal at distance z can then be recovered as

q(z, t) = F−1{Q(z,ω)}, (3.19)

where the operator F−1 denotes the inverse Fourier transformation. Often the dis-
persion of the optical fibre is specified by the parameter D, from which β2 can be
obtained as

β2 =−
λ 2

2π · c
D, (3.20)

where λ denotes the wavelength, while c is the speed of light in vacuum. Equa-
tion (3.17) shows that chromatic dispersion induces a propagation delay between
the different components in the frequency content of the propagating pulses. This
causes their temporal broadening, an effect which accumulates linearly with dis-
tance and quadratically with bandwidth. As a result, a pulse will interact and in-
terfere with other preceding and succeeding pulses during propagation through the
fibre medium. Chapter 4 and Chapter 5 explain why such a distortion can lead to
inter-symbol interference (ISI), introducing memory in the communication channel
and imposing severe limitations on the IM/DD optical fibre transmission.
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3.3 Receiver
3.3.1 Opto-electrical conversion and amplification
The signal q(z, t) at the the output of a fibre span of length z is converted from
the optical back to the electrical domain by a photodetector. In IM/DD systems,
a simple p-i-n photodiode (PD) is used to perform the square-law detection of the
incoming optical signal [23, 70]. The output photocurrent of the PD is proportional
to the intensity of the impinging optical field, i.e.

y′(t) = ρ|q(z, t)|2, (3.21)

where ρ ∈ (0,1] is the responsivity of the photodetector. Such a nonlinear signal
reception using a single PD is called Direct Detection (DD).

The detection is followed by the electrical amplification of the signal, attenu-
ated from the propagation along the fibre link. The amplification is often performed
by a transimpedance amplifier (TIA) and in practice the PD and TIA components
are combined in a single package, referred to as a PIN+TIA module. The TIA
amplification circuit is associated with corrupting the signal with an additive white
Gaussian noise [70, 98], i.e.

y(t) = y′(t)+n2(t), (3.22)

The noise is modeled as zero-mean, while its variance σ2
ref. can be estimated using

the measured signal-to-noise ratio SNRref. at the output of the amplifier at a refer-
ence distance. Taking the fibre attenuation into account will yield different effective
SNRs at each transmission distance z. To model this, the variance of the noise n2(t)
added to the signal as a function of z is obtained as

σ
2
n2
(z) =

σ2
ref.

exp(−αz)
, (3.23)

where α [1/km] is the attenuation coefficient of the fibre in linear units. Typically
fibre attenuation is specified in decibel units (αdB/km) and thus the conversion α =

αdB/km/4.343 should be considered. Typically, αdB/km = 0.2 [dB/km] for a standard
single mode fibre, effectively resulting in doubling of the noise every 15 km.

3.3.2 Analogue-to-digital conversion
In the next step, the amplified electrical signal y(t) needs to be converted into a
digital form. This is achieved using an analogue-to-digital converter (ADC). Prior
to the ADC, similarly to the transmitter chain of operations, the signal is low-pass
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filtered to account for the hardware-induced bandwidth restrictions. The signal can
thus be expressed as

ȳ(t) = y(t)∗g2(t) =
∞∫
−∞

y(τ)g2(t− τ), (3.24)

where g2(t) is the impulse response of the receiver LPF. The function of the ADC
can be modeled in two stages – first, it contributes a zero-mean additive uniformly-
distributed quantisation noise n3(t) to ŷ(t), i.e.

ŷ(t) = ȳ(t)+n3(t), (3.25)

whose variance, similarly to the DAC, is given by Eq. (3.9) and thus depends on
the ENOB specification of the ADC. Second, it performs sampling of the contin-
uous time analog electrical signal with period Ts (typically identical to the DAC),
recovering the sequence of received samples as

y =
∞

∑
i=−∞

ŷ(t)δ (t− iTs), (3.26)

where y , (. . .yi−1,yi,yi+1 . . .) is used to denote the digitised received signal. The
obtained train of received samples is utilised by the receiver DSP module, where
typical functions include equalisation of the channel distortions and recovery of the
transmitted messages.

3.4 Communication channel model as a computa-
tional graph

In the context of end-to-end optimisation of communication systems via deep learn-
ing, which is investigated in this thesis, the complete chain of transmitter DSP,
communication channel model and receiver DSP is implemented as a deep artificial
neural network. This novel concept, which is described in detail in the following
chapters, allows to optimise the end-to-end signal processing over all constraints
imposed by the channel. Such a framework can be readily applied to scenarios
where the channel model is known and differentiable. As a consequence, the model
can be interpreted as being a part (typically with un-trainable parameters) of a com-
putational graph, similar to the one presented in Sec. 2.2.2. The graph represents the
complete communication system and spans from the input messages at the transmit-
ter to the output of the receiver, where the system loss is calculated during optimi-
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Figure 3.2: Schematic showing the communication channel model, which is considered as
a segment of the end-to-end computational graph, representing the optical fibre
communication system.

sation.
Figure 3.2 shows an illustrative schematic of such a representation for the op-

tical IM/DD channel model described in this chapter. The filtering stages at trans-
mitter and receiver as well as the chromatic dispersion contribution can be modeled
as purely linear stages of the ANN, i.e. multiplications of the signal with corre-
spondingly chosen matrices. On the other hand, the modulation and photodetection
stages are modeled by purely nonlinear functions, while the effects of DAC, ADC
and the electrical amplifier can be straightforwardly applied as noise layers. The
fast Fourier transform (FFT) and inverse fast Fourier transform (IFFT) algorithms,
necessary for conversion between time and frequency domain, also form part of the
end-to-end computational graph and are readily available in state-of-the-art deep
learning libraries such as Tensorflow [99]. Crucially, a channel model which can be
represented in such a manner allows to utilise the backpropagation algorithm and
compute gradients for the trainable parameters in the transmitter DSP module with
respect to an end-to-end loss metric computed at the receiver. Such a technique is
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used for the numerical investigation of the developed optical fibre auto-encoders
based on feedforward and recurrent neural networks in Chapter 4 and Chapter 5,
respectively. Moreover, it is also utilised in Chapter 6, where the experimental per-
formance of transceivers optimised in simulation-only using the channel model and
applied “as is” to the actual transmission link was investigated.



Chapter 4

Design of optical fibre systems using
end-to-end deep learning

In this chapter, the concept of end-to-end deep learning-based transceiver for com-
munication over optical fibre channels is developed. In particular, the design, op-
timisation and performance of a feedforward ANN (see Sec. 2.1.2) optical fibre
auto-encoder is investigated for the IM/DD communication channel described in
Chapter 3. Adopting Claude Shannon’s famous definition [100], engineering a com-
munication system over a channel can be viewed as the task of designing a digital
transmitter and receiver pair which allows reliable transmission of messages. In
particular, the transmitter takes a sequence of messages as an input and encodes it
into a sequence of robust samples, fed to the channel, while the receiver aims at
reproducing (decoding) with maximum accuracy the transmitted messages from the
received distorted samples.

Artificial neural networks and deep learning provide the framework to design
the optical communication system by carrying out the optimisation of the encoding
and decoding functions in a single end-to-end process. As explained in Sec. 1.1.2,
such fully learnable communication systems (auto-encoders) are based on the idea
of implementing the complete chain of transmitter, channel and receiver as an end-
to-end deep artificial neural network, as first proposed in [59–61]. Using deep learn-
ing, the transmitter and receiver sections are optimised jointly, such that a set of
ANN parameters is obtained for which the end-to-end system performance is opti-
mised for a specific metric.

This chapter begins with a more detailed description of the auto-encoder con-
cept applied to optical fibre communications in Sec. 4.1. The remaining sections
describe the system implementation and optimisation as end-to-end FFNN as well
as the simulation performance over the optical IM/DD transmission model.
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Figure 4.1: Schematic of the optical communication system implemented as an end-to-
end computational graph, which represents the process of computing the loss
between the transmitter input and the receiver output.

4.1 The optical fibre system as an end-to-end compu-
tational graph

Figure 4.1 shows a schematic of the entire optical fibre communication chain of
transmitter, channel model and receiver implemented as an end-to-end deep ANN.
The transmitter encodes the sequence of random messages (. . .mt−1,mt ,mt+1 . . .)

from a finite alphabet M into a sequence of symbols (. . .xt−1,xt ,xt+1 . . .), with
each symbol x being a vector (block) of n digital waveform samples. The pro-
duced digital waveform is fed to the transmission link, where each sample acquires
noise as well as interference from preceding and succeeding samples, a process
that is governed by the IM/DD transmission model described in Chapter 3. The
output of the channel is distorted waveform samples. These are accordingly or-
ganised into the sequence of received symbols (. . .yt−1,yt ,yt+1 . . .). The symbols
are decoded by the receiver in order to obtain the sequence of recovered messages
(. . . m̂t−1, m̂t , m̂t+1 . . .). At this point during the optimisation stage, a loss between
the transmitted and received messages L = ∑t `(mt , m̂t) is computed. Because both
the ANN transceiver architecture (see Sec. 2.2.2.1) and the communication chan-
nel model (see Sec. 3.4) are suitable for a computational graph representation, the
complete communication system spanning from the transmitter input to the receiver
output can be considered as an end-to-end computational graph. Utilising the de-
pendencies on the graph, the backpropagation algorithm (see Sec. 2.2.2.2) can be
readily applied to obtain a gradient of the loss with respect to every trainable pa-
rameter at both transmitter and receiver. The transceiver is optimised via gradient
descent, described in Sec. 2.2.1, aimed at minimising L , e.g. the message (sym-
bol) error rate of the system. The auto-encoder systems are particularly suitable
in scenarios, such as optical fibre communication, where the optimum transmitter-
receiver pair is unknown or computationally prohibitive.
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4.2 Feedforward neural network-based design
This section proposes and describes the design of an optical IM/DD communica-
tion system implemented as an end-to-end deep feedforward artificial neural net-
work (FFNN). The performance of the FFNN auto-encoder is first investigated nu-
merically as a function of transmission distance. Additionally, different training
strategies for obtaining optimised transmitter and receiver parameters are discussed.
Since FFNN is the simplest and most common ANN architecture, the performance
and the implementation of this auto-encoder formed the benchmark for development
of other, eventually more advanced end-to-end deep learning-based communication
schemes, which are described in Chapter 5 and Chapter 6. These two chapters also
present detailed comparisons both in simulations and transmission experiments be-
tween the auto-encoder and other state-of-the-art DSP algorithms for IM/DD.

4.2.1 Transmitter structure
Figure 4.2 shows a schematic of the FFNN-based transmitter. As already discussed,
its function is to encode the sequence of input messages (. . .mt−1,mt ,mt+1 . . .) into
a corresponding sequence of robust symbols (blocks of digital waveform samples)
(. . .xt−1,xt ,xt+1 . . .). Each message in the sequence m ∈ {1, . . . ,M} is indepen-
dently chosen from a set of |M |=M total messages. It is encoded by the transmitter
into a block x of n transmit samples.

4.2.1.1 Block-by-block encoding
As explained in Sec. 2.1.2, the feedforward neural network processes each input
independently. Therefore, an FFNN architecture at the transmitter can be used to
encode the input message mt into a symbol xt in a process that does not utilise any
information from the encoding of mt−k into xt−k, k = 1 . . . t−1 or the encoding of
mt+k into xt+k, k = 1 . . .Nseq.−t, where Nseq. is the length of the message sequence.
Such an FFNN-based encoding scheme is shown in Fig. 4.2. Next, the processing of
messages by the specific FFNN used as a transmitter in the presented investigation
is described.

4.2.1.2 FFNN processing
Table 4.1 lists the FFNN hyper-parameters, defined as the neuron layers, their di-
mensions and activation functions, which specify the transmitter FFNN. The en-
coding of messages by this network is performed in the following way: First, the
message mt is represented as a one-hot vector (see Sec. 2.1.2.2) of size M, denoted
as 1m,t ∈ RM, where the m-th element equals 1 and the other elements are 0. The
one-hot vector 1m,t is then fed to the first hidden layer of the FFNN, whose weight
matrix and bias vector are W1 ∈ R2M×M and b1 ∈ R2M, respectively. This is fol-
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mtmt´1 mt`1

1m,t1m,t´1 1m,t`1

xtxt´1 xt`1

. . . . . .

. . . . . .

Figure 4.2: Schematic of the FFNN-based transmitter section of the optical fibre auto-
encoder. The input messages (. . .mt−1,mt ,mt+1 . . .) are represented as one-hot
vectors (. . . ,1m,t−1,1m,t ,1m,t+1 . . .), which are processed independently by the
FFNN at each time instance to produce the encoded symbols (blocks of sam-
ples) (. . .xt−1,xt ,xt+1 . . .), transmitted through the communication channel.

Table 4.1: FFNN definition at the transmitter

Layer Activation Output dimension

Input one-hot encoding M
Hidden 1 ReLU 2M
Hidden 2 ReLU 2M

Final clipping n · s

lowed by a second hidden layer that has parameters W2 ∈ R2M×2M and b2 ∈ R2M.
The ReLU activation function (see Sec. 2.1.1) is applied in both hidden layers. The
final layer prepares the data for transmission and its output is the encoded block of
samples xt . The layer parameters correspondingly are W3 ∈R2M×n·s and b3 ∈Rn···,
where n denotes the number of block samples representing the message, while s is
an integer accounting for oversampling, which is discussed in the next section. As
explained in Chapter 3, typically for optical systems based on IM/DD, a unipolar
signaling is considered. Thus, the output of the final transmitter layer needs to be
positive. Moreover, due to the function of the modulator (see Sec. 3.1.2) this out-
put should be within the operational range [−π/2;π/2] of the MZM. To limit the
elements of xt in the relatively linear positive region of MZM operation [0;π/4], a
novel clipping activation function, which combines two ReLUs as follows

αClipping(x) = αReLU (x)−αReLU

(
x− π

4

)
, (4.1)
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is introduced. In terms of deep learning, it is associated with the advantages of
a pure ReLU function, while also taking the practical signal design considera-
tions into account. The encoding function of the FFNN-based transmitter xt =

fEnc.-FFNN (1m,t) can thus be formally described by the series of operations

x
′
t = αReLU (W11m,t +b1) , (4.2)

x
′′
t = αReLU

(
W2x

′
t +b2

)
, (4.3)

xt = αClipping

(
W3x

′′
t +b3

)
, (4.4)

where x′t and x′′t denote the outputs of the first and second hidden layers at the trans-
mitter, respectively. For illustrative purposes, Fig. 4.2 indicates only the transmitter
input 1m,t and the corresponding output xt .

4.2.1.3 Coding rate
Every transmitted message m represents the equivalent of log2(M) bits of infor-
mation, since it is one of M equiprobable choices. The message is encoded into
n transmit samples (excluding oversampling), forming a symbol. The system can
thus be viewed as an auto-encoder with a coding rate that can be expressed as

Rcod. =
log2(M)

n
[b/Sa]. (4.5)

Denoting the DAC sampling rate in the system as Rsamp. [Sa/s], the information rate
of the auto-encoder becomes

Rinf. = Rcod. ·Rsamp. [b/s]. (4.6)

These two expressions show that the coding rate and consequently the information
rate of the communication system can be controlled by adjusting the dimensionality
of the input and the final layers of the FFNN. Increasing the size M of the input layer
results in an increased information rate. In contrast, expanding the dimension n of
the final layer reduces the number of bits per second transmitted through the link.
Controlling the dimensionality of the final layer in the transmitter can also be used
for accommodating an oversampling rate s of the signal, a technique that is often
adopted in simulation for improving resolution. This is necessary for capturing the
possible spectral broadening effects, which in the optical IM/DD can arise from
nonlinearities in the MZM or photodiode functions. If oversampling is considered,
the message is effectively mapped onto a symbol of n ·s samples. Note that in such a
case the simulation sampling rate will accordingly be increased to s ·Rsamp., leaving
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ytyt´1 yt`1

ptpt´1 pt`1

`p1m,t,ptq`p1m,t´1,pt´1q `p1m,t`1,pt`1q
SERSER SER

. . . . . .

. . . . . .

Figure 4.3: Schematic of the FFNN-based receiver section of the optical fibre auto-encoder.
The received symbols (. . . ,yt−1,yt ,yt+1 . . .) are processed independently by
the FFNN at each time instance to produce the output probability vectors
(. . .pt−1,pt ,pt+1 . . .), which are used to make a decision on the recovered mes-
sage as well as to compute the loss of the auto-encoder in the optimisation
stage.

the information rate of the system unchanged.

4.2.2 Receiver structure
After propagation through the communication channel, the sequence of trans-
mit symbols (. . .xt−1,xt ,xt+1 . . .) is transformed into to the distorted sequence
(. . .yt−1,yt ,yt+1 . . .) which is processed by the receiver.

4.2.2.1 Block decoding
The receiver decoding follows the block-by-block procedure employed at the trans-
mitter. The message m̂t is recovered from the received symbol yt without taking into
account any of the preceding yt−k or the succeeding yt+k symbols. This decoding
scheme is depicted in Fig. 4.3. The received block of samples yt is transformed to
an output probability vector pt from which the recovered message is deduced. In the
following the details of the receiver FFNN processing as well as the performance
metric for message recovery are presented.

4.2.2.2 FFNN processing
Table 4.2 shows the hyper-parameters of the receiver FFNN. The architecture of
the layers is identical to those at the transmitter side in a reverse order. The input
symbol yt ∈ Rn·s is transformed by the first hidden layer, whose parameters are
W4 ∈ R2M×n·s and b4 ∈ R2M, utilising the ReLU activation function. The ReLU
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Table 4.2: FFNN definition at the receiver

Layer Activation Output dimension

Input N/A n · s
Hidden 1 ReLU 2M
Hidden 2 ReLU 2M

Final Softmax M

is also applied on the next hidden layer, which has the parameters W5 ∈ R2M×2M,
b5 ∈R2M. The parameters of the final layer in the receiver FFNN are W6 ∈R2M×M

and b6 ∈ RM. The final layer’s activation is the softmax function (see Sec. 2.1.2)
and thus the output is a probability vector pt ∈ RM with the same dimension as the
one-hot vector encoding of the message. Thus, the series of operations

y
′
t = αReLU (W4yt +b4) , (4.7)

y
′′
t = αReLU

(
W5y

′
t +b5

)
, (4.8)

pt = αsoftmax

(
W6y

′′
t +b6

)
, (4.9)

describe the decoding function pt = fDec.-FFNN (yt) of the FFNN receiver. Note that
y′t and y′′t were used to denote the outputs of the first and second hidden layer at the
receiver, respectively. For illustrative purposes, only the receiver input yt and the
corresponding output pt are indicated in Fig. 4.3.

4.2.2.3 Performance metrics

The vector of probabilities which is output of the receiver FFNN can be utilised in
two ways: Firstly, a decision on the received symbol can be made as

m̂t = argmax
i=1...M

(pt,i), (4.10)

choosing the index m̂t of the greatest element in pt as the recovered message, i.e.
choosing the most probable hypothesis. Such a decoding operation applied to the
softmax output of the neural network directly corresponds to the initial one-hot vec-
tor encoding of messages at the transmitter input. A symbol error occurs at time
t when mt 6= m̂t . The symbol decision is counted in the symbol error rate (SER)
estimation for the transmitted sequence of Nseq messages, which is given by

SERseq. =
1

Nseq.

Nseq.

∑
t=1

1{mt 6= m̂t} , (4.11)
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where 1 denotes the indicator function, equal to 1 when the condition in the brackets
is satisfied, i.e. an error has occurred, and 0 otherwise. During optimisation and
testing of the system both in simulation and experiment, a data set S consisting of
multiple sequences is utilised. As a consequence, the total symbol error rate of the
system becomes

SER =
1
|S|∑i∈S

SERseq.,i, (4.12)

where |S| denotes the cardinality (the number of elements) in the set S.

The probability vector pt is also utilised for computing the loss in the procedure
of end-to-end system optimisation, described next.

4.3 Optimisation strategies
The complete IM/DD optical fibre communication system is implemented as an
end-to-end deep FFNN. As explained in the previous sections, such a system is
associated with encoding and decoding in a block-by-block manner. This trans-
mission scheme has multiple practical advantages. Firstly, it is computationally
simple, making it attractive for low-cost, high-speed implementations. Secondly, it
allows massive parallel processing of the single blocks (symbols). Nevertheless, it
is important to note that the proposed structure is only able to compensate for the
channel-induced interference within a block of n · s receiver samples, as there is no
connection between neighboring blocks. The effect of dispersion from neighboring
blocks, i.e. the intersymbol interference (ISI), remains uncompensated with such a
transceiver design and can thus be viewed as simply introducing extra noise in the
encoding and decoding processes. The block size n · s will hence limit the achiev-
able distance with the proposed system. As discussed in Sec. 4.4.4.3 and Chapter 5,
increasing the block size and thus accounting for more interference can quickly
result in unfeasibly large neural networks. This necessitated the development of
transceiver designs tailored for recovering symbol sequences. It allowed to keep
the ANN dimensions manageable, while enabling computational structures better
suited for the approximation of the encoding and decoding functions in communi-
cation systems over dispersive channels. In particular, in Chapters 5 and 6 advanced
sequence processing transceiver solutions were proposed using a recurrent neural
network structure to encode and decode the blocks or, alternatively, extending the
size of the receiver portion of the FFNN to jointly process multiple blocks and thus
diminish the influence of dispersion. This resulted in communication systems with
improved resilience to ISI, however, at the expense of higher computational com-
plexity.

The optimisation of the transmitter and receiver is performed by minimising
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Figure 4.4: Schematic of the IM/DD optical fibre communication system implemented as a
deep feedforward artificial neural network. Optimisation is performed using the
loss between the input messages and the outputs of the receiver, thus enabling
end-to-end deep learning of the complete system.

the loss computed at the receiver output between (appropriately chosen) represen-
tations of the transmitted m and recovered m̂ messages, effectively minimising the
end-to-end symbol error rate. Figure 4.4 depicts a schematic of the FFNN-based
IM/DD system which shows all components affecting the computation of the end-
to-end loss at a time instance t, which is obtained as

L (θ) = `(1m,t , fAE-FFNN(1m,t)) = `(1m,t ,pt), (4.13)

where
θ = {W1,b1, . . . ,W6,b6}, (4.14)

and the function fAE-FFNN(·) is used to express the complete input-to-output map-
ping function of the FFNN-based autoencoder, which can be defined as

pt = fFFNN-AE(1m,t), fDec.-FFNN (HIMDD {. . . , fEnc.-FFNN (1m,t) , . . .}) , (4.15)

with the operator HIMDD{·} describing the channel transformations. Note that the
transmitted and recovered messages are conveniently represented by their one-hot
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vector encoding 1m,t and output probability vector pt , respectively.

The dispersion-induced interference accumulates with distance and can span
between several consecutive symbols. As a result, multiple transmitted blocks from
both preceding and succeeding messages have an impact on the recovery of the
message mt and thus on the computed loss. Such a communication scenario is
referred to as a system with memory. As already mentioned, for the investigated
FFNN design the symbol memory of the channel is treated as extra noise since
there is no connection in the processing of neighbouring blocks.

In simulation, multiple blocks need to be concatenated to model a realistic
transmission for mt . Hence, the output samples of N neighboring blocks (that en-
code potentially different inputs) are serialised to form a sequence of N ·n ·s samples
for transmission over the channel. Note that N needs to be chosen sufficiently large
such that the number of co-propagating messages exceeds the channel memory. At
the receiver, the central block is extracted for processing and loss calculation.

The goal is to find a set of trainable parameters from the end-to-end compu-
tational graph, i.e. the weight matrices and bias vectors at the transmitter and re-
ceiver, that minimise the system loss. The parameters are iteratively updated using
stochastic gradient descent (see Sec. 2.2.1.1) and in particular, the Adam algorithm
(see Sec. 2.2.1.2). For this reason, a mini-batch of training examples is used on each
iteration. Figure 4.5 shows a schematic of the procedure. The mini-batch is formed
by S sequences, each consisting of N messages. At transmission step i, i = 1 . . .S,
the messages in the i-th sequence are encoded by the transmitter FFNN and propa-
gated through the channel. At the receiver, the central block is extracted to calculate
the loss Li defined in Eq. (4.13). Obtaining the corresponding losses for each of
the central blocks in the sequences from the mini-batch, the loss of the batch can be
estimated as the average

L (θ) =
1
S

S

∑
i=1

Li. (4.16)

Each iteration of the optimisation algorithm aims at minimising L (θ) computed
over a randomly-generated mini-batch. Note that for the purposes of optimising the
system performance, only the central blocks are considered in this training scheme.
During propagation through the channel these are subject to the strongest ISI. More-
over, as shown in the following sections, such a scheme enables the generalisation
of transmitter and receiver parameters over varied distances.

4.3.1 Learning at a fixed nominal distance
In this simple training setting, a nominal fibre length L is set. Every sequence in
each of the mini-batches used for training is transmitted through the fixed length of
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Figure 4.5: Schematic of the training procedure for the FFNN-based auto-encoder, showing
how a mini-batch is formed from different transmitted sequences of length N
over fibre lengths Li and the corresponding losses, computed for the central
message in every sequence.

fibre, thus accumulating identical amounts of ISI. As a consequence, the transmit-
ter and receiver are optimised exclusively for communication at the fixed nominal
distance. Operation at distances, significantly different from L would require re-
initiating the training stage.

4.3.2 Multi-distance learning

Since every sequence i from the mini-batch is transmitted independently through
the communication channel, it can be associated with a specific distance Li, which
dictates the amount of ISI-induced distortion on the central block. This has a direct
impact on the calculated loss Li, which would increase with distance. As a result,
the total batch loss L (θ) comprises of training examples from multiple transmis-
sion scenarios. Performing deep learning aimed at minimising L (θ), could thus
be viewed as optimising the set of transmitter and receiver parameters θ for trans-
mission over all different Li. A simple scheme would involve assigning to the i-th
mini-batch sequence a link length Li which is randomly drawn from a probability
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distribution with appropriately chosen parameters, e.g.

Li ∼N (µ,σ), i = 1 . . . |S|, (4.17)

where N (µ,σ) denotes the Gaussian distribution, whose mean is µ and standard
deviation is σ , and |S| is the number of sequences in the mini-batch.

4.4 Numerical investigation of the FFNN auto-
encoder performance

4.4.1 Bit-to-symbol mapping

As explained throughout the chapter, the auto-encoder communication system is
designed such that the end-to-end symbol error rate is minimised. Nevertheless,
a common metric examined as an indication of the communication system perfor-
mance is the bit-error rate (BER). Thus, whenever a symbol is received in error, the
number of incorrect bits that have occurred needs to be counted.

The input and output of the end-to-end ANN are non-binary messages m ∈
{1, . . . ,M} and m̂. In order to guarantee the low bit error rates in the range 10−12

to 10−15, forward error correction (FEC) is required. For complexity reasons, FEC
schemes in optical communications are usually binary [101] and often based on
hard-decision decoding (HDD), in particular for IM/DD applications. An overview
of HDD decoding schemes and their decoding capabilities is given in [102]. To
convert between the ANN messages and the FEC encoder/decoder output/input, a
bit labeling function ϕ : {1, . . . ,M}→FB

2 is needed. It maps a message m to a binary
vector b=

(
b1, . . . ,bB

)
, bi ∈F2 = {0,1} of length B= dlog2(M)e. Usually, M and

B are selected such that M = 2B.

For computing the BER, presented for the numerical auto-encoder investiga-
tion in this chapter, a simple ad hoc bit mapping was used. It consisted in assigning
the Gray code to the integer input messages m ∈ {1, . . . ,M} [103]. Note that this
simple approach is sub-optimal as the deep learning algorithm will only minimise
the SER and a symbol error may not necessarily lead to a single bit error. In the
presentation of simulation results in this chapter, a lower bound on the achievable
BER will hence be provided with an ideal bit mapping by assuming that at most
a single bit error occurs during a symbol error. In Chapter 5 an algorithm for the
optimisation of the bit-to-symbol mapping function was proposed and investigated
for the recurrent neural network-based auto-encoder.
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4.4.2 Generation of training and testing data

4.4.2.1 Random number generation
It was highlighted in [104] that special care should be taken when applying neu-
ral networks in optical communication systems to avoid learning representations
of a sequence, e.g. pseudo-random binary sequence (PRBS). The authors of the
paper provided guidelines to prevent biasing the performance results, which were
meticulously followed when designing both the simulations and transmission ex-
periments part of the investigation described in this thesis. In particular, for the
simulations, new random input messages were continuously generated during the
optimisation stage using a Mersenne twister [105] – a random number generator
with a long sequence. In order to obtain the results presented throughout the thesis,
the neural network models are trained and stored to perform testing with indepen-
dent data, generated by a different random number generator. More specifically, the
Tausworthe generator (see [106] for details) was used in the test stage. Chapter 6
provides more information on the data generation and collection procedures used in
the experimental verification of the developed systems.

4.4.2.2 Optimisation stage
The cross entropy loss (see Sec. 2.1.2.2) was used during optimisation. The auto-
encoder was trained on a set of |S|=25·106 randomly chosen central messages (and
(N−1) · |S| random messages of the neighbouring transmit blocks, discarded at the
receiver) using the Adam optimiser with a learning rate of 0.001 (default setting).
The deep learning library TensorFlow [99] was used to perform the optimisation.
The mini-batch size was set to S = 250, from where the number of optimisation
iterations can be accordingly expressed as

I =
|S|
S
. (4.18)

Thus, I = 105 iterations of the optimisation algorithm were performed in the ac-
commodated setting. The initialisation of the trainable parameters was carried out
as recommended in [12, Sec. 8.1.3]: a truncated normal distribution with standard
deviation σ = 0.1 was used for the weight matrices W. The bias vectors b were
initialised with 0. Validation of the training was performed during the optimisa-
tion process every 5000 iterations. The validation set of data was independently
generated and had the size |Sv| = 15 · 106. It is worth noting that in most cases,
convergence in the loss and validation symbol error rate of the trained models was
obtained after significantly less than 105 iterations, which was used as a fixed stop-
ping criterion – a common way to terminate ANN training (see [12, Sec. 8.3]). The
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Table 4.3: Simulations parameters assumed for the FFNN-based auto-encoder

Parameter Value

Transceiver:

M 64
n 12
N 11

Oversampling (s) 4
Rcod.

1
2 b/Sa

Channel:

Rsamp. 84 GSa/s
Sampling rate (s ·Rsamp.) 336 GSa/s

Rinf. 42 Gb/s
LPF bandwidth (B f ) 32 GHz

DAC/ADC ENOB (Nb) 6
Fibre length (L) varied

Fibre dispersion (D) 17 ps/(nm ·km)
Fibre attenuation (αdB/km) 0.2 dB/km

Receiver noise variance (σref.) 2.455 ·10−4

convergence of the results was also confirmed for mini-batch sizes of S = 125 and
500. More details on how to choose an appropriate amount of mini-batch examples
for SGD optimisation can be found in [12, Sec. 8.4]. Finally, the validation results
were confirmed in the case when the training set was increased to |S| = 50 · 106

input messages.

4.4.2.3 Testing stage

The trained model, i.e. the set θ of optimised weight matrices and bias vectors rep-
resenting the transmitter and receiver ANNs, was saved and then loaded separately
for testing. Testing was performed over a set of different random input messages,
generated by a different random number generator (see Sec. 4.4.2.1). In order to
obtain a reliable estimation of the BER, the size of the testing set was increased to
|St |=15 ·108. Note that these messages were used to evaluate the performance at a
specific distance. They were encoded by the optimised transmitter FFNN, transmit-
ted through the channel and decoded by the optimised receiver FFNN, computing
the symbol and bit error rates over the testing set, as described in Sec. 4.2.2.3 and
Sec. 4.4.1, respectively. The BER results from the testing phase are shown on the
system performance figures presented in this chapter.
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4.4.3 Simulation parameters
Table 4.3 lists the simulation parameters for the end-to-end deep-learning-based op-
tical fibre system under investigation. Input messages from a set of |M |= M = 64
total messages, each carrying 6 bits, were encoded by the FFNN at the transmitter
into symbols of n · s = 48 samples at 336 GSa/s in simulation. This rate corre-
sponded to the Rsamp. = 84 GSa/s sampling rate of the DAC used in experiment
multiplied by the assumed simulation oversampling factor of s = 4. This resulted in
an auto-encoder system with a data rate equal to Rinf. = 42 Gb/s. The bandwidth of
the signal was restricted at both transmitter and receiver by a brick-wall LPF with
a cut-off frequency of B f = 32 GHz to account for the hardware limitations. Note
that in practice, down-sampling by a factor of s = 4 of the filtered series of symbols
can be performed without loss of information. Due to the low-pass filtering, the
original series of symbols, each of n · s = 48 samples at 336 GSa/s, can be exactly
reconstructed from the down-sampled symbol series running at the DAC rate of 84
GSa/s. Down-sampling was performed during the experimental verification of the
system reported in Chapter 6. More details on the temporal and spectral representa-
tions of the ANN-optimised transmitted signal are provided in Appendix A. For the
transmission simulation, the variance of the additive receiver white Gaussian noise
was set to the experimentally obtained value of σ2

r = 2.455 · 10−4, as explained in
Sec. 3.3.1. Chapter 6 provides more details on the experiment. The fibre attenuation
and dispersion parameters were αdB/km = 0.2 dB/km and D = 17 ps/(nm · km), re-
spectively, typical values for a standard single mode fibre [23]. The ENOB of both
the DAC and the ADC was set to Nb = 6.

4.4.4 System performance

4.4.4.1 Transceivers optimised at a fixed nominal distance
The BER performance of the FFNN auto-encoder optimised at the fixed nominal
distance of 40 km was computed over the testing set as described in Sec. 4.4.1 and
the results obtained at distances between 37.5 and 42.5 km are shown in Fig. 4.6.
The 4.5 · 10−3 hard-decision forward error correction (HD-FEC) threshold [107]
(6.7% overhead) was used as an indicator of the system performance. BER val-
ues below the HD-FEC were achieved at distances in the range of 38− 41.25 km.
Moreover, around the nominal training distance of 40 km the BER was below 10−4.
For distances longer or shorter than the optimum 40 km, the bit error rate increased.
The figure also displays the lower bound, denoted “ideal”, on the achievable BER
for each distance. This lower bound was obtained by assuming that a block error
gives rise to a single bit error. The results confirmed that utilising the Gray code
of m as a bit-to-symbol mapping function, an approach discussed in 4.4.1 and used
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Figure 4.6: BER as a function of transmission distance for a system trained at 40 km. The
horizontal dashed line indicates the 6.7% HD-FEC threshold. The BER with an
ideal bit mapping, i.e. a symbol error results in a single bit error, is also shown.

in the current investigation, is not optimal for the FFNN auto-encoder. Hence, op-
timising the mapping function can lead to additional performance enhancement.
This was demonstrated for the developed recurrent neural network-based systems
in Chapter 5, where the optimisation of the bit labeling function was performed.

The BER performance of systems trained at different distances is shown in
Fig. 4.7. For this set of results, seven FFNN-based transceivers were optimised for
different distances in the range of 20 to 80 km in steps of 10 km. As before, the
optimisation was performed at the fixed nominal distance. BERs below the 6.7%
hard decision FEC threshold are achieved for all examined distances between 20
and 50 km. Moreover, up to 40 km the BER was below 10−4. Systems trained at
distances longer than 50 km achieved BERs above 10−2. The lower bound on the
achievable BER was also shown, indicating that the assumed bit-to-symbol map-
ping was sub-optimal for all of the examined distances. An important observation is
that the systems achieved their lowest BER values at the nominal distances at which
their training was performed. A rapid increase in their error rate was observed when
the distance changed. For example, the BER of auto-encoder optimised at 40 km
was degraded from 5 ·10−5 to above 1 ·10−2, when the distance was changed from
39.75 km to either 38 or 41.5 km. Such a behaviour is a direct consequence of the
implemented training approach which optimises the system ANN parameters for
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operation at a particular distance, without any incentive for robustness to variations.
As the amount of dispersion changes with distance, the optimal neural network pa-
rameters differ accordingly. Thus, the system BER will increase when the distance
is varied without accordingly updating the transceiver parameters.

4.4.4.2 Transceivers optimised for operation at multiple distances
To address the limitations of the training at a fixed nominal distance related to ro-
bustness to distance variation, the optimisation method proposed in Sec. 4.3.2 is
considered next. For such an investigation, the transceiver was trained in a process
where the distance for every training message was randomly drawn from a Gaus-
sian distribution with a mean µ and a standard deviation σ . During optimisation,
this will allow the deep learning algorithm to converge to a set of generalised ANN
parameters, robust to certain variation of the dispersion. Figure 4.8 shows the test
BER performance of the system trained at a mean distance µ = 40 km and different
values of the standard deviation. It can be seen that for the cases of σ = 4 km and
σ = 10 km this training method allowed BER values below the HD-FEC threshold
in wider ranges of transmission distances than for σ = 0 km, the scenario covered
in the previous investigation. For instance, when σ = 4 km, BER values below the
4.5 · 10−3 threshold were achievable between 30.25 km and 49.5 km, yielding an
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Figure 4.7: BER as a function of transmission distance for systems trained at a fixed nomi-
nal distance of (20+ i ·10) km, with i∈{0, . . . ,6}. The 6.7% HD-FEC threshold
is indicated by a horizontal dashed line. Thin dashed lines below the curves give
a lower bound on the achievable BER when an ideal bit mapping is assumed.
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Figure 4.8: Bit error rate as a function of transmission distance for systems where the train-
ing is performed at normally distributed distances with mean µ = 40 km and
standard deviation σ . The horizontal dashed line indicates the 6.7% HD-FEC
threshold.

operating range of 19.25 km. The distance tolerance was further increased when
σ = 10 km was used for the optimisation. It is worth noting that in this case the
obtained BERs were higher, due to the increased difficulty in converging to parame-
ters valid for the significantly varied distances with the standard deviation of 10 km.
Nevertheless, performance below the HD-FEC threshold was achieved by such a
transceiver for a distance range of 27.75 km, spanning from 24 km up to 51.75 km.
The lowest BER value of the system was significantly increased compared to the
auto-encoder trained at the fixed nominal distance of 40 km, i.e. 2 ·10−3 compared
to 5 · 10−4. Thus, there exists a trade-off between system robustness and perfor-
mance. The multi-distance learning method can be hugely beneficial for practical
applications as it introduces both robustness and flexibility of the system to varia-
tions in the link distance, without requiring any reconfiguration of the transceiver.

To further investigate the levels of flexibility that such an optimisation tech-
nique can offer, the BER performance of the distance-agnostic auto-encoder was
examined at different values of the mean training distance µ . Figure 4.9 shows
the BER performance of systems trained at the mean distances µ of 20, 40, 60 and



4.4. Numerical investigation of the FFNN auto-encoder performance 77

10 20 30 40 50 60 70 80 90
10´8

10´7

10´6

10´5

10´4

10´3

10´2

10´1

100

HD-FEC

threshold

Trained at p20, 4q km

Trained at p40, 4q km

Trained at p60, 4q km
Trained at p80, 4q km

Transmission distance (km)

B
E
R

Figure 4.9: Bit error rate as a function of transmission distance for systems where the train-
ing is performed at normally distributed distances around the mean values µ of
20, 40, 60, 80 km and a fixed standard deviation σ = 4 km. The horizontal
dashed line indicates the 6.7% HD-FEC threshold.

80 km with a fixed standard deviation of σ = 4 km. It can be seen that generalisation
of the transceiver parameters was achieved for all setups. An interesting implication
is that only two sets of optimised transceiver parameters, i.e. trained at (20,4) km
and (40,4) km, are required to achieve BER values below the HD-FEC threshold at
all distances up to 50 km. In contrast, the system performances shown in Fig. 4.7,
indicate that at least 8 different transceivers would need to be used to cover similar
distances.

4.4.4.3 Transceivers with different coding rates
The investigation of the end-to-end deep learning-based optical fibre system re-
ported in the previous sections covered the scenario where an input message car-
rying 6 bits of information (M = 64) was encoded into a band-limited symbol of
48 samples (n · s = 48 with an oversampling factor of s = 4) at 336 GSa/s. Thus,
the result was an auto-encoder operating at the information rate of 42 Gb/s. In the
following, the implementation of systems with different rates is demonstrated. This
is achieved by varying the input and the output dimension of the ANNs, i.e. chang-
ing the hyper-parameters M and n. For this investigation, the oversampling factor
and the sampling rate of the simulation are kept fixed and equal to 4 and 336 GSa/s,
respectively. In Figure 4.10 solid lines show the BER performance of the system at
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Figure 4.10: Bit error rate as a function of transmission distance for systems with different
information rates. The training is performed at a fixed nominal distance.

different rates when the number of digital waveform samples into which the input
message is encoded was decreased, in particular n = 6 was used. In such a way
bit rates of 42 Gb/s, 56 Gb/s and 84 Gb/s were achieved for M = 8 (Rcod. = 1/2),
M = 16 (Rcod. = 2/3), and M = 64 (Rcod. = 1), respectively (see Sec. 4.2.1.3). The
BER for the 84 Gb/s system rapidly increased as a function of distance and error
rates below the HD-FEC could be achieved only up to 20 km. On the other hand,
42 Gb/s and 56 Gb/s were transmitted reliably with such a hyper-parameter setting
at 30 km. An alternative approach to decreasing the transmitted samples in a block,
is to increase the information rate of the system by considering input messages with
a greater information content. Dashed lines in Fig. 4.10 show the cases of M = 64,
n = 12 (Rcod. = 1/2) and M = 256, n = 12 (Rcod. = 2/3), corresponding to infor-
mation rates Rinf. of 42 Gb/s and 56 Gb/s, respectively. In comparison to the cases
where n = 6, such systems exhibited an extended operational reach below the BER
threshold, due to the larger block size leading to a reduced influence of the chro-
matic dispersion. For example, the 56 Gb/s system could achieve BER value below
the HD-FEC at 40 km, while for 42 Gb/s, this distance was 50 km. Thus, increasing
the auto-encoder information rate by implementing a larger M instead of a smaller
n enabled additional reach of around 10 km at 56 Gb/s and around 20 km at 42 Gb/s.
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However, a drawback of such a solution is the larger FFNN size since there is an
exponential dependence between M and the coding rate, i.e. M = 2n·Rcod. , thus in-
creasing the computational and memory demands as well as the training times of
the auto-encoder. The investigation shown in Fig. 4.10 highlights that the optical fi-
bre auto-encoder concept can be easily applied for designing systems with different
information rates and gives an insight on the possible implementation approaches
and the trade-offs between performance and complexity associated with their im-
plementation.

4.5 Summary
In this chapter, it was described how the optical fibre communication system can
be implemented as an end-to-end computational graph to perform system optimisa-
tion in a single process. In particular, the optical fibre transceiver was designed as
a simple feedforward neural network and deep learning was applied to find trans-
mitter and receiver ANN parameters that minimise the symbol error rate in the sys-
tem. The benefits of this method were illustrated by applying it to intensity mod-
ulation/direct detection (IM/DD) systems, showing that bit error rates below the
6.7% hard-decision forward error correction threshold can be achieved at distances
beyond 50 km – links of practical interest for short reach optical fibre communi-
cations. A multi-distance transceiver optimisation method was also proposed in
the chapter. It was verified in simulation that the method yields robust and flexible
transceivers that can enable — without reconfiguration — reliable transmission over
a large range of link distances. The research was published in [62]. To complement
the simulation results described in this chapter, an experimental verification of the
proposed FFNN-based auto-encoder system as well as the multi-distance learning
method was conducted and described in Chapter 6. Before that, the investigation in
Chapter 5 addresses the limitations of the FFNN design related to compensating for
the intersymbol interference at longer transmission distances.



Chapter 5

Recurrent neural network-based
optical fibre transceiver

Chapter 3 introduced the transformations and distortions caused by the optical
IM/DD communication channel on an input sequence of digital samples. In par-
ticular, it was described how chromatic dispersion leads to interference between
preceding and succeeding samples, thus imposing severe limitations on the achiev-
able system reach.

To optimise the transceiver for communication over such a channel, a feed-
forward artificial neural network (FFNN)-based auto-encoder was investigated in
Chapter 4. As explained in Sec. 4.2, this system employed a block-based trans-
mission strategy using a transmitter which encodes input messages m from a finite
alphabet with size |M | = M, each carrying log2(M) bits, into blocks (symbols) of
n digital waveform samples. At the receiver, the distorted n-dimensional symbols
are decoded block-by-block, recovering the transmitted messages. The described
system encodes/decodes each symbol independently, i.e. without information from
the previous or future encoding/decoding. However, as explained in Sec. 3.2, the
dispersion-induced interference is an effect which accumulates linearly with dis-
tance and quadratically with the signal bandwidth, quickly extending across mul-
tiple adjacent symbols. The presence of intersymbol interference (ISI) renders the
optical IM/DD link a communication channel with memory.

The FFNN auto-encoder system is inherently unable to compensate for ISI,
i.e. interference outside of the symbol block, which is treated as extra noise. As a
consequence, the achievable performance, in terms of chromatic dispersion that can
be compensated and hence transmission distance, of such a system is limited by the
block size. The presented results in Sec. 4.4.4.3 investigated the solution of expand-
ing the FFNN by including more samples within a symbol block, i.e. implementing
larger n. Nevertheless, in addition to increasing the output FFNN dimension n, for
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a given coding rate Rcod. (defined in Sec. 4.2.1.3), following this approach would
require an exponential increase of the input neural network dimension M, which is
related to n as M = 2n·Rcod. . The result is an auto-encoder system that can quickly be-
come computationally infeasible to implement due to the rapidly increasing amount
of transceiver ANN parameters as a function of compensated interference.

In this chapter, the limitations of the FFNN-based auto-encoder design for
communication over channels with memory were addressed by developing a deep
learning-based transceiver for sequence processing using a bidirectional recurrent
neural network (BRNN). The BRNN-based auto-encoder allows to utilise informa-
tion from both pre- and post-cursor symbols in the encoding and decoding pro-
cesses. The optimised system was combined with an efficient sliding window se-
quence estimation algorithm, yielding a sliding window bidirectional recurrent neu-
ral network (SBRNN) auto-encoder. This allowed to control the processing memory
in the BRNN receiver via the estimation window W , external to the end-to-end neu-
ral network architecture. As a result, the resilience to ISI could be enhanced, while
keeping the number of ANN parameters at the transceiver fixed.

In addition to introducing the SBRNN auto-encoder design, this chapter in-
cludes an extensive numerical investigation of the system performance. In particu-
lar, Sec. 5.3.1 and 5.3.3 describe the study of the SBRNN performance and com-
plexity in comparison to classical pulse amplitude modulation (PAM) transmission
with state-of-the-art nonlinear equalisation or maximum likelihood sequence detec-
tion receivers, respectively.

5.1 End-to-end system design
The complete optical fibre communication system is implemented as an end-to-end
computational graph using ANN-based transmitter and receiver, a concept which
was introduced in Chapter 4. The transceiver design described here uses a bidirec-
tional recurrent neural network to handle the intersymbol interference effects stem-
ming from preceding and succeeding symbols, induced by the dispersive optical
channel. Figure 5.1 shows a schematic of the proposed BRNN-based communica-
tion system. This section describes the encoding and decoding performed by the
scheme.

5.1.1 Transmitter

5.1.1.1 Bidirectional recurrent encoding
Within the optical fibre auto-encoder framework, described in Sec. 4.1, the function
of the artificial neural network at the transmitter is to encode the stream of input
messages (. . . ,mt−1,mt ,mt+1, . . .), mt ∈ {1, . . . ,M}, each of which drawn indepen-
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Figure 5.1: Schematic of the IM/DD optical fibre communication system implemented as a
bidirectional deep recurrent neural network. optimisation is performed between
the stream of input messages and the outputs of the receiver, thus enabling end-
to-end optimisation via deep learning of the complete system. Inset figures
show an example of the transmitted signal spectrum both at the output of the
neural network and before the DAC.

dently from an alphabet M of |M | = M total messages, into a sequence of trans-
mit blocks of digital waveform samples (symbols) (. . . ,xt−1,xt ,xt+1, . . .) ready for
transmission over the communication channel. Unlike the FFNN system proposed
in Sec. 4.2, the BRNN transmitter structure, proposed and investigated in this chap-
ter, allows to utilise information from both pre- and post-cursor symbols, i.e. xt−k

or xt+k, into the encoding of the message mt at time t. Thus the BRNN transmitter
performs encoding of input sequences, which is necessary for communication over
communication channels with ISI.

5.1.1.2 BRNN processing

Figure 5.2 shows a schematic of the BRNN encoding procedure. First, the messages
mt are represented as one-hot vectors 1m,t ∈ RM, which are fed into the recurrent
structure for bidirectional encoding. Two variations of the recurrent cell in the RNN
structure were investigated – a straightforward vanilla concatenation as well as a
long short-term memory gated recurrent unit structure (LSTM-GRU). The vanilla
and LSTM-GRU processing cells were introduced in Sec. 2.1.3.1. In the following,
the message encoding performed by each of these cells is described.
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Figure 5.2: Schematic of the BRNN-based transmitter section of the optical fibre auto-
encoder. The input messages (. . .mt−1,mt ,mt+1 . . .), represented as one-hot
vectors (. . . ,1m,t−1,1m,t ,1m,t+1 . . .), are processed bidirectionally at each time
instance by the neural network to produce the sequence of encoded symbols
(blocks of samples) (. . .xt−1,xt ,xt+1 . . .). Thick solid lines are used to highlight
the the connections to symbols that have an impact on the processing of mt .
Note that a vanilla BRNN cell structure is adopted for illustrative purposes.

Table 5.1: Vanilla and LSTM-GRU cell definitions at the transmitter (single direction)

Layer Activation Output dimension

Vanilla:

Input one-hot enc. & concat. M+n · s
Final Clipping n · s

LSTM-GRU:

Input one-hot enc. & concat. M+n · s
Gate a Sigmoid n · s
Gate b Sigmoid n · s
Final Clipping n · s

Table 5.1 lists the neural network hyper-parameters used for the investigation
presented in this chapter. The recurrent processing in the backward and forward
directions is performed using identical network hyper-parameters and architectures.
For the vanilla BRNN, in the forward direction the input 1m,t at time t is concate-
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nated with the previous output −→x t−1, obtaining the vector
(

1T
m,t
−→x T

t−1

)T
, which

is processed by the recurrent cell to produce the current updated output −→x t ∈ Rn·s.
In the backward direction 1m,t is instead combined with←−x t+1, yielding←−x t ∈ Rn·s.
The two unidirectional outputs of the transmitter BRNN −→x t and ←−x t at time t are
subject to element-wise averaging in the Merge module, producing the encoded out-
put xt ∈ Rn·s. The encoding function xt = fEnc.-BRNN (. . .1m,t−1,1m,t ,1m,t+1 . . .) of
the vanilla BRNN transmitter can thus be expressed by the equations

−→x t = αClipping

(
Wfw

(
1T

m,t
−→x T

t−1

)T
+bfw

)
, (5.1)

←−x t = αClipping

(
Wbw

(
1T

m,t
←−x T

t+1

)T
+bbw

)
, (5.2)

xt =
1
2
(−→x t +

←−x t
)
, (5.3)

where Wfw ∈ Rn·s×(M+n·s) and bfw ∈ Rn·s (forward), and Wbw ∈ Rn·s×(M+n·s) and
bbw ∈ Rn·s (backward) are the trainable weight matrices and bias vectors in the
vanilla BRNN transmitter. The clipping activation function, defined in Eq. (4.1),
Sec. 4.2.1.2 which limits the BRNN outputs to the [0;π/4] range was employed for
the practical purposes explained in Sec. 4.2.1.2.

The message encoding performed by the alternative LSTM-GRU variant of
the BRNN transmitter is described next. As explained in Sec. 2.1.3.1, compared
to the vanilla variant, it consists of two additional memory gates. Their function is
to decide which elements of the current input/previous output concatenation should
be preserved for further processing. Each of the gates in the proposed design is
modeled by a single layer of trainable parameters and the sigmoid activation. The
encoding function xt = fEnc.-BRNN (. . .1m,t−1,1m,t ,1m,t+1 . . .) for the LSTM-GRU
BRNN transmitter is the series of operations

−→g a
t = αsigmoid

(
Wa

fw

(
1T

m,t
−→x T

t−1

)T
+ba

fw

)
, (5.4)
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2
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where � denotes element-wise multiplication of vectors and Wfw ∈ Rn·s×(M+n·s),
bfw ∈ Rn·s, Wa

fw ∈ Rn·s×(M+n·s), ba
fw ∈ Rn·s and Wb

fw ∈ Rn·s×(M+n·s), bb
fw ∈ Rn·s

(forward direction), and Wbw ∈ Rn·s×(M+n·s), bbw ∈ Rn·s, Wa
bw ∈ Rn·s×(M+n·s),

ba
bw ∈ Rn·s and Wb

bw ∈ Rn·s×(M+n·s), bb
bw ∈ Rn·s (backward direction) are all train-

able weight matrices and bias vectors in the LSTM-GRU BRNN transmitter.

Note that the BRNN transmitter encodes the full sequence of input messages.
Thus, the forward/backward recurrent processing at the transmitter introduces extra
latency of the order of a full data sequence. By termination of the sequences, this la-
tency can be limited to a practically manageable level (which can be in the range of
thousands of symbols). Moreover, as described later in Sec. 5.1.4, the auto-encoder
is operated in an efficient sliding window algorithm for sequence estimation, signif-
icantly reducing the end-to-end processing delay. The sequence lengths and sliding
window size used in the numerical investigation of the BRNN system are specified
in Sec. 5.3. For the experimental verification of the system, which is described in
Chapter 6, these parameters are specified in Sec. 6.5.

5.1.2 Receiver
The function of the ANN receiver is to decode the sequence of received symbols
(. . .yt−1,yt ,yt+1 . . .) obtained at the output of the channel, producing a sequence
of recovered messages (. . . m̂t−1, m̂t , m̂t+1 . . .). The design based on a bidirectional
recurrent neural network allows to perform the operation by utilising information
from previous and future decoding.

5.1.2.1 Recurrent decoding
The BRNN decoding scheme is shown schematically in Fig. 5.3. The BRNN-based
receiver processing follows an identical recurrent procedure to the one used at the
transmitter. The message m̂t is recovered from the received symbol yt via decoding
that involves both preceding yt−k and succeeding yt+k symbols. In particular, the
received block of samples yt is processed to an output probability vector pt from
which the per-example loss is calculated during optimisation and also a decision for
the recovered message m̂t is made. The specific receiver BRNN processing, adopted
for the proposed auto-encoder design is presented next.
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Figure 5.3: Schematic of the BRNN-based receiver section of the proposed optical fi-
bre auto-encoder. The received symbols (. . . ,yt−1,yt ,yt+1 . . .) are processed
bidirectionally by the BRNN to produce the output probability vectors
(. . .pt−1,pt ,pt+1 . . .). These are utilised in two ways: to make a decision on
the recovered message as well as to compute the loss of the auto-encoder in the
optimisation stage.

5.1.2.2 BRNN processing

Table 5.2 lists the hyper-parameters for the neuron layers used at the BRNN re-
ceiver. For decoding using the vanilla BRNN, the current input yt is concatenated
with the previous output in the forward direction

−→
h t−1 and processed by the cell

with a ReLU activation function, producing
−→
h t ∈R2M. Identically in the backward

direction yt is concatenated with
←−
h t+1 and transformed to

←−
h t ∈R2M. The two cur-

rent outputs
−→
h t and

←−
h t are concatenated in the Merge module, yielding ht ∈ R4M.

Subsequently, the output ht of the cell is applied to a softmax layer to obtain the
output probability vector pt ∈ RM, having the dimensionality of the input one-hot
vector, and utilised for loss computation and message recovery. The decoding func-
tion pt = fDec.-BRNN (. . .yt−1,yt ,yt+1 . . .) of the vanilla BRNN receiver is, hence,
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Table 5.2: Vanilla and LSTM-GRU cell definitions at the receiver (single direction)

Layer Activation Output dimension

Vanilla:

Input concat. n · s+2M
Hidden ReLU 2M
Final Merge & Softmax M

LSTM-GRU:

Input concat. n · s+2M
Gate a Sigmoid 2M
Gate b Sigmoid 2M
Hidden ReLU 2M
Final Merge & Softmax M

described by the series of transformations
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pt = αsoftmax (Wsoft.ht +bsoft.) , (5.14)

where Wr
fw ∈R2M×(2M+n·s) and br

fw ∈R2M (forward), and Wr
bw ∈R2M×(2M+n·s) and

br
bw ∈ R2M (backward) are the weight matrices and bias vectors in the bidirectional

vanilla cell at the receiver, while Wsoft. ∈ R4M×M and bsoft. ∈ RM are the weight
matrix and bias vector of the final softmax layer. These constitute the set of trainable
parameters in the vanilla BRNN receiver.

Alternatively, for the BRNN receiver designed as an LSTM-GRU, the decoding
pt = fDec.-BRNN (. . .yt−1,yt ,yt+1 . . .) is given by the series of operations
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h T

t−1

)T
+br,b

fw

)
, (5.16)

−→
h t = (1−−→g r,b

t )�−→h t−1+
−→g r,b

t �αReLU

(
Wr

fw

(
yT

t

(−→g r,a
t �
−→
h t−1

)T)T
+br

fw

)
,

(5.17)
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←−g r,a
t = αsigmoid

(
Wr,a

bw

(
yT

t
←−
h T

t+1

)T
+br,a

bw

)
, (5.18)

←−g r,b
t = αsigmoid

(
Wr,b

bw

(
yT

t
←−
h T

t+1

)T
+br,b

bw

)
, (5.19)

←−
h t = (1−←−g r,b

t )�←−h t+1+
←−g r,b

t �αReLU

(
Wr

bw

(
yT

t

(←−g r,a
t �
←−
h t+1

)T)T
+br

bw

)
,

(5.20)

ht =
(−→

h T
t
←−
h T

t

)T
, (5.21)

pt = αsoftmax (Wsoft.ht +bsoft.) , (5.22)

where Wr
fw ∈ R2M×(2M+n·s), br

fw ∈ R2M, Wr,a
fw ∈ R2M×(2M+n·s), br,a

fw ∈ R2M and
Wr,b

fw ∈ R2M×(2M+n·s), br,b
fw ∈ R2M (forward direction), and Wr

bw ∈ R2M×(2M+n·s),
br

bw ∈R2M, Wr,a
bw ∈R

2M×(2M+n·s), br,a
bw ∈R

2M and Wr,b
bw ∈R

2M×(2M+n·s), br,b
bw ∈R

2M

(backward) are the weight matrices and bias vectors in the bidirectional LSTM-
GRU cell at the receiver. The weight matrix Wsoft. ∈ R4M×M and the bias vector
bsoft. ∈ RM specify the final softmax layer. The parameters listed above constitute
the set of trainable parameters in the LSTM-GRU BRNN receiver.

The probability vectors pt output of the BRNN receiver are then used in two
ways: during the optimisation stage described in Sec. 5.1.3 they were used to com-
pute the system loss, while for the testing they were employed within the sliding
window sequence estimation algorithm, as explained in Sec. 5.1.4.

5.1.3 Optimisation procedure
The set of transmitter and receiver BRNN parameters (denoted here by θ ) is itera-
tively updated via the Adam optimiser with a learning rate of 0.001 (default setting).
Similarly to the investigation of the FFNN auto-encoder, described in Chapter 4,
the deep learning library TensorFlow [99] was used to perform the optimisation.
The objective was to minimise the average loss L (θ) over a mini-batch S from the
training set, given by

L (θ) =
1
|S| ∑

1m,t∈S
`
(
1m,t , fBRNN-AE,t(. . .1m,t−1,1m,t ,1m,t+1 . . .)

)
, (5.23)

where `(·) denotes the cross entropy loss function, while fAE-BRNN,t(·) is used to
denote the input-to-output mapping function of the BRNN-based auto-encoder at
time instance t, which can be expressed as

pt = fBRNN-AE,t(. . . ,1m,t , . . .), fDec.-BRNN (HIMDD { fEnc.-BRNN,t(. . . ,1m,t , . . .)}) ,
(5.24)
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with HIMDD denoting an operator which describes the effects of the optical IM/DD
channel. In the following a detailed step-by-step description of an iteration of the
optimisation procedure is provided.

First, the training set S consisting of Z = 250 different sequences of Ttrain =

106 random input messages mi, j was generated, with i ∈ {1, . . . ,Z} and j ∈
{1, . . . ,Ttrain}. At the beginning of the optimisation procedure, the outputs −→x t−1

and ←−x t+1 in the forward and backward directions of the transmitter BRNN
as well as the the outputs

−→
h t−1 and

←−
h t+1 in the forward and backward di-

rections of the receiver BRNN were initialised to 0. At an optimisation step
s, the mini-batch S of messages mi,(s−1)V+1, . . . ,mi,sV , for 1 ≤ i ≤ Z and a
fixed window V = 10 (to keep the batch size computationally manageable), was
processed by the transmitter BRNN to obtain the sequence of encoded sym-
bols xi,(s−1)V+1, . . . ,xi,sV . Before feeding them into the communication channel,
these symbols were transformed into the single long sequence h1,(s−1)V+1, . . . ,

h1,sV ,h2,(s−1)V+1, . . . ,h2,sV , . . . ,hZ,(s−1)V+1, . . . ,hZ,sV . At the input of the receiver,
this transformation was reversed and the received blocks yi,(s−1)V+1, . . . ,yi,sV were
applied to the BRNN, obtaining output probability vectors pi,(s−1)V+1, . . . ,pi,sV .
Then, in accordance with Eq. (5.23) from Sec.2.1.3.2, the cross entropy loss was
computed and averaged over the whole mini-batch, enabling the step of backpropa-
gation and SGD and thus concluding a single iteration of the optimisation algorithm.
Every 100 steps of the optimisation, the outputs −→x t−1 and ←−x t+1, and

−→
h t−1 and

←−
h t+1 in the forward and backward passes of the transmitter and receiver BRNN,
respectively were re-initialised to 0 in an attempt to avoid local minima. Using val-
idation data, the convergence of the loss during training was confirmed well-within
100 000 iterations, the maximum number of iterations that were allowed.

After the auto-encoder parameters were optimised, the transceiver was
combined with the sliding window sequence estimation algorithm described in
Sec. 5.1.4. It is important to mention that, following the discussion in Sec. 4.4.2.1,
for the training set a Mersenne twister was used as a random number generator. To
ensure that during training parts or construction rules of a pseudo-random sequence
are not learnt, and that training and testing datasets originate from different sources,
the Tausworthe random number generator [106] was used to generate an inde-
pendent testing set of data using different 250 sequences of 104 randomly chosen
messages.



5.1. End-to-end system design 90

1m,11m,21m,31m,4
. . .1m,t

Transmitter message input stream

y1 y2 y3 y4 . . . yt

Tx BRNN

channel

pp1q
1
Σ

pp1q
2 pp1q

3

pp2q
2
Σ

pp2q
3 pp2q

4

pp3q
3 pp3q

4 pp3q
5

Σ

estim
ated . . .

Rx BRNN

Rx BRNN

Rx BRNN

Sliding
window
processing

. . .

Receiver
probability
output

end-to-end
BRNN

Figure 5.4: Schematic of the sliding window sequence estimation technique in which the
optimised BRNN transceiver is operated. Note that W = 3 is chosen for illus-
tration purposes.

5.1.4 Sliding window sequence estimation

5.1.4.1 Algorithm description

Figure 5.4 shows a basic schematic of the sliding window sequence estimation algo-
rithm applied on the optimised system. This algorithm was proposed in [108, 109]
for the detection of sequences in molecular communication systems. The auto-
encoder is represented by the modules Tx BRNN, channel and Rx BRNN. For a
given sequence of T +W − 1 test messages, the transmitter BRNN encodes the
full stream of input one-hot vectors 1m,1, . . . ,1m,T+W−1. The obtained sequence of
symbols is then subject to the channel, yielding the sequence of received symbols
y1, . . . ,yT+W−1. At this stage, the sliding window technique is employed to effi-
ciently obtain probability vectors and recover the transmitted messages.

At a time t, the receiver BRNN processes the window of W symbols
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yt , . . . ,yt+W−1, transforming them into W probability vectors p(t)
t , . . . ,p(t)

t+W−1 via
its final softmax layer. Then it slides one time slot ahead to process the symbols
yt+1, . . . ,yt+W . Notice that this enables the scheme to provide multiple estimates of
the probability vector at time t, for t ≥ 2. In particular, the final output probability
vectors for the first W −1 symbols from the received sequence are given by

pi =
1
i

i−1

∑
k=0

p(i−k)
i , i = 1, . . .W −1, (5.25)

while the final probability vectors for the following yW , . . . ,yT symbols in the re-
ceived sequence are obtained as

pi =
W−1

∑
k=0

a(k)p(i−k)
i , i =W, . . . ,T, (5.26)

where a(q) ≥ 0,q = 0, . . . ,W − 1 and ∑
W−1
q=0 a(q) = 1 are weighting coefficients as-

signed to each estimate of the probability output at a specific time instance. Typ-
ically, equal weights a(q) = 1

W are assumed by the algorithm, as originally pro-
posed in [108]. In Sec. 5.1.4.2 a method for the weight optimisation is proposed,
whose performance is examined in Sec. 5.2. Note that the final W − 1 symbols
yT+1, . . . ,yT+W−1 from the received sequence are not fully estimated and are thus
not included in the subsequent symbol error counting. For this reason the sequence
length is chosen such that T �W and thus there is only a negligible reduction in
the data rate of the scheme.

In the following, a concrete example of the first few steps in the operation of
the sliding window processor is presented with the window size set to W = 3 based
on Fig. 5.4: At t = 1, the receiver BRNN processes the symbols (yt=1,y2,y3) and
estimates the output probability vectors

(
p(t=1)

1 ,p(1)
2 ,p(1)

3

)
. The receiver has gen-

erated all estimates for the received symbol at t = 1, i.e. y1, and assigns p1 = p(1)
1 .

Next at t = 2, the receiver BRNN has shifted a single slot to process (yt=2,y3,y4)

and generates
(

p(t=2)
2 ,p(2)

3 ,p(2)
4

)
. All estimates for y(2) are obtained at this step and

the final probability vector p2 = 1
2p(1)

2 + 1
2p(2)

2 is computed. Similarly, at t = 3, a
final probability vector p3 = a(0)p(3)

3 + a(1)p(2)
3 + a(2)p(1)

3 is computed for y3. The
sliding window processing carries on for the remainder of the symbols from the
received sequence.

5.1.4.2 Optimisation of the weight coefficients
The weight coefficients a(q) assigned to each of the probability vector estimates
provided by the sliding BRNN receiver can be optimised in order to enhance the se-
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quence estimation algorithm and thus improve the overall error rate performance of
the system. This section proposes an offline optimisation method which consists in
picking a representative test sequence of length T +W−1 for which all correspond-
ing BRNN output probability vectors p(i−k)

i , with i =W, . . .T and k = 0, . . . ,W −1
are collected. Note that the first W − 1 and the final W − 1 symbols from the se-
quence were not considered in the optimisation since the number of weight coef-
ficients required for their estimation is lower than W (see Eq.(5.25)). The best set
of coefficients a =

(
a(0) . . . a(W−1)

)
is then obtained by minimising the average

cross entropy, computed as

c̄(a) :=− 1
T −W +1

T

∑
i=W

1T
m,i log

(
W−1

∑
q=0

a(q)p(i−q)
i

)
(5.27)

between the input one-hot vectors 1m,W , . . . ,1m,T and the estimated final output
probability vectors pW , . . . ,pT , using the constrained optimisation problem

aopt = argmin
a

c̄(a) s.t. a(q) ≥ 0,
W−1

∑
q=0

a(q) = 1 (5.28)

where q = 0, . . .W −1 and c̄ was used to denote the average cross entropy between
the input one-hot vectors and the estimated final output probability vectors. The
optimisation problem is convex and can easily be solved numerically. Specifically,
the MATLAB fmincon function for finding the minimum of constrained nonlinear
multivariable function was used. Section 5.2 presents the results from the performed
weight coefficient optimisation and reports the achieved performance improvement
using the method.

5.1.4.3 Performance metric

After the sliding window receiver estimates the final probability vector for a given
symbol, a decision on the transmitted message can be performed as

m̂t = argmax
j=1...M

(pi, j). (5.29)

A symbol error is counted when mt 6= m̂t . The symbol error rate (SER) for the
transmitted sequence is given by

SER =
1
|Te| ∑i∈Te

1{mt 6= m̂t} , (5.30)
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where |Te| is the number of fully estimated messages in the test sequence and the
indicator function is denoted by 1, and is equal to 1 when the argument is satisfied
and 0 otherwise.

5.1.5 Bit labeling optimisation
In Sec. 4.4.1 it was explained that in order to examine the BER of the developed
auto-encoders, a mapping function between the messages processed by the ANN
and the FEC encoder/decoder output/input is needed. In particular, a bit labeling
function expressed as

ϕ : {1, . . . ,M}→ FB
2 (5.31)

is required. This function maps a message m to a binary vector b =
(

b1, . . . ,bB

)
,

bi ∈ F2 = {0,1} of length B = dlog2(M)e, with M and B chosen such that M = 2B.
In Sec. 4.4.1 the simple method of assigning the binary Gray code to the in-

teger input messages m ∈ {1, . . . ,M} was assumed. However, from the system
performance results in Sec. 4.4.4.1 it was observed that, although convenient to
implement, such an approach leads to a substantially degraded BER performance
compared to the case when only a single bit error arises from an occurred symbol
error.

Finding a bit labeling function that minimises the bit error rate is an NP-hard
task that is usually solved using combinatorial optimisation, e.g., a bit switching
algorithm [110]. Here, the use of the Tabu search algorithm [111] with a Tabu list
of size 256 is proposed. The algorithm is initialised with a random bit labeling
and, using the outcome of the validation run, namely the estimated probabilities
P̂(m̂|m), the expected error rate is used as cost function. For a given bit labeling,
the Tabu search tries all possible combinations of two elements and computes the
resulting expected BER. The selected combination is the one that leads to the lowest
expected BER and is not in the Tabu list. The Tabu list is then updated with this new
assignment in a first-in/first-out fashion. After a pre-defined number of iterations,
the overall best assignment is selected. In Sec. 5.2 the resulting BER from the
optimised bit mapping is compared with the trivial (ideal) BER lower bound BER>

P̂(m̂ 6= m|m)/B, assuming that each symbol error yields exactly a single bit error.
It is worth mentioning that an alternative approach was suggested in [112].

It consists in modifying the auto-encoder to encode a set of B bits into a set of B
decoded bits. In this case, the loss function minimises the average bit error rate.
Although a viable alternative, it was found that in many circumstances the training
can get stuck in a local minimum, especially when the channel input is heavily
constrained. Moreover, the results presented in Sec. 5.2 show that the employed bit
labeling optimisation already gives a performance close to the lower bound.
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Table 5.3: Simulations parameters assumed for the examined systems

Parameter Value

Transceiver:

M 64
n 12

Oversampling (s) 4
Receiver estimation window (W) 10

Test sequence length (T) 104 messages
Number of test sequences 250

Rcod.
1
2 b/Sa

Channel:

Rsamp. 84 GSa/s
Sampling rate (s ·Rsamp.) 336 GSa/s

Rinf. 42 Gb/s
LPF bandwidth (B f ) 32 GHz

DAC/ADC ENOB (Nb) 6
Fibre length (L) varied

Fibre dispersion (D) 17 ps/(nm ·km)
Fibre attenuation (αdB/km) 0.2 dB/km

Receiver noise variance (σref.) 2.455 ·10−4

5.2 Numerical investigation of the system perfor-
mance

5.2.1 Simulation parameters
Table 5.3 lists the simulation parameters assumed for the performance investigation
of the proposed SBRNN auto-encoder system. To enable a straightforward com-
parison with the FFNN-based auto-encoder presented in Chapter 4, input messages
from a set of |M | = M = 64 total messages (6 bits) were assumed in simulation.
These were encoded by the transmitter BRNN into symbols of n · s = 48, yielding
a coding rate Rcod. = 1/2, calculated using Eq. (4.5) in Sec. 4.2.1.3. To increase
the simulation resolution, an oversampling by a factor of s = 4 was assumed. The
corresponding sampling rate thus becomes 336 GSa/s DAC rate, a factor of 4 higher
than the DAC/ADC sampling rate of Rsamp. = 84 GSa/s. The resulting information
rate of the systems was Rinf. = 42 Gb/s. The listed values of all parameters describ-
ing the communication channel are identical to the ones used for investigating the
end-to-end FFNN system and their description can be found in Sec. 4.4.3. Note
that all ANN-based performance results presented in this section show the testing
BER achieved by the best parameter sets found in three independent training runs,
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Figure 5.5: Bit error rate as a function of transmission distance for the 42 Gb/s end-to-end
vanilla and LSTM-GRU SBRNN auto-encoders compared to the 42 Gb/s end-
to-end FFNN.

obtained with different initialisation of both the ANN parameters and the random
number generators.

5.2.2 System performance
The BER performance of the examined vanilla and LSTM-GRU SBRNN auto-
encoder systems, computed by assigning the Gray code to the integer input mes-
sages, as described in Sec. 4.4.1, is compared to the FFNN design as a function of
transmission distance at the information rate of 42 Gb/s. The performance results
are shown in Fig. 5.5. Note that for this investigation all systems are trained sepa-
rately for each distance from 20 to 100 km (in steps of 10 km), i.e. using the learning
at nominal distance method described in Sec. 4.3.1. Moreover, the fixed window
of W = 10 received symbol blocks was assumed for the SBRNN systems. In con-
trast to the FFNN design, the SBRNN handles data sequences, having a structure
that allows mitigation of the inter-symbol interference accumulated during trans-
mission. As a consequence, the two SBRNN auto-encoders significantly outper-
form the FFNN design at each of the examined distances. In particular, the results
indicate that the SBRNN designs can enable communication below the 4.5 · 10−3

HD-FEC threshold at distances up to 70 km, which is a substantial increase over the
achievable distance of 50 km below HD-FEC for the FFNN.

In the introduction to this chapter, the main differences in the approaches for



5.2. Numerical investigation of the system performance 96

20 30 40 50 60 70 80 90
10´4

10´3

10´2

10´1

100

HD-FEC
threshold

W
“ 10

42Gb/s

M “ 8, n “ 6

M “ 64, n
“ 12

M “ 64, n “ 12

W
“ 5

W
“ 20

W
“ 40

Transmission distance (km)

B
E
R

FFNN auto-enc.
vanilla SBRNN auto-enc.
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auto-encoders for different neural network hyper-parameters M, n (FFNN and
SBRNN) and sliding window size W (SBRNN).

expanding the processing memory in the FFNN and the SBRNN auto-encoders were
highlighted. In particular, when the coding rate Rcod. of the system is kept fixed, en-
hancing the resilience to chromatic dispersion in the FFNN system is associated
with a rapid increase in the network dimensions (number of nodes), dictated by the
hyper-parameters M and n (see Sec. 4.4.3), thus increasing the overall system com-
plexity. On the other hand, the processing memory in the SBRNN receiver depends
on the size (number of symbol blocks) of the sliding window W in the sequence
estimation algorithm, described in Sec. 5.1.4. The parameter W is external to the
BRNN transceiver architecture and thus adjusting it to compensate for more of the
interference does not require any increase in the number of transceiver nodes. To
investigate the performance of the FFNN and vanilla SBRNN auto-encoders for dif-
ferent M, n and W values, the BER of the systems operating at 42 Gb/s is compared
in Fig. 5.6. It can be seen that for the SBRNN system, increasing W effectively re-
duced the BER, allowing transmission below the 6.7% HD-FEC at distances close
to 80 km when W = 40 received blocks are processed – further increasing the im-
provement over the FFNN. On the other hand, if the processing memory of the
FFNN auto-encoder is expanded to W · n samples, it would require using neural
networks with input and output dimensions M = 2W ·n·Rcod. and W · n, respectively,
resulting in a number of trainable nodes of the order of ∼ 109 even for W = 5.
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Figure 5.7: Bit error rate as a function of receiver estimation window for the 84 Gb/s vanilla
and LSTM-GRU SBRNN at 30 km.

Next, the impact of the sliding window size on the performance of the vanilla
and LSTM-GRU auto-encoders is studied at a higher data rate. For this investiga-
tion, the BER performance at 30 km transmission distance for the vanilla and the
LSTM-GRU operating at the 84 Gb/s (achieved by reducing the block size n from
12 to 6 samples) was examined for varying window size between 5 and 40 symbol
blocks (30 to 240 processed samples). The results from the investigation, which are
presented in Fig. 5.7, show that for both 84 Gb/s systems the window W can be ad-
justed such that the BER is reduced. In particular, using W = 40 decreased the BER
of the vanilla and LSTM-GRU SBRNN to 2.25 · 10−3 and 1.9 · 10−3, respectively,
both values below the HD-FEC threshold. Nevertheless, as also previously indi-
cated from the results in Fig. 5.6, diminishing gains for greater W were observed
since system nonlinearity and noise start to dominate when ISI is compensated.
Such a behaviour was confirmed in the SBRNN experiment, which is described in
Chapter 6.

It should be noted that the results from Fig. 5.5 and Fig. 5.7 suggest that the
vanilla and the LSTM-GRU SBRNN auto-encoders have a comparable BER per-
formance for the examined scenarios. In the following a direct comparison between
the proposed vanilla and LSTM-GRU designs was conducted, examining the train-
ing convergence of two representative 42 Gb/s systems at 30 km. The average cross
entropy loss, computed as described in Sec. 5.1.3, as a function of optimisation
step for the vanilla and LSTM-GRU SBRNN systems is plotted in Fig. 5.8 (a) and
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Figure 5.8: Cross entropy loss as a function of optimisation step for the 42 Gb/s (a) vanilla
and (b) LSTM-GRU SBRNN systems at 30 km.

5.8 (b), respectively. It can be seen that peaks in the loss value occur every 100
optimisation steps. This can be attributed to the fact that the outputs in the forward
and backward passes of the transmitter and receiver BRNN were re-initialised to 0
(see Sec. 5.1.3). Moreover, the LSTM-GRU structure required significantly more
training iterations to converge to low values of the loss. This is an outcome of the in-
creased number of parameters in the LSTM-GRU recurrent structure, which entails
a slower training process compared to the vanilla SBRNN. In particular, the de-
scriptions of the vanilla and the LSTM-GRU neural network processing, presented
in Sections 5.1.1.2 and 5.1.2.2, shows that there are significantly fewer trainable
parameters in the vanilla SBRNN system compared to the LSTM-GRU. However,
as already mentioned, the performance of the vanilla design is comparable to that
of the LSTM-GRU. This may be accounted to the fact that, as a result of fibre dis-
persion, neighbouring symbols impose stronger interference effects on the current
symbol. This means that, applied to optical fibre communications, structures such
as the LSTM-GRU which capture long term dependencies in a sequence, do not
significantly improve the performance over vanilla RNN-based signal processing.

5.3 Comparisons with state-of-the-art digital signal
processing

5.3.1 PAM and sliding window feedforward neural network-
based receiver

In this section the BER performance of the vanilla and LSTM-GRU SBRNN auto-
encoders was compared with a reference system based on the conventional pulse
amplitude modulation (PAM) and state-of-the-art multi-symbol nonlinear equali-
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Figure 5.9: Schematic of the sliding window FFNN receiver for PAM symbols.

sation at the receiver using a large sliding window FFNN (SFFNN). It has been
shown that such an equaliser performs similarly to classical nonlinear equalisation
techniques [113]. This receiver design has been previously considered in low-cost
IM/DD links [58, 114] as well as long-haul coherent fibre-optic systems [115]. The
section also includes a discussion about the number of trainable nodes in the inves-
tigated systems, as an indicator of computational complexity.

5.3.1.1 Design of the reference system

For this investigation, 42 Gb/s two-level PAM (PAM2) transmission was considered.
In particular, the system was simulated in the following way: The PAM2 transmitter
directly mapped a sequence of bits into a sequence of PAM2 symbols using the lev-
els {0;π/4}. The sequence of PAM symbols was pulse-shaped by a raised-cosine
(RC) filter with 0.25 roll-off factor. The shaping was performed at g = 8 samples
per symbol such that 6 PAM2 symbols (6 bits of information) are transmitted over
48 samples at the simulation sampling rate of 336 Sa/s. This setup was used to
ensure that the reference PAM scheme was simulated with the same sampling rate
and has coding rate and oversampling factor corresponding to the values assumed
in the investigated SBRNN and FFNN auto-encoder setups, which were described
in Table 4.3, Sec. 4.4.3 and Table 5.3, Sec. 5.2, respectively. The obtained PAM
signal was transmitted over the optical IM/DD communication channel, modeled
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with parameters in accordance to Table 5.3. Figure 5.9 shows a schematic of the
receiver section in the system denoted as “Tx-PAM2 & Rx-SFFNN”. The received
sequence of samples, distorted after fibre propagation, was processed by a multi-
layer FFNN in the following way: samples corresponding to Z neighboring PAM
symbols, were applied to the receiver ANN, which estimates the central of these
symbols. Thus, the first layer of the neural network had parameters W ∈ RZ·g×Z·g

and b ∈ RZ·g, where Z is the number of symbols processed simultaneously by the
receiver and g = 8, is the assumed oversampling factor. As suggested in [58, 114],
the receiver design employed multiple hidden layers which further process the re-
ceived samples. The number of nodes on each of the hidden layers was given by⌊
Z ·g/(2l−1)

⌋
, where l = 1 corresponds to the first hidden layer, l = 2 is for the

second hidden layer, and so on. ReLU activation functions were applied on all lay-
ers, except for the final layer, whose output represents an estimation of the central
PAM2 symbol and for which the softmax activation was applied. Thus, the receiver
output was a probability vector pt ∈ R2 of length 2 used for recovering the trans-
mitted PAM symbol as argmaxi=1,2 pt,i. Note that by estimating the central of Z
input PAM symbols, this receiver includes preceding and succeeding symbols in
the equalisation function. After estimation of the current central symbol, the FFNN
equaliser is shifted one time slot ahead to the next symbol position and estimates the
following PAM2 symbol from the received sequence. It has been shown that such
receivers can approximate high-order nonlinear Volterra equalisers [58, 113, 114].
For this investigation, training of the deep sliding window FFNN was performed
by labeling the transmitted PAM2 sequences and using the cross entropy loss be-
tween them and the estimated output of the neural network, a standard approach for
training FFNN, as described in Sec. 2.1.2. Similar to the optimisation procedures
implemented for the auto-encoder systems, independent data sequences were gener-
ated using the Tausworthe generator [106] in the testing phase. Because of the large
size of the receiver FFNN, for the investigation of the Tx-PAM2 & Rx-SFFNN sys-
tem with a processing window of Z = 61 symbols, 400 000 optimisation iterations
were used to ensure the training convergence.

5.3.1.2 BER performance

Figure 5.10 shows the BER performance of the investigated 42 Gb/s auto-encoder
systems at different transmission distances in comparison with the Tx-PAM2 &
Rx-SFFNN, for which the processing window Z was varied. Note that all systems
were optimised separately for each distance. The Tx-PAM2 & Rx-SFFNN (Z =

61) system, whose receiver simultaneously processes relatively the same number
of samples as the SBRNN (Z · g = 488 to W · n · s = 480) was outperformed by
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Figure 5.10: BER as a function of transmission distance for the end-to-end vanilla and
LSTM-GRU SBRNN systems compared to the end-to-end FFNN as well as
the PAM2 system with multi-symbol FFNN receiver. The systems operate at
42 Gb/s.

both the vanilla and the LSTM-GRU auto-encoder designs for all distances up to
80 km. In particular, for distances up to 50 km both SBRNN systems achieved
BERs significantly below the value for the Tx-PAM2 & Rx-SFFNN. Moreover, the
simulation prediction indicated that the Tx-PAM2 & Rx-SFFNN (Z = 61) could not
achieve transmission below the HD-FEC beyond 60 km. In contrast, the vanilla and
LSTM-GRU SBRNN could increase the transmission distance to around 70 km.
At longer distances these three systems achieved comparable BER performance,
which was, however, above 10−2. Moreover, the presented results showed that the
FFNN auto-encoder performed similarly to the Tx-PAM2 & Rx-SFFNN when the
processing memory of the latter was decreased to Z = 21 or Z = 11.

5.3.1.3 Number of ANN nodes in the investigated systems
In Sec. 5.2.2 it was discussed that increasing the processing memory in FFNN-based
DSP schemes is typically associated with expanding the neural network dimensions.
This section provides a concrete example for the cases of FFNN auto-encoder and
Tx-PAM2 & Rx-SFFNN systems by investigating their number of nodes, as an in-
dicator of computational complexity, in comparison to the SBRNN auto-encoders.
For this purpose, Table 5.4 summarises the neural network hyper-parameters for
the aforementioned systems and evaluates them for a reference 42 Gb/s transmis-
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Table 5.4: Summary of hyper-parameters for the compared ANN-based systems

Param. Tx-PAM2 & Rx FFNN FFNN AE vanilla/GRU AE

Bits/Sym 1 log2(M) = 6 log2(M) = 6
Sa/Sym g = 8 n · s = 48 n · s = 48

Proc. w (Sym) Z = 11/21/61 N/A W = 10
Proc. w. (Sa) Z ·g n · s W ·n · s

Layers L = 6/7/9 3+3 2 · (1+1)+1

Nodes Z ·g+
L−2

∑
l=1

⌊
Z ·g
2l−1

⌋
+2 10M+2n · s 15M+6n · s

35M+18n · s
Nodes at 42 Gb/s 1457 (Z = 61) 736 1248

3104

sion. Detailed descriptions of the hyper-parameters for each system can be found
in Sections 4.2 and 4.4 (FFNN), Sections 5.1 and 5.2.2 (SBRNN), and Sec. 5.3.1.1
(Tx-PAM2 & Rx-SFFNN). For the vanilla and LSTM-GRU SBRNN, the processing
window size was fixed to W =10 symbols, while for the Tx-PAM2 & Rx-SFFNN,
the estimation window was increased from Z = 11 to Z = 21 and then Z = 61.
The provided summary highlights that the number of layers in the Tx-PAM2 &
Rx-SFFNN was increased accordingly as Z increased. In contrast, for the case of
SBRNN, only a single layer network at transmitter or receiver was used in either
direction of the bidirectional processing (with an additional softmax layer at the
receiver output). When comparing the number of ANN nodes for the investigated
systems1, it can be seen that in the recurrent designs there is no dependence on the
receiver processing window W , i.e. expanding the processing memory of the BRNN
receiver does not require an increase in the number of trainable parameters. As ex-
plained in 5.2.2 this is in stark contrast to the case of an FFNN auto-encoder, where
expanding the processing capabilities is associated with larger neural networks at
both transmitter and receiver. Similarly, increasing Z in Tx-PAM2 & Rx-SFFNN
system would result in a substantial increase in the number of nodes in the receiver.
As a consequence, when the number of nodes was evaluated for 42 Gb/s systems,
the vanilla SBRNN design had fewer trainable parameters compared to the Tx-
PAM2 & Rx-SFFNN, while processing the same amount of received samples. This
difference would become even more pronounced when the processing window for
each system is increased to capture more of the interference.

1An example of how the nodes in the SBRNN system were counted is provided in Appendix B.1.
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Figure 5.11: Top: SER difference as a function of distance for the two approaches for
final probability vector estimation in the sliding window algorithm (W = 10).
SERu is obtained assuming a(q) = 1

W ,q = 0, . . . ,W − 1 in Eq. (5.26), while
for SERopt the coefficients a(q) are optimised. Bottom: a(q) assignments after
optimisation for the system at 100 km.

5.3.2 SBRNN auto-encoder enhancement via optimisation of the
sequence estimation and bit labeling functions

In this section, the results from the optimisation of the weight coefficients in the slid-
ing window sequence estimation algorithm, a problem formulated in Sec. 5.1.4.2,
are presented. Moreover, the performance gains from the optimisation of the bit-to-
symbol mapping function, an essential aspect for the auto-encoder systems, using
the method proposed in 5.1.5 are examined.

5.3.2.1 Performance after weight optimisation
Figure 5.11 (top) shows the improvement in symbol error rate (SER) at different
distances for a fixed sliding window size of W = 10 after optimisation of the coeffi-
cients a(q) in Eq. (5.26). The corresponding SER performances when equal weights
a(q) = 1

W ,q = 0, . . . ,W −1 are assigned are used as a reference. Note that the set of
coefficients is optimised separately for each distance. It can be seen that the ben-
efit from weight optimisation becomes more pronounced as the distance increases.
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Figure 5.12: Bit error rate as a function of distance for a reference vanilla SBRNN auto-
encoder, which utilises two different bit-to-symbol mapping approaches: as-
signing the Gray code to the transmitted message m, proposed in Sec. 4.4.1,
and performing the combinatorial algorithm-based optimisation, proposed in
Sec. 5.1.5. As an indicator, the ideal bit-to-symbol mapping when a single
symbol error gives rise to a single bit error is also displayed.

The a(q) assignments after optimisation at 100 km are depicted in Fig. 5.11 (bot-
tom). Greater weights are assigned to the middle indices, indicating that a received
symbol is estimated with a higher accuracy by the receiver when relatively equal
amount of pre- and post-cursor interference is captured.

5.3.2.2 Performance after bit-to-symbol mapping optimisation

The BER as a function of distance for a reference W = 10 vanilla SBRNN
auto-encoder, computed using the bit-to-symbol mapping algorithm described in
Sec. 5.1.5, is plotted in Fig. 5.12. For a comparison, the figure also shows the BER
performance of the system when the ad hoc approach of assigning the Gray code
to the input m ∈ {1, . . . ,M}, proposed in Sec. 4.4.1, is employed. The trivial case
(denoted “ideal”) when a single block error results in a single bit error is also shown
as a reference. It can be seen that by conducting the bit-to-symbol mapping opti-
misation, the performance of the system is improved, leading to an increase in the
achievable distance below the HD-FEC threshold to 70 km. Moreover, the obtained
BER after optimisation is close to the ideal case for all examined distances.



5.3. Comparisons with state-of-the-art digital signal processing 105

LPF `

MZM ` LPF

`xptq

yptq

nDACptq

nRec.ptq

nADCptq

fiber

Tx-PAM

RRC

filter
PAM

Modulator

xk Viterbi processor
(square-root metric)

Channel
Estimation

ylk

νlkpσk, xkq

Rx-MLSD

Ns “ 2
x̂

Figure 5.13: Schematic diagram of the system used to evaluate the performance of the
MLSD receiver in IM/DD optical links.

5.3.3 PAM and maximum likelihood sequence detection

5.3.3.1 Design of the reference system

To establish a relevant benchmark for the performance of the SBRNN auto-encoder
using a classical DSP technique, a reference M-PAM transmission system (M ∈
{2,4}) with a receiver based on maximum likelihood sequence detection (Tx-
PAM&Rx-MLSD) was considered. Receivers based on MLSD have been widely
considered for optical IM/DD transmission [68, 69] and represent a valid perfor-
mance reference scheme. Nevertheless, it is worth noting that the auto-encoder
performs an optimisation of both the transmitter and receiver designs, while in con-
trast, the transmitter is assumed fixed in the Tx-PAM&Rx-MLSD scheme. For this
investigation, the vanilla SBRNN design was used, since the results presented in
this chapter clearly showed that in the framework of optical IM/DD communica-
tion, the processing capabilities of such an auto-encoder is similar compared to the
LSTM-GRU structure, without the associated extra complexity.

The MLSD receiver assumes that the communication channel behaves accord-
ing to a Markov process, thus facilitating the use of the Viterbi algorithm [67] which
selects

x̂ = argmax
x

p̂(y|x), (5.32)

where x = (x1,x2, ...,xNsym) is the sequence of transmitted PAM symbols, y =

(y1
1,y

2
1, ...,y

Ns
1 ,y1

2,y
2
2, ...,y

Ns
2 , ...,yNs

Nsym
) is the sequence of corresponding received

samples. Here Nsym and Ns denote the number of PAM symbols in the transmitted
sequence and number of samples per symbol, respectively. The joint distribution
p̂(y|x) is an approximation of the true channel likelihood pY|X(y|x), whose accu-
racy depends on the number of states and metric used in the Viterbi processor. For
optical IM/DD systems, a more convenient option for an MLSD receiver is to oper-
ate on the distribution p(y|x), where y = (y1

1,y
2
1, ...,y

Ns
1 ,y1

2,y
2
2, ...,y

Ns
2 , ...,yNs

Nsym
) with
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yl
k =

√
yl

k for l = 1, ...Ns and k = 1,2, ...,Nsym [69]. The channel state is defined as

σk , (xk− µ

2
,xk− µ

2 +1, ...,xk−1,xk+1, ...,xk+ µ

2
) (5.33)

where µ is the number of pre- and post-cursor PAM symbols determining the chan-
nel memory, the distribution of yl

k conditioned on (σk,xk) was shown to be well-
approximated by a Gaussian with equal variances [69]. Under such an approxima-
tion, and the assumption of uncorrelated samples yl

k conditional to (σk,xk), p(y|x)
can be suitably factorised via the channel state definition in Eq. (5.33) for the use in
a Viterbi processor.

The branch metric of the Viterbi trellis at time k can thus be defined as

λk(σk,xk) =
Ns

∑
l=1

(√
yl

k−ν
l
k(σk,xk)

)2

(5.34)

where yl
k is the l-th out of Ns samples within the k-th symbol period, and ν l

k(σk,xk)

is given by

ν
l
k(σk,xk) = E

{√
yl

k(σk,xk)

}
, (5.35)

with yl
k(σk,xk) indicating the value of the received sample yl

k when the pair (σk,xk)
occurs. The square-root metric in Eq. (5.34) was introduced in [68] as a conve-
nient low-complexity alternative to the histogram-based metric with comparable
performance [69]. At the end of each given window of T symbols, the Viterbi
processor makes a decision on the previous T transmitted symbols by minimis-
ing the sequence metric ΛT = ∑

T
k=1 λk(σk,xk) over all surviving state sequences

[σ1,σ2, ...,σT ].

The schematic diagram of the system model employing MLSD is shown in
Fig. 5.13 (with the channel parameters taken from Table 5.3). At the transmitter, a
Gray-labelled PAM2 ({0;π/4}) or PAM4 ({0;π/12;π/6;π/4}) mapper was used
to make a transition between bits and symbols. This is followed by pulse-shaping
at 2 samples per symbol by a root-raised cosine (RRC) filter with a roll-off factor
of 0.25. DAC/ADC rates of 84 GSa/s and 42 GSa/s are assumed for the PAM2 and
PAM4 cases, respectively, resulting in a fixed data rate of 42 Gb/s for both systems.
A signal corresponding to a sequence of 105 symbols was transmitted through the
optical IM/DD communication channel described in Chapter 3. At the receiver, the
estimation of the ν l

k(σk,xk) was first done computing Eq. (5.35) over a sequence of
107 symbols. The received signal, sampled at Ns = 2 samples per symbol, is then
passed directly to the Viterbi processor which performs the MLSD.
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Figure 5.14: Bit error rate as a function of transmission distance for the 42 Gb/s SBRNN
auto-encoder and M-PAM & Rx MLSD systems (M ∈ {2,4}). In the case of
MLSD η = µ log2(M), where µ represents the number of pre- and post-cursor
PAM symbols defining one of Mµ channel states. In the case of SBRNN
η =W log2(M) is the number of bits inside the processing window.

5.3.3.2 BER performance
The performance of the SBRNN auto-encoder was numerically evaluated using the
design parameters given in Table 5.3. Note that weight optimisation in the sliding
window estimation was performed as described in Sec. 5.1.4.2. In an attempt to set
up a fair comparison between the investigated systems, a parameter η was fixed,
which in the case of SBRNN corresponded to the number of information bits pro-
cessed inside the sliding window η = W log2(M). For the PAM transmitter with
MLSD receiver, this number denoted the amount of bits contained within a channel
state in the Viterbi algorithm η = µ log2(M), where M ∈ {2,4} was the PAM or-
der and µ denoted the number of post- and pre-cursor PAM symbols which formed
a Viterbi state. Note that in Tx-PAM2&Rx-MLSD and Tx-PAM4&Rx-MLSD, a
fixed η = 12 also meant using the same number of Viterbi states (4096). Thus,
the Tx-PAM4&Rx-MLSD scheme accounted for a decreased amount of memory
compared to the Tx-PAM2&Rx-MLSD.

Figure 5.14 shows the BER performance of the examined systems as a function
of transmission distance. It can be seen that for η = 12, the SBRNN auto-encoder
and Tx-PAM2&Rx-MLSD had a comparable performance at all examined distances
beyond 50 km. Both systems outperformed the Tx-PAM4&Rx-MLSD, where the
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obtained BER was below the HD-FEC threshold up to 30 km. This was due to the
decreased sensitivity of the PAM4 signal and Viterbi memory (µ = 6). Moreover,
the results indicated that assuming a wider processing window of η = 60 for the
SBRNN leads to a significant BER improvement. Note that the BER of the SBRNN
auto-encoder was obtained using the bit-to-symbol mapping algorithm described in
Sec. 5.1.5.

5.3.3.3 Complexity
In this section the computational complexity of the two systems was compared us-
ing the floating point operations per decoded bit (FLOPSpdb) as a common metric.
In the case of the SBRNN auto-encoder, the counted FLOPS occur in matrix mul-
tiplications, bias additions and element-wise nonlinear activations in both direction
of the recurrent structures as well as multiplications and additions in the final prob-
ability vector estimations. Detailed description of the SBRNN auto-encoder hyper-
parameters can be found in Sections 5.1 and 5.2.2. At the transmitter, the number
of FLOPS performed in the encoding of a single bit was given by2

FLOPS[SBRNN-TX]
pdb =

2n · s(2(M+n · s)+1)
log2(M)

, (5.36)

where M, n and s are hyper-parameters of the neural network, i.e. pre-defined design
choices which do not change with the processing memory. Correspondingly, at the
receiver the number of FLOPS required for decoding were

FLOPS[SBRNN-RX]
pdb =

W (24M2 +8Mn · s+5M+2)
log2(M)

, (5.37)

which indicates a linear dependence of the floating point operations on the process-
ing window W .

For the Viterbi processor, the amount of floating point operations scales lin-
early with the number of states in the trellis which is equal to Mµ . Assuming a
fully populated trellis, the Viterbi processor performs for each trellis section Mµ+1

branch metric calculations, Mµ+1 additions, and Mµ+1 comparisons (other than the
storage of Mµ sequences). As for the computation of the branch metric, a total of
3Ns +(Ns−1) FLOPS are required (assuming addition, multiplication, and square-
root use 1 FLOP each). Moreover, each comparison is accounted for as 1 FLOP
and the additional set of comparisons required for the selection of the most likely
sequence at the end of the Viterbi decoding is considered negligible. Thus, the

2An example of how the number of FLOPSpdb in the SBRNN system were counted is provided
in Appendix B.2.
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overall number of required FLOPS per decoded bit is approximately given by

FLOPS[MLSD]
pdb ≈ 9Mµ+1

log2(M)
, (5.38)

estimated for Ns = 2. Importantly, the expression in Eq. (5.38) indicates that the
number of FLOPS[MLSD]

pdb exhibits an exponential dependence on the processing
memory µ of the detector. In presence of strong intersymbol interference this may
result in computationally prohibitive demands or increasingly sub-optimal perfor-
mance.

5.4 Summary
In this chapter, the design of an optical fibre transceiver using a bidirectional re-
current neural network (BRNN) was proposed and investigated. The BRNN-based
auto-encoder was combined with a sliding window sequence estimation algorithm
(SBRNN), efficiently handling the memory in the communication channel. The de-
tailed numerical investigation showed that such a design has an improved resilience
to intersymbol interference compared the feedforward neural network-based auto-
encoder, which was investigated in Chapter 4. Importantly, comparisons with con-
ventional PAM transmission based on state-of-the-art nonlinear receivers as well as
classical maximum likelihood sequence detection (MLSD) were carried out. The
conducted research revealed that the SBRNN auto-encoder can increase reach or
enhance the data rate for shorter distances compared to the benchmark PAM sys-
tems without the associated computational complexity of such schemes. The work
was published in [116–118]. The SBRNN auto-encoder system was successfully
verified on a transmission test-bed as part of the experimental work on end-to-end
deep learning-based optical fibre systems described in Chapter 6. The investigation
in Chapter 6 covered detailed comparisons with PAM systems using sliding window
FFNN receivers as well as nonlinear Volterra equalisers.



Chapter 6

Experimental demonstrations,
comparisons with state-of-the-art
DSP and optimisation using
measured data

This chapter describes the setup and presents the results from three different exper-
iments, which were conducted throughout the Ph.D. programme to demonstrate the
concept of end-to-end deep learning in optical fibre communications. The diagram
presented in Fig. 6.1 summarises the scope of each experiment. The first two inves-
tigations covered the implementation and performance of the feedforward (FFNN)
and sliding window bidirectional recurrent neural network (SBRNN) transceiver
designs proposed in Chapter 4 and Chapter 5, respectively. The third investigation
involved the development and experimental verification of a novel method for end-
to-end system optimisation using a generative model of the optical transmission
link, a technique which is described in Sec. 6.6.

The chapter is organised as follows: First, the optical IM/DD transmission
test-bed, common for each of the experiments, is described in Sec. 6.1. Next, Sec-
tion 6.2 presents the different strategies which were considered when implementing

Experiment 1 (Sec. 6.4):
FFNN auto-encoder
& multi-distance learning

Experiment 2 (Sec. 6.5):
SBRNN auto-encoder
& state-of-the-art DSP comp.

Experiment 3 (Sec. 6.6):
End-to-end system optimisation
using generative link model

Auto-encoder implementation
on a transmission link

Figure 6.1: Diagram showing the three experiments, which were conducted for the demon-
stration of the end-to-end deep learning concept in optical fibre communication
systems.
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Figure 6.2: Schematic of the experimental optical IM/DD transmission test-bed used for
investigation of the digital signal processing schemes in this chapter. LPF: low-
pass filter, DAC: digital-to-analogue converter, MZM: Mach-Zehnder modula-
tor, TDM: tunable dispersion module, PD: photodiode, TIA: trans-impedance
amplifier, ADC: analogue-to-digital converter.

the auto-encoder systems on an actual transmission link. These include optimisa-
tion based on transmission in simulation using the explicit link model (Chapter 3)
as well as learning of the transceiver parameters from experimentally collected
data in an end-to-end or receiver-only mode. The demonstration of the FFNN-
based auto-encoder is described in Sec. 6.4 with comparisons to PAM transmission
with conventional linear equalisation. The section also includes the experimental
verification of the multi-distance learning method from, which was developed in
Sec. 4.3.2. Section 6.5 details the experimental implementation of the end-to-end
SBRNN system. It includes investigation of the SBRNN performance compared to
state-of-the-art receiver DSP based on classical as well as deep learning approaches.
The chapter concludes with the description and experimental demonstration of the
end-to-end system optimisation algorithm using a generative model.

6.1 Optical transmission test-bed
This section introduces the experimental transmission test-bed used to investigate
the performance of the auto-encoders as well as the reference DSP schemes con-
sidered in the chapter. Figure 6.2 shows a schematic of the test-bed. An intensity
modulation/direct detection fibre transmission link without in-line optical amplifi-
cation was considered. Note that in the case of auto-encoders, the transmitter and
receiver are artificial neural networks, while for the systems used for performance
comparisons, the transmitter is based on PAM, for which different conventional and
ANN-based receivers were considered. For all systems, the electrical signal output
of the transmitter was filtered in the digital domain by a brick-wall low-pass filter
(LPF) which had a bandwidth of 32 GHz. The signal was then re-sampled (module
Resamp.) and applied to the digital-to-analogue converter (DAC) which was oper-
ated at 84 GSa/s. The obtained electrical waveform was pre-amplified by a driver
amplifier and used to externally modulate the 1550 nm laser via a Mach-Zehnder
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modulator (MZM). For the auto-encoder system, the MZM was carefully biased
to match the simulation output, while for the reference PAM experiments, the bias
was set at the quadrature point. The optical power which was input to the fibre for
all systems is set to 1 dBm. The modulated optical signal was propagated over a
fixed length of standard single mode fibre (SSMF) and the received waveform was
direct-detected by a positive-intrinsic-negative (PIN) photo-diode (PD) combined
with a trans-impedance amplifier (TIA). The signal was real-time sampled by an
analogue-to-digital converter (ADC). After synchronisation, scaling, offset and re-
sampling, the digitised photocurrent was stored for digital signal processing at the
receiver. Note that re-scaling and offset were necessary because the employed re-
ceiver was AC-coupled and also has a non-ideal photoresponsivity. It should also be
noted that in the experimental setup for the investigation of the FFNN auto-encoder
(Experiment 1), a tunable dispersion module (TDM) was deployed to enable sweep-
ing the dispersion around a given value set by the SSMF length. The reason was
the verification of the multi-distance learning method. Thus, for Experiment 1 only,
the modulated optical signal first entered the TDM allowing to vary the dispersion
from −170 to +170 ps/nm in steps of 10 ps/nm, before being launched at a power
of 1 dBm into the SSMF span.

6.2 System implementation strategies
The different strategies for implementing the auto-encoder systems on an actual
transmission link are summarised with the schematic shown in Fig. 6.3. Within the
auto-encoder framework, which was introduced in Sec. 4.1, the channel is consid-
ered as a segment of the end-to-end computational graph representing the complete
communication system. Thus, the end-to-end learning concept can be readily ap-
plied in scenarios where the channel model is known and differentiable. In this case,
the transceiver is optimised via simulation transmission and applied “as is” to the
real system, as shown in Fig. 6.3 i). Such systems present a viable perspective for
low-cost optical fibre communications since no optimisation process is required af-
ter deployment. However, as first reported in [61] and also seen from the presented
results in the chapter, the performance of transceivers learned on a specific model
assumption often deteriorates when applied to an actual transmission link. In such
cases, the ANN parameters could be optimised to the specific link properties using
experimentally collected data.

The optimisation is easier to implement at the receiver (Fig. 6.3 ii)), because
the backpropagation [12, 13] for computing gradients extends only to the link out-
put. For receiver-only optimisation, the set S of training elements is formed by the
pairings of input messages mt and the corresponding received blocks of samples
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Figure 6.3: Schematic of the experimental optical IM/DD transmission test-bed, showing
the methods for system optimisation using i) numerical simulation of the link;
ii) & iii) experimental traces.

(symbols) yt from the experimental traces (see Sec. 6.3). The receiver ANN param-
eters θRx are adjusted via the Adam optimiser, described in Sec. 2.2.1.2, aimed at
minimising the average loss L , computed at the receiver output, over a mini-batch
S from the training set, given by

L (θRx) =
1
|S| ∑

(mt ,yt)∈S
`(mt , frec(. . . ,yt , . . .)) , (6.1)

where frec is used to denote a generic receiver ANN function. Note that, in the case
of an SBRNN auto-encoder the receiver will take multiple received symbols as an
input. In this work, the cross entropy loss function, defined in Sec. 2.1.2.2, Eq. (2.9)
was used in the optimisation of receiver parameters using measured data.

However, the transmission link can be considered a black box for which only
inputs and outputs are observed, precluding backpropagation to the transmitter pa-
rameters. As a consequence, optimising the transmitter without the explicit knowl-
edge of the model for the underlying physical channel remains an open problem.
In this thesis, a framework for transmitter optimisation using a generative model
of the optical link was developed and experimentally demonstrated. The method,
which is described in detail in Sec. 6.6 uses a generative adversarial network for ap-
proximating the channel conditional distribution p(y|x). As shown in Fig. 6.3 iii),
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Each of the experiments involved multiple DAC loads with different random
sequences.

the obtained ANN-based model is applied in lieu of the transmission link during
optimisation, enabling backpropagation and thus the computation of the transmitter
gradients.

Note that an alternative mechanism for transmitter optimisation which does not
rely on backpropagation through the channel was proposed in [119]. It consists in
separating the transmitter and receiver training in two iteratively executed processes.
The receiver training is performed in the aforementioned manner, which, as already
mentioned, does not require the presence of a channel model. The method circum-
vents the use of a model in the transmitter ANN training by viewing its optimisation
as a reinforcement learning task. However, the approach requires a dedicated feed-
back link to communicate to the transmitter the loss computed at the receiver output.
For this reason, it was not considered in the investigation.

6.3 Collection of representative experimental data
for optimisation

It was explained in Sec. 4.4.2.1 that during the transceiver optimisation in simu-
lation, new random input messages can be continuously generated using state-of-
the-art random number generators to avoid learning representations of a sequence.
In the experimental validation, long random sequences (not PRBS, as suggested
in [104]) are generated and then processed by the transmitter ANN to obtain a wave-
form, loaded (after filtering and resampling) into the DAC. Figure 6.4 shows a basic
schematic of the procedure for data generation, collection and error counting, form-
ing an experimental measurement. During each experiment, multiple DAC loads
with different random sequences were performed, forming a large database of ex-
perimental traces from different measurements.

For the process of receiver ANN optimisation using measured data, the mini-
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Figure 6.5: Validation symbol error rate as a function of optimisation step for different
lengths lv of the validation pattern. The receiver ANN of the system is op-
timised using traces from the transmission of training sequences with a short
pattern ltr = 6 ·102.

batch of training examples is formed by randomly picking messages and corre-
sponding received blocks of symbols from a subset of the database (combining
multiple measurements). To investigate system performance, the trained and stored
models are used to perform testing on a disjoint subset of the database of experi-
mental traces, having no overlap with the subset used for training. This procedure
ensures that the presented experimental results are achieved with independent data.
However, it is worth noting that, due to the long memory of the fibre, it is not pos-
sible to capture the interference effects of all possible sequences of symbols pre-
ceding and succeeding the symbol under consideration in the experiment. Hence,
a special care should be taken when re-training the receiver ANN, such that it does
not learn to adapt to the interference pattern of the sequence. The results in this
section investigate the effects of re-training based on repeated sequences to verify
that a sufficiently large set of different experimental traces was captured.

The impact of repeated sequences on the optimisation performance was stud-
ied in the following way: In simulation, an auto-encoder system is trained on a
simplified channel model, including only a few of the optical IM/DD transmission
effects described in Chapter 3. Then, transmission of sequences with repeated pat-
tern is simulated over the full channel model, collecting the data at the output of
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Figure 6.6: Validation symbol error rate as a function of optimisation step for different
lengths lv of the validation pattern. The receiver ANN of the system is re-
trained using data from the transmission of training sequences with a long rep-
etition pattern ltr = 104.

the channel. Two sets of sequences are used – for re-optimisation of the receiver
ANN parameters as well as for performance validation. In particular, the FFNN
auto-encoder described in Chapter 4 was used as a reference system. It was trained,
following the procedure in Sec. 4.4.2.2, on a model which included only transmitter
LPF, fibre dispersion and square-law detection. The optimised transceiver was then
deployed for test transmission, simulating the full optical IM/DD channel model
with low-pass filtering at transmitter and receiver, noise from the DAC, the ADC
and the electrical amplification circuit, nonlinearity from the MZM and the square-
law detection and fibre dispersion.

Figure 6.5 shows the scenario when the length of the training pattern ltr is
set to 600 messages, which are repeated in a long transmitted sequence, e.g. 106

messages. The figure shows the symbol error rate as a function of the receiver
optimisation step for validation sets with different pattern lengths lv. Note that the
case where new validation messages are continuously generated is referred to as
random. After an initial reduction, the SER in all validation scenarios starts to
increase as optimisation progresses. Such a behaviour can be attributed to the fact
that the receiver is optimised using a very short repeated pattern to which the ANN
parameters are overfitted.

In order to investigate this effect further, Fig. 6.6 shows the obtained SER
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Figure 6.7: Validation symbol error rate as a function of optimisation step for continuously
generated random validation messages and different lengths ltr of the message
pattern used for receiver optimisation.

from validations with different pattern lengths versus optimisation step for the case
where the receiver was re-trained using data from sequences with the significantly
longer pattern length of ltr = 104. In such a scenario, the SER for all validations
decreases during optimisation. Moreover, apart from the case of lv = 102 (short
validation pattern), a convergence of the obtained SERs can be observed at each
step. The results indicate that the pattern of ltr = 104, utilised in the training process
is sufficiently, allowing for generalisation of the ANN parameters, evidenced by the
validation convergence.

Finally, Figure 6.7 investigated the effects of the training pattern length on
the optimisation performance when the validation is random. Convergence in the
validation symbol error rate is observed for ltr ≥ 5 ·103. The presented results were
used as general guidelines for transmission experiments and in particular for the
collection of measured data used for optimisation of the ANN parameters.

6.4 Experimental demonstration of the FFNN-based
auto-encoder

Following the simulations presented in Chapter 4, the performance of the optical
transmission system based on end-to-end FFNN was validated using the experimen-
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tal IM/DD test-bed. For this experiment, the data rate of the system was 42 Gb/s.
The transmitted waveforms were obtained by feeding a random sequence of mes-
sages mt (from an alphabet of M = 64) to the transmitter FFNN, which transforms it
into the sequence of encoded symbols xt , with xt ∈Rn·s. The symbol sequence was
digitally filtered by the LPF, which had a bandwidth of 32 GHz, down-sampled and
applied to the DAC. In the experiment, downsampling by a factor of s = 4 was per-
formed on the resulting filtered concatenated series of symbols, each now contain-
ing n = 12 samples. Because of the LPF, there is no loss of information, since the
original series of symbols, at n · s = 48 samples each and running at 336 GSa/s, can
be exactly regenerated from this downsampled series of symbols, n = 12 samples
per symbol at 84 GSa/s. The obtained electrical waveform was used to modulate
the MZM and applied to the rest of the setup, described in Sec. 6.1. The digitised
received waveforms were fed symbol-by-symbol to the receiver FFNN.

In this experiment, 40 ·106 symbols (blocks of samples) were transmitted and
received for each distance. This was achieved by transmitting 1000 sequences of
40 ·103 messages. The performance of the system was investigated in two scenarios:

Firstly, the error rate of the system, calculated between the experimentally
transmitted and received messages (see Fig. 6.4), was studied for transceiver op-
timised in simulation-only and applied “as is” to the actual transmission link. The
optimisation procedure, the simulation setup, and the computation of the BER were
performed as described in Sec. 4.3 and Sec. 4.4.

Secondly, the performance enhancement of the auto-encoder, achieved by op-
timising the receiver ANN parameters with data from the measurements was also
investigated. In particular, for each of the considered distances, a set of |S|= 30 ·106

(75% of all traces) received symbols was used for optimisation, while validation
during the process was performed with a set of |Sv| = 5 · 106 (12.5% of all traces)
different received blocks of samples (from different measurements). To obtain the
BER performance of the system after receiver re-optimisation, testing was per-
formed using the remaining |Stest| = 5 · 106 (12.5% of all traces) data, which was
not used for training and validation.

6.4.1 Experimental performance results
The bit error rate performance of the 42 Gb/s FFNN auto-encoder was investigated
for the distances of 20, 40, 60, 80 km and the obtained results are presented in
Fig. 6.8. For this scenario the transceiver was optimised in simulation using the
IM/DD transmission model from Chapter 3. At distance of 20 km, the BER of the
system was 1.1 ·10−3, which is below the 6.7% HD-FEC threshold used as a per-
formance indicator. The error rate was 9.8 · 10−2 at 40 km and increased further
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Figure 6.8: Experimental BER performance at 20, 40, 60, 80 km of the FFNN-based auto-
encoder trained on an explicit transmission model and applied “as is” to the
optical test-bed.

at 60 km and 80 km. The results showed that the FFNN auto-encoder optimised
only in simulation cannot achieve reliable communication below the HD-FEC at
distances longer than 20 km. Moreover, the figure indicates a substantial penalty in
BER compared to simulation. It was explained in Sec. 6.2 of this chapter, that the
performance deteriorates as a consequence of any discrepancies between the chan-
nel model used in simulation and the actual experimental link. For example, these
can be stemming from the reduced accuracy of the waveform generation process
due to limited DAC resolution or because of distortions, which were not accounted
for in simulation, e.g. from the TDM module.

For improving the performance, receiver training using the measured data was
considered. To study the effects of re-optimisation at different distances, the FFNN
auto-encoder was trained using the multi-distance learning method (see Sec. 4.3.2)
for this investigation. More specifically, receiver optimisation was carried out in
two different ways, the results of which are shown in Fig. 6.9. In the first approach,
denoted “fine-tuning”, the receiver ANN parameters were initialised with the values
previously obtained in simulation and then the re-training is carried out using the
labeled experimental samples. In the second approach, denoted “randomization”,
the receiver ANN is assigned with randomly initialised parameters, for example
sampled from a truncated normal distribution (similar to the initialisation stage in
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Figure 6.9: Comparison of the experimental BER performance for systems trained at
(20,4) km and (40,4) km (i) without re-training of the receiver FFNN, (ii) re-
training the receiver FFNN by fine-tuning, (iii) training the receiver FFNN by
randomization.

simulation). The experimental BER curves at 20 and 40 km for the two re-training
approaches are compared with the case of no-retraining. Note that the different link
lengths were achieved by sweeping the disperion in the TDM module. It can be ob-
served that accounting for the difference between the real experimental environment
and the assumed channel model by re-training the receiver improves performance at
both 20 km and 40 km distances. Moreover, the results confirmed that both receiver
re-optimisation strategies converge to approximately the same BER values for all
investigated distances. It is worth mentioning that, although the number of train-
ing iterations for the two approaches was kept equal, initialising the receiver ANN
parameters with pre-trained values had the advantage of requiring less iterations to
converge.

It is worth noting that the obtained results without re-training indicate that,
due to the implemented multi-distance optimisation, the BER of the system does
not increase rapidly when the distance is varied. Further verification of the method
applied to the receiver re-training is presented in Sec. 6.4.3. Before this, the perfor-
mance of the auto-encoder with receiver optimised via “fine-tuning” is investigated
in a comparison with conventional, ubiquitously deployed IM/DD systems.
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Figure 6.10: Schematic of a conventional feedforward equaliser, used in the reference PAM
transmission for experimental performance comparison.

6.4.2 Performance comparison with conventional systems
In this section, the BER performance of the end-to-end FFNN-based system was
compared to conventional schemes based on PAM transmission with linear equal-
isation at the receiver. The data rate of the considered PAM systems was also set
to 42 Gb/s. In particular, the first system employed 42 Gbaud PAM2 transmission
and raised cosine pulses (roll-off of 0.99). The second system was operating at
21 Gbaud with PAM4 and raised cosine pulses (roll-off of 0.4). The receiver DSP
for both schemes employed the conventional feedforward equaliser (FFE), whose
schematic is shown in Fig. 6.10. It processes (Z−1)/2 pre- and post-cursor symbols
for the equalisation of the central PAM symbol. The implementation was based on
Z = 13 taps, at n = 2 taps per PAM symbol, ensuring that the receiver covers a tem-
poral window similar to the auto-encoder. It is important to mention that the noise
power of 0.245 mW obtained from a measurement at the receiver was used for the
noise model in Chapter 4 as well as in the simulations for the systems described in
Chapter 4 and Chapter 5.

Figure 6.11 shows the experimental BER results for the compared systems
for a fibre of length 20 km and 40 km, respectively. The TDM dispersion value
was swept between −40 ps and +40 ps, resulting in effective link distances in the
ranges of 17.65− 22.35 km and 37.65− 42.35 km, respectively. For the system
around 20 km, BERs below 10−5 were achieved experimentally at all distances. In
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Figure 6.11: Experimental BER performance for systems trained at (20,4) km and
(40,4) km. The systems are compared to PAM2 and PAM4 systems with
receivers based on conventional feedforward equalisation.

particular, the lowest BER of 3.73 ·10−6 was obtained at 21.18 km. For comparison,
the PAM2 system experimentally achieves 7.77 · 10−4 BER at 20 km. The end-
to-end deep learning-based optical system significantly outperforms the reference
PAM scheme. At 40 km, the proposed system outperforms both the 42 Gbaud PAM2
and the 21 Gbaud PAM4 schemes, as neither of these can achieve BERs below the
HD-FEC threshold. On the other hand, the FFNN-based system achieved BERs
below 1.4 · 10−3 at all distances in the examined range. In particular, BERs of
1.05 ·10−3 at 40 km and a lowest BER of 5.75 ·10−4 at 38.82 km have been obtained.

Figure 6.12 shows the experimental results at 60 km and 80 km fibre length
and TDM dispersion varied between −40 ps and +40 ps, yielding effective link
distances in the ranges 57.65− 62.35 km and 77.65− 82.35 km, respectively. For
both systems BERs below the HD-FEC threshold cannot be achieved by the end-to-
end deep learning approach, as predicted by the simulation. Nevertheless, at 60 km
the system outperforms both the PAM2 and PAM4 links. However, for the 80 km
link, the noise at the receiver becomes more significant due to the low signal power
levels without optical amplification. This is combined with a significant amount
of accumulated dispersion, whose effects at 80 km extend across multiple blocks
and cannot be compensated by the block-by-block processing, accommodated in
the FFNN design. The results is an operation close to the sensitivity limits of the
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Figure 6.12: Experimental BER performance for systems trained at (60,4) km and
(80,4) km. The systems are compared to PAM2 and PAM4 systems with
receivers based on conventional feedforward equalisation.

receiver which ultimately restricts the achievable BERs.
To further investigate the impact of received signal power on the performance

of the system, an erbium-doped fibre amplifier (EDFA) was included in the test-bed
for pre-amplification at the receiver. Thereby, the received power is increased from
-11 and -15 dBm at 60 km and 80 km, respectively to -7 dBm. The obtained BERs
at these distances are also shown in Fig. 6.12. It can be seen that by changing the
link to include an extra EDFA, the end-to-end deep learning system achieves signif-
icantly improved performance. In particular, at 60 km, a BER of 3.8 · 10−3, below
the HD-FEC threshold, can be achieved. Nevertheless, the performance of the sys-
tem at 80 km is still limited and the measured BER is 2.8 · 10−2. The last set of
results highlight the potential for performance improvement by including different
link configurations inside the end-to-end learning process.

6.4.3 Distance-agnostic transceiver
This section describes the experimental verification of the multi-distance learning
method developed in Sec. 4.3.2. The investigation covers the optimisation of re-
ceiver parameters using experimentally collected received traces with deviating dis-
persion, set by the tunable dispersion module (TDM). More specifically, the data
was acquired by employing fixed fibre spools of 20 km and 40 km and using the
TDM to appropriately sweep the dispersion around these mean values. As previ-
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Figure 6.13: Experimental BER performance as a function of transmission distance be-
tween 10 and 30 km for a (20,4) km-trained system, whose receiver ANN
parameters are tuned using measured data and the multi-distance learning
method proposed in Sec. 4.3.2.

ously explained (see Sec. 6.1), the TDM allowed to adjust the link dispersion from
−170 to +170 ps/nm in steps of 10 ps/nm. The digitized received photocurrent is
collected for each effective distance. The amount of data collected at each point
follows a Gaussian distribution with a mean µ = 20 km or µ = 40 km and a stan-
dard deviation of 67 ps/nm, which effectively corresponds to around 4 km of SSMF
(matching the simulation assumption). The system with optimised receiver ANN
parameters was tested using a disjoint collection of traces at each distance.

Figure 6.13 shows the achieved BER performance at 42 Gb/s around the mean
distance of 20 km. In agreement with simulation, the experimental system reached
BER below the 6.7% HD-FEC threshold for all distances between 10 and 30 km.
Moreover, it can be observed that the lowest BER was achieved around 20 km as a
result of the employed strategy of training dispersion values with a Gaussian distri-
bution, i.e. the number of training examples around the mean value was greater. In
Fig. 6.14 the BER performance of the system trained around 40 km is examined at
distances ranging from 30 to 50 km. Moreover, the results are compared to the per-
formance obtained for the conventional PAM2/PAM4 42 Gb/s transmission based
on a FFE receiver, which was described in Sec. 6.4.1. Note that, unlike the exam-
ined system based on multi-distance learning, the FFE receiver for PAM2/PAM4
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Figure 6.14: Experimental BER performance as a function of transmission distance be-
tween 30 and 50 km for a 42 Gb/s system trained on (40,4) km, whose receiver
ANN parameters are tuned using measured data and the multi-distance learn-
ing method proposed in Sec. 4.3.2. The BER of PAM2 and PAM4 schemes
with an FFE receiver is shown as a performance indicator. Note that the pa-
rameters of the FFE receiver are optimised separately for each distance.

needs to be optimised separately for each fibre length. The auto-encoder system
enabled BERs below the HD-FEC for all distances between 31 and 46 km. Fur-
thermore, it significantly outperformed the reference PAM setups, neither of which
could achieve BER below the threshold at the examined distances. It can be seen
that the performance of the PAM2 system oscillates as a function of distance, caused
by the power fading profile of the signal experiencing different dispersions [120].
In contrast, the ANN-based system, specifically trained to tolerate dispersion varia-
tions, does not present such a strong dependence on the latter.

The results from the investigation successfully demonstrate the greater robust-
ness to link parameter variations achieved for the deep learning-based transceivers
optimised using the proposed multi-distance method.

6.5 Experimental demonstration of the SBRNN auto-
encoder

This section describes the implementation and investigates the performance of the
SBRNN auto-encoder proposed in Chapter 5 on the experimental IM/DD test-bed.
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The performance of the system is investigated when the transceiver is optimised on
a transmission model with parameters applied “as is” to the test-bed as well as in
the case where receiver optimisation using the measured data is performed. The
investigation covers comparisons with PAM systems based on receivers optimised
for handling nonlinear ISI using state-of-the-art deep learning techniques as well as
the classical nonlinear Volterra equalisation.

For the SBRNN auto-encoder experiment, Z = 800 different sequences of
N = 5152 random input messages mi, j (from an alphabet of M = 64 different mes-
sages), with i ∈ {1, . . . ,Z} and j ∈ {1, . . . ,N}, are transmitted. Each of the se-
quences is first encoded by the transmitter BRNN into series of symbols of n · s
samples before being applied to the experimental test-bed, starting with the LPF.
Note that, similarly to the FFNN experiment, an up-sampling factor of s = 4 is
used in both transmitter and receiver. Thus the series of encoded blocks are down-
sampled by s in experiment after the LPF at the transmitter and then up-sampled
after the receiver LPF. The value of n dictates the information rate of the system and
for 42 Gb/s or 84 Gb/s transmission, n = 12 or n = 6 was selected, respectively. A
full load of the DAC required the concatenation of 8 encoded sequences of symbols
and this is fed to the link for a single transmission iteration. To collect a sufficient
amount of data, the experiment involved a total of 100 DAC loads. Similarly to the
investigation of the FFNN auto-encoder, the performance of the SBRNN system
was investigated in two scenarios:

First, the error rate between the experimentally transmitted and received mes-
sages (see Fig. 6.4), was investigated for transceiver optimised in simulation-only
and applied “as is” to the actual transmission link. The optimisation procedure, the
simulation setup, and the BER computation were performed as described in Sec. 5.1
and Sec. 5.2. All examined systems in this section were trained separately for each
distance.

Then, the system performance was enhanced by re-training the receiver pa-
rameters with the experimental data. For this optimisation and its testing stage, the
sequences of digitised received symbols yi, j, with i ∈ {1, . . . ,Z} and j ∈ {1, . . . ,N},
were used together with their corresponding labels mi, j. The sequences with indices
i ∈ {1, . . . ,720} were used for training. For convenience, these were organised in
containers of data elements DAE

train and corresponding label elements LAE
train. The re-

maining sequences with indices i ∈ {721, . . . ,Z}, which are independent from the
training set, were used for testing, organised in DAE

test and LAE
test. The construction and

utilisation procedure of DAE
train, LAE

train, DAE
test, and LAE

test is described in Appendix C.1.
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Figure 6.15: a) Experimental BER performance at 20, 40, 60, 80 km for the 42 Gb/s
SBRNN-based auto-encoder trained on a channel model and applied “as is” to
the optical fibre transmission test-bed. The BER of the end-to-end FFNN sys-
tem is also shown as a performance indicator. b) BERs at 50, 60 and 70 km as
a function of the sliding window size W for the sequence estimation algorithm
at the SBRNN receiver.

6.5.1 Experimental performance results
The conducted numerical investigation in Chapter 5 clearly showed that in the
framework of optical IM/DD communication, the processing capabilities of the
vanilla BRNN auto-encoder are comparable to the long short-term memory struc-
ture, without the associated extra complexity. For this reason, the vanilla SBRNN
auto-encoder was implemented on the experimental test-bed.

First, the transceiver optimised on the optical IM/DD channel model was ap-
plied “as is” to the experimental test-bed. Initially, the fixed sliding window size of
W = 10 was employed. The achieved BER performance at 42 Gb/s as a function of
distance is shown in Fig. 6.15 a), where it was compared to the end-to-end FFNN
system, investigated in Sec. 6.4. It can be seen that, in good agreement with sim-
ulation, the SBRNN system significantly outperformed the FFNN auto-enocoder.
In particular, it allowed transmission below the 6.7% HD-FEC at distances beyond
50 km in experiment, a 30 km increase compared to the FFNN.

The conducted investigation in Sec. 5.2.2 showed that the performance of the
SBRNN auto-encoder can be improved by increasing the window W , which dictates
the amount of received symbols used for the sequence estimation algorithm at the
receiver. Greater W allows to effectively capture intersymbol interference effects at
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longer distances. The presented results in Fig. 6.15 b) investigate the experimental
BER of the SBRNN auto-encoder at 50, 60 and 70 km as a function of the sliding
window W . It can be seen that, as a result of the increased window size, the BER
of the system was reduced below the HD-FEC threshold at the distance of 60 km.
More specifically, the error rate was below 4 · 10−3 for W ≥ 20. It is important to
mention that, in an excellent agreement with the simulation prediction in Sec. 5.2.2,
the experiment showed diminishing gains from further increase of W since noise
and system nonlinearities become more dominant when the ISI is compensated.

The approach of enhancing the SBRNN auto-encoder system by using the col-
lected experimental data for re-optimisation of the receiver parameters was con-
sidered next. The performance of the SBRNN auto-encoder, whose receiver was
optimised with the measured data, was compared to multi-level PAM systems em-
ploying state-of-the-art DSP schemes at the receiver for nonlinear ISI compensa-
tion. The processing and optimisation procedures for these reference systems are
described in the following section, while Sec. 6.5.3 presents the outcome of the
performance comparison with the auto-encoder.

6.5.2 Reference PAM systems with state-of-the-art receiver DSP
The conventional two- and four-level PAM transmission was considered and the
performance of deep learning approaches for PAM detection based on recurrent
and feed-forward neural networks as well as the classical nonlinear Volterra equal-
isation were examined. For all three schemes, the experimental data was used for
optimisation of the receiver parameters. The PAM experiment was conducted in
the following way: At the transmitter, PAM2 or PAM4 symbols were generated
and accordingly scaled to sets M = {0;π/4} or M = {0;π/12;π/6;π/4}, respec-
tively. Note that, similarly to the auto-encoder systems where a clipping layer was
specifically designed, scaling of the PAM symbols was necessary to enable oper-
ation in the linear region of the MZM. Also note that Gray-coded bit-to-symbol
mapping was considered in the case of PAM4 in order to investigate the BER met-
ric as an indicator of the system performance. The sequence of PAM symbols was
pulse-shaped at n = 2 Sa/sym by a 0.25 roll-off raised cosine filter. It was then
applied to the experimental test-bed. The experiment involved Z = 100 loads of the
DAC, each of them equivalent to a sequence of N = 249750 PAM symbols mi, j,
i ∈ {1, . . . ,Z} and j ∈ {1, . . . ,N}. The sequences of received symbols yi, j ∈ Rn af-
ter propagation through the test-bed link were utilised together with the labels mi, j

for optimisation of the DSP parameters and testing. Sequences i ∈ {1, . . . ,90} were
used for training, organised in DPAM

train and LPAM
train for traces and labels, respectively.

The testing was carried out using the disjoint set of remaining sequences with in-
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Figure 6.16: Schematic of the reference sliding window FFNN receiver for PAM symbols,
utilised in the experiment.

dices i ∈ {91, . . . ,100}, organised in DPAM
test and LPAM

test . The database structuring is
described in Appendix C.2, where the details regarding the data utilisation in the
optimisation of the different PAM receiver schemes are also provided. The three
considered schemes are described in the following.

6.5.2.1 Sliding Window FFNN receiver
In this scheme, already introduced and examined in simulation in Sec. 5.3.1, a PAM
sequence is transmitted through the link and the samples of an appropriately chosen
sub-sequence of received symbols are fed into a multi-layer feed-forward ANN,
as shown in Fig. 6.16. It was discussed in Sec. 5.3.1 that a similar approach for
the receiver design has been considered for example in [58, 113–115]. The neural
network estimates the central symbol of the sub-sequence. More specifically, the
transmitted message mt at time t is recovered as m̂t by processing the train of W
received symbols of n = 2 samples (yt−W−1

2
, . . . ,yt , . . . ,yt+W−1

2
). Note that for this

receiver, the processing memory dictates the size of the ANN layers, the first one
having parameters W ∈ R4W ·n×W ·n and b ∈ R4W ·n. Subsequently, 6 hidden layers
are employed before m̂t is estimated. The number of nodes on each of these is
given by

⌊
4W ·n/(2i−1)

⌋
, where i is the hidden layer index. The ReLU activation

is applied on all of the layers except for the final one, where a softmax activation
allows to compute a probability vector pt for the transmitted PAM2/4 symbol with
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Figure 6.17: Schematic of the second-order nonlinear Volterra equaliser for PAM symbols,
used as a reference system in the experiment.

pt ∈R2/4. The processing window slides by one received symbol position ahead to
estimate the next symbol in the sequence. Training was performed as described in
Appendix C.2.1 using DPAM

train and LPAM
train .

6.5.2.2 Nonlinear Volterra Equaliser
Volterra equalisers, shown schematically in Fig. 6.17, have been widely considered
for IM/DD links based on PAM [66]. In particular, for the experimental investi-
gation in this chapter, a second order Volterra filter was used, allowing the com-
pensation of linear and nonlinear ISI. The output of the equaliser can be expressed
as

m̂t = ωdc +

W−1
2 ·n

∑
q1=−W−1

2 ·n
ωq1 · yt+q1 +

W1−1
2 ·n

∑
q2=−

W1−1
2 ·n

W1−1
2 ·n

∑
q3=k2

ωq2,q3 · yt+q2 · yt+q3, (6.2)

where W and W1 denote the symbol memory in the first and second order series,
respectively, and ωi and ωi, j are the first and second order coefficients. Similar to the
other PAM schemes, the algorithm is processing the neighbourhood of W received
symbols of n = 2 samples

(
yt−W−1

2
, . . . ,yt , . . . ,yt+W−1

2

)
, thus including the ISI from

pre- and post-cursor samples in the detection of the current input. To capture an
identical amount of memory compared to the auto-encoder and the SFFNN receiver,
the first order memory of the Volterra equaliser was fixed to W = 61, while W1=21
was chosen such that the complexity of the algorithm was kept manageable. The



6.5. Experimental demonstration of the SBRNN auto-encoder 131

20 25 30 35 40 45 50 55 60 65 70
10´5

10´4

10´3

10´2

10´1

100

HD-FEC

42Gb/s

84G
b/s

SB
RN

N aut
o-e

nc.

Tx-PAM4 & Rx-SFFNN

Tx-
BR

NN
& Rx

-SF
FN

N

Transmission distance (km)

B
E
R

Tx-PAM2 & Rx-SBRNN

Tx-PAM2 & Rx-Volterra

Tx-PAM2 & Rx-SFFNN

SBRNN auto-enc.

Figure 6.18: BER as a function of transmission distance for 42 Gb/s and 84 Gb/s systems
employing deep learning-based and classical DSP schemes optimised using
experimental data.

optimisation of the filter coefficients using is described in Appendix C.2.2.

6.5.2.3 Sliding Window BRNN receiver
A system that combines the PAM transmitter with the SBRNN receiver was also
investigated. The receiver was implemented in a way which was identical to the re-
ceiver section of the SBRNN auto-encoder. As opposed to the auto-encoder, for the
optimisation of the SBRNN receiver for PAM parameters the databases DPAM and
LPAM were used. Details on the training procedure are provided in Appendix C.2.3.

6.5.3 Experimental performance comparison between the
SBRNN auto-encoder and the reference PAM systems

For this investigation, the number of bits simultaneously processed by each receiver
algorithm was fixed. The setting was aimed at carrying out a fair comparison be-
tween the three different PAM DSP schemes with the SBRNN auto-encoder. Thus,
for the auto-encoder, the size of the sliding window was set to W = 10 (60 bits) to
match the simulation investigation, while for the PAM2 systems W = 61 (61 bits).
To allow for a better compensation in the case of PAM4, the window of W = 61
PAM symbols was kept, which was the equivalent of processing 122 bits.

Figure 6.18 shows the achieved BER for all experimentally examined systems
at different transmission distances. As previously mentioned, the DSP for these
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systems was optimised separately for each distance. The obtained results show that
for shorter distances and 42 Gb/s, the SBRNN auto-encoder achieved a BER much
lower than the PAM schemes. In terms of system reach, it allowed transmission
up to 70 km below the HD-FEC threshold, similar to the PAM2&SFFNN. Both
schemes outperformed the classical Volterra equaliser, whose experimental BER
was below the HD-FEC up the transmission distance of 40 km. Hence, the results
from this experimental investigation indicate that the SFFNN can be considered as
a viable receiver DSP solution for the conventional PAM transmission.

For further investigation, this receiver was used together with PAM4 in a
84 Gb/s system. Moreover, the SFFNN receiver was combined in an auto-encoder
setting with the BRNN transmitter. The results show that the PAM4&SFFNN could
not transmit information with error rates below the HD-FEC at 20 km, while the Tx-
BRNN&Rx-SFFNN auto-encoder performance was significantly superior at this
distance, achieving a BER close to the SBRNN auto-encoder system. Neverthe-
less, it is worth mentioning that, unlike the SBRNN, the number of parameters in
the SFFNN receiver increases rapidly with the processing memory. Expanding the
SFFNN processing memory W translates in increasing the dimension of the neural
network input layer and subsequently – the following hidden layers, which would
result in a rapid increase in the number of trainable parameters. In contrast, for the
BRNN auto-encoder, the window W is external to the end-to-end network archi-
tecture, whose number of parameters can be fixed. A more detailed computational
complexity comparison between the SBRNN and SFFNN designs was carried out
and described in Sec. 5.3.1.3.

6.6 End-to-end system optimisation using a genera-
tive model

This section describes the concept and experimental demonstration of the developed
end-to-end optical fibre system optimisation method using a GAN-acquired model
for the transmission link. The proposed algorithm, which was briefly introduced
in 6.2, consists in performing iterative steps of training the generative model with
experimental data and using it to optimise the transceiver. As a proof of concept, a
simple FFNN auto-encoder is considered. Table 6.1 lists the hyper-parameters for
both transmitter and receiver ANNs. As described for FFNN auto-encoders (see
Sec.4), the transmitter maps the input messages mt ∈ {1, . . . ,M}, each of which
carrying log2(M) bits, into blocks (symbols) of n samples, which are denoted as
xt ∈ Rn. After propagation through the channel, the symbols are fed to the receiver
as yt ∈ Rn. Generative adversarial networks (GAN) were introduced in Sec. 2.1.4.
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Table 6.1: Definitions of the transmitter and receiver FFNN used for the experimental veri-
fication of the end-to-end system optimisation method using a generative model

Layer Activation Output dimension

Transmitter:

Input one-hot enc. M
Hidden 1 ReLU 8M
Hidden 2 ReLU 8M

Final Clipping n

Receiver:

Input N/A n
Hidden 1 ReLU 8M
Hidden 2 ReLU 8M

Final Softmax M
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t q ŷt
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yt ÝÑx pµq
t

pr{f

real sample
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ReLU node
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Softmax node

Figure 6.19: Schematic of the utilised conditional GAN for approximating the function of
the IM/DD transmission link.

In the following, the specific design of the GAN that was used in the experimental
investigation is introduced. Then, the transmission and optimisation regimes in the
proposed method are described and the investigation of the achieved performance
improvement is presented.

6.6.1 Generative adversarial network design
As explained in Sec. 2.1.4, a GAN typically employs two ANNs – a generator and a
discriminator. They have competing objective functions and are trained iteratively.
The generator ANN aims at translating its input into a (possibly high-dimensional)
output sample, mimicking the ground truth distribution of the data, which is specific
to the problem. The discriminator acts as a binary classifier between real (ground
truth) and fake (generated) samples. Related to communication systems, GANs can
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Table 6.2: Definitions of the generator and discriminator ANNs in the conditional GAN

Layer Activation Output dimension

Generator:

Input concat. 2µ ·n
Hidden 1 ReLU 30n
Hidden 2 ReLU 20n
Hidden 3 ReLU 13n
Hidden 4 ReLU 8n
Hidden 5 ReLU 5n

Final Linear n

Discriminator:

Input concat. (µ +1) ·n
Hidden 1 ReLU 16n
Hidden 2 ReLU 10n
Hidden 3 ReLU 6n

Final Sigmoid 1

be used to train a generative model (generator) which mimics the function of the
channel by approximating its conditional probability distribution. In the framework
of auto-encoder design, the model can be used in the end-to-end system optimisa-
tion to enable to computation of gradients via backpropagation.

Since ISI in the optical IM/DD stems from both preceding and succeeding
symbols, the goal of the generative model is to approximate p(yt |~x(µ)t ), where µ , an
odd integer, is the modeled symbol memory and

~x(µ)t :=
(

xT
t−(µ−1)/2 . . . xT

t+(µ−1)/2

)T
∈ Rµ·n, (6.3)

is used to denote the concatenation of the pre- and post-cursor neighbourhood of µ

symbols around the symbol xt transmitted at time t. The schematic of the utilised
conditional GAN for approximating p(yt |~x(µ)t ) is shown in Fig. 6.19. To mimic the
probability distribution, the generator takes as an input the concatenation of a vector
of uniformly-distributed random samples z∼U

(0,1)
µ·n with~x(µ)t . It transforms it into

the fake symbol

ŷt = Gθ g

((
zT ~x(µ)Tt

)T
)
∈ Rn, (6.4)

where Gθ g denotes the function of the generator, a feedforward ANN defined by the
hyper-parameters listed in Table 6.2.

The discriminator is first fed with the real symbol yt , i.e. obtained in the ex-
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periment, conditioned (concatenated) on~x(µ)t , producing the output probability

pr = Dθ d

((
yT

t ~x(µ)Tt

)T
)
∈ R, (6.5)

where Dθ d describes the function of the discriminator – a feedforward ANN defined
by the hyper-parameters listed in Table 6.2, which has a sigmoid activation in the
final layer. The discriminator is then fed with the fake (output of the generator)
symbol ŷt , also concatenated with~x(µ)t , thus producing

pf = Dθ d

((
ŷT

t ~x(µ)Tt

)T
)
∈ R. (6.6)

Following the GAN theory (Sec. 2.1.4), the two sets of discriminator (θ d) and
generator (θ g) ANN parameters are iteratively optimised via stochastic gradient
descent (using the Adam algorithm). The procedure is aimed at minimising the
average losses

LD(θ d) =
1
S

S

∑
i=1

[`(lr, pr,i)+ `(lf, pf,i)], LG(θ g) =
1
S

S

∑
i=1

`(lr, pf,i), (6.7)

over a mini-batch S of elements from the training set, where lr := 1 and lf := 0 are
the labels for real and fake symbols, respectively. The cross entropy loss function is
utilised. Note that the objective of the discriminator is to classify yt and ŷt correctly.
On the other hand, by minimising LG, the generator learns representations ŷt that
are statistically similar to yt . The conditional GAN is trained over 104 steps used
as a stopping criterion. Each of the steps consists in 4 consecutive discriminator
updates with the learning rate of 10−3, followed by a generator update with the
rate gradually reduced every 200 steps from 5 · 10−4 to 10−5. After training, the
generator ANN model is employed for end-to-end system optimisation.

6.6.2 End-to-end optimisation algorithm
The schematic of the experiment is shown in Fig. 6.20. The flow diagram in
Fig. 6.21 shows the proposed algorithm for end-to-end system optimisation. At
an algorithm iteration k = 0, the transmitter and receiver ANNs are initialised with
parameters trained offline, following Chapter 4, using the complete IM/DD channel
model from Chapter 3. To collect a sufficient amount of experimental data, Z = 500
random sequences (full DAC loads) of w= 8 ·104 messages

(
. . .mt−1,mt ,mt+1 . . .

)
,

from an alphabet of M = 8 (3 bits), were generated and encoded by the transmitter
into the sequences

(
. . .xt−1,xt ,xt+1 . . .

)
of symbols of n = 6 samples. The symbol

sequences were filtered by the 32 GHz LPF and applied to the 84 GSa/s DAC, result-



6.6. End-to-end system optimisation using a generative model 136

¨
˚̊
˝

...
mt

...

˛
‹‹‚

Transmitter ANN ¨
˚̊
˝

...
xt

...

˛
‹‹‚ time

LPF

DAC

84GSa/s Driver amp.

MZM

Laser

PD

SSMF

TIA

ADC

LPF

¨
˚̊
˝

...
yt

...

˛
‹‹‚

Receiver ANN ¨
˚̊
˝

...
m̂t

...

˛
‹‹‚

ppyt|ÝÑx pmq
t q

Transmission

Optimization
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Figure 6.21: Flow chart of the proposed iterative algorithm for end-to-end deep learning
using measured data. The algorithm includes transmission and optimisation
regimes.

ing in a 42 Gb/s data rate of the system. The electrical waveforms were fed to optical
fibre transmission link, described in Sec. 6.1, which for this experiment consisted
of a fixed 20 km span of SSMF. The digital signal

(
. . . ,yt−1,yt ,yt+1 . . .

)
, obtained

at the receiver after ADC sampling, was applied in two ways: i) to the receiver
ANN for processing, symbol decision and BER calculation using the optimised
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bit-to-symbol mapping, described in Sec. 5.1.5. ii) together with the transmitted
digital sequences

(
. . . ,xt−1,xt ,xt+1 . . .

)
, it was used for GAN training, followed by

transceiver optimisation.

Part of the data (q = 103 elements), grouped as

A :=

m1
...

mq

 ∈ Rq, B :=

yT
1
...

yT
q

 ∈ Rq×n, (6.8)

was used for the single step of transceiver learning within this algorithm iteration.
The remainder, setting µ = 3 for modeling the channel, was structured as (transmit-
ted symbols)

C(µ=3) :=


~x(3)Tq+2

...
~x(3)TZw−1

 ∈ R(Zw−q−2)×3n, (6.9)

where ~x(3)i :=
(

xT
i−1 xT

i xT
i+1

)T
, i ∈ {q+ 2, . . . ,Zw− 1}. Correspondingly, the

received symbols were structured as

D :=


yT

q+2
...

yT
Zw−1

 ∈ R(Zw−q−2)×n. (6.10)

First, the generative model was trained via the procedure described in Sec. 6.6.1.
Each row i from C(µ=3) and D is used to condition the GAN and provide the ground
truth symbol, respectively (see Eqs. (6.4) – (6.6)). Next, the transceiver learning
was performed. The goal was to minimise the average cross entropy loss of the
system over the mini-batch of size |S|= q, computed as

L syst.(θ Tx,θ Rx) =
1
|S|

|S|

∑
i=1

`(mi, fRx(yi)) , (6.11)

with mi and yi being rows from A and B, respectively, and fRx denoting the func-
tion of the receiver. At this point, the generative model was applied in lieu of the
transmission link. This enables the computation of the gradient of the loss with
respect to both the transmitter (θ Tx) and receiver (θ Rx) parameter sets using back-
propagation. Afterwards, these parameters are updated in a single process via SGD
using the Adam algorithm with a learning rate of 10−3. This completed an iteration
of the optimisation algorithm. The transmitter and receiver representations were
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k = 10.

updated and the processes of transmission, GAN training and system optimisation
were sequentially repeated.

6.6.3 Performance results
The bit error rate of the system as a function of the iteration of the proposed optimi-
sation algorithm was investigated and the results are shown in Fig. 6.22. It can be
observed that a monotonic BER reduction was achieved on each iteration. In par-
ticular, the BER of the system improved from 2.4 ·10−2 at step k = 0, i.e. the case
without any transceiver optimisation based on the measured data, to 1.7 ·10−3 after
only 10 steps of the algorithm. This improvement is further illustrated via inset fig-
ures a) and c), which show the error probabilities at k = 0 and k = 10, respectively.
As an illustrative example showcasing the improvement, one can observe that no
errors exceeding the 1% threshold occurred at k = 10, which was in stark contrast
compared to the initial stage. For the case of k = 10, the inset figure b) depicts the
modulation constellation in two dimensions using the t-distributed stochastic neigh-
bor embedding (t-SNE) dimensionality reduction technique [121], used purely for
visualisation purpose. It can be seen that the 8 transmitted constellation points are
well-separated in the t-SNE space, a factor that contributes to the observed message
recovery enhancement.
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Furthermore, Fig. 6.22 also provides a direct comparison between the perfor-
mance achieved using the proposed algorithm for end-to-end optimisation and the
method of optimising only the receiver using measured data. Note that in the latter
case, only the set of receiver ANN parameters (θ Rx) was updated for minimising
the average cross entropy loss of the system over the mini-batch of size |S|= q, i.e.

L syst.(θ Rx) =
1
|S|

|S|

∑
i=1

`(mi, fRx(yi)) . (6.12)

It can be observed that after only 4 iterations of optimisation, the proposed method
for end-to-end learning started to outperform the simple receiver-only strategy.
The difference in achieved performance increased further as the optimisation pro-
gressed. Importantly, the results indicate that the gains from receiver re-training
start to diminish. At step k = 10 this method achieved BER of 4 ·10−3, significantly
higher than the 1.7 ·10−3 enabled by optimising the complete transceiver.

It is worth mentioning that the training of the GAN required 500 transmissions
of different data sequences, which was the time-limiting step in such an experimen-
tal setup. It also required stable link parameters to ensure the validity of the obtained
generative model. Thus, as a proof of concept, 10 optimisation iterations were per-
formed. The presented results clearly show that this already produced substantial
performance gains.

6.7 Summary
This chapter described the implementation and performance of the developed FFNN
and SBRNN auto-encoder designs on an experimental IM/DD transmission test-
bed. The conducted experiments for the first time demonstrated the end-to-end deep
learning concept on an optical transmission link. The research was published in [62,
63, 122–124]. The investigation showed that for the simple approach of optimising
the auto-encoders only in simulation, the FFNN auto-encoder can transmit 42 Gb/s
at 20 km below the HD-FEC threshold, while for the SBRNN auto-encoder this
reach can be increased to 60 km.

Strategies for system optimisation using the experimentally collected data were
developed and successfully implemented. It allowed to further enhance the perfor-
mance of the auto-encoders. The proposed systems showed a superior performance
for a fixed processing memory in comparisons with state-of-the-art DSP algorithms
also optimised with the measured data. In particular, compared to PAM system
with classical nonlinear Volterra equalisation, the SBRNN auto-encoder allowed to
increase the transmission reach below the HD-FEC with more than 20 km. More-
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over, the SBRNN enabled the transmission of 84 Gb/s below the HD-FEC at 20 km,
outperforming the advanced DSP schemes for PAM used as references.

The chapter also includes the experimental verification of the proposed method
(Sec. 4.3.2) for multi-distance learning. An auto-encoder system, agnostic to dis-
tance variations was successfully demonstrated. More specifically, it allowed trans-
mission below the HD-FEC threshold at distances ranging from 31 km to 46 km,
without any reconfiguration.

The first end-to-end optimisation of an optical communication system via deep
learning based on measured data was also described - an important step towards
practical end-to-end optimised transmission. Optimisation was achieved by devel-
oping an algorithm for transceiver learning using a GAN-based model of the trans-
mission link to allow gradient computation at the transmitter via backpropagation.



Chapter 7

Conclusions and future work

7.1 Conclusions
The research described in the thesis proposes and experimentally demonstrates a
fundamentally new outlook on fibre communication systems which allows to un-
lock the potential of data transmission over the nonlinear, dispersive channel. More
specifically, the implementation of the complete fibre-optic system as an end-to-end
computational graph is investigated for the first time. This approach enables the op-
timisation of the transceiver, implemented as a deep artificial neural network, in a
single deep learning process over the channel constraints. The benefits of optical
fibre auto-encoder were illustrated by applying it to short reach optical fibre links
based on the intensity modulation/direct detection (IM/DD) technology. These sys-
tems are characterised by a highly nonlinear detection process as well as chromatic
dispersion-induced intersymbol interference (ISI). Currently, there is a lack of op-
timal, computationally feasible, digital signal processing (DSP) algorithms which
address the data rate and system reach limitations imposed by the IM/DD impair-
ments.

The implementation of a transceiver based on a feedforward neural network
(FFNN), which processes each input independently, was investigated first. Through
extensive numerical simulations it was shown that such systems can achieve bit er-
ror rates (BER) below the 6.7% hard-decision forward error correction (HD-FEC)
threshold at a range of distances that are suitable for short reach applications. These
results were successfully verified in a first-in-field end-to-end deep learning-based
experiment. In particular, information rates of 42 Gb/s below the HD-FEC thresh-
old at distances beyond 40 km were achieved in experiment. For a variety of link
distances, the proposed FFNN auto-encoder outperformed transmission based on
two- and four-level pulse amplitude modulation (PAM2/PAM4) with feedforward
equalisation (FFE) – a ubiquitously deployed solution for IM/DD.

Moreover, a novel method for transceiver optimisation based on multi-distance
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learning was developed and verified both in simulations and experiment. It yields
robust and flexible transceivers that allow—without reconfiguration—reliable trans-
mission over a large range of link lengths, offering a significant level of flexibility.
In particular, the ANN-based system was trained to tolerate significant deviations
in the link’s dispersion, obtaining transmitter and receiver parameters generalised
for communication over varied distance. The experimental demonstration of the
approach showed that, without reconfiguration, the optimised transceiver can allow
operation at 42 Gb/s below the HD-FEC at a 15 km range of fibre lengths around
40 km. This is in stark contrast with conventional DSP, which is typically optimised
separately for each distance.

Nevertheless, because the FFNN auto-encoder did not include connections be-
tween neighboring symbols, the design was inherently unable to compensate for the
intersymbol interference associated with transmission at longer distances. It intro-
duced a limitation on the achievable performance of such systems in terms of trans-
mission distance. To address this, a transceiver design tailored for communication
over the dispersive nonlinear channel was developed. It is based on the process-
ing of data sequences by an end-to-end bidirectional recurrent neural network. At
the receiver, a sliding window technique for an efficient sequence estimation was
implemented. A comprehensive numerical study of the performance of the sliding
window bidirectional recurrent neural network (SBRNN) auto-encoder was carried
out. First, it was shown that the SBRNN system can achieve a significant bit-error-
rate reduction for all examined distances in comparison to the previous FFNN-based
design, leading to an increased transmission reach or an enhanced information rate
at shorter distances. The numerical investigation showed that the SBRNN auto-
encoder can enable the transmission of 42 Gb/s and 84 Gb/s below the HD-FEC
threshold for link lengths beyond 70 km and 30 km, respectively. The performance
was further enhanced by carrying out essential optimisations of the bit-to-symbol
mapping and coefficient assignments in the sliding window scheme.

The SBRNN auto-encoder was compared to state-of-the-art digital signal pro-
cessing solutions for nonlinear channels with ISI. In a numerical study of BER
performance and computational complexity covering schemes based on PAM mod-
ulation and maximum likelihood sequence detection (MLSD), the obtained results
indicated that for a fixed memory in the receiver algorithms, the SBRNN auto-
encoder can achieve BER close to the scheme based on PAM2. It outperformed
the PAM4 scheme, which was associated with higher sensitivity to noise in the sys-
tem. Importantly, in terms of complexity, evaluated in floating point operations
per decoded bit, the SBRNN auto-encoder exhibits linear dependence on the as-
sumed memory in the processing algorithm. In contrast, for the benchmark MLSD
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scheme this dependence is exponential. The end-to-end SBRNN system was also
compared to PAM transmission based on the simultaneous processing of multiple
received symbols by a sliding window FFNN (SFFNN), a receiver scheme widely
investigated for optical communications. It was shown that the auto-encoder has an
improved BER performance, while training significantly fewer ANN parameters.

To complement the numerical investigation, the SBRNN auto-encoder was
successfully demonstrated in an experiment. Using the simplest system implemen-
tation method based on optimising the transceiver in simulation and applying it
“as is” to the transmission test-bed, communication at information rates of 42 Gb/s
below the HD-FEC was achieved at fibre lengths up to 60 km. The system was en-
hanced by re-optimisation of the receiver using data from measurements, increasing
the achievable distance below HD-FEC to 70 km. This performance was compared
to other DSP schemes optimised on measured data. In particular, the PAM trans-
mission with a sliding window FFNN (SFFNN) receiver was also investigated in
experiment. Furthermore, the comparison included a PAM system with a nonlinear
Volterra receiver, a classical DSP solution for nonlinear ISI equalisation. Both deep
learning-based systems outperformed the conventional nonlinear Volterra equalisa-
tion. Compared to the SBRNN auto-encoder, the 42 Gb/s transmission based on
PAM and SFFNN resulted in a degraded BER performance for short distances. In-
terestingly, in terms of system reach below the HD-FEC, the performance of the
two systems was comparable. Nevertheless, when the data rates were increased to
84 Gb/s, only the SBRNN design allowed transmission below the HD-FEC at the
distance of 20 km.

The experimental investigation of the optical fibre auto-encoders prompted the
development and successful demonstration in an experiment of a novel method for
end-to-end system optimisation based on measured data. The proposed technique
allows to tailor the deep learning process to the properties of the actual transmission
link as opposed to using a specific, often simplified, model of the link components.
The experimental demonstration of the method forms an important step towards
practical end-to-end optimised optical fibre transmission. The scheme utilised a
generative adversarial network (GAN) for dynamically obtaining an ANN-based
model of the transmission link. The generative model was used in lieu of the link
during the optimisation stage, enabling the computation of gradients at the trans-
mitter. The GAN-based method allowed a monotonic reduction in the BER of the
system on each optimisation step. The outcome was the first end-to-end optimi-
sation of an optical communication system via deep learning based on measured
data.

In this thesis, the end-to-end optimisation of optical fibre systems using ar-
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tificial neural networks and deep learning is extensively investigated for the first
time. The comprehensive numerical and experimental investigations as well as the
detailed comparisons of performance and complexity with state-of-the-art signal
processing benchmarks, highlight the developed deep learning-based transceivers
as superior, lower complexity, solutions for fibre links impaired by nonlinearity and
intersymbol interference. The proposed system designs and optimisation methods
are general and can be applied to different models and systems.

7.2 Future work
There is a number of future directions that naturally follow on from the research
presented in this thesis. They can be generally classified as being related to the
design of the deep learning-based system, its optimisation procedure as well as the
application to different types of optical fibre systems and models. This section
presents a specific example for each of these directions.

7.2.1 Advanced optimisation methods for distance-agnostic
transceiver enhancement

In Section 4.3.2, a method for ensuring tolerance to dispersion variations was pro-
posed within the process of transceiver optimisation. The concept, that consists in
forming a mini-batch of elements experiencing different fibre propagation lengths.
was successfully verified in experiment (see Sec. 6.4.3). It allowed to achieve BERs
below the HD-FEC for a large range of link distances using only a single set of
transmitter and receiver parameters. Especially for the transmitter-based DSP such
a method is of great importance as it does not require any feedback for tuning to
the changing link conditions. Thus, a more detailed investigation on the trade-off
between system performance and robustness for the distance-agnostic transceiver is
an interesting direction for future work.

More specifically, different distributions could be considered when assigning
the distances over which the sequences, elements in a mini-batch, propagate through
the optical channel. This could potentially lead to a change in the error rate profile
as a function of distance for the examined transceiver. For example, in contrast
to the presented investigation which assumes a Gaussian distribution, employing
a uniform distribution could allow for a relatively constant BER values at differ-
ent distances in a specified region. Moreover, the generalisation capabilities of the
multi-distance learning method should be investigated in a scheme where the dis-
tance is kept fixed within all sequence of a mini-batch. It can then be changed for
different batches, i.e. at each optimisation step. Such an implementation would
greatly facilitate the application of the approach for recurrent neural network-based
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Figure 7.1: Schematic representation of an auto-encoder system which parametrises and
includes optimisation of the distribution of transmitted symbols (pθm) together
with the transmitter (θTx) and receiver (θRx) ANN parameters.

auto-encoders, which are associated with the encoding of long sequences.
Finally, it would be interesting to explore if performance close to the

transceiver optimised at a fixed nominal distance can be achieved by the appli-
cation of state-of-the-art techniques from the field of transfer learning [125].

7.2.2 Extending the auto-encoder framework
The research described in this thesis utilises deep learning techniques to design an
optical fibre transmitter whose output can be viewed as a novel multi-dimensional
modulation format, optimised for resilience to the channel impairments and thus
enhancing the system performance. In addition to optimising the modulation’s ge-
ometry for increasing the data rate of the system, a technique known as probabilis-
tic shaping [126], which consists in controlling the occurrence of the constellation
points, has been widely considered in recent years. Probabilistic shaping (PS) has
been proven as an effective method for the enhancement and the seamless adapta-
tion of the data rates as well as reach increase in optical communication systems
based on conventional modulation formats [127]. However, finding the optimal
input distribution for the fibre channel is an open problem, especially for multi-
dimensional modulation formats [128], and a deep learning-based solution could
be considered. The implementation of PS within the auto-encoder framework was
recently proposed and for wireless communications [129, 130]. Within the FFNN
optical fibre auto-encoder framework, the learning of set of robust waveforms which
are transmitted through the channel can thus be extended to include the optimisation
of their probability of occurrence. Figure 7.1 shows a schematic of such a system
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implementation. As previously explained (see Sec. 5.1.5), the sequences of bits
b =

(
b1, . . . ,bB

)
need to be mapped into sequences of messages m. In the presence

of PS this procedure is performed such that the different messages from the alphabet
of size M appear with frequencies corresponding to a distribution pθm . This distri-
bution is parameterised to facilitate deep learning. Its parameters are optimised
jointly with the transmitter and receiver ANNs. The application of probabilistic
shaping within the auto-encoders for optical fibre communication as well as the ex-
tension of the method to multi-dimensional modulation formats is both challenging
and important.

7.2.3 Auto-encoders for long-haul coherent optical fibre com-
munications

As proof of concept, the investigation of end-to-end deep learning for optical fi-
bre systems concentrated on short reach IM/DD communications. Nevertheless, it
should be pointed out that the developed methods are general and can be extended
to other, eventually more complex models and systems. In particular, an exten-
sion towards coherent optical fibre communications for long-haul transmission is
a natural continuation of the work. Deep learning can be used to address the Kerr
nonlinearity-induced limitations in such links. These systems are typically asso-
ciated with the transmission of multiple wavelength channels over many spans of
fibre and optical amplification. The higher powers at the input to each span give
rise to nonlinear Kerr effects, which, combined with chromatic dispersion, produce
a more complicated evolution of the transmitted signal (see Sec 3.2). As a result,
both the linear and the nonlinear part of the NLSE need to be considered in the
channel model. Such an equation does not have an explicit analytical solution and
needs to be solved numerically.

The most commonly used numerical algorithm for solving the NLSE is the
split step Fourier method (SSFM) [131]. In general, it consists in representing the
dispersion term and the nonlinearity by the operators

D =− j
β2

2
∂ 2

∂ t2 , (7.1)

N = jγ|q(z, t)|2, (7.2)

respectively, and separating their effects for sufficiently small distance ∆ along the
fibre. The SSFM method is then applied as

q(z+∆, t) = exp
(

D
∆

2

)
exp(N ∆)exp

(
D

∆

2

)
q(z, t), (7.3)
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Figure 7.2: Schematic diagram of the split step Fourier method used to simulate a small
propagation step ∆ along the optical fibre.

where the symmetrically applied dispersion half-step reduces the approximation
error [24]. As discussed in Sec. 3.2 dispersion is applied in the frequency domain,
while nonlinearity is applied in the time domain.

Figure 7.2 shows a schematic diagram of the SSFM. The number of required
steps for accurate simulation of fibre propagation increases with input power, band-
width and transmission distance. Importantly, in the framework of auto-encoders
such repeated split-step segments are part of the end-to-end computational graph
representing the system. Thus, the optimisation process via backpropagation and
SGD becomes more challenging. Nevertheless, deep learning over the SSFM
has been reported in [132], where the authors optimise the shape of a long pulse
transmitted over the fibre. However, the application of auto-encoders to high data
rate wide bandwidth coherent optical fibre communication is currently unexplored.
Demonstrating the experimental implementation of such systems would be poten-
tially of great interest to the field.



Appendix A

FFNN auto-encoder transmitted
signal characteristics

During end-to-end optimisation of the transceiver, the transmitter learns waveform
representations which are robust to the optical channel impairments. During actual
transmission on the experimental test-bed (reported in Chapter 6) different long
sequences of random messages are applied to the transmitter FFNN, followed by
32 GHz LPF to generate the transmit waveforms. This section examines the tempo-
ral and spectral representations of such transmit signals.

Figure A.1 (top) shows the filtered output of the neural network, trained
at (40,4) km, for the representative 10-symbol message sequence (mt)

10
t=1 =

(2,36,64,40,21,53,42,41,34,13), with mt ∈ {1, . . . ,64} denoting the input mes-
sage to the ANN at time/block t. Each symbol carries 6 bits of information, consists
of n · s = 48 samples at 336 GSa/s, and is thus transmitted at 7 GSym/s, yielding a
symbol duration of T ≈ 143 ps. It can be observed that, as an effect of the imple-
mented clipping layer in the transmitter FFNN, the waveform amplitude is limited in
the linear region of operation of the Mach-Zehnder modulator with small departure
from the range [0;π/4] due to the filtering effects. Figure A.1 (bottom) also shows
the un-filtered 48 samples for each symbol in the sub-sequence (mt)

7
t=6 = (53,42).

These blocks of samples represent the direct output of the transmitter FFNN.

The trained FFNN transmitter can be viewed as a look-up table which simply
maps the input message to one of M = 64 optimised blocks. Figure A.2 illustrates
the 48 amplitude levels in each of these blocks. Interestingly, it can be seen that the
extremal values of 0 and π/4 are the prevailing levels. It appears that the FFNN tries
to find a set of binary sequences optimised for end-to-end transmission. Neverthe-
less, some intermediate values are also used. To bring more clarity, the constellation
of this multi-dimensional modulation format is visualised by using a state-of-the-art
dimensionality reduction machine learning technique such as t-Distributed Stochas-
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Figure A.1: Top: Output of the transmitter ANN, trained at (40,4) km, after filtering with
32 GHz brick-wall LPF for the representative random sequence of 10 symbols
(mt)

10
t=1 =(2,36,64,40,21,53,42,41,34,13) transmitted at 7 GSym/s, i.e. T ≈

143 ps. Bottom: Un-filtered ANN output samples, 48 per symbol, for the sub-
sequence (mt)

7
t=6 = (53,42).

tic Neighbor Embedding (t-SNE) [121]. Figure A.3 shows the two-dimensional t-
SNE representation of the un-filtered FFNN outputs of Fig. A.2. It can be seen
that the 64 different waveforms are well-separated in the t-SNE space which is an
indication that they can hence be discriminated well enough at the receiver.

Figure A.4 shows the spectrum of the real-valued electrical signal at the trans-
mitter after LPF. Because of the low-pass filtering the spectral content is confined
within 32 GHz. The LPFs at both transmitter and receiver ensure that the signal
bandwidth does not exceed the finite bandwidth of transmitter and receiver hard-
ware. It can be further observed that, as a result of the block-based transmission,
the signal spectrum consists of strong harmonics at frequencies that are multiples
of the symbol rate.
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Figure A.2: All 64 possible outputs (m = 1 to m = 64, upper left to bottom right) of the
transmitter FFNN before low-pass filtering.
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Appendix B

Number of nodes and floating point
operations per decoded bit in the
SBRNN auto-encoder

B.1 Counting the number of nodes
In the following, an example for counting the number of nodes in the SBRNN auto-
encoder is provided using the vanilla variant of the system as a reference. The
hyper-parameters of the vanilla SBRNN auto-encoder at the transmitter and the
receiver were described in Sections 5.1.1.2 and 5.1.2.2, respectively.

According to Table 5.1, Sec. 5.1.1.2, the input to the transmitter neural network
has the dimension M + n · s, while the output ANN dimension is n · s. The archi-
tecture assumes a single layer in both the forward and backward recurrent passes.
Therefore, the number of nodes at the transmitter per single direction is given by

M+n · s+n · s = M+2n · s.

The network architectures in both directions are identical and thus the number of
nodes in the bidirectional RNN at the transmitter becomes

M+2n · s+M+2n · s = 2M+4n · s. (B.1)

At the receiver, the input dimension of the neural network, specified in Table 5.2,
Sec. 5.1.2.2, is n · s+ 2M, while the input to the hidden layer is 2M. Accordingly,
the number of nodes (in a single direction) is thus

n · s+2M+2M = 4M+n · s.

Accounting for the backward direction at the receiver, which used identical hyper-
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parameters, the total number of nodes at the receiver BRNN accumulates to

4M+n · s+4M+n · s = 8M+2n · s. (B.2)

As explained in Sec. 5.1.2.2, a final softmax layer is applied at the output of the
receiver BRNN to obtain probability vectors of size M used for the optimisation and
error counting procedures. This layer’s input is the concatenation of the outputs in
the hidden layers (each of dimension 2M) for the forward and backward processing,
the size of the concatenated input vector thus becomes 4M and the number of nodes
for the softmax stage correspondingly become

4M+M = 5M. (B.3)

The total number of nodes in the vanilla SBRNN design of the auto-encoder can
then be obtained by adding up Equations (B.1), (B.2), and (B.3), resulting in

2M+4n · s+8M+2n · s+5M = 15M+6n · s, (B.4)

which is the expression used in the summary provided in Table 5.4, Sec. 5.3.1.3.

B.2 Counting the floating point operations

For the investigation in Sec. 5.3.3.3, the number of floating point operations re-
quired per encoded/decoded bit were considered as a metric which indicates the
computational complexity of the SBRNN auto-encoder. In particular, as explained
in Sec. 5.3.3.1, a vanilla SBRNN auto-encoder was used for this investigation. In the
following, the expression for the number of floating point operations per encoded
bit at the transmitter, given by Eq. (5.36), Sec. 5.3.3.3, is derived step-by-step. For
this calculation, the number of floating points operations (FLOPS) in matrix multi-
plication was used, which for matrices A ∈ Ra×b and B ∈ Rb×c is given by [133]

O(bac) = (2b−1)ac. (B.5)

As described in Sec.5.1.1.2, the input vector to the neural network has the size(
1T

m,t
−→x T

t−1

)T
∈RM+n·s, as it is a concatenation between the current one-hot vec-

tor of size M and the previous transmitter output of size n · s. In the forward BRNN

direction, it is multiplied as Wfw

(
1T

m,t
−→x T

t−1

)T
, by a weight matrix with dimen-

sions Wfw ∈ Rn·s×(M+n·s). Using Eq. (B.5), the number of FLOPS for this opera-



B.2. Counting the floating point operations 154

tions is calculated as

(2(M+n · s)−1)n · s ·1 = 2n · s(M+n · s)−n · s.

Identical multiplication is performed in the backward direction of the BRNN, in-
creasing the number of FLOPS to

2n · s(M+n · s)−n · s+2n · s(M+n · s)−n · s = 4n · s(M+n · s)−2n · s. (B.6)

As explained in Sec. 5.3.3.3, in addition to the FLOPS associated with matrix multi-
plication, the complexity investigation also considered the floating point operations
performed for the bias addition and the application of the activation function. In
particular a bias vector bfw ∈Rn·s is added to the product Wfw ∈Rn·s×(M+n·s) in the
forward direction. The operation is identically performed in the backward pass. As
a result, the FLOPS performed by the transmitter become

4n · s(M+n · s)−2n · s+n · s+n · s = 4n · s(M+n · s). (B.7)

For the activation function (applied element-wise) at the output neural network layer
of size n ·s, it was assumed that a single FLOP per element is performed. As a conse-
quence, the total number of FLOPS in the BRNN transmitter, including the FLOPS
(2n · s) from the activation functions in both the forward and backward passes, ac-
cumulates to

FLOPS[SBRNN-TX] = 4n · s(M+n · s)+2n · s = 2n · s(2(M+n · s)+1). (B.8)

The BRNN transmitter encodes log2(M) bits of information into n · s samples and
thus the number of FLOPS per processed bit becomes

FLOPS[SBRNN-TX]
pdb =

2n · s(2(M+n · s)+1)
log2(M)

, (B.9)

which concludes the derivation of the expression from Eq. (5.36), Sec. 5.3.3.3.
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Data collection in the experiments

C.1 SBRNN auto-encoder
The training data was formed by the sequences with indices i ∈ {1, . . . ,720} and
was organised as follows

DAE
test :=


yT

1,1...N yT
2,1...N yT

3,1...N yT
4,1...N

yT
5,1...N yT

6,1...N yT
7,1...N yT

8,1...N
...

...
...

...
yT

717,1...N yT
718,1...N yT

719,1...N yT
720,1...N

 , (C.1)

LAE
test :=


m1,1...N m2,1...N m3,1...N m4,1...N

m5,1...N m6,1...N m7,1...N m8,1...N
...

...
...

...
m717,1...N m718,1...N m719,1...N m720,1...N

 , (C.2)

where DAE
train ∈ R180×4·N·n·s consists of the data elements yi, j and LAE

train ∈ R180×4·N

contains the label elements mi, j. During the procedure of training the receiver on
measured data (see Sec. 6.5.1) a window of V columns is picked to form the mini-
batch on each stochastic gradient descent optimisation step. More specifically, at
an optimisation step s, the mini-batch of elements1 DAE[:,s : (s+V )] was processed
by the receiver to obtain corresponding output probability vectors, where V is the
training window which was fixed to V = 10. The cross entropy loss between the
input messages LAE[:,s : (s+V )] and the probability outputs was computed and
averaged before completing a single iteration of the optimisation algorithm.

To ensure a sufficiently large mini-batch of independent examples, when form-
ing the data-sets, one full DAC load was split into two parts, treated indepen-

1Note that the MATLAB notation A[:, i : j] is used to denote extracting the j− i+1 columns of
column indices i, i+1, . . . , j from A.
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dently by the learning algorithm, e.g.
(

yT
1,1...N yT

2,1...N yT
3,1...N yT

4,1...N

)
and(

yT
5,1...N yT

6,1...N yT
7,1...N yT

8,1...N

)
. It was verified that convergence of the loss

is achieved within one epoch of the training data, which was used as a stopping
criterion. The remaining sequences with indices i ∈ {721, . . . ,Z}, which are in-
dependent from the training data, were used to form the testing data, identically
organised in DAE

test and LAE
test.

C.2 Reference PAM systems
Sequences i ∈ {1, . . . ,90} were used for training, organised as

DPAM
train :=



yT
1,1 . . . yT

1,N/2

yT
1,N/2+1 . . . yT

1,N
... . . . ...

yT
90,1 . . . yT

90,N/2

yT
90,N/2+1 . . . yT

90,N


(C.3)

LPAM
train :=


m1,1 . . . m1,N/2

m1,N/2+1 . . . m1,N
... . . . ...

m90,1 . . . m90,N/2

m90,N/2+1 . . . m90,N

 (C.4)

where DPAM
train ∈ R180×N·n/2 consists of the received elements yi, j and LPAM

train ∈
R180×N/2 has the elements mi, j. During the DSP optimisation for the deep learning-
based PAM systems (see Appendices C.2.1 and C.2.3), a window of W from the
data was picked column-wise to form a mini-batch. Similar to the auto-encoder
training, one full DAC load was split into two parts that are independently treated by
the DSP, e.g.

(
yT

1,1 . . .y
T
1,N/2

)
and

(
yT

1,N/2+1 . . .y
T
1,N

)
, ensuring an identical mini-

batch size. Again, one epoch over the training data was performed during optimisa-
tion, while the testing was carried out using the disjoint set of remaining sequences
with indices i ∈ {91, . . . ,100}, identically formed as DPAM

test and LPAM
test .

C.2.1 Optimisation of the SFFNN receiver
The receiver ANN parameters in this scheme were optimised using the experimental
data as follows: At an iteration s, the mini-batch of elements DPAM

train [:,s : (s+W )] was
processed by the FFNN to obtain the corresponding output probability vectors. The
average cross entropy loss between these outputs and the input messages LPAM

train [:
,s+ W−1

2 ] was computed to complete an optimisation step of the FFNN parameters



C.2. Reference PAM systems 157

via backpropagation and SGD using the Adam algorithm (see Chapter 2.

C.2.2 Optimisation of the Volterra receiver
The first and second order Volterra filter coefficients were optimised using the MAT-
LAB fitlm function for linear and polynomial regression. The optimisation of
the coefficients was performed on a randomly chosen pair of transmitted sequence
LPAM

train [i, :] and received samples DPAM
train [i, :].

C.2.3 Optimisation of the SBRNN receiver
The elements of the collected PAM datasets DPAM

train and LPAM
train were used in the train-

ing algorithm. At an iteration s of the optimisation algorithm, the mini-batch of ele-
ments DPAM

train [:,s : (s+V )] was processed by the BRNN to obtain the corresponding
output probability vectors. The average cross entropy loss was computed between
the input messages LPAM

train [:,s : (s+V )] and the probability outputs. Then the opti-
misation step of the BRNN was completed via backpropagation and SGD using the
Adam algorithm (see Chapter 2. The training window was fixed to V = 61, such that
the scheme was trained with a processing memory identical to the auto-encoder.



Appendix D

Acronyms

ADC Analogue-to-digital converter

ANN Artificial neural network

AWGN Additive white Gaussian noise

BER Bit error rate

BRNN Bidirectional recurrent artificial neural network

DAC Digital-to-analogue converter

DBP Digital backpropagation

DD Direct detection

DL Deep learning

DSP Digital signal processing

EDFA Erbium-doped fibre amplifier

FEC Forward error correction

FFE Feedforward equaliser

FFNN Feedforward artificial neural network

FFT Fast Fourier transform

FTTH Fibre-to-the-home

FLOPS Floating point operations

GAN Generative adversarial network
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GD Gradient descent

GRU Gated recurrent unit

HDD Hard decision decoding

HD-FEC Hard-decision forward error correction

IFFT Inverse fast Fourier transform

IM Intensity modulation

IM/DD Intensity modulation/direct detection

ISI Intersymbol interference

LDBP Learned DBP

LPF Low-pass filter

LSTM Long short-term memory

LSTM-GRU Long short-term gated recurrent unit

MAP Maximum a-posteriori probability

ML Machine learning

MLSD Maximum likelihood sequence detection

MZM Mach-Zehnder modulator

NLSE Nonlinear Schrödinger equation

PAM Pulse amplitude modulation

PD Photodiode

PDE Partial differential equation

PIN Positive-intrinsic-negative

PON Passive optical network

PRBS Pseudo-random binary sequence

PS Probabilistic shaping
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ReLU Rectified linear unit

RNN Recurrent artificial neural network

SBRNN Sliding window bidirectional recurrent artificial neural network

SER Symbol error rate

SFFNN Sliding window feedforward artificial neural network

SGD Stochastic gradient descent

SNR Signal-to-noise ratio

SSFM Split-step Fourier method

SSMF Standard single mode fibre

TDM Tunable dispersion module

TIA Trans-impedance amplifier

t-SNE t-distributed stochastic neighbor embedding
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