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Abstract

Telecommunication systems, integral to modern society, facilitate seamless informa-
tion transmission across vast distances via wired and wireless networks. The surge in
data demand, fueled by smartphone adoption, IoT devices, and streaming services,
has expanded the role of these systems beyond communication to encompass critical
information access, business operations, and entertainment [1].

As data demands soar, telecommunication providers confront challenges meeting
user requirements. This compels substantial investments in network capacity, 5G
technology deployment, and existing infrastructure optimization for enhanced data
transmission efficiency [1]. Amid these challenges, machine learning (ML) emerges as
a potent tool to transform telecommunication performance. ML techniques, applica-
ble in signal processing, network optimization, security enhancement, and personal-
ized services (2], are reshaping telecommunication systems. This ongoing integration
promises continuous technological advancement in communication.

We harness the power of machine learning to address critical challenges spanning
wireless and optical communications domain. We explore innovative methodologies,
algorithms, and techniques that can elevate the performance and signal quality of
communication networks. In the first part of our research we explore the use of
transfer learning and reinforcement learning for network slicing in industrial scenar-

ios. Here, we seek to optimize resource allocation and network management, ensuring
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efficient and adaptable communication systems for diverse industrial applications [3].
Transitioning our focus to optical fiber communication systems, which serve as the
fundamental backbone for the burgeoning 5G networks, our primary objective is to
tackle the formidable challenge posed by nonlinear effects. These nonlinear phe-
nomena have emerged as a critical bottleneck impeding the realization of high-speed
optical communications [4]. Through machine learning techniques, we aim to mit-
igate these nonlinearities, unlocking the potential for faster and more reliable data
transmission. As we delve deeper into the intricacies of optical fiber systems, we ex-
plore the dynamic behavior of ultrashort pulses within nonlinear fibers [5]. Leveraging
neural networks, we develop models capable of predicting and reconstructing these
intricate pulse dynamics. This breakthrough not only enhances our understanding
of pulse dynamics but also facilitates the design of more robust optical communica-
tion systems [6]. In the final phase of our research journey, we tackle the challenge
of deploying deep neural networks within real-time systems. To this end, we pro-
pose a model compression method utilizing knowledge distillation. This innovative
approach allows us to distill the vast knowledge contained within our deep neural
networks into more compact architectures, enabling their seamless integration into
real-world latency-sensitive communication systems [7].

In summary, the combination of telecommunication systems and machine learning
has the potential to reshape communication technology fundamentally. As ML tech-
niques continue to advance and become more seamlessly integrated into telecommu-
nication networks, we can expect improved performance, enhanced user experiences,
and a transformative impact on how information is transmitted, received, and utilized
in our increasingly connected world. Our work explores some facets of the same and

the findings are encouraging.

Vil



Contents

Certificate i
Acknowledgments iii
Abstract vi
List of Figures xviii
List of Tables XX
List of Abbreviations xxii

1 Introduction 1
1.1 Overview . . . . . . . oL 1
1.2 Motivation and Scope . . . . . . ... 6

1.2.1 Imtroduction . . . . . . .. .. ..o 6
1.2.2  5G Network Slicing . . . . . . .. ... ... L. 6
1.2.3 Nonlinear Compensation in Coherent Communication Systems 8
1.2.4  Ultrashort Pulse Propagation . . . ... ... ... ... ... 9
1.2.5 Knowledge Distillation for Nonlinear Schrodinger Equation . . 12
1.3 Challenges & Objectives . . . . . . . . . . . ... .. ... .. .... 13
1.4 Major Contributions of the Thesis . . . . . . ... ... .. ... ... 16

viil



1.5 Layout of the Thesis . . . . . . . .. .. ... ... ... ... .... 19

Technological Background and Literature Review 21
2.1 Machine Learning . . . . . . . . ... 21
2.1.1 Supervised Learning . . . . . . . ... ... L. 23
2.1.2  Training Process of Neural Networks . . . . .. .. ... ... 28
2.1.3 Reinforcement Learning . . . . . .. ... ... ... ... .. 31
2.1.4 Transfer Learning . . . . . . . . . .. ... oL 37
2.2 5G Network Slicing . . . . . . . .. ... 40
2.2.1 Imtroduction . . . . . .. ..o 40
2.2.2  Categories of services in 5G Slicing . . . . .. ... ... ... 42
2.2.3 ML based approach for network slicing . . . . .. .. ... .. 44

2.3 Nonlinear compensation in Coherent Optical Communication Systems 46

2.3.1 Introduction . . . . . . . ... 46
2.3.2  DSP for Coherent Optical Communication Systems . . . . . . 51
2.3.3 ML techniques for Nonlinear Compensation . . . ... .. .. a7
2.4 Ultrashort Pulse Propagation . . . ... ... ... .. .. ...... 59
2.4.1 Introduction . . . . . . . ... 59
2.4.2 Measuring Ultrashort Pulses . . . . . . ... .. .. ... ... 61
2.4.3 ML for characterizing Ultrashort Pulses. . . . . . . . . .. .. 62
2.5 Knowledge Distillation . . . . . . . ... ... o000 64
2.5.1 Introduction . . . . . . . ... 65
2.5.2  Training the student-teacher model . . . . . . . .. ... ... 65
2.5.3 Recent developments in Knowledge Distillation . . . . . . .. 67

Leveraging Transfer Learning for 5G Slicing in Industrial Networks 70
3.1 Introduction . . . . . . . . .. ... 70

1X



3.2
3.3

3.4

3.5

3.6

3.1.1 Proposed Work . . . . ... ... ... 72

System Model . . . . . . . . .. ... 73
Problem Formulation . . . . . ... ... ... ... .. 76
3.3.1 The Reinforcement Learning Problem . . . . . . . . . ... .. 7
3.3.2 The Transfer Learning Problem . . . . .. ... ... ... .. 79
Proposed Solution . . . . . . .. .. ... ... 80
3.4.1 Algorithm design for Deep Reinforcement Learning . . . . . . 80
3.4.2 Proposed Transfer Learning Approach . . . . ... ... ... 81

3.4.3 Summarized Transfer learning (TL) aided deep reinforcement

learning (DRL) algorithm . . . . . ... ... ... ... ... 81
Numerical Results . . . . . . .. ... ... o 82
3.5.1 Simulation setup . . . . .. ..o 82
3.5.2 Baseline scenario with DRL . . . . . .. ... .. ... ... . 85
3.5.3 TL aided approach . . . . . .. ... .. ... ... ...... 87
SUMMAry . . . . . 90

Transformers for Nonlinear Equalization in Coherent Optical Com-

munication Systems 93
4.1 Introduction . . . . . . . .. oL 93
4.2 Proposed Work . . . . . ..o 95
4.3 System Architecture and Methodology . . . . . . . .. .. ... ... 96
4.3.1 System Setup . . . .. ... 96
4.3.2 Transformer Architecture. . . . . . . .. ... ... ... ... 99
4.3.3 Training Data Preparation . . . . . . . .. ... .. ... ... 101
4.4 Results . . . . . . . 103
4.4.1 'Training Data and Feature Extraction methods . . . . . . .. 104
4.4.2 Transformer Architecture. . . . . . . . ... ... ... .. .. 109



4.5

4.4.3 Simulation Results . . . . . . . . . ... 112
4.4.4 Computational Complexity Analysis . . . . ... .. .. ... 119
Conclusions and Future Outlook . . . . . . . . . .. .. .. ... ... 123

Neural Network architectures for modelling Nonlinear Optical Pulse

Propagation 125
5.1 Introduction . . . . . . .. .. 125
5.2 Proposed work . . . . ... 127
5.3 Methodology . . . . . . . .. 129
5.3.1 Forward mapping of the NLSE . . . . .. ... ... ... .. 130
5.3.2 Reverse mapping of the NLSE . . . . . .. ... .. ... ... 133
5.3.3 [ and y parameter prediction . . . . . . . ... ... L. 134
54 Results . . . . . .. 134
5.4.1 NN Architectures Analysis . . . . .. ... ... ... ... .. 134
5.4.2 Simulation Results . . . . . ... ... ... ... ... .. 143
5.4.3 [ and ~ parameter prediction . . . . .. ... ... 157
5.4.4 Training FCNN for different parameters . . . . . .. ... .. 158
5.5 Discussions . . . . . .. 161
5.6 Summary . o.o.o. ..o 167

OptiDistillNet: Learning nonlinear pulse propagation using the student-

teacher model 169
6.1 Introduction . . . . . . . .. ... 169
6.2 Proposed Work . . . . . . ... 171
6.3 Methodology . . . . . . . . ... 172
6.3.1 Training Data . . . . . . . ... ... oo 175
6.3.2 Student Training loss functions . . . . . . .. ... ... ... 177

x1



6.3.3 Network architecture . . . . . . . . . .. ... ... 178

6.4 Results . . . . . . . 179
6.5 Summary . . ... .. 190
7 Conclusions and Future work 192
7.1 Conclusions of this research . . . . . . . . . . .. ... ... ... .. 192
7.2 Future work . . . . . . 195
List of publications 199
Bibliography 200
Technical Biography of the Author 220

xii



List of Figures

1.1

2.1
2.2
2.3
2.4
2.5
2.6
2.7
2.8

2.9

2.10

2.11

2.12

3.1

A simplified overview of 5G network with optical fiber as the backhaul

The three types of learning in ML . . . . ... ... ... ... ...
Architecture of a multilayer perceptron with 3 hidden layers . . . . .
The Transformer- model architecture [56] . . . . .. ... ... ...
[lustration of the Neural Network Training Process . . . . . . .. ..
Actor-Critic network reinforcement learning algorithm. . . . . . . . .
Comparison of Model Transfer and Feature Transfer Techniques

Network Slicing in 5G . . . . . . ... ... Lo
Transfer learning technique : NN pretrained on one factory environ-
ment is leveraged to enhance performance of a different factory envi-
ronment. . ... L Lo e
Overview of a coherent optical communications system setup . . . . .
Schematic of digital back propagation . . . . . . . .. ... ... ...
Trained NN used for prediction of temporal and spectral intensity
points of the pulses ; I : Temporal Intensity , S : Spectral Intensity . .

Knowledge distillation framework . . . . . . . ... ... ... ....

An example of temporal evolution of the production activities and their

mutual dependencies. . . . . . .. ...

xl1il

22
24
26
30
33
38
42

45
48
56

64
66



3.2

3.3
3.4
3.5
3.6
3.7
3.8

3.9

3.10

3.11

4.1
4.2
4.3

4.4
4.5
4.6
4.7
4.8
4.9

DRL agent optimizing spectrum allocation for network slices by ex-

ploiting the relationship between network KPIs and production status 77

Production state evolution . . . . . . . ... ... ... L. 84
Traffic pattern for all slices . . . . . . .. .. ... ... ... ..... 84
Comparison between activation functions and exploration strategies . 86
Comparison among memory buffer sizes for production state history . 86
Traffic demand of the TL scenario compared with the baseline scenario 88

Cumulative reward obtained by the model trained from scratch and
TL models during training . . . . . . . . .. .. .. .. 89

Performance of slice Robots during testing in terms of average values

and confidence intervals . . . . ... ... 91
Performance of slice AGVs during testing in terms of average values
and confidence intervals . . . . .. ... ... L. 91
Performance of slice Containers during testing in terms of average val-

ues and confidence intervals . . . . . . . . ... 91

System Setup of a DP-16QAM coherent optical communication system 97
Transformer architecture and training data preparation . . . . . .. 102
Q factor Vs. Fiber length for different hyper-parameters; d : dropout,

ff: feedforward . . . .. ..o Lo 107
Training curves for different feature extractors . . . . . . . . ... .. 108

SER vs window showing the optimum window length for our experiments109

Training curves for different window lengths . . . . . . . . . ... .. 110
Training the Transformer model . . . . . . . ... ... ... .... 111
Testing the trained Transformer model . . . . . . . .. .. ... ... 111
Q factor Vs. Fiber length for DP-16QAM single channel system . . . 113

Xiv



4.10 Q factor Vs. LOP for a distance of 640km for DP-16QQAM single chan-
nel system. BiLSTM gives 0 symbol errors for a LOP of -3 dBm while

transformer gives 0 symbol errors corresponding to LOP in the range

of -3to-1dBm . . ... .. . 114
4.11 EVM comparison for CDC, DBP, LSTM and transformer . . . . .. 115
4.12 Constellations before (blue) and after NLE using Bi-LSTM and Trans-

former for a LOP of 0dBm and 1200 km fiber length. . . . . . . . .. 117
4.13 Visualizing EVM calculation . . . . .. ... ... ... ... .... 118

4.14 Computational complexity analysis of DBP, FCNN, BiLSTM and Trans-

former . . . . . 122

5.1 System diagram for training a NN using error backpropagation for
learning the forward and reverse mapping. Arrows on the top show
the input and target data for forward mapping while arrows at the
bottom are for reverse mapping; I: Temporal Intensity, S: Spectrum,
OSA: Optical Spectrum Analyser . . . . . ... ... ... ...... 131
5.2 FCNN (all nodes of one layer connected to all nodes of next layer) and
CaNN (includes connections between alternate layers) . . . . . . . .. 137
5.3 Convolutional NN : Convolutional + Rel.u layer: Feature extraction,
Output layer: Regression . . . . . . . . . ... ... ... ... ... 139
5.4 LSTM (LSTM layer 1 only): red connections and BiLSTM (LSTM
layerl + LSTM layer2): dashed connections, Common: solid black . . 141

5.5 Estimating the temporal characteristics of the O/P pulse for a known

5.6 Estimating the spectral characteristics of the O/P pulse for a known

XV



5.7

5.8

2.9

0.10

5.11

5.12

5.13

5.14

5.15
5.16

5.17

5.18

5.19

5.20

5.21

Estimating the temporal characteristics of the O/P pulse for an un-
known fiber. . . . . ...
Estimating the spectral characteristics of the O/P pulse for an un-
known fiber. . . . . ...
Estimating the temporal characteristics of the O/P pulse for anomalous
and normal dispersion regime (Case 4,5). . . . . . ... ... ... ..
Error Histogram of the FCNN for the forward mapping (Case 2 in
Table 5.1). . . . o oo

Reconstruction of the temporal characteristics of an I/P pulse using

Reconstruction of the temporal characteristics of an I/P pulse. . . . .
Reconstruction of the spectral characteristics of an I/P pulse.
Estimating the temporal characteristics of the FCNN trained for learn-
ing the forward and reverse mapping for an unchirped pulse. . . . . .
Error Histogram of the FCNN for the reverse mapping (Case 2)
Comparing the v and (35 values of 10 commonly used HNLF' [130] with
NN predicted values. . . . . . . . . . . ... ...
MSE vs length of the fiber for learning the forward and reverse mapping
for a pulse of width 1ps, C = -2, 8y = ps*/km and v = 30W ! /km
Estimating the temporal characteristics of the FCNNs trained for learn-
ing the forward and reverse mappingof 85 . . . . . . . .. ... ...
Estimating the spectral characteristics of the FCNNs trained for learn-
ing the forward and reverse mappingof 3 . . . . . . . .. ... ...
Reconstructing the temporal profile of a pulse of width 0.5 ps trans-
mitted through a SSMF. . . . . .. ... ... ... .

Training curves of different NNs for learning the forward mapping

Xvi

148

148

149

149

153

154

154

155
156

157

159

159

160

160



5.22

5.23

5.24

0.25

6.1

6.2

6.3

6.4

6.5

6.6

Training curves of different NNs for learning the reverse mapping (Case

MSE vs dispersion of the fiber for forward and reverse mapping for a
pulse of width 1ps, C = -2 and v =10W~Y/km . . .. .. ... ...
MSE vs « of the fiber for forward and reverse mapping for a pulse of
width 1ps, C = -2 and By = 17ps®/km . . . . . . ... ... .. ...
MSE vs pulse width of the fiber for forward and reverse mapping for
C=-2 py=17ps*/kmand vy =10W " /km . . ... ... ... ...

Training a shallow student network using knowledge transfer from the
teacher network . . . . . . . ...
Details of network architecture and loss function for teacher (top) and
student (bottom) network with 91.23% distillation rate. The values
inside rectangular boxes indicate the spatial dimension of the convolu-
tional feature. . . . . . . . ..
Comparison of teacher and student networks in terms of the trainable
parameters and MSE . . . . ... ..o
Training curves of the teacher, student trained independently and pro-
posed OptiDistillNet . . . . . . . . . .. ...
Comparison between the teacher, student (trained independently) and
OptiDistillNet for the reconstruction of temporal domain curves of the
pulses after propagation . . . . . .. ... .. ... L.
Comparison between the teacher, student (trained independently) and
OptiDistillNet for the reconstruction of spectral domain curves of the

pulses after propagation . . . . . .. .. ... ... L.

Xvil

162

163

164

164

175

176

182

183

186



6.7

6.8

7.1
7.2

Comparison between the teacher, student (trained independently) and
OptiDistillNet for the reconstruction of temporal domain curves of the
pulses after propagation . . . . . ... ... ... L.
Comparison between the teacher, student (trained independently) and
OptiDistillNet for the reconstruction of spectral domain curves of the

pulses after propagation . . . . . . ... ...

Adapting the Transformer nonlinear equalizer for WDM systems . . .
RBM being used as a feature extractor for the Transformer nonlinear

equalizer . . . . . .. L

xviii



List of Tables

2.1

2.2

3.1

4.1
4.2
4.3
4.4

5.1
5.2

5.3

5.4

5.9

Summary of ML techniques addressing nonlinearities categorized by
nonlinearity type and system setup . . . . . . ... ... ... ...
ML techniques employed for NLC along with the system configurations

and limitations . . . . . . . .
System Setup . . . . . ...

System Parameters . . . . . . . .. ... oL
Transformer Architecture . . . . . . . . . .. ... L.
BiLSTM architecture . . . . . . . . .. .. ... ...
EVM values for difference techniques at 1200 km . . . . . . . . . ..

Pulse and Fiber parameters used for creating the training dataset. . .
Hyper-parameters selection process of FCNN, CaNN and CNN for the
forward mapping . . . . .. ..
Hyper-parameters selection process of RNNs for the FORWARD MAP-
PING . . .
Hyper-parameter selection process of FCNN, CaNN and CNN for the
REVERSE MAPPING . . . .. ... . ... ... .. ... . .....
Hyper-parameter selection process of RNNs for the REVERSE MAP-
PING . . .

Xix



5.6

6.1

6.2

6.3

6.4

Training parameters for testing the generalization performance of FCNN.158

Comparison of different NN architectures. The second column de-
scribes the architecture of the network in the following order: [Size of
input layer, hidden layer neurons, size of output layer] . . . . . . . ..
Performance comparison of different CNN models for a training dataset
of 7.10°. The second column represents the size of the input channels
in each convolution layer. . . . . .. . ... ... ...
Performance comparison of student networks trained using CNN5 as
the teacher. . . . . . . . . ..
Comparison of the teacher network, student network trained indepen-
dently and OptiDistillNet in terms of the size of training data, MSE

and trainable parameters. . . . . . . . ... ... ...

XX



List of Abbreviations

BiLSTM Bidirectional long short term memory. 9, 95, 128

CaNN Cascade Neural Network. 128

CNN Convolutional Neural Network(s). 18, 24, 128

DBP Digital Backpropagation. 8, 55, 95

DDPG Deep Deterministic Policy Gradient. 32, 34, 72, 85
DNN Deep Neural Network(s). 169

DRL Deep Reinforcement Learning. 7, 80, 92

DSP Digital Signal Processing. 8, 14, 47, 51
EVM Error Vector Magnitude. 114

FCNN Fully connected neural network. 9, 128
FPGA Field-Programmable Gate Array. 69, 195

FWM Four Wave Mixing. 4, 49

GRU Gated Recurrent Unit. 128

poel



GVD Group Velocity Dispersion. 129

KD Knowledge Distillation. 18, 170

LSTM Long short term memory. 128

ML Machine Learning. vi, 21, 125

NLC Nonlinear compensation. 54
NLSE Nonlinear Schrodinger equation. 15, 128, 170

NN Neural Network. 15

QAM Quadrature Amplitude Modulation. 3

RINN Recurrent Neural Network. 24, 140

SPM Self Phase Modulation. 4, 48, 99

TL Transfer Learning. 7, 37, 72, 89

WDM Wavelength Division Multiplexing. 3, 98, 99

XPM Cross Phase Modulation. 4, 49, 99

xxil



	NaveentaGautam_PhD Thesis_2019BSZ8516.pdf
	Certificate
	Acknowledgments
	Abstract
	List of Figures
	List of Tables
	List of Abbreviations
	Introduction
	Overview
	Motivation and Scope
	Introduction
	5G Network Slicing
	Nonlinear Compensation in Coherent Communication Systems
	Ultrashort Pulse Propagation
	Knowledge Distillation for Nonlinear Schrodinger Equation

	Challenges & Objectives 
	Major Contributions of the Thesis
	Layout of the Thesis

	Technological Background and Literature Review
	Machine Learning
	Supervised Learning
	Training Process of Neural Networks
	Reinforcement Learning
	Transfer Learning

	5G Network Slicing
	Introduction
	Categories of services in 5G Slicing
	ML based approach for network slicing

	Nonlinear compensation in Coherent Optical Communication Systems
	Introduction
	DSP for Coherent Optical Communication Systems
	ML techniques for Nonlinear Compensation

	Ultrashort Pulse Propagation
	Introduction
	Measuring Ultrashort Pulses
	ML for characterizing Ultrashort Pulses

	Knowledge Distillation
	Introduction
	Training the student-teacher model
	Recent developments in Knowledge Distillation


	Leveraging Transfer Learning for 5G Slicing in Industrial Networks
	Introduction
	Proposed Work

	System Model
	Problem Formulation
	The Reinforcement Learning Problem
	The Transfer Learning Problem

	Proposed Solution
	Algorithm design for Deep Reinforcement Learning
	Proposed Transfer Learning Approach
	Summarized TL aided DRL algorithm

	Numerical Results
	Simulation setup
	Baseline scenario with DRL
	TL aided approach

	Summary

	Transformers for Nonlinear Equalization in Coherent Optical Communication Systems
	Introduction
	Proposed Work
	System Architecture and Methodology
	System Setup
	Transformer Architecture
	Training Data Preparation

	Results
	Training Data and Feature Extraction methods
	Transformer Architecture
	Simulation Results
	Computational Complexity Analysis

	Conclusions and Future Outlook

	Neural Network architectures for modelling Nonlinear Optical Pulse Propagation
	Introduction
	Proposed work
	Methodology
	Forward mapping of the NLSE
	Reverse mapping of the NLSE
	2 and  parameter prediction

	Results
	NN Architectures Analysis
	Simulation Results
	2 and  parameter prediction
	Training FCNN for different parameters

	Discussions
	Summary

	OptiDistillNet: Learning nonlinear pulse propagation using the student-teacher model
	Introduction
	Proposed Work
	Methodology
	Training Data
	Student Training loss functions
	Network architecture

	Results
	Summary

	 Conclusions and Future work
	Conclusions of this research
	Future work

	List of publications
	Bibliography
	Technical Biography of the Author


