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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.
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