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Abstract
The rapid spread of Fifth Generation (5G) technology has piloted in an era of

extraordinary connectivity, accommodating a vast array of users and transmitting
immense data volumes. Among this growth, the concept of network slicing within the
5G has emerged. Network slicing enables the creation of isolated logical networks
tailored to specific service requirements. However, this advancement has own
challenges; the limited availability of appropriate datasets for constructing a model
capable of classifying network slices that fulfill user requirements. Furthermore, there
1s a necessity to choose network slices in a manner that guarantees optimal network
performance, encompassing low latency and high reliability for each slice.

This dissertation proposes an approach to deal with the 5G network slicing
classification. There are two proposed cases. Case 1 include two models: Model 1, a
hybrid model combining decision tree, random forest, TabNet, and a hybrid PSO-ANN
classifier, is designed for classifying network slicing by handling unbalancing data
sources. The main contribution of this model is using a hybrid model for decreasing the
training time. This model outperforms existing benchmarks on all performance metrics.
Model 2, an enhanced model, combining decision tree, random forest, ANN, and an
enhanced TabNet classifier, is designed for classifying network slicing by handling
tabular data sources. This model gives a good results comparing to an existing
benchmarks on all performance metrics. Both models offer potential reductions in
latency and increased reliability for real-time 5G applications.

While Case 2 include a model that deal with the situation of data scarcity; the
model based on principle of transfer learning approach by utilizing a TabNet and a
decision tree classifier. TabNet, trained on a vast source domain dataset extracts features
and patterns while the fine-tuning process adapts the model to the specific target
domain, enhancing its ability to determine domain-specific patterns and improve

classification accuracy.



The first model of case 1 achieved an accuracy (97%), compared to the benchmark
model (96.6). While the second model exhibited comparable performance with (98%)
compared to the benchmark model (96.6%). Furthermore, case 2 Model (Transfer
Learning with TabNet) demonstrated significant accuracy gains, conduct extensive
experiments using a three cases of limited dataset (100, 200 and 300 instances)
representative of 5G network scenarios. The experimental results demonstrate that the
transfer learning approach achieves good classification accuracy (75%,77% and 78%)
respectively for three data set cases compared to situations before using transfer
learning where accuracy is (70%,75% and 73%). Finally, the high accuracy the
proposed models suggest a potential reduction in latency and improve reliability,

critical for real-time applications and services.
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Chapter One General Introduction

Chapter One

General Introduction

1.1 Introduction

The utilization of telecommunication networks has evolved considerably in the
last two decades, including the number of users connected and the volume of data
transmitted. The service-oriented design of the Fifth Generation (5G) architecture
enables a multi-service network to handle a variety of communication scenarios with
a wide range of performance and service needs, and to supply all types of services to
all types of user requirements [1, 2].

The deployment of new technologies is significantly increasing network
costs, including Capital Expenditure (CAPEX) and Operational Expenditure
(OPEX) because of the rapid growth in the number of connected terminals and
mobile devices (smartphones, tablets, [oT devices, and so on). So, to meet the various
service requirements, the Cloud Radio Access Network (C-RAN) architecture has
been suggested as a possible 5G design. The primary idea behind C-RAN is to
separate Base Band Unit (BBU) from antennas and combine processing power into
centralized data centers, or BBU pools. To increase resource usage and reduce
network costs, several Base Stations (BS) will share the BBU computation pools [3].

An essential component of the 5G network is network slicing, which enables
the creation of numerous isolated logical networks over the same physical
infrastructure. A slice is created with the goal of enabling various use cases with
various service needs. Due to the vast array of new networking services, 5G mobile
networks have diverse service needs. The network slicing model has therefore
evolved since the "one size fits all" networking notion is not appropriate for 5G and
beyond. In order for each logical network to be tailored to provide certain network
capabilities and features for a particular use case, the physical network is divided into

a number of logical networks (referred to as "network slices") [1, 4, 5].
1
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To be more precise, a network slice is a tenant's own private, isolated
subnetwork, complete with set of topology, virtual resources, provisioning rules ,
and traffic flows. Logical networks are constructed and deployed to various services
to satisfy the diverse communication requirements of users by monitoring the
demands of users and administrators. Because network slicing enables dynamic,
flexible, and scalable networks to adapt quickly to changing business requirements,
network slice is often recognized as a key enabler of 5G systems [6].

Smart decisions must be made regarding the construction, design,
operation, deployment, management, and administration of a network slice; In order
to effectively meet the Quality of Service (QoS) requirements of the service intended
to be delivered through a network slice. Analyzing a massive amount of data in a
short amount of time is a challeng for a human to manually design and run network
slices. Therefore, automation of these tasks is required. Network slicing operations
can be automated thanks to Machine Learning (ML) and Deep Learning (DL) [5].

In addition to these, ML will be required for 5G networks and future use
cases. In general, ML algorithms can process massive amounts of data, spot outliers,
anticipate outcomes, and adjust rapidly to new circumstances. ML is able to enhance
and automate network management thanks to the presence of such features. Actually,
ML can be helpful in a variety of scenarios, including QoS prediction, power savings,
operation, fault management, maintenance, network setup, power control, coverage,
and throughput [7].

DL is a subset of ML and consists of three learning methods: unsupervised,
semi-supervised, and supervised. DL has received more attention from academics
and companies in recent years than standard techniques to ML. DL has been the most
widely used computational approach achieving remarkable outcomes on a wide
range of complex cognitive tasks, matching, or even outperforming human

performance. One of the advantages of deep learning is the ability to learn from
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massive amounts of data. DL has surpassed well-known ML algorithms in a variety
of domains, including networking cybersecurity, natural language processing,
bioinformatics, robotics and control, and medical information processing [8].

In networking for instance, DL can cause network automation to update the
resources that are accessible and make changes immediately. In addition to
processing and supplying information, DL will be tasked with adapting network
resource use without human involvement. The greatest judgments will be made by
combining a range of criteria, maybe too numerous for a person to evaluate all at
once or to be able to process quickly. For every particular slice, DL will do real-time
analysis to assess network performance, establish a prospective performance
baseline, be proactive in predicting issues, examine various network components,
and look for any anomalies [9].

Accurate service classification in 5G networks enables intelligent resource
allocation, quality-of-service optimization, and network traffic management.
However, building effective classification models relies heavily on the availability
of labeled data for training. In practice, generating a large-scale labeled dataset is
often challenging. This scarcity of labeled data poses a significant hurdle to achieving
accurate service classification in 5G networks [10].

Also, a tabular data makes another challenge because of many issues,
including lack of locality, mixed feature types (numeric, ordinal, categorical), data
sparsity, and a lack of previous understanding of the dataset structure (unlike with
text or images) [11]. Moreover, unbalancing data can be more challenging to deal
with, which means that some classes have a significantly higher number of examples
in the training set than other classes [12].

Service classification facing challenges due to a scarcity of data from the
networks that is used by a small number of users. Therefore, to address above

challenges, Transfer Learning (TL), combined with DL models, has emerged as a
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promising approach. Transfer learning leverages pre-trained models that are trained
on large-scale datasets from related domains and adapts them to the target
classification task with limited labeled data. By exploiting the knowledge learned
from these pre-trained models, transfer learning enables effective classification even

when faced with scarce datasets [13, 14].
1.2 Problem Statement

The classification of 5G optimal network slice that meet the users demands
1s becoming increasingly significant for effective resource utilization and network
management as 5G networks evolve. Within the domain of 5G network slicing,
significant challenges, arise due to the scarcity of suitable datasets for building a
model capable of classifying network slices that meet user’s requirements,
Additionally, there’s a need to select optimal network slices in a way that ensure
optimal network performance, such as low latency and high reliability of each slice.
Based on the above discussion, the nature of data is a tabular data and unbalanced
data so the complexities of handling such data requires specialized tabular DL. model.
Furthermore. The lack of enough 5G network services dataset and lack of computing
capabilities, which limits the capability of ML/DL classification process: requires
service classification model based on TL principles. By leveraging the knowledge
learned from the pre-training tabular model that can be beneficial for the target task.

1.3 Dissertation Aim

This dissertation aims to explore these challenges and develop solutions to
enhance the efficiency and accuracy of 5G network slicing and classification
processes. Top of Form.

1.4 Dissertation Challenges

Working in the field of 5G network slicing requires the effort and work of large
companies and institutions, so there was a great challenge in obtaining information

related to the topic. 5G network slicing also one of the modern topics that greatly

4
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attracts the attention of researchers. So, the most challenging aspect of this
dissertation was obtaining data. All available datasets were searched, but satisfactory
data could not be found. The search proved to be time-consuming.

1.5 Dissertation Contributions

The main contributions of this dissertation are:

1) Due to the lack of dataset for 5G network slicing: we generated a set of
n features (such as Latency, Jitter, Bit Rate .. etc.) with m of classes (such
as Ultra-High-Definition Video Streaming, Immersive Experience, ...
etc.) that represent 5G network scenarios by examining parameters
derived from International Telecommunication Union (ITU) standards
papers as well as other European studies, instances for each class could
be generated consistently every time. As well as making the number of
instances different for each class and not convergent.

2) To address the challenges of dealing with tabular data and selecting the
optimal network slice that satisfies the requirements of the user of the 5G
network, two models were proposed:

» Case 1: A DL model with two levels. The first level is an Attentive
Interpretable Tabular Learning; TabNet that is interlocked with ML
models. The second level fine-tunes the hyper-parameters using a
proposed metaheuristic approach that hybridizes Deep Neural
Networks (DNN) with Particle Swarm Optimization (PSO). The
model achieved good results for selecting an optimal network slice
compared to the benchmark and compared with each stand alone
model.

» Case 2: A DL model with two levels. The first level is a DNN model

that is interlocked with ML models. The second level is an enhanced
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3)

TabNet model. The model also achieved good results for selecting an

optimal network slice compared to the benchmark.
The scarcity of enough 5G network services dataset and lack of
computing capabilities, which limits the capability of DL classification
process: a service classification model was proposed based on TL
principles. By leveraging the knowledge learned from the pre-training
phase, the pre-trained models can capture useful patterns, feature
representations, and relationships that can be beneficial for the target task.
TabNet model was used as a pre-trained model; Where this model has not

been previously used as a TL model.

1.6 Dissertation Questions

The main questions of this dissertation are:

D

2)

3)

4)

S)

What challenges arise due to the lack of a sufficient dataset for 5G
network slicing, and how was a new dataset generated to address these
challenges?

How does the proposed DL model with two levels address the task of
optimal network slice selection in 5G networks, and how is the hybrid
metaheuristic approach utilized for fine-tuning?

How did the proposed models achieve efficient results for selecting an
optimal network slice compared to the benchmark?

How does dealing with tabular data pose unique challenges for DL, and
how do specialize tabular DL models address these challenges
effectively?

How can TL be used to improve the performance of 5G network service

classification models?
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1.7 Dissertation Objectives

The main objectives of this dissertation are:

1) Carrying out the process of generating dataset for the 5G Network slicing
based on information gathered from Institutions and other.

2) Dealing with tabular data, which is considered as a barrier to DL, unlike
other data types such as images and text; by using a special tabular DL
Models.

3) Dealing with unbalanced data that can be more challenging to work with!
Because unbalanced data can be biased towered majority class making
less accurate in predicting the minority class.

4) Selecting an optimal network slice to satisfy user demand by using a
model that based on tabular DL and ML models followed by hybrid
optimization classifier.

5) Selecting an optimal network slice to satisfy user demand by using a
model that based on DNN and ML models followed enhanced TabNet
model.

6) Dealing with scarce data by applying the TL principle through the use of
a TabNet model.

1.8 Related Works

Many research projects deal with techniques to work with 5G Network. It can
be summarized as follows:
A. Constructing and developing approaches based on network slicing,
B. Constructing and developing approaches based on TL techniques.
1.8.1 Related works in 5G network based on network slicing
In 2018, Costanzo et al. [15] proposed a prototype of Flex Radio Access
Network (RAN) with Software Defined Networking (SDN) controller and Open-Air
Interface (OAI) platform for network slicing in a C-RAN with the objective of

7
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sharing spectrum between different slices in an efficient way with considering their
requirements. The result showed that the proposed prototype has the ability for
providing isolation between multiple slices in a dynamic manner.

In 2019, Costanzo et al. [16] presented a prototype of C-RAN based on the
platform of OAI and Docker container technology, with the aim of distributing the
spectrum resources among multiple slices in an efficient manner. In addition, by
using Internet of Things (IoT) devices orchestrated by the Behavior Crowd Centric
Composition (BeC3) framework and real smartphones, for validating the prototype
ability in configuring in real time each slice. As a result, the prototype enabling
efficient splits of spectrum resources between slices.

In 2019, Gupta et al. [17]; presented a ML based approach to slice allocation in
5G networks. The proposed approach was evaluated using a simulation study with a
variety of traffic scenarios. The results showed that the proposed approach was able
to allocate slices efficiently and achieve good QoS in all of the scenarios.

In 2020, Barmpounakis et al. [ 18] present Cross Layer Controller and SDN with
Software-Defined Radio (SDR) in order to optimize the execution of RAN for 5G
and providing the needed flexibility to the polices of the network slicing. The
suggested system allows for real-time optimization of slicing rules and techniques
between radio and network.

Preciado-Velasco et al. [19] suggested a service classifier in 2021 that employs
ML to increase the accuracy of service categorization in 5G and Beyond Fifth
Generation (B5G) networks. The classifier employs supervised learning, which
means it is trained on a collection of labeled data. The classifier may be used to
categorize services based on Key Performance Indicators (KPIs) and Key Quality
Indicators (KQIs). This enables network operators to choose the best network slice

for each service, hence improving user QoS. The authors of the article ran
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simulations with several ML algorithms and discovered that a Random Forest (RF)
classifier had the greatest accuracy 96.6 %.

Gabilondo et al. [20] proposed two ways for dynamically categorizing the traffic
categories of individual flows and sending them via a specified slice with an
associated 5G Quality-of-service Identifier (5QI) in 2022. The first method routes
all flows via the most appropriate slice for the dominating traffic, while the second
method routes each data flow individually through the slice associated with that
category. The findings reveal that the second strategy outperforms the first by
achieving more control and accuracy in settings with diverse traffic.

Mohammedali et al. [21] presented a 5G End-to-End Slicing (5GE2ES)
paradigm for network slicing in 5G networks in 2023. The model use ML to
categorize and forecast slices across 5G networks in order to optimally distribute 5G
slice resources and ensure QoS. The suggested model outperforms previous
techniques in terms of forecasting 5G service in less time and with less computing
resources. The model is trained using different ML methods, and the best model is
picked to decrease computing power in subsequent networks. The experimental
outcomes show the efficacy of the proposed SGE2ES model for effectively distribute
resources and guarantee QoS while decreasing processing power in future networks.

1.8.2 Transfer learning-based related works in 5G networks

In 2020, Zeng et al. [22] suggested an innovatory technique to wireless cellular
traffic forecast. This method combines TL and cross-domain learning to increase the
accuracy of 5G/B5G cellular network traffic forecast. The technique begins by
training a model on traffic data from a single service or area. The model is then
employed to evaluation traffic statistics from another service or location. In addition,
the model is trained on data from several services, allowing it to identify the
cohesions between various traffic patterns. Experimental results show that the model

significantly improves the prediction accuracy of 5G/B5G cellular network traffic.
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In 2020, Fan et al. [23]; proposed IoT Defender, a TL-based intrusion detection

framework for 5G IoT. [oT Defender leverages the layered and distributed nature of
5G edge computing to perform data aggregation using federated learning and
construct customized detection models through transfer learning. This allows IoT
Defender to achieve high detection accuracy and a low false positive rate, while also
protecting the privacy of the data. Experimental results show that IoT Defender
outperforms traditional methods.

Yi Liu et. al. [24] suggested a safe and intelligent architecture for 5G networks
in 2020, using federated learning as well as TL methodologies. The framework
enhances network performance and ensures privacy preservation by employing
federated learning and TL in the access selection strategies. The federated user
authentication model also ensures privacy preservation and scalability during user
authentication in 5G networks. The experimental findings suggest that the proposed
architecture has the potential to alter 5G networks by delivering a safe, efficient, and
smart alternative.

In 2021, Zeng et al. [25] proposed a Deep Transfer Learning (DTL); to address
the challenge of high training cost for downlink CSI feedback in 5G massive
Multiple Input and Multiple Output (MIMO) systems. DTL fine-tunes a pre-trained
model using a relatively small number of samples in a new wireless environment.
This is accomplished by transferring information from the pre-trained model to the
new model, allowing the new model to generalize more effectively to the new
environment. The experimental findings show that the suggested DTL approach may
achieve equivalent performance to Neural etwork (NN) training on bigger datasets
while drastically lowering training costs.

Guan et al. [26] suggested a DTL based traffic categorization approach for 5G
IoT situations with limited labeled data and compute power in 2021. First, a model

is trained on a big collection of traffic data from other 5G IoT networks. This model
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was then fine-tuned using a small sample of target network traffic data. Experimental
results show that the proposed method can achieve classification accuracies close to
those obtained with the full training dataset. This makes the proposed method a
promising approach for traffic classification in 5G IoT scenarios.

In 2021, Yang et al. [27] presented proposed a Transfer Leaning-enabled edge
Convolution Neural Network (CNN) framework for privacy-preserving image
classification in 5G industrial edge networks. The framework uses TL to fine-tune a
pre-trained CNN model on the edge server using limited datasets uploaded from the
devices. This addresses the energy constraints of devices and limited communication
bandwidth. Experimental results using ImageNet demonstrate that the proposed TL
-enabled edge-CNN framework achieves a good prediction accuracy compared to the
baseline.

Tianlun Hu et al. [28] proposed a new TL-aided Multi-Agent Deep
Reinforcement Learning (MADRL) strategy for inter-cell inter-slice resource
partitioning in 2023. To learn how to split resources across slices, the methodology
employs a coordinated MADRL algorithm with information sharing. The integrated
TL technique distributes information from more experienced to less experienced
agents, accelerating policy deployment and improving approach performance. The
authors used simulations to demonstrate that the suggested technique exceeds current
technologies with respect to convergence speed, efficiency, and sample effectiveness.

The rise of 5G networks carries opportunities together with challenges in
managing diverse user demands through network slicing. While previous research
explored spectrum sharing, allocation, and real-time optimization for slices, a critical
gap remains; accurately classifying user needs for optimal slice selection. Traditional
ML/DL methods face data scarcity, calling for advanced solutions like TL. However,
existing summaries of related works lack details on data used, evaluation metrics,

and focus on the relevant tabular data format. Filling these gaps is crucial to bridge
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the gap between challenges and potential ML/DL and TL solutions for effective 5G

General Introduction

network slicing.

Table 1.1 shows a summary of the earlier research with further information.

Table 1.1: Summary of literature reviews

Year | Authors |  Objective | Approach | Key Findings
Related Works in 5G network based on Network Slicing
Costanzo et al. Eff|C|_ent spectrum Flex RAN prototype | Isolation between
2018 sharing between X : !
[15] L with SDN and OAI slices achievable
slices in C-RAN
- OAI and Docker
Efficient . -
Costanzo et al spectrum container based C EfflCl_ent spectrum
2019 ' . RAN prototype with splits between
[16] allocation among )
) BeC3 and real slices
slices .
devices
Simulation stud Efficient slice
Gupta et al. ML-based slice : X y allocation and
2019 . with various traffic .
[17] allocation ; good QoS in all
scenarios .
scenarios
Barmoounakis Real-time Cross Layer Flexibility for slice
2020 ot arl) [18] optimization of Controller and SDN | policies and real-
' network slicing with SDR time optimization
. ML-based service 96.6% accuracy in
Preciado- o : . .
classifier for Supervised learning service
2021 Velasco et al. . X o
accurate slice with Random Forest | categorization and
[19] : )
selection improved QoS
Individual flow
. : Two methods: routing
. Dynamic traffic . . outperforms
Gabilondo et - dominant traffic and S .
2022 categorization and S dominating traffic
al. [20] . . individual flow )
routing for slices . for improved
routing
control and
accuracy
ML-based slice Efficient resource
Mohammedali categorization and | 5GE2ES model with | distribution, QoS
2023 forecasting for various ML guarantee, and
etal. [21] . . .
optimal resource algorithms reduced computing
allocation power
Transfer Learning-based Related Works in 5G Networks
5G/BSG Network Improve prediction Slign: Ifrlg\a;ggly
2020 Zeng et al. [22] Traffic P P prov
; accuracy prediction
Forecasting
accuracy
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Year Authors Objective Approach Key Findings
5G 10T Intrusion High detection Outperforms
2020 Fan et al. [23] D X accuracy & low false traditional
etection o
positives methods
Promising
YiLiuetal. 5G Network Enhance performance approach f_or
2020 . . secure, efficient,
[24] Architecture & privacy
and smart
networks
s
2021 Zengetal. [25] | Feedback in 5G Reduce training cost P - :
NN training with
MIMO
less data
Accurate Classification
Guan et al. 5G loT Traffic e . accuracy close to
2021 o classification with .
[26] Categorization s full training
limited data
dataset
Prlyacy- Improve accuracy & Good accuracy
Preserving Image
Yang et al. e D reduce compared to
2021 Classification in . . X .
[27] device/bandwidth baseline with
5G Edge . - .
requirements limited device data
Networks
Faster
Tianlun Hu et Inter-Cell Inter- Improved efficiency | convergence and
2023 Slice Resource & sample better performance
al. [28] A : "
Partitioning effectiveness than existing
methods

1.9 Dissertation Outline

The rest of the dissertation is organized as follows:

» Chapter 2: Theoretical Background showed an overview of the
theoretical basics of the methods used in the proposed system.

» Chapter 3: Proposed Systems describes the dynamic stages of the
proposed system design, discussing and detecting each stage in detail, as
well as the algorithms used.

» Chapter 4: Experimental Results and Discussion describe the

experimental outcomes of the proposed system and discusses them in

detail.
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» Chapter 5: Conclusions and Recommendations reviews the conclusions

of the dissertation and provides some recommendations for future work.

14



Chapter Two

Theoretical Background




Chapter Two Theoretical Backeround

Chapter Two

Theoretical Background

2.1 Introduction

This chapter provides an introduction to the essential ideas and
methodologies used throughout this dissertation. The subjects included in this
chapter affect to the evolutionary progress of 5G technology, the notion of (C-
RAN), the practice of network slicing, the use of ML and DL techniques, the
application PSO, the challenges associated with imbalanced data, the analysis of
tabular data, the development of tabular Deep Learning models, the provision of
dataset descriptions, the implementation of TL, and the valuation of evaluation
measures. Finally, this chapter discusses the application of TL and the importance
of using appropriate evaluation measures.

2.2 The Rise of 5G

The definitive standard for 5G mobile network technology was created in
December 2017 by 3rd Generation Partnership Project (3GPP) and the ITU is
responsible for developing 5G technical standards (IMT-2020). The 5G mobile
network uses a high-band spectrum to provide very fast speeds and minimal
latency. Because of 5G higher bandwidth; it connect billions of devices with low
latency and very high speed. Also, according to uploading and downloading
speeds 5G will pass up to 100 times than the Fourth Generation (4G) standards.

Table 2.1 explains a comparison between mobile generations [29, 30].
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Table 2.1: Comparison between Mobile Generations [30]

Mobile Generations
o Third
Criteria Second :
Generation
Generation 2G e =
3G
Introducing 1993 2001 2009 2018
year
Technology GSM WCDMA LTE, WiIMAX MIMO,
mmWaves
OFDM,
?CCQSS TDMA,CDMA | CDMA CDMA
ystem BDMA
Switching L Circuit,
Type Circuit, packet packet packet packet
Network PSTN PSTN packet packet Network
Network
Inter_net Narrowband Broadband | Ultrabroadband ere_l ess World
service Wide Web
Bandwidth 25 MHz 25 MHz 50 MHz 30-300 MHz
Speed 64 Kbps 8 Mbps 300 Mbps 10-30 Gbps
Latency 300-1000 ms 100-500 ms 20-30 ms 1-10 ms
Mobility 60 km 100 km 200 km 500 km

When comparing 5G to the previous generation, 4G, it becomes evident that
5G holds several unique characteristics and offers numerous benefits. Including
[30, 31]:

1) High capacity: 5G can support up to 100 times more devices than 4G,
making 5G ideal for use in crowded areas such as stadiums and concert
venues.

2) Reduced latency: Latency, defined as the duration required for data to
traverse between two points, exhibits a notable decrease in the context

of 5G compared to 5G predecessor, 4G. This feature renders well-
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suited for use in applications that need instantaneous communication,
such as autonomous vehicles and virtual reality experiences.

3) The 5G technology has a superior connection density. This
characteristic enables the network to accommodate a larger number of
devices within a confined geographical region. The importance of this
is showed in several applications, including IoT and smart cities.

4) The high throughput ability of 5G enables it to achieve maximum data
speeds of up to 20 Gbps, demonstrating an important improvement of
20 times compared to the previous generation, 4G. This feature
compatible for the purposes of downloading sizable files, streaming
high-definition video, and engaging in online gaming activities.

5) The 5G of wireless communication technology shows enhanced
spectral efficiency. This improvement allows 5G using the same
allocation of frequency spectrum to transport a greater volume of data.

6) 5G technology capability to provide unified connectivity, enabling
devices to transition between several cellular networks without facing
any disruptions in their connection. The significance of this is seen in
domains such as augmented reality and virtual reality.

7) Extensive coverage: 5G technology has broad coverage capabilities,
enabling 5G use in both rural and urban regions.

8) Increased network energy efficiency: 5G is more energy efficient
than 4G, which can help to reduce the environmental impact of

wireless communication.
2.3 Cloud Radio Access Network (C-RAN)

The rapid growth in the number of connected devices is increasing the cost
of deploying new network technologies. This is because the cost of both CAPEX
and OPEX is rising. To meet the needs of a variety of services, the C-RAN
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architecture has been proposed as a possible design for 5G [3]. C-RAN an effective
solution for constructing high performance and low-cost RAN in 5G. C-RAN
depending on the concept of pooling the base station in central servers, that submit
exceeding performance gains and reduces execution cost [32].

2.3.1 Cloud radio for mobile networks

In traditional cellular networks, a base station serving the cells that is in the
same coverage area and users communicate with the base station. The main base
station functions consist of radio and baseband processing functionalities. Power
amplification, frequency filtering and digital processing are the responsibility of
the radio function, while the functions of baseband processing are responsible of
coding process, modulation process , Fast Fourier Transform (FFT), etc.. In First
Generation (1G) and 2G mobile networks architecture, baseband processing and
radio functionality is united inner a base station. Generally, the antenna is located
in a few meters from the radio station and connected with it by coaxial cables that

suffers from high losses, Figure 2.1 shows the Traditional Macro Station [33].
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Antenna
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Figure 2.1: Traditional macro station [33]

While, in 3G and 4G the base station is isolated into a signal-processing unit

and a radio unit, as shown in Figure 2.2 [33].

19



Chapter Two Theoretical Backeround

fr AN\
\ % €/,

i i

RRH

vBBU

cell

Figure 2.2: Base Station with Remote Radio Head [33]

The radio unit is called a Remote Radio Unit (RRU) or Remote Radio Head
(RHH). On the other hand, processing part is called a Data Unit (DU) or BBU. In
C-RAN, a BBU/DU is the entity that the BBUs are centralized and it is virtualized

and shared between cell sites as shown in Figure (2.3) [33].
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Figure 2.3: Cloud Radio Access Network with Remote Radio Head [33]
Lately, in order to offer best services for users and confirm a well profit, the

operators transformed from previous network (shown in Figure 2.4) into new one
[34].
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Core network

Backhaul link

Fronthaul ink
BBV

Figure 2.4: Radio access network [34]

Moreover, a cloud computing become a promising choice for both mobile
operators and Information Technology service providers. Facilities of cloud
computing are used by mobile operators to getting low-cost operation and to
forming a pool of resources shared in a large geographical area. A new paradigm
based on cloud computing with power efficient infrastructure, collaborative radio
and centralized processing proposed by a few operators (China Mobile Research
Institute) called C-RAN (shown in Figure 2.5) which considering as the

infrastructure architecture to 5G [34].
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Figure 2.5: Cloud radio access network [34]

2.3.2 C-RAN architecture

Generally, the C-RAN architecture consists of three basic components:
RRUs, the fronthaul network and the centralized BBU pool. In the downlink, the
RRUs responsible for transmitting the Radio Frequency signals to user equipment,
whereas in the uplink, responsible for forwarding the baseband signals from user
equipment to the centralized BBU pool. Optimizing the network resource
allocation for RRUs and processing baseband signals are the function of BBU
pool, which run as virtual base stations. In addition, the unprocessed Radio
Frequency signal is transport from antenna to virtual BBUs by the fronthaul

network. Also, backhaul connecting a BBU pool with the mobile core network

23



Chapter Two Theoretical Backeround

[35]. Technology of virtualization is used in this architecture, where the BBU’s

functions installed as software on the physical servers called the virtual BS as

shown in Figure 2.6 [32].

()

BBU pooll

7

o

X2

I| :

BBU pooln

Radio Access Network Fronthaul BBU pool Backhaul | Mobile Core Network

Figure 2.6: Virtualized cloud radio access network architecture [32]

2.3.3 C-RAN benefits

In C-RAN, C letter has several features such as Centralization, Cloud
computing, Cooperative radio, and Clean system [32]. C-RAN has many benefits
[36]:

1) Reducing inter-channel interferences by processing and joint
scheduling and increasing in capacity and this attributed to existence
of centralized BBU pool in which the resources can be shared
cooperatively and dynamically between multiple cells of different

operators.
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2) Improving system throughput; in areas that express high throughput
needs C-RAN allows dense RRH deployment modules.

3) Reducing OPEX and CAPEX; this attributed to centralization of BBU
and isolation from RRHs thus lead to great reduction in maintenance
and deployment costs.

4) Coexistence of multiple standards; multiple standards can be useful
used for each of user demands and supported by Centralized BBU.

5) Green Radio; in C-RAN number of cell sites is reducing thus improves
energy efficiency also led to reducing in power consumption of site
and equipment. Also, in the period of low traffic C-RAN has the ability
of turn off the BBUs that under level of utilization and migrated their
traffic to effective BBUs.

2.3.4 Virtualization concept in C-RAN

Virtualization can be defined as a technology that has an ability to create a
logical, isolated entity from a physical entity. Furthermore, technology of
virtualization is used for years for desktop, network, storage, and data
virtualization. Virtualization of network is a significant technology to architecture
of C-RAN. C-RAN comprises a number of virtual links and virtual nodes. Virtual
networks are used in the heterogeneous network that will provide low cost, flexible
control, diversified applications and efficient resource usage [32].

Technology of network virtualization separates applications, data storage,
management control and operating systems. The Virtual Base Stations (VBSs)
called on the functions of a BS that are considered as software instances. A
common resource such as systems and hardware are shared by multiple VBSs as

shown in Figure 2.7, thus lead to flexible and efficient utilization [33].
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Figure 2.7: Virtualization Concept in Cloud Radio Access Network [33]

The most important key objectives in controlling and managing network; is
decreasing operational costs and increasing network resource utilization. Two
promising technologies come into seen SDN and NFV which have a massive
benefits, including easier management needs, best resource utilization and

reducing operational costs [37]. SDN shown in Figure 2.8.
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Network Device Network Device

Figure 2.8: Software defined network [37]
While NFV shown in Figure 2.9.

Virtualized Network Functions (VNFs)
VNF VNF VNF VNF VNF
3 5 Y £
NFV Infrastructure (NFVI) NEV
Virtual Virtual Virtual Management
Compute Storage Network and
Orchestration
Virtualization Layer
Compute Storage Network
Hardware Resources

Figure 2.9: Networking function virtualized [37]
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2.4 Network Slicing

The process of producing multiple virtual networks from partitioning one
physical network is called Network Slicing.

2.4.1 The Main concept

Each network slice has own topology, virtual resources, provisioning rules
and traffic flow. Resources can be shared between network slices even they are
logically isolated. In the 5G network, there are different network slices that
required for the needs of different users. The main goal of network slicing is to
segregate the physical network and group traffic so that each tenant (tenant refers
to users who have certain privileges and access rights to shared resources) is
isolated. This can help to improve the performance and reliability of services, and
reducing costs by more efficiently utilizing network resources. Network slicing is
a key feature of 5G networks, that supporting a wide range of use cases with
varying service requirements. For example, one slice could be dedicated to
industrial automation, another to mobile gaming, and another to augmented reality.
Each slice could have different performance levels and QoS guarantees [1, 38, 39].
In addition, network slicing is dominated by software components, which enable
on demand and real-time reconfiguration. Moreover, underutilized resources can
be leased as network slices, thus generating new gain chances for providers of
infrastructure and maximizing utilization of resource [40].

As depicted in Figure 2.10, network slicing is a virtual network architecture
that will allow the powerful and flexible capacity of establishing many logical

networks on top of a single physical infrastructure [41, 42].
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Figure 2.10: Network slicing concept in 5G [41]

2.4.2 Network slicing types

The promise of 5G networks is not simply a development of 4G networks
with higher potential throughput and larger spectrum bands. 5G also aims to deal
with new services and business opportunities that have own network slice. These
services are classified by 3GPP into three main families of use cases [43-46]:

1) Enhanced Mobile Broadband (eMBB): This service is a collection of
use cases requiring high data rates across a wide coverage area. This
service is designed to provide high-speed mobile internet access for
users, eMBB can support data rates up to 100 Gbps, which is much
faster than 4G LTE. This will enable new applications such as Virtual
Reality (VR), Augmented Reality (AR), and 4K/8K video streaming.
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2) Ultra Reliable and Low Latency Communications (URLLC): This

service is for applications with very low latency and high reliability
requirements, such as vehicle-to-everything (V2X), industrial control
applications. URLLC can achieve latency as low as 1 millisecond and
reliability as high as 99.999%.

3) Massive Machine Type Communication (mMTC): This service is
important for supporting a very large number of devices in a small area,
forming an IoT; such as sensors and actuators. mMTC can connect to
1 million devices per square kilometer. This will enable new
applications such as smart cities and smart agriculture.

Figure 2.11 presents the 5G services and opportunities. While Figure 2.12
shows 5G Network Slicing Types.
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Figure 2.11: 5G services and opportunities [32]
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Figure 2.12: 5G Network Slicing Types [47]

2.4.3 Network slicing benefits

As number of use cases and the scale of deployments increases, the risk of
resource starvation increases and radio resources become scarcer. Furthermore,
services that supported by 5G system must include high bit rates and ultra-low
latency. Network slicing facilitates the coordination of radio access network
(RAN) resources, functions, and QoS regulations, while ensuring the allocation of
resources to various service categories [48].

Here are some benefits of network slicing [6, 49]:

1) Enhanced dynamicity: The use of network slicing has the potential to
enhance the dynamicity of networks, hence increasing their ability to
promptly adapt to changing needs. The significance of this matter lies
in many applications that include a broad spectrum of demands and

need prompt deployment.
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2)

3)

4)

S)

Enhanced security and privacy may be achieved by the use of network
slicing, which offers the potential to enhance the security and privacy
measures of various applications. By implementing a strategy of
isolating each individual slice from the rest, it is possible to effectively
mitigate potential threats and safeguard confidential information.

One potential benefit of network slicing is the optimization of resource
consumption. This is achieved by distributing resources to different
slices depending on their specific requirements. This has the potential
to mitigate expenses and enhance operational efficiency.

One of the advantages of network slicing is the potential for more
flexibility in network deployment and management for network
operators. This may assist organizations in catering to the demands of
a broader spectrum of clientele and diverse use cases.

One potential benefit of network slicing is the potential reduction in
operating expenses. This is achieved via the automation of various
network management duties. This has the potential to allocate
resources for other endeavors, such as fostering innovation and

enhancing customer service.

In general, network slicing is a robust technology that has the potential to

enhance the integrity, and adaptability of 5G networks.
2.5 The Research Dataset

The primary constraint addressed in this research was to lacking of an actual

dataset related to 5G Network Slicing.

2.5.1 Dataset Description

After extensive research, a 5G Network Slicing dataset was generated by

utilizing information gathered by researchers at [ 19]. These researchers, associated

with [19],

gathered information by examining parameters derived from ITU
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standards papers, as well as other European studies and analysis documents

conducted by telecommunications corporations. These parameters are utilized to

evaluate and measure the quality and performance of the 5G network, which are

referred to as KPIs. They gathered information about 13 parameters and 9 network

slicing services. These 13 parameters are considered to be features of the generated

5G network slicing dataset, while the 9 services are represented as classes. The

features and their corresponding descriptions are displayed in Table 2.2, while the

classes and their corresponding descriptions are explained in Table 2.3. Table 2.4

shows the values of each of the 13 features for each of the 9 classes.

Table 2.2: Features of 5G Network Slicing dataset [19]

No Features Features description
1 L atenc The time it takes for data to travel from the source to the
y destination in 5G network is measured in milliseconds (ms).
. The variation in the delay of received packets in 5G network is
2 Jitter S
measured in milliseconds (ms).
. The rate at which data is transmitted in 5G network is measured
3 Bit Rate . .
in megabits per second (Mbps).
4 Packet Loss Rate The percentage qf pe_lckets that are lost or fa_ll to reach their
destination is measured percent ratio (%).
5and | Peak Data Rate | The maximum achievable data rate in (Down Link/ Up Link) of
6 DL/UL the 5G network is measured in gigabits per second (Gbps).
The ability of a device or user to move while maintaining a
7 Mobility seamless connection to the 5G network is measured in
kilometers per hour (km/h).
- The ability of the network to consistently deliver data without
8 Reliability . S )
errors or interruptions is measured percent ratio (%).
9 Service The percentage of time that service or network is operational
Availability and accessible to users is measured percent ratio (%).
The duration for which a device can maintain a connection with
10 Survival Time the network when operating under challenging conditions is
measured in milliseconds (ms).
11 Exoerienced Data The perceived average data rate experienced by a user in a
and Igate DL /UL given time period in either the Down Link or Up Link of the 5G
12 network is quantified in megabits per second (Mbps).
. . The duration of a service interruption or loss of connectivity in
13 | Interruption Time . S
a 5G network is measured in milliseconds (ms).
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Table 2.3: 5G Network slicing dataset classes [19]

No Classes Classes description
Ultra-High 5G can deliver UHD video streaming with low latency and
1 Definition (UHD) high reliability, which is ideal for live sports, concerts, and
Video Streaming other events.
: 5G can be used to create immersive experiences, such as
Immersive . . . -
2 . virtual reality and augmented reality. These experiences can be
Experience - : e
used for gaming, education, and training.
5G can be used to improve the efficiency and reliability of the
. power grid. Sensors and actuators connected to 5G can be used
3 Smart Grid . .
to monitor and control the grid, and to respond to outages and
other disruptions more quickly.
5G can be used to improve the delivery of healthcare services.
For example, 5G can be used to transmit medical images and
4 e-Health . ) . .
data in real time, and to provide remote monitoring and
diagnosis.
5G can be used to improve the efficiency and safety of
Intelligent transportation. For example, 5G can be used to connect
5 Transportation vehicles to each other and to infrastructure, such as traffic
Systems (ITS) lights and road sensors. This can help to prevent accidents and
to optimize traffic flow.
. 5G can be used to provide high-quality voice and video calling
Voice over 5G . . .
6 services. V05G services can be used for mobile phones, tablets,
(Vo5G) .
and other devices.
5G can be used to connect vehicles to each other and to
7 | Connected Vehicles infrastructure. T_hls can help_to improve safety gnd efflc_lency,
and to provide new services, such as real-time traffic
information and autonomous driving.
5G can be used to automate industrial processes. For example,
: 5G can be used to connect sensors and actuators to control
8 | Industry Automation . ; . -
machines and robots. This can improve efficiency and
productivity.
5G can be used to improve the quality and efficiency of video
. . surveillance. 5G can be used to transmit video data in real time,
9 | Video Surveillance

and to provide more detailed and accurate images. This can
help to improve security and to prevent crime.
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Table 2.4: Features values of generated 5G network slicing dataset [19]

Features (‘I,Jifllg)) Immersive | Smart e- (ITS) |(Vo5G) Connecte Industry |Video
Classes Streaming Exper. Grid Health d Vehicles Auto. Surv.
Min 4 7 5 1 10 20 3 1 10
Latency
Max 20 15 50 10 100 150 100 50 50
Min 1 1 0.1 1 1 1 0.1 0.01 1
Jitter
Max 5.84 20 1 10 20 30 0.44 0.1 5
Min 1 1 0.1 1 0.1 1 1 1 1
Bit Rate
Max 0 50 1 16 0.5 10 10 10 10
Packet Loss | Min 0 0 0 0 0 0 0 0.0000001 | 0.01
Rate Max 1 5 0.0001 | 1E-08 0.1 0.1 0.001 0.00000001 | 0.001
Peak Data | Min 1 1 1 0.1 1 1 1 1 0.01
Rate DL | pax 20 20 20 0.3 20 20 20 20 0.05
Peak Data | Min 1 1 1 0.1 1 1 0.001 1 0.01
Rate UL | pax 10 10 10 0.3 10 10 0.025 10 0.12
Min 0 0 0 0 50 0 50 0 0
Mobility [ Ma
. 500 30 0 120 500 500 250 30 320
Min 95 95 99.9 | 99.9999 | 99.999 | 99.9 99.999 99.999 99
Reliabilit
| Max 99 99 99.99 99‘99999 99'9999 99.99 | 99.9999 99.9999 |99.99
. Min 99 99 99.999 1 99 95 95 99.99 99
Service
Availability | Max | 99.999 99.99 99';”99 50 99'9999 99 99 99.9999 | 99.9
Survival | Min 8 1 10 1 1 1 1 0 10
Time Max 16 10 25 100 50 100 50 100 100
Experience | Min 1 1 1 1 1 1 1 1 1
d Data Rate
DL Max 1000 1000 10 100 10 50 50 10 10
Experience | Min 0 0 5 10 1 1 1 1 1
d Data Rate
UL Max 500 50 10 100 10 25 25 10 100
Interruption | Min 1000 0 0 0 1000 0 0 0 0
Time Max 3000 1 1 1 10000 1 1 100 20

2.5.2 Dataset challenges

The dataset generated within this dissertation is classified under tabular data
type and unbalancing dataset. Tabular data, which includes a collection of items
with a set of characteristics, is the most prevalent data format in real-world
applications. Many issues emerge when working with tabular data, including lack

of locality, mixed feature types (numeric, ordinal, categorical), data sparsity, and

36



Chapter Two Theoretical Backeround

a lack of previous understanding of the dataset structure (unlike with text or
images) [11].

Although ML and DL approaches succeed at classification and data
production tasks on homogenous data (e.g., image, audio, and text data), tabular
data remains a barrier. Tabular data sets named after the most recent
"unconquered castle" for deep models. In contrast to image or language data,
tabular data is diverse, resulting in dense numerical and sparse category
characteristics. Furthermore, the feature correlation is weaker than the spatial or
semantic association in images or audio data Therefore, there are many models
appeared recently to deal with tabular data [55].

Moreover, unbalancing data can be more challenging to deal with. In an
unbalanced dataset, the number of instances in one class is significantly larger than
the number of instances in other classes. Distinguishing between the different
classes can become challenging for ML and DL models due to this difficulty. This
1s because the model can simply predict the majority class for all instances and
achieve a low error rate [12].

2.5.3 Dataset preprocessing

Data preprocessing is the process of transforming raw data into a format that
can be used for ML and DL, and other data science tasks. Data preprocessing
typically performed at the beginning of the model’s development pipeline. The
goal of data preprocessing is to improve the quality of the data and to make it more
suitable for analysis [50]. This dissertation employs a scaling techniques called Z-
score Normalization or Z-score standardization; because they can improve the
efficiency of the forecasting process.

The importance of its implementation is determined by the need to reduce the
artificial intelligence model's sensitivity to the values of the features in the dataset

to improve the adequacy of the trained model. This scaling technique is a common
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technique in statistics. The task done by subtracting the mean from the variable
and then dividing by the standard deviation, as illustrated in Equation 2.1 [51].
After applying this scaling to the data, the mean of each feature will be 0 and the
standard deviation will be 1. This process is helpful, to confirm that features are
on a similar scale, preventing certain features from dominating the learning

process due to their larger magnitudes [51, 52].

(-
N o

XI

(2.1)

Where X' is the standardized variable, x is the original variable, u is the mean
of the original variable and o is the standard deviation of the original variable.

2.6 Network Slicing Classification Techniques

This section contains a detailed examination of various classification
techniques employed within network slicing and involves clarifications on the
structures, functionalities, and enhancements. This section explores various ML
models, including DT, RF, and TabNet and then investigates ANN and PSO.

2.6.1 Decision tree

A Decision Tree (DT) is an example of a supervised learning approach. This
model is based on the structure of a tree. The tree's root, in contrast side, is at the
very top. The branches are constructed using objective criteria based on the
attributes of the dataset, and the decision tree is continuously grown; or works
similarly to a flowchart (Figure 2.13 illustrates a structure of DT). A DT node can
be compared as a point of intersection that leads to two separate branches, or "leaf
nodes." These nodes, which might become decisions themselves, each reflect a
distinct consequence of a particular decision. All of the decisions made will result

in a final categorization [53-55].
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Figure 2.13: A structure of decision tree [56]

2.6.2 Random Forest

The Random Forest (RF) is a technique for supervised learning. RF method
predicts one (or a group of) outcomes by combining many 'random' binary DTs
that comprise the forest. The primary RF working processes are as follows:
picking random samples from a dataset, for each sample a DT was built; and
receiving a prediction result from each DT, holding a vote for each predicted result,
and as a final prediction the prediction result with the most votes were chosen as

shown in Figure 2.14 [57, 58].
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Figure 2.14: The primary random Forest working [59]

2.6.3 Attentive interpretable tabular learning: TabNet

TabNet is a tabular data learning model proposed by (Arik and Pfister) at
Google Cloud in 2019, represents a significant innovation in the field of
interpretable deep learning models for structured tabular data analysis [11].

2.6.3.1 The main concept

DNNs can improve classification performance on large datasets because they
can be trained end-to-end using gradient descent. Tree-based methods, on the other
hand, do not use backpropagation, which limits their performance on large
datasets. TabNet is a new deep neural architecture for tabular data that combines
the benefits of tree-based methods and DNN-based methods. One such approach
includes training a DNN to make predictions based on the output of a decision tree
[60].
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2.6.3.2 TabNet contributions

TabNet 1s a powerful and flexible DL technique designed especially for the

analysis of tabular data and has many important contributions [61]:

1)

2)

3)

TabNet apply a sequential attention mechanism to determine the
selection of features at each phase of the model. This implies that rather
than treating all information with equal importance; the model gains
the ability to prioritize the most significant characteristics for each
choice.

TabNet has a higher degree of interpretability compared to other deep
learning models. This implies that there exists a potential to
comprehend the decision-making process of the model, hence
facilitating the identification and improvement of the model's flaws.
The TabNet technique has high computational efficiency, enabling
efficient training on extensive datasets. This attribute makes TabNet a
favorable option for use cases that prioritize rapid processing, such as

real-time fraud detection.

2.6.3.3 TabNet architecture

The TabNet model is specifically intended to handle tasks that include tabular

data. In this context, the input data is characterized by a defined structure, with a

batch size denoted as B and a feature dimension represented as D. The objective

of the model is to generate either a vector or a singular output. The architecture of

TabNet, as seen in Figure 2.15 [62].
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Figure 2.15: TabNet’s architecture [62]

TabNet consists of several crucial components [61, 63, 64]:
1) Feature Transformer Layer: This layer is responsible for feature

calculation and is divided into two parts as shown in Figure 2.16.

Feature
transformer
Shared across decision steps Decision step dependent
_ ‘*\’/ \‘
[ ] 1
| | ] I
T g — T
| | VO.SIl V0.5 V05|
— ] 1
I !
_____________________ N e e e e e e e e e e e e e e e e e e e e e e e

Figure 2.16: The structure of feature transformer layer [62]

The first half of the layer shares parameters across all steps, while the second

half has separate parameters for each step.
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Each half consists of two blocks of (Fully Connected (FC), Batch

Normalization (BN), and Gated Linear Unit (GLU)):
A. The FC layer is a standard NN layer that takes the input data as input

and outputs a new representation of the data.

B. The BN layer normalizes the output of the fully connected layer,
which helps to stabilize the training process.

C. The GLU layer is a type of activation function that combines two
linear transformations. GLU layer helps to learn nonlinear
relationships between the features.

In feature transformer layer; The first FC layer, FC_1( ), performs a common
feature calculation on all features. The second FC layer, FC 2( ), performs a
separate calculation for each feature. The GLU function then combines the outputs

of the two layers. The residual connection (the input features added to the output

of the feature transformer layer) is also employed, scaled by V0.5 to maintain
network stability. The feature transformer layer can learn more expressive features
than traditional DTs because it can perform different operations for each step. This
allows the model to capture more complex feature relationships. The mathematical

equations for the feature transformer layer are [62]:
f_i(x) = GLU(FC_1(x) + FC_2(x)) x V0.5 (2.2)

Where f_i(x) is the feature transformer function at the ith step, x is the input

features, GLU() is the gated linear unit function is defined as follows:

GLU(x) = x * sigmoid(W = x + b) (2.3)

sigmoid(x) = 1/(1 + exp(—x)) (2.4)

43



Chapter Two Theoretical Backeround

Where W andbare the weight matrix and bias  vector,

FC_1() and FC_2() are the fully connected layers and v/0.5 is a scaling factor.

D. Attentive Transformer Layer: The input data is first passed through
a feature transformer layer as mentioned above, which learns a
representation of the data. The output of the feature transformer layer
is then passed to the attentive transformer layer. The attentive
transformer uses attention to learn how the features are related to each
other, then generates a mask, which indicates which features are
important. The masked features are then passed to the output layer,
which makes the prediction. Figure 2.17 represent the structure of
attentive transformer layer. Its structure consist of:

» The FC layer; which is a standard NN layer that takes the output of
the feature transformer as input and outputs a new representation of
the data.

» The BN layer normalizes the output of the fully connected layer,
which helps to stabilize the training process.

> The sparsemax layer is a type of activation function that outputs a
sparse vector, where each element is either 0 or 1. This layer helps to
select the most important features at each decision step.

» Prior scales control how often each feature is selected by the attentive
transformer. They are calculated using the previous activations of the
attentive transformer and the relaxation factor (y). A higher value of y
means the model will be more likely to select features that have been
used in previous steps. A lower value of y means the model will be
more likely to select new features. Prior scales can be used to control
the interpretability and predictive power of the model. The

mathematical equations for the attentive transformer layer are [62]:
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MJi] = Sparsemax(P[i — 1] * h_i(a[i — 1])) (2.5)

Where M[i] is the mask layer of the current step and Sparemax( ) defined

as follows:
Sparsemax(x) = sof tmax(x — max(x)) (2.6)

exp(x) 2.7)

softmax(x) = sum(exp(x))

Where P[i — 1] is the prior scale term at the (i — 1)th step, h_i()is a

trainable function and a[i — 1] is the processed features from the (i — 1)th step.

Attentive
transformer

xewasledg

Figure 2.17: The structure of attentive transformer layer [62]

2) Split Layer: The split layer first applies the mask layer M[i] to the
input features f. This result in a new vector of features that only

contains the features that are selected in the current step. The split layer
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then splits this vector into two parts, d[i] and a[i]. The d[i] part is
used to calculate the final output of the model, and the a[i] part is used
to calculate the mask layer of the next step. The split layer is a simple
but effective layer that allows the TabNet model to learn a sparse
representation of the data. The sparse representation makes the model
more interpretable and reduces the risk of overfitting.

3) Like Rectified Linear Units (ReLU) layer: The input data is first
passed through a feature transformer layer, which learns a
representation of the data. The output of the feature transformer layer
is then split into two parts: a subset that is passed to the attentive
transformer and a subset that is passed to the next decision step. The
attentive transformer uses attention to learn how the features are
related to each other and generates a mask, that indicates which
features are important. The masked features are then passed to the
ReLU layer, which outputs a non-linear representation of the data. This
non-linear representation is then passed to the next decision step.

ReLU function is defined as [62]:

ReLU(x) = max(0,x) (2.8)
Where x is the input value and max(a, b) returns the larger of the two
values a and b.

4) Global Feature Importance: TabNet computes the global importance
of each feature by aggregating the outputs of each step. This process
sums the output vectors from each step to obtain a scalar, which
reflects the importance of that step in the final result. This scalar is then
multiplied by the Mask matrix of that step to determine the importance
of each feature for that step. The importance scores from all steps are

then summed to obtain the global feature importance.
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2.6.4 The Artificial Neural Network (ANN)

The ANN has been discovered to be a highly new and effective paradigm for
problem solving. ANNs are a type of ML model inspired by the human brain. They
are composed of interconnected nodes, called neurons, which learn to represent
the relationships between input and output data. ANNs may be created for
specialized applications such as data classification in some scenarios. Perceptron
is a simple type of ANN with one layer of neurons. They can only learn linear
relationships between input and output data. DNNs are ANNs with multiple layers
of neurons. They can learn more complex relationships between input and output
data than perceptron. The main difference between ANN and DNNSs is the number
of hidden layers. ANN have one or two hidden layers, while DNNs can have many
hidden layers. The more hidden layers a DNN has, the more complex relationships
it can learn [65].

ANN is formed of inputs that are multiplied by weights (is the value of
interconnection lines between neurons). These weights are then calculated by a
mathematical algorithm that influences neuron activity. Some other function
calculates the artificial neuron's output. These functions are called activation
functions [66].

The artificial neurons are structured in layers, and their responses are sent
"forward" by using forward propagation. Forward propagation is a fundamental
procedure in which input data is sent through ANN to generate an output. During
the process of forward propagation, the input data undergoes a multiplication
operation with the respective weights and then becomes aggregated at each
individual neuron. Subsequently, the outcome is subjected to an activation
function in order to generate the neuron's output. The procedure is iteratively

executed for every individual neuron inside the network, until the final layer,
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known as the output layer, is attained. The following equations describe the

process of forward propagation [67]:.

N
Netij = Z(WLJ * Xl) (29)
output = f(net) (2.10)

Where net is the net input to the neuron, W;; is the weight of the connection

between the input neuron 1 and the current neuron, xi is the output of the input
neuron I and f is the activation function.

On the other hand, backpropagation is a supervised learning technique used
for the training of ANNs. The backpropagation method is characterized by its
recursive nature, since ANN operates in a backward manner, starting at the output
layer and progressing towards the input layer. At each layer, the method computes
the error, which represents the discrepancy between the expected and actual
outputs of the neurons inside that particular layer. Equation 2.11 illustrates the

computation of the error for a neuron situated in the output layer [67]:

error = (targetyyepur — ACtUalyyepye ) * act._fun._der. (2.11)
Where target,,py. refers to the desired output of the neuron, actual yytpye

represents the actual output of the neuron and act._fun._der. represents the
derivative of the activation function used by the neuron.

Subsequently, the erroneous signal is sent in a backward manner across the
network, progressing through each layer. In each layer, the error signal is used to
modify the synaptic weights of the connections linking the neurons in the present
layer with those in the preceding layer.

Equation 2.12 demonstrates the adjustment of connection weights via the use

of backpropagation [67]:
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w = w — learning_rate * error (2.12)

Where w refers to the magnitude of the connection and learning_rate is a
hyper-parameter that determines the rate at which the learning process takes place.
The backpropagation process is iteratively executed until the discrepancy
between the projected outputs and the actual outputs of the network is reduced.
Back propagation training is based on the gradient decent rule, which seeks to
adjust weights and minimize system error in the network [68]. Figure 2.18 shows

a structure of ANN.
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Figure 2.18: A structure of artificial neural network [67]

2.6.5 Particle Swarm Optimization (PSO)
PSO algorithm was created by (Kennedy and Eberhart 1995). PSO was

inspired by the behavior of birds and schooling fish. PSO is a strategy that is based
49



Chapter Two Theoretical Backeround

on the relationship between the particles in a swarm where there is a stochastic
optimization and the population in the search space. PSO keeps a population of
solutions in the search space that are iteratively updated. Every particle has a
velocity and a location. The velocity of a particle determines how quickly moves
across the search space, whereas the position of a particle indicates the answer to
the problem being investigated. Each iteration's computations are based on two
previously discovered positions: the personal best location and the best place
obtained in a neighborhood. Particle’s velocity and location are calculated using

mathematical formulas [69, 70]:

Vit+1) = W * Uy +cl*rl« (pbestl- — xi(t)) +c2*712
« (gbest — xy)) (2.13)

x_i(t+1)=x_i(t)+v_i(t+1) (2.14)
Where v_i(t + 1) is the velocity of particle i at time t, w is the inertia
weight, which controls how much the particle's previous velocity influences
particle's new velocity, c1 and c2 are the cognitive and social coefficients,
respectively, which control how much the particle is attracted to particle's personal
best position and the global best position of the swarm, r1 and r2 are random
numbers between 0 and 1, pbest_i is the personal best position of particle i and
gbest is the global best position of the swarm.
The particles are graded according to the quality of the solution they generate.
The optimal particle placements in minimization problems are those that provide
the least fitness based on the function used. In the case of a maximization problem,
the reverse is true. The neighbourhood represents how information is exchanged
among particles; in a completely linked neighborhood, every particle has access
to all accessible information, whereas other network topologies restrict the amount
of information available to each particle [69, 70]. The representation of PSO is

demonstrated in Figure 2.19.
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Figure 2.19: The representation of particle swarm optimization [71]

2.7 Transfer Learning (TL)

TL 1s a technique that leverages knowledge gained from solving one task and
applies it to another related task. TL addresses the challenge of limited labeled
data in the target domain by utilizing pre-trained models trained on large-scale
datasets from a source domain [13].

2.7.1 The main concept

While ML technology has reached great success and has been successfully
applied in a wide range of practical applications, ML still has some limitations for
certain real-world scenarios. The ideal ML scenario has many labeled training
instances with the same distribution as the test data. However, gathering enough
training data is frequently costly, time-consuming, or even unrealistic in many
scenarios. TL, which focuses on knowledge transfer across domains, is a

promising ML methodology for addressing the problem [72]. Traditional ML
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process a single dataset at once, while TL can handle two datasets at the same time
by fallows three basic steps:

Step 1: Data set 1 with large amount of data/labels handled by machine
learning model 1,

Step 2: Knowledge transfer learning, finally

Step 3: Benefits from the knowledge of model 1 and handled by model 2.

Figure 2.20 shows the difference between ML and TL [73].

Traditional Machine Learning Transfer Learning
STEP1
2 -
J (% Machine Leaming Model 1 Datasat 1 with
large amount STEP 2

of datalabels Trarsfier

of datalabels

Figure 2.20: Difference between machine learning and transfer learning [73]

By transferring knowledge from the source domain to the target domain, TL
enables effective learning even when faced with scarce data. The pre-trained
models capture general features and patterns that are applicable across domains,
allowing the model to generalize better and achieve higher performance in the
target task. TL has been successfully applied in various domains, including

computer vision, natural language processing, and speech recognition, and has
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demonstrated significant improvements in model performance and efficiency [13].
For more clarity ; the data set 1 called source domain data set that is training by a
model; this process followed by saving the model by keeping all its parameters to
initialize a new model which is used to train data set 2 (target domain dataset) as

explained in Figure 2.21 [26].

Source Domain
Dataset

-.

Target Domain

Target Domain

Dataset

Training New Model
—)

Figure 2.21: The procedure of transfer learning [26]

2.7.2 Transfer learning advantages
TL offers several advantages [73]:
1) TL addresses the challenge of acquiring sufficient and high-quality
training data, a common hurdle for conventional ML methods. TL

resolves this issue by leveraging knowledge from similar domains that
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2)

3)

4)

S)

possess ample high-quality data. Consequently, TL emerges as a
promising solution for ML-based wireless networks in the foreseeable
future.

TL accelerates the learning process by capitalizing on valuable
knowledge shared from analogous domains or acquired in previous
tasks, eliminating the need to start from scratch. This significant
reduction in training time enhances the learning rate, which is
particularly crucial for developing ultra-low latency applications
intended for future wireless networks.

TL minimizes computing requirements, unlike conventional ML
approaches that necessitate substantial computational resources. Since
TL exploits pre-trained models from source domains before
transferring them to the target domain, TL significantly alleviates the
computing demands of the training process. This aspect proves
advantageous for wireless devices like smartphones and edge devices,
which typically have hardware limitations.

TL mitigates communication overhead in wireless networks. Instead
of transmitting large-sized raw data, TL only requires the transfer of
knowledge, such as trained model weights. As a result, the
communication overhead experienced in wireless networks can be
significantly reduced.

TL ensures data privacy by avoiding the need to learn from raw data
from other domains. Instead, the focus is on learning from pre-trained
models expressed through their weights. This safeguarding of data
privacy makes TL particularly valuable for privacy-sensitive wireless
applications, including healthcare and military communication

networks.
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2.7.3 Transfer learning with tabular dataTL with tabular data involves
utilizing pre-trained models on large-scale datasets from related domains to
improve the performance of classification or regression tasks on new tabular
datasets with limited labeled data. By leveraging the knowledge learned from the
pre-training phase, the pre-trained models can capture useful patterns, feature
representations, and relationships that can be beneficial for the target task. There
are many advantages of TL g with tabular data: it allows for effective training even
when the labeled data for the target task is scarce or insufficient. By utilizing pre-
trained models, the need for a large labeled dataset is reduced. Pre-trained models
capture general patterns and relationships from large-scale datasets, enabling
better generalization to new tabular datasets. This helps in improving the model's
performance on unseen data. Faster Training: TL with pre-trained models speeds
up the training process. The pre-trained model's initial weights provide a good
starting point, allowing for faster convergence during fine-tuning on the target task
[13, 74].

2.8 Evaluation Measures

The performance of ML and DL models can be evaluated using various
measurements. Also, there are 5G network performance evaluation
Measurements. The following metrics are used in the evaluation stage to ensure
the effectiveness and quality of the system.

2.8.1 Confusion matrix

Confusion Matrix (CM) is one of the most important methods. A CM is a
table that shows the true and predicted classifications of a model. CM is divided
into four quadrants [75]:

1) True Positive (TP): The number of instances that were correctly

classified as positive.
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2) False Positive (FP): The number of instances that were incorrectly
classified as positive.

3) True Negative (TN): The number of instances that were correctly
classified as negative.

4) False Negative (FN): The number of instances that were incorrectly
classified as negative.
A. The Accuracy metric

The accuracy metric measures the overall accuracy of the model. The

accuracy metric calculated as follows [76]:

(TP + TN)
(TP + TN + FP + FN)

Accuracy = (2.15)

B. The Precision metric
The precision metric measures the proportion of true positives out of all the
positive predictions made by the model. The precision metric calculated as follows

[76]:

TP

(TP + FP) (2.16)

precision =
C. The Recall metric
The recall metric measures the proportion of true positives out of all the

actual positives. It is calculated as follows [76]:

Recall = ——~ 2.17
A= TP+ FN) (217)

D. The F1 score metric
The F1 score is a weighted average of precision and recall. It is calculated as

follows [76]:
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2 * (precision x recall)
F1 score = — (2.18)
(precision + recall)

2.8.2 5G network performance evaluation measurements

The most important measures deal with network slicing is latency and
reliability. Both are crucial for providing a reliable user experience in 5G
networks, especially considering the diverse range of applications and services

that depend on on low latency and high reliability for optimal performance [77].
A. Latency: often measured as Round-Trip Time (RTT), represents the
time it takes for a signal or data packet to travel from the source device
to the destination and back to the source. In 5G networks, the lower
the latency, the more responsive the network is perceived to be by

users. The latency metric is often expressed as [77].
latency = RTT (2.19)

B. Reliability in the framework of 5G network performance refers to the
ability of the network to establish and maintain successful connections

consistently. The reliability metric is often expressed as [77].

o Number of Successful Connections
Reliability (%) = Total Attempts * 100 (2.20)
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Chapter Three

The Methodology

3.1 Introduction

This chapter explains the details of the proposed system of an improved
Network Slicing classification in 5G network based on DL approach. This chapter
also introduces the description of many used techniques and proposes and designs
many algorithms to be applied for each stage of proposed model. In pervious
chapters, the importance of the classification mechanisms for Network Slicing in
5G network has been presented, which is becoming increasingly significant for
effective resources utilization and network management. However, the availability
of labeled data for training accurate classification models is frequently lacked or
limited; making reliable Network slicing classification difficult. Therefore, this
chapter introduces a proposed method for generating a relevant data attributes
highly associated with network slicing. Moreover, to classify the network slices.
Three Models have been proposed two of them for to realizing the Network slicing
classification and one of them for scarce network slicing data. The following
sections includes an exhaustive description of the proposed algorithms, models,

and formulas.
3.2 The Proposed Model

The general overview of the proposed model is shown in Figure 3.1. The
proposed model is implemented by the 5G core network. In this dissertation, two
cases are presented, the first case contains a large data for users, while the second
case contains scarce data. In both cases the main purpose is to classify the network
slice and this is done by the 5G core network which will choose the optimal

network slice; that satisfy the demands of the users of the network.
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In first case, two models are suggested. Model 1 is model consists of five

main stages (Data generation, Data normalization, level 1: TabNet, RF and DT,
level 2: Hybrid classifier and Model Evaluation), see Figure 3.1.

While Model 2 model consists of five main phases (Data Generation, Data
Normalization, level 1: DNN, RF and DT, Level 2: Enhanced TabNet and Model
Evaluation). While in second case the situation where data is scarce is addressed
by relying on the principal of TL. This case involves fine-tuning a pre-trained

TabNet model using limited labeled data specific to 5G service classification.

| CORE NETWORK \
|

Case 1 Case 2

{ | ! l

Case1 :Multi Layer Deep Case2 :Multi Layer Deep Scare data deep transfer
Learning Model Hybrid Learning Model Enhanced learning approach using
optimization TabNet Tabnet

Generating Dataset

preprocessing Dataset

Multi Layer Deep Learning
Model_Hybrid optimization

Generating Dataset

preprocessing Dataset

Multi Layer Deep Learning
Model Enhanced TabNet

Generating Dataset

preprocessing Dataset

TabNet as a Transfer
Laerning Model

Evaluation Evaluation Evaluation

Figure 3.1: A general overview of the proposed model

3.2.1 Generating 5G network slicing dataset
In all models that were previously explained, the data generation step and the
data processing step are the same, so they will be explained once. As explained

and clarified in Chapter 2, Paragraph 2.5; For Casel a dataset in [19] which
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consists of (165 user demand) is used, also generating a data set that consist of

(3000 user demands) as explained in Table 3.1.

Table 3.1: Case 1 5G network slicing dataset

No Classes No. of instances for the No. of instances for the dataset
' dataset in [19] in Network 1
1 UHD Video 22 150
Streaming
2 Imme_rswe 29 450
Experience
3 Smart Grid 21 255
4 e-Health 21 84
5 ITS 19 720
6 Vo5G 19 375
7 | Connected Vehicles 14 510
Industry
8 Automation 14 264
9 | Video Surveillance 13 192
Thg total no. of 165 3000
instances

Algorithm 3.1 illustrates the method for generating 5G Network slicing

Dataset. Any number of slices can be generated.

Algorithm 3.1: Generating 5G network slicing dataset
Input: sources (n_sliceq, n_slice, ....n_slice,,), where n_slice is no.
of network slices types, m is no. of network slices.
Output:Generating_5G_network_slising_dataset
Encoding F.={(n_slice;, feature,, feature, ....featurey), (n_slice,,
feature,, feature, .... featurey), ...} , where f is no. of features types, Kk is no.
of features.
Begin
1. sources < a vector representing the input quantities of each network
slices.

2. Create an empty set network: network= { }
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For each n_slice; in Sources :
//Add n_slice; names to the set network based on input
guantities.
network < network U {n_slice;}
End For
Il Define Feature_List as a set of features(fy, f5 .... fy):

3. Feature List « {Latency, Jitter,
BitRate,PacketLossRate,PeakDataRateDL,PeakDataRateUL ,Mobility,Servi
ceReliability,Availability,Survival Time,ExperienceDataRateDL ,Experienc
eDataRateUL, InterruptionTime}

4, For each n_slice; in network:

5. For each feature; in Features_L.ist:

/I  Generate random values for featurej between

(min_feature; and max_feature;) that explained in Table (2.4).
6. Value;; < value of feature; in n_slice;
7. End For
8. End For
9.

Write the feature data Value;; for each n_slice; along with corresponding

feature names into a file F row by row.
/I Shuffle the rows of the file to randomize the dataset.
10.Shuffle_F« Shuffle (F)

//[Perform label encoding on the class column by converting

Network slicing names into numerical labels.

11.Encoding_F « Label_encoding (Shuffle_F)

/[Save the resulting dataset to a new file.
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12.Generating_5G_network_slising_dataset « Encoding_F.

End

3.2.2 Data preprocessing

Algorithm 3.2 explained the data preprocessing step by utilizing Z-score
scaling (normalization) technique. This scaling technique is a common technique
in statistics; This process done by subtracting the mean from the variable and then

dividing by the standard deviation, based on Equation 2.1.

Algorithm 3.2: Data preprocessing

Input: Generating_5G_network_slising_dataset with S samples and F
features.

Output: Norm_5G represents the normalized dataset after the process.
Begin
1. X « Generating_5G_network_slicing_dataset, where x;; denotes the value

of feature j in sample i.

//Calculate Mean of each feature across all samples:

2. Foreach fj from1ltoF:

. 1
3. Calculate Mean[j] « EZ?=1xij

B

End For
/[Calculate Standard Deviation of each feature across all samples:
5. Foreachf;from1ltoF:

Yi=1(xij—Mean[j])?
S—1

Calculate StdDev [j] «

End For

. For each f; from 1 to F:

© o N o

For each sample j from 1 to S:
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/l Normalize the value of feature i in sample j using equation

(2.1):

10. X_norm[i][j] < ((x;; - Mean[j]) / StdDev[j])
13. End For

14. End For

/I Save the resulting normalized dataset to a new file.

11. Norm_5G < X_norm

12.End

3.2.3 Case 1 network slicing classification models
A 5G network slicing dataset, containing 3000 users, 1s employed in case 1,
where the network slices are classified through the application of two models:
1) Model 1
Model 1 proposed design consist of two levels as shown in Figure 3.2. Level
1 consist of DT, RF and TabNet (as explained in sections 2.6.1, 2.6.2 and 2.6.3);
While level 2 consist of hybrid classifier (PSO-ANN).
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Generating 5G
Metwork Slicing
Dataset

\‘_\-'-‘—‘—-—\_

Generating 5G
Metwork Slicing
Dataset after

L normlazation

J—— — TabMet

—
- e

o

.‘_
Mew dataset RF b |
3 features predictions <
label: class of the . .
generating dataset ‘_|_ |

4. Level 2- Hybrid Classifier

Classification
Metwork Slice il LIER S
' 5. Model Evaluaion
| Accuracy ] | Precision ]
| Recall ] | F1 Score ]

Figure 3.2: 5G network slicing classification model 1
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In this dissertation, a hybrid classifier was implemented where PSO worked

instead of backpropagation algorithm for choosing optimal weights as shown in
Figure 3.3.

Backpropagation, like every gradient descent method, employs the hill-
climbing technique to function minimization, this characteristic makes it prone to
early convergence towards a local minimum. Alternative training techniques, such
as the PSO algorithm, can be employed to solve the problem of early convergence
ANN training is an optimization problem in which the goal is to find the best set

of weights and biases to minimize the ANN error [70].

‘ Input h ‘ Weights Evaluation 4 Optimum weights
\ 9 ) — ' J

Forward propagation

Updating weights ‘
based on PSO

Figure 3.3: The process for choosing optimal weights using particle swarm
optimization

The approach employs a PSO technique to iteratively improve candidate

weights. It utilizes equation below to determine the weight inertia w:

_2+s
=T

(3.1)

Where € 1s a random value between 0 and 1.

65



Chapter Three The Methodology
The Mean Square Error (MSE), represent a cost function in this approach;

it’s used for evaluate the performance of the process as explained in Equation 3.2:

n

1
MSE = EZ(E")Z (3.2)

=1

Where E; is different between i actual output and i desired output.

Following the computation of the fitness of a candidate weight, the process
proceeds to update the velocity that will be included into the weights, resulting in
the generation of a new candidate weight. The weight matrix w undergoes regular
updates, until the process satisfies the termination conditions. The population size
of PSO is dynamically adjusted to align with the dimensions of the weight’s matrix
of the ANN.

After generating a dataset and normalizing it, the data entered to a model with
two levels as explained in Algorithm 3.3; Algorithms 3.4, 3.5, 3.6 and 3.7
explain respectively the models of the first level of our model. After each model
in first level make its prediction, each prediction represents a new feature of a new

dataset which in turn is an input to the second level.

Algorithm 3.3: network slicing classification Casel- Model 1
Input: Norm_5G with F features and L labels.
Output casel_modell represents the predicted dataset.
Begin
1. X _data < Norm_5G
/[Define Level 1 models
2. Models = [Decision Tree Classifier (explained in Algorithm (3.4)) ,
Random Forest Classifier(explained in Algorithm (3.5), TabNet
Classifier(explained in Algorithm (3.6)]
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/lInitialize an array for predictions of Level 1 models
3. Predictions_Levell <[]
4.  For each Model in Models (1,2,3):
// Train the model
I/l Make predictions on the entire dataset (X _data)
5. Prediction_Model « Model.predict(X_data)
/I Append the predictions to the Level 1 predictions array

o

Predictions_Levell.append(Prediction_Model)
End For

Il Create a new dataset using the predictions of Level 1 models

~

8. New Dataset < Transpose(Predictions_Levell) // Each prediction is a
new feature
/I Define the level 2 PSO-DNN hybrid Classifier Hybrid classifier
model
9. Hybrid_Model « PSO-ANN HybridClassifier (explained in Algorithm (3.7)
)
/[ train the Hybrid classifier to make predictions on the new dataset
10. Predicted Labels < Hybrid _Model.predict(New Dataset)
/[ Evaluate the model using Confusion Matrix (CM) : Explained in
Equations (2.15) to (2.18)
11. CM « Calculate_Confusion_Matrix(True_Labels, Predicted Labels)
12.Evaluate the model using network performance measurement Explained in
Equations (2.19) and (2.20).
// Return the predicted output labels and evaluation metrics
13. Return Predicted Labels, CM

End
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Algorithm 3.4 illustrates a DT Classifier for 5G Network Slicing Dataset

where the Input tis 5G Network slicing Dataset with labeled classes (features and

output labels). While the output is Predicted output labels using the DT Classifier.

Algorithm 3.4: A Decision Tree Classifier for 5G Network Slicing
Dataset
Input: Norm_5G with F features and L labels.
Output: Predicted_output labels using the Decision Tree Classifier.
Begin
1. X < Norm_5G.
/[Define the dataset as X _data (input features) and Y _data (output
labels)
2. X_data< Features from the dataset
3. Y _data « Output labels from the dataset
// Split the dataset into training and testing sets indicating an 70-30
split
4. X train, Y_train « 70% of the data will be used for training
5. X test, Y _test « 30% for testing.

/I Create a Decision Tree Classifier with a specified depth

6. DecisionTree_Model < Create_DecisionTreeClassifier(max_depth)
/l Fit the model using the training data
7. DecisionTree_Model « fit(X_train, Y_train)

/Il Make Predictions using the trained model on the entire dataset

8. DecisionTree_Model « predict(X_data)

©

Predicted_Labels « DecisionTree_Model
Il Save Predictions to a file for further analysis

10. Predictions_DecisionTree« Predicted Labels
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End

In addition, Algorithm 3.5 illustrates a RF Classifier for 5G Network Slicing
Dataset where the Input is 5G Network slicing dataset with labeled classes
(features and output labels). While the output is Predicted output labels using the
RF Classifier.

Algorithm 3.5: A Random Forest Classifier for 5G Network Slicing
Dataset
Input: Norm_5G with F features and L labels.
Output: Predicted_output labels using the Random Forest Classifier.
Begin
1. X <Norm_5G.
//Define the dataset as X_data (input features) and Y _data (output
labels)
2. X _data< Features from the dataset
3. Y _data « Output labels from the dataset
// Split the dataset into training and testing sets indicating an 70-
30 split
4. X train, Y_train « 70% of the data will be used for training
5. X test, Y_test « 30% for testing.
Il Create a Random forest Classifier with a specified depth
6. Random forest _Model < Create_Random forest Classifier(max_depth)
// Fit the model using the training data
7. Random forest _Model « fit(X_train, Y_train)
// Make Predictions using the trained model on the entire dataset
8. Random forest _Model « predict(X_data)
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9. Predicted_Labels < Random forest _Model

Il Save Predictions to a file for further analysis
10. Predictions_ Random forest « Predicted Labels
End

Furthermore, Algorithm 3.6 illustrates a TabNet Classifier for 5G Network
Slicing dataset where the Input is 5G Network slicing Dataset with labeled classes
(features and output labels). While the output is Predicted output labels using the
TabNet Classifier.

Algorithm 3.6: A TabNet Classifier for 5G Network Slicing Dataset
Input: Norm_5G with F features and L labels.
Output: Predicted_output labels using the TabNet Classifier.
Begin
1. X < Norm_5G.
/[Define the dataset as X _data (input features) and Y _data (output
labels)

X_data< Features from the dataset

A

3. Y_data « Output labels from the dataset
I/ Split the dataset into training and testing sets indicating an 70-30
split

&

X_train, Y _train « 70% of the data will be used for training
5. X _test, Y_test « 30% for testing.

I/ Train a TabNet Classifier:

- Initialize the model with hyper-parameters:

N o

- Number of decision blocks (B), attention features (D), gamma value

(7)-
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8. - Apply input features to batch normalization layer.

/I Feature Transformer Layer:

Q. - Calculate common features (C;) using Fully Connected Layer 1.

10. C; « FC1

11. - Calculate separate features (S;) using Fully Connected Layer 2.

12. S; « FC2

13. - Combine outputs using GLU activation function as explained in
Equations (2.2), (2.3) and (2.4):

14. fi « GLU(C; + S;) * V05

/Il Split Layer:
15. - Apply mask M to input features.
16. - Divide masked features M_f into two parts:
17. - Part 1 Final_out for calculating the final output of the model.
18. — Part2 M_next for calculating the Mask layer for the next step.
19. For steps =1 tos:

/[Attentive Transformer Layer:

20. - Generate new feature representation using Fully Connected Layer
21, A; « FC

22. - Pass output to Batch Normalization layer:
23. BN « FC
24. - Apply attention using Sparsemax activation function for prior scale term

at the (i - 1)th step multiply by trainable function

25. to the processed features from the (i - 1) step as explained in
Equations (2.5), (2.6) and (2.7):

26. MJi] <« Sparsemax(P[i — 1] * h_i(a[i — 1]))

27. - Indicate important features for the current step using Mask layer.

28. - Repeat Feature Transformer Layer.
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29. - Repeat Split Layer.

30. - Pass output to ReLU Layer:
31. - Apply ReLU activation function to features explained in equation (2.8) .
32. ReLUM_f ) « max(0,M_f)
33. End for
34.- Sum the output vectors from each step.
//Make Predictions: Use the trained TabNet model to make predictions
on the entire dataset (X_data).
35.Predicted Labels «<— Random forest Model
//Save Predictions to a file for further analysis.
36. Predictions  TabNet «— Predicted Labels

End

Formally, the dataset was submitted for the first, second, and third models,
and the prediction results were stored in a new dataset, which will attend as input
for the proposed model's second level (the hybrid classifier level), as explained in

chapter 2 paragraph 2.5.6. Algorithm (3.7) represents the hybrid classifier.

Algorithm 3.7: PSO_ANN_Hybrid_Classifier
Begin
Input: New Dataset from level 1 with F features (p1, p2, p3) and L
labels.
Output: Predicted output labels using the PSO_ANN Classifier.

/I Load and Preprocess the Data:

1. - X« New dataset.
2. - Split the dataset into input features (X _data) and output labels
(y_data).

// Define the Forward Propagation Function:
72




Chapter Three The Methodology

3. - Implement forward propagation function for the neural network:
4, - Function forward_prop (weights, biases, X):
5. - Calculate predicted outputs using weights (W) and biases (b)

explained in equations (2.9) and (2.10):
6. output « f(T(wi * xi))
/I Define the Objective Function for PSO: //Modified Steps
7. - Create an objective function f(x) that computes the loss:
8. - Function objective_function(candidate_position):
9. - Use forward prop to compute loss (cross-entropy) for
candidate_position explained in equations (2.11):
error « (targetoutput - actualoutput) *
act._fun. _der.

//Perform PSO Optimization:

10. - Define dimensions of the search space based on ANN architecture.
11. - Initialize PSO optimizer with particles P, dimensions D, and
options.

12, - Run PSO optimization for a specified number of iterations:

//Initialization:

13. - Set population size for candidate weights.
14, - Initialize inertia weight w (Equation 3.1).
15. - Initialize constants for c1 and c2 (e.g.,cl = 1.5,¢c2 =

2.0), which represent the cognitive
and social learning coefficients respectively.
16. -The initial velocity for each particle (v_i(t)) can be set to zero
at the beginning of the optimization process.
17, - Randomly initialize candidate weights for each particle x_i(t).

[/Evaluation:

73



Chapter Three The Methodology

18. -  Compute fitness of candidate weights using

objective_function.

19. - Update particle velocities explained in equation (2.13):

20. v_i(t+1) « w * v_i(t) + ¢l = rl * (pbest_i —
x_i(t)) + c2 * r2 x (gbest — x_i(t))

21. - Update positions of particles based on velocities explained in
equation (2.14):

22. x_i(t+1) « x_i(t) + v_i(t+1)

23. -Calculate biases based on fitness error.

//Weight updating and reconstructing:

24, - Redistribute weights generated by PSO to form weight matrix
25. - Modify biases based on error term.
26. - Reconstruct the weight matrix for forward propagation.

/ITermination criteria:

217. - If termination conditions are met, proceed to step 6.
28. - Else go back to step 2.
//Output:
29. - Return the optimum weight matrix obtained from the training
process.

// Perform Predictions:

30. - Function predict (X_test, optimized_weights):
31. - Use trained weights to predict classes on test data.
32. - Calculate accuracy of the ANN on the test set.
/] Output:
33. - Return trained ANN weights and biases.
34. - Provide evaluation measurements of the ANN model on the test
data.
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End

2) Model 2

Model 2 proposed design as shown in Figure 3.4 consist of two levels. Level
1 consist of DT, RF and ANN (explained in sections 2.6.1, 2.6.2 and 2.6.4); While

level 2 consist of enhanced classifier (enhanced TabNet).

! 1. Data Generation )

Generating 5G
MNetwork Slicing
Dataszet

i 2. Data Normalization

Generating 5G
Metwork Slicing
Dataset after
. normalization _~

¥
3. Level 1-ANN, RF and DT
. AMM
- B - {
Mew dataset RF e |
3 features :predictions <
label: class of the
generating dataset <
DT r———

4. Level 2- Enhanced TabNet

Classification
Network Slice Enhanced TabMet

5. Model Evaluation

| Accuracy | | Precision |

| Recall | | F1 Score |

Figure 3.4: 5G network slicing classification model 2
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In this dissertation, an enhancement was implemented at TabNet model in

two places: at feature transformer block, utilizing a different activation function
called Self-Gated Activation Function (swish) in place of GLU. A switch
activation function was introduced by researchers in [78] in 2017; their
experiments shows that this activation function outperforms some other common
functions.

Swish mixes the identity function's linearity with the sigmoid functions’
nonlinearity. This combination of features enables the activation to transition
seamlessly between linear and nonlinear behavior. In addition, the effectiveness
of an activation function can vary across different layers to better optimization and

generalization [79]. The Swish activation function is defined as [78]:

Swish(x) = x * Sigmoid (beta * x) (3.3)

Figure 3.5 shows the structure of feature transformer block after

enhancement.
Feature
transformer
Shared across decision steps Decision step dependent
poTTEEEEEEEEEEEEEEEEEE N TR EEEEEEEEEEEE - N

Em
[
0
_E|

Figure 3.5: The structure of attentive transformer block
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Another enhancement was implemented in this dissertation by using

Exponential Linear Unit activation function (ELU) instead of ReLU. ELU
proposed by researchers in [80] their experiments shows that this activation
function speeds up learning and leads to higher classification accuracy. And it
outperforms some other common activation functions.

In contrast to ReLLU, which has an abrupt kink at 0, ELU is continuous
everywhere, even zero. This smoothness can improve optimization stability,
resulting in faster training convergence.

In terms of training time, convergence, and generalization across several deep
learning tasks, ELU outperforms ReLU [81]. The ELU activation function is
defined as [80]:

if x>0

ifx<0 (34)

ELU(x) = {’; e —1)

In Equation 3.4, x is the input to the function and « is a hyper-parameter

controlling the slope. Figure 3.6 shows the structure of TabNet model after

Attentive
transformer

Attentive
transformer

enhancement.
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: } ’
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1
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]

Features

Figure 3.6: The structure of TabNet model after enhancement
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After generating and normalizing a dataset, the data entered to a model with

two levels as explained in Algorithm 3.8. Algorithms 3.4, 3.5, and 3.9 explain

respectively the models of the first level.

Algorithm 3.8: network slicing classification Model 2 -Casel
Input: Norm_5G with F features and L labels.
Output: Casel_Model2 represents the predicted dataset.
Begin
1. X «Norm 5G
//Define Level 1 models

2. Models = [Decision Tree Classifier (explained in Algorithm (3.4)) ,
Random Forest Classifier(explained in  Algorithm 3.5, ANN
Classifier(explained in Algorithm 3.9]

//Initialize an array for predictions of Level 1 models

3. Predictions_Levell <[]

4.  For each Model in Models:
// Train the model
/I Make predictions on the entire dataset (X _data)
5. Prediction_Model « Model.predict(X_data)
I/l Append the predictions to the Level 1 predictions array

o

Predictions_Levell.append(Prediction_Model)
End For
// Create a new dataset using the predictions of Level 1 models

=~

8.  New_Dataset « Transpose(Predictions_Levell) // Each prediction is a
new feature
I/ Define the level 2 Enhanced TabNet Classifier model
9. Enhanced_Model « Enhanced TabNet (explained in Algorithm 3.10)
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// train Enhanced TabNet classifier to make predictions on the new

dataset
10. Predicted Labels < Enhanced Model.predict(New_Dataset)
I/l Evaluate the model using Confusion Matrix (CM): Explained in
Equations 2.15 to 2.18
14. CM <« Calculate_Confusion_Matrix(True_Labels, Predicted Labels)
15.Evaluate the model using network performance measurement Explained in
Equations 2.19 and 2.20.
// Return the predicted output labels and evaluation metrics
11. Return Predicted Labels, CM

End

Algorithm 3.4 illustrates a DT Classifier for 5G Network Slicing Dataset
where the Input is 5G Network slicing dataset with labeled classes (features and
output labels). While the output is Predicted output labels using the DT Classifier.
In addition, Algorithm 3.5 illustrates a RF Classifier for 5G Network Slicing
dataset where the Input tis 5G Network slicing Dataset with labeled classes
(features and output labels). While the output is Predicted output labels using the
RF Classifier. Moreover, Algorithm 3.9 illustrates ANN Classifier for 5G
Network Slicing Dataset where the Input tis 5G Network slicing Dataset with
labeled classes (features and output labels). While the output is Predicted output
labels using the ANN Classifier.

Algorithm 3.9: ANN Classifier for 5G Network Slicing Dataset
Input: Norm_5G with F features and L labels.
Output: Predicted_output labels using the ANN Classifier.

Begin
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1. X <Norm_5G.

/[Define the dataset as X_data (input features) and Y _data (output
labels)

N

X _data< Features from the dataset
3. Y_data < Output labels from the dataset
/Il Split the dataset into training and testing sets indicating an 70-
30 split

4. X train, Y_train « 70% of the data will be used for training
5. X test, Y _test « 30% for testing.

/I Create ANN Classifier with a specified parameters
. ANN_Model < Create_ ANNCIassifier(parameters)

»

// Fit the model using the training data
ANN_Model « fit(X_train, Y _train)
/I Make Predictions using the trained model on the entire dataset
8. ANN_Model « predict(X_data)
Predicted Labels < ANN_Model
// Save Predictions to a file for further analysis
10. Predictions. ANN« Predicted Labels

~

©

End

Strictly, the dataset was submitted for the first, second, and third models, and
the prediction results were stored in a new dataset, which will attend as input for
the proposed model's second level (the enhanced TabNet classifier level).

Algorithm 3.10 represents the enhanced TabNet classifier.
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Algorithm 3.10: Enhanced TabNet Classifier for 5G Network Slicing

Dataset

Input: New Dataset from level 1 with F features (p1, p2, p3) and L labels.
Output: Predicted_output labels using the Enhanced TabNet Classifier.
Begin
1. X< Norm_5G
//Define the dataset as X _data (input features) and Y_data (output
labels)

X _data< Features from the dataset

no

3. Y _data « Output labels from the dataset
// Split the dataset into training and testing sets indicating an 70-30
split

B

X_train, Y _train « 70% of the data will be used for training
5. X _test, Y_test « 30% for testing.
/[ Train a TabNet Classifier:

o

- Initialize the model with hyper-parameters:

~

- Number of decision blocks (B), attention features (D), gamma value

()

8. - Apply input features to batch normalization layer.

/[Feature Transformer Layer:

Q. - Calculate common features (C;) using Fully Connected Layer 1.

10. C; « FC1

11. - Calculate separate features (S;) using Fully Connected Layer 2.

12. S; « FC2

13. - Combine outputs using Swish activation function as explained in
Equation (3.3):// modified step

14, fi < Swish(C; + S;) * V0.5
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//Split Layer:

15. - Apply mask M to input features.

16. - Divide masked features M_f into two parts:

17. - Part 1 Final_out for calculating the final output of the model.
18. — Part2 M_next for calculating the Mask layer for the next step.
19. Forsteps=1tos:

/[Attentive Transformer Layer:

20. - Generate new feature representation using Fully Connected Layer
21. A; « FC

22. - Pass output to Batch Normalization layer:

23. BN « FC

24, - Apply attention using Sparsemax activation function for prior scale

term at the (i - 1)th step multiply by trainable function

25. to the processed features from the (i - 1) step as explained in
Equations (2.5), (2.6) and (2.7)::

26. MJi] « Sparsemax(P[i — 1] * h_i(a[i — 1]))

27. - Indicate important features for the current step using Mask layer.

28. - Repeat Feature Transformer Layer.

29. - Repeat Split Layer.

30. - Pass output to ReLU Layer:

31. - Apply ELU activation function to features explained in equation (3.4) .
//Modified Step

x ifx=0
32, ELU(M_f) (_{a x (erx — 1) ifx<0

33. End for

34.- Sum the output vectors from each step.
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12.Make Predictions: train Enhanced TabNet classifier to make predictions on

the new dataset
13. Predicted_Labels < Enhanced Model.predict(New_Dataset)
// Evaluate the model using Confusion Matrix (CM)
35.End

3.2.4 Case 2 network slicing classification Model

To address the challenge of limited data availability, the methodology based
on the concept of TL. Specifically, a fine-tuning process is applied to a pre-existing
TabNet model, utilizing a restricted set of labeled data tailored for 5G service
classification. By initializing the TabNet model with weights from a pre-trained
model, the extensive information gained during pre-training is effectively
leveraged. Subsequently, the model undergoes fine-tuning with a limited amount
of labeled data, enabling it to adapt to the distinct attributes of the 5G network
slice classification issue. For case 2, two types of datasets are generated: a source
dataset comprising 13,000 user demands and a target dataset with three cases (100,

200, and 300 user demands), as shown in Table 3.2.

Table 3.2: Case 2 5G network slicing dataset

Target domain dataset
No. Classes Source domain dataset
Casel | Case2 | Case 3
1 UHD Video streaming 1000 5 12 30
2 Immersive experience 309 3 27 28
3 Smart grid 950 18 15 44
4 e-health 99 13 9 20
5 ITS 5000 9 17 55
6 V05G 598 14 38 8
7 Connected vehicles 600 2 14 39
8 Industry automation 3000 26 20 16
9 Video surveillance 1444 10 48 60
The total no. of instances 13000 100 200 300
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The TabNet Model used for TL with Tabular Data: The method is in two

stages as shown in Figure 3.7.

S— I Jh______ -
Generating 5G Generating 5G
Metwork Slicing Source Metwork Slicing Target
domain Dataset domain Dataset
— A
2. Data Normalization
% %
S— I fh_ o

Generating 5G

Generating 5G -
Metwork Slicing Source Network Sllm_ng Target
: domain
domain Dataset after
normalization Datas E.t af_ter
- - normalization

...................................................................

3. Transfer Learning

Model
TabMet
Classification
Metwork Slice
4. Model Evaluation
| Accuracy | | Precision |
| Recall | | F1 Score |

Figure 3.7: 5G network slicing classification case 2
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In this dissertation, TabNet Model used for TL with Tabular Data, TabNet is

primarily used as a DL model for tabular data and doesn't have established
pretraining on large-scale datasets like image-based models. The method is in two
stages, firstly: Training on a Source Domain; The model learns to extract
meaningful representations and patterns from the input features in the tabular data.
Secondly: Fine-Tuning on Target Domain: During fine-tuning, the model adjusts
its weights based on the labeled data in the target domain to learn domain-specific

patterns and improve performance. Figure 3.8 shows a TabNet as a TL model.
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Figure 3.8: A TabNet as a TL model

Algorithm 3.11 explained a TabNet as a TL model:
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Algorithm 3.11: Case 2 network slicing classification Model
Input: Source_Domain _5G with F features and L labels and
Target_Domain _5G.
Output: predictions.
Begin
I/ Load the source domain dataset
// Split the dataset into input features (X_data) and output labels
(Y _data).
1. X data< Features from the dataset

2. Y _data « Output labels from the dataset

// Split the dataset into training and testing sets indicating an 70-
30 split

3. X_train, Y _train « 70% of the data will be used for training
4, X_test, Y _test « 30% for testing.

// Train a TabNet Classifier by Creating an TabNet Classifier model

with a specified hayper-parameters

5. I/ Fitthe model using the training source domain data (X_train, Y_train).
I/ Save the trained source domain model.
6. Saved model « trained model
/I Load the source domain dataset
7. Split the dataset into input features (Xt data) and output labels
(Yt _data).
8. Split the input features (Xt data) and output labels (Yt data) into

training and testing sets.
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/[Train a TabNet Classifier

9. Creating an TabNet Classifier model with a specified hayper-parameters
and load the weights from the trained source domain model. Fit the model
using the training source domain data (Xt_train, Yt_train) .

//Make Predictions:
10. Use the trained TabNet model to make predictions .

11.//Evaluation measurement of the TabNet model.

End
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Chapter Four

Results and Discussion

4.1 Introduction

This chapter provides an overview of the implementation and outcomes of
the proposed system. The suggested system undergoes testing using a benchmark
dataset as well as producing datasets that are used in the Case 1 and Case 2 models.
The following subsections provide the descriptions of the datasets. Additionally,
this chapter presents a detailed description and presentation of the experimental

data relevant to the phases of the proposed Model.
4.2 Generating SG Network Slicing Dataset

In this dissertation, the use of data from [19] in addition to five other sets of
data, which were previously explained and clarified in the previous chapters, and
these datasets are used with models in the first case and the second case. Figure
4.1 shows the 3D plot of instance distribution for the generated dataset 1, which
contains 3000 instances (as explained in Table 3.1). Dataset] represents the data
set used for casel in both models.

In addition, Figures 4.2 shows the 3D plot of instance distribution for the
generated dataset 2, which contains 13000 instances (as explained in Table 3.2).

Dataset2 represents the dataset used for case 2 as a source domain dataset.

88



Chapter Four Results and Discussion

3D Plot of the Dataset

Ultra-High Definition (UHD) Video Streaming
Immersive Experience

Smart Grid

e-Health

Intelligent Transportation Systems (ITS)
Voice over 5G (Vo5G)

Connected Vehicles

Industry Automation

Video Surveillance

Figure 4.1: 3D plot for instance distribution of the dataset 1
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Figure 4.2: 3D plot for instance distribution of the dataset 2

While, Figure 4.3 shows the 3D plot of instance distribution for the generated
dataset 3, which contains 100 instances as explained in Table 3.2. Dataset3

represents the data set used for case 2 as a first case for the target domain dataset.

89



Chapter Four Results and Discussion

3D Plot of the Dataset
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Figure 4.3: 3D plot for instance distribution of the dataset 3

Moreover, Figure 4.4 shows the 3D plot of instance distribution for the
generated dataset 4, which contains 200 instances (as explained in Table 3.2).
Dataset 4 represents the data set used for case 2 as a second case for the target
domain dataset. Furthermore, Figure 4.5 shows the 3D plot of instance
distribution for the generated dataset 5, which contains 200 instances (as explained
in Table 3.2). Dataset 5 represents the data set used for Case 2 as a third case for

the target domain dataset.
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Figure 4.4: 3D plot for instance distribution of the dataset 4
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3D Plot of the Dataset
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Figure 4.5: 3D plot for instance distribution of the dataset 5

4.3 Case 1 Network Slicing Classification Models

In case 1 a 5G network slicing dataset, comprising 3000 users, is utilized, and

the network slices are classified through the application of two Models.
1) Model 1

Model 1 proposed design consist of two levels. Level 1 consist of DT, RF
and TabNet; While level 2 consists of hybrid classifier (PSO-ANN) as mentioned
in section 3.2. In this case, two experiments were implemented. Experiment 1 is
about implementing the proposed model on dataset in [19] .

The results show that the proposed model exceeds the model in [19] on all
measures (accuracy, precision, recall, and Fl-score). It has a greater accuracy,
precision, and recall, implying that it makes more accurate predictions,
particularly for positive classifications.

In addition, a higher F1-score, indicating a better balance of precision and
recall. These findings indicate that the proposed model outperforms the model in
[19] in terms of predictive performance.

When considering the implications for latency and reliability in 5G, the
enhanced performance of the proposed model suggests potential advantages in

real-time processing and reliable decision-making. The higher accuracy and
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precision imply a reduced likelithood of misclassifications, contributing to lower
latency in delivering accurate results.

Additionally, the improved recall and F1-score indicate a better balance
between sensitivity and precision, enhancing the model's reliability in capturing
relevant information without losing precision. These factors collectively
contribute to the potential for reduced latency and increased reliability, critical
aspects in the context of 5G networks. The comparison results are shown in Table

4.1.

Table 4.1: Results comparison between Model in [19] and the proposed model 1

Model Accuracy | Precision | Recall | F1-score
Model in [19] 96.6 97.2 96.3 96.2
Proposed model 97 98 97 97

In Experiment 2, the dataset created in the approach was used for the
application of the suggested model. The outcomes and findings indicate that the
suggested model produced good results in comparison to other standalone models,
including DT, RF, TabNet and DNN+PSO. Table 4.2 shows the results comparison
between the proposed model with models (DT, RF, TabNet and DNN+PSO).

Table 4.2: The comparison results between models (DT, RF, TabNet and DNN+PSO)

with the proposed model
Model Accuracy | Precision | Recall | F1-score
DT 81 79 79 79
RF 90 81 81 81
DNN + PSO 91 82 82 82
TabNet 94 81 81 81
Proposed Model 97.6 83 83 83

As shown in the Table 4.2, the findings indicate that the DT displays a
reasonable level of performance across all evaluation metrics. Thus, in the precise

field of network slice classification, it is considered appropriate for simpler slice
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classification tasks. In contrast, RF has higher performance across many matrices,
demonstrating its capability to handle a broader range of slice types.

In a similar way, the combination of DNN and PSO confirmed worthy
outcomes, showing its ability in capturing difficult patterns within network slice
data and its potential applicability across many classification tasks.

The TabNet model showed robust performance, achieving a harmonious
balance between accuracy and recall, as well as a commendable F1-score. These
results highlight the model's effectiveness in addressing complex categorization
tasks.

The Proposed Model confirmed excellent performance in terms of accuracy,
precision, recall, and Fl-score, locating it as a very promising option for the
classification of network slices across several categories. The excellent
performance shown by the Proposed Model indicates a deep considerate of the
underlying patterns in the data, making it highly suitable for accurate classification
in the field of network slicing.

The Proposed Model displayed good accuracy, precision, recall, and F1-
score. These robust results suggest the potential for reduced latency, as the model
offers more accurate predictions, particularly crucial for real-time applications.
Additionally, the deep understanding of underlying data patterns showcased by the
Proposed Model enhances its reliability, making it well-suited for critical services
requiring precise and timely decision-making in the situation of 5G networks.

Figure 4.6 presents a summary of evaluation matrices, comparing models
such as DT, RF, TabNet, and DNN+PSO with the proposed model. Additionally,

an overall comparison is made with the benchmark model.
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Performance Measurments
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Figure 4.6: Evaluation matrices comparison for model 1

2) Model 2

In this scenario, two experiment were showed. Experiment 1 contains the
application of the proposed model to the dataset described in reference [19]. The
findings specify that the suggested model outperforms the model presented in [19]
across all evaluation metrics, including accuracy, precision, recall, and F1-score.
The model shows enhanced accuracy, precision, and recall, indicating its ability to
provide more precise predictions, especially in the situation of positive
classifications. Moreover, the F1-score is greater, suggesting a more optimal trade-
off between accuracy and recall.

The results of this study suggest that the model we have developed exhibits
good predictive performance compared to the model described in [19]. The

comparison results are shown in Table 4.3.

Table 4.3: Results comparison between model in [9] and proposed model 2

Model Accuracy | Precision | Recall | F1-score
Model in [19] 96.6 97.2 96.3 96.2
Proposed model 98 98 97 97
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In terms of latency and reliability in 5G network slicing, these findings
suggest promising implications. The heightened accuracy and precision of the
proposed model imply a potential reduction in latency, as the model can deliver
faster and more precise predictions. This is particularly crucial for applications
demanding real-time responsiveness like e-health. Moreover, the increased recall
and Fl-score indicate a better ability to capture relevant information without
sacrificing precision, contributing to the overall reliability of the model in network
slicing scenarios.

For Experiment 2, the proposed model was applied to the dataset that was
generated in the method. The outputs and results demonstrate that the proposed
model yielded butter outcomes compared to other models alone such as (DT, RF,
DNN, and TabNet). Table 4.4 shows the results comparison between models (DT,
RF, DNN, and TabNet) with the proposed model.

Table 4.4: The results comparison between models (DT, RF, DNN, and TabNet) with

the proposed model 2
Model Accuracy | Precision | Recall | F1-score
DT 81 82 79 78
RF 91 90 91 86
DNN 91 92 91 90
TabNet 94 95 94 94
Proposed Model 98 98 98 98

After implementing some models and the proposed model the results shows
that the DT presents a moderate performance across all matrices, so in the context
of network slice classification it is suitable for simpler slice classification. While
RF, on the other hand, demonstrate a higher performance across matrices, so it is
capable for a wider array of slice categories. Similarly, DNN achieved competitive
results, exhibiting its ability to catch subtle patterns within network slice data and

its potential for numerous categorization tasks.
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The TabNet model demonstrated strong performance, with balanced
precision and recall and a solid F1-score, demon- starting its efficacy in dealing
with complicated categorization challenges.

In terms of latency and reliability within the context of 5G and its services,
the performance of Proposed Model 2 suggests potential advantages. The good
accuracy and precision imply a potential reduction in latency, making the model
suitable for real-time applications. Additionally, the balanced precision and recall,
as well as the solid Fl1-score, indicate a reliable ability to handle complicated
categorization tasks, contributing to the overall reliability of the model in the
dynamic environment of 5G network slicing.

Figure 4.7 shows a summary of evaluation matrices, comparing models such
as DT, RF, DNN, and TabNet with the proposed model. Additionally, an overall

comparison is made with the benchmark model.
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Figure 4.7: Evaluation matrices comparison for model 2

96



Chapter Four Results and Discussion

4.4 Case 2 Network Slicing Classification Model

In this case, a source dataset including 13,000 instances is assumed, with
three other dataset representing scarce data. TabNet is trained on a domain-specific
tabular dataset, where the model acquires the capability to extract meaningful
representations and patterns from the input features. During the fine-tuning
process, the model adjusts its weights based on labeled data in the target domain,
aiming to discern domain-specific patterns and enhance overall performance. A
DT was employed as the classifier for the target data. TL was executed on three
cases of target data (100, 200, and 300 instances) representing scarce data.
Accuracy was assessed using DT as a classification model both before and after

TL using TabNet, revealing a significant increase in accuracy as shown in Table

4.5.

Table 4.5:.Results before and after using Transfer Learning

Model Decision tree
Data Datal:100 | Data2: 200 | Data3:300
Acc. before using TL 70% 68% 73%
Acc. after using TL 2% 73% 77%

The experimental results demonstrate that the proposed approach achieves
good classification accuracy after using TL.

For more clarity, the rest of evaluation metrices was computed for data set 1
(as an example) and the classification report for each class before and after TL
clarified in Figures 4.6 (a) and 4.6 (b). As observed some classes are improved

in term of precision, recall and accuracy after using TL.
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F------- R Fo-mmmmm o= F-------- e +
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Figure 4.6: Classification report for target dataset 1 (a) before TL, (b) after TL

As observed from Figures 4.6 (a) and 4.6 (b), the model struggles to provide
meaningful metrics for several classes before transfer learning. Some classes have
precision, recall, and Fl-score values of zero, indicating a lack of correct
predictions.

After TL, the model shows improvement, providing meaningful metrics for
each class. Precision, recall, and F1-score values are now non-zero for all classes,

indicating the model's ability to make accurate predictions.
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TL has significantly enhanced the model's performance, enabling it to
provide meaningful predictions for each class, which is crucial for accurate

classification in the context of network slicing.
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Chapter Five

Conclusions and Future Work

5.1 Introduction

The evolution of telecommunication networks, specifically focusing on the
significant advancements brought by the 5G. With the rise in the number of
connected users and data volume, the challenges related to effective resource
utilization, network management, and meeting diverse service requirements have
become paramount. These challenges have shown the pivotal role of C-RAN and
network slicing. Network slicing has emerged as a key enabler, allowing the
creation of isolated logical networks tailored to specific service needs. In the
related literature, ML and DL classification methods are considered for network
slicing classification.

5.2 Conclusions

This dissertation has arrived at the following conclusions:

1) Overcoming the challenge of tabular data in DL, especially in contrast
to more common data types like images and text, is achieved through
the implementation of specialized tabular DL models.

2) Handling unbalanced data, known for its complexity, is addressed,
recognizing the potential bias towards the majority class and
mitigating inaccuracies in predicting the minority class.

3) The selection of a network slice to meet user demands is accomplished
by employing a model based on both tabular and ML models, followed
by a hybrid optimization classifier.

4) An alternative approach involves selecting a network slice using a
model based on ANN and ML, complemented by an enhanced TabNet

model.
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S)

Overcoming the challenge of scarce data is addressed through the

application of TL principles, specifically utilizing a TabNet model.

5.3 Suggestions for Future Works

In this dissertation, the following are suggested for future works:

1)

2)

3)

4)

Exploring Various Data Sources: Future research can focus on
exploring diverse data sources and methodologies for generating
relevant datasets. Collaborations with telecommunication companies,
research institutions, for providing access to real-world data.
Advanced DL Models: Continued exploration and development of
advanced DL models specifically tailored for tabular data could be a
promising path. Research can explore into creating DL architectures
optimized for handling the challenges posed by tabular datasets,
including data sparsity and mixed feature types.

Hybrid Approaches: Future studies can explore hybrid approaches
that combine DL, traditional ML techniques, and domain-specific
knowledge to further enhance the efficiency and accuracy of network
slicing and service classification processes.

Evaluation Metrics: Developing comprehensive evaluation metrics
specific to 5G network slicing and classification tasks would provide
a standardized way to assess the performance of different models.
These metrics should consider factors such as resource utilization,
Throughput, energy efficiency, and user satisfaction and other QoS

factors.
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