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Abstract

This thesis addresses key challenges in the optimization of network slicing in Beyond 5G
(B5G) networks, focusing on the use of Graph Neural Networks (GNNs) for performance
prediction and resource allocation. It is structured into three main parts: improvement of
an existing GNN model for Key Performance Indicator (KPI) prediction, dataset creation

for network slicing, and the creation of a GNN model for predicting network slicing KPIs.

The ultimate goal of this work is to build a model for predicting network slicing KPIs.
GNNs models are a novel and powerful technique for accurately learning from graph-
structured data, making them suitable for predicting network KPIs. To learn GNNs pro-
gramming, the first part of this work describes the participation in a ITU challenge. Au-
tonomous network management is explored, being essential for the dynamic environments
expected in BSG networks. The limitations of traditional modeling tools and network
simulators are also explored, proposing GNNs as an effective alternative due to their high
accuracy and low computational requirements. A significant contribution is the enhance-
ment of the RouteNet baseline model, achieving an improvement in prediction accuracy

for larger networks, in comparison to the networks seen during training.

As the goal is to build a GNNs model for predicting network slicing KPIs, and a lack
of data containing network slicing scenarios is identified, the second part presents a the
creation of a network slicing dataset designed to support Artificial Intelligence (AI)-based
performance prediction in BSG networks. This dataset, generated through a packet-level
simulator, includes diverse network scenarios with varying topologies, slice instances,
and traffic flows, capturing the complexities of Enhanced Mobile Broadband (eMBB),
Ultra-Reliable Low-Latency Communication (URLLC), and Massive Internet of Things
(mloT) slices. The dataset is a valuable resource for the research community, facilitating

innovations in network slicing and resource management.

After creating the required data, the GNN model called GNNetSlice is developed in part
three, introducing a novel model that leverages GNNs to predict the performance of net-
work slices in the core and transport network. By adopting a data-driven approach, GN-
NetSlice balances prediction speed and accuracy. The model demonstrates high accuracy

in predicting delay, jitter, and losses across various scenarios.

Overall, this thesis makes contributions to the field of network slicing, providing tools and
datasets for efficient and accurate KPI prediction in B5G networks. The proposed models
and datasets pave the way for more resilient and adaptive network management solutions,
crucial for the next generation of mobile networks.

Xiii



Resum

Aquesta tesi aborda els reptes clau en I’optimitzacié del network slicing en xarxes Beyond
5G (B5G), centrant-se en 1’Gs de Graph Neural Networks (GNNs) per a la prediccié del
rendiment 1 I’assignaci6 de recursos. La tesi s’estructura en tres parts principals: millora
d’un model GNN existent per a la prediccié de Key Performance Indicators (KPIs), creaci6
de conjunts de dades sobre network slicing 1 un model de GNN per predir KPIs de network

slicing.

L’objectiu final d’aquest treball és construir un model per predir els KPIs de network
slicing. Els models GNNs son una tecnica nova i potent per aprendre amb precisié a partir
de dades estructurades en grafs, la qual cosa els fa adequats per predir KPIs de xarxa. Per
aprendre la programacié de GNNss, la primera part d’aquest treball descriu la participaci6
en un challenge organitzat per la ITU. S’explora la gestié autonoma de xarxes, que €s
essencial per als entorns dinamics de les xarxes B5SG. També s’exploren les limitacions
de les eines de modelatge tradicionals i dels simuladors de xarxa, proposant les GNNs
com una alternativa efica¢ a causa de la seva alta precisid i els seus relativament baixos
requeriments computacionals. Una contribucié significativa és la millora del model base
RouteNet, aconseguint una millora en la precisié de prediccié per a xarxes més grans,

respecte les vistes durant 1’entrenament.

Ja que I’objectiu és construir un model basat en GNNs per predir els KPIs de network
slicing, 1 s’identifica una manca de dades que continguin escenaris de network slicing,
la segona part presenta la creacié d’un conjunt de dades de network slicing dissenyat per
donar suport a la predicci6 del rendiment basada en Artificial Intelligence (Al) a les xarxes
B5G. Aquest conjunt de dades, generat a través d’un simulador a nivell de paquets, inclou
diversos escenaris de xarxa amb diferents topologies, instancies de slice i fluxos de transit,
capturant les complexitats dels tipus de slice Enhanced Mobile Broadband (eMBB), Ultra-
Reliable Low-Latency Communication (URLLC) i Massive Internet of Things (mloT). El
conjunt de dades és un recurs valuds per a la comunitat investigadora, ja que facilita les

innovacions en la gesti6 de recursos i el network slicing.

Després de crear les dades necessaries, el model GNN anomenat GNNetSlice es desenvo-
lupa a la tercera part, introduint un nou model que aprofita GNNs per predir el rendiment
dels network slices al core i1 la xarxa de transport. En adoptar un enfocament basat en
dades, GNNetSlice equilibra la velocitat i la precisié de prediccié. El model demostra
una gran precisié a I’hora de predir retards, fluctuacions de retard i perdues en diversos

escenaris.

En general, aquesta tesi fa contribucions al camp del network slicing, proporcionant eines
1 conjunts de dades per a una prediccié KPI eficient i precisa a les xarxes BSG. Els mo-
dels 1 conjunts de dades proposats obren el cami per a solucions de gestié de xarxes més

resistents i adaptatives, crucials per a la propera generacié de xarxes mobils.

X1v



Resumen

Esta tesis aborda los retos clave en la optimizacion del network slicing en redes Beyond
5G (B5QG), centrandose en el uso de Graph Neural Networks (GNN5s) para la prediccion del
rendimiento y la asignacién de recursos. La tesis se estructura en tres partes principales:
mejora de un modelo GNN existente para la prediccion de Key Performance Indicators
(KPIs), creaciéon de conjuntos de datos sobre network slicing y creacién de un modelo
GNN para predecir KPIs de network slicing.

El objetivo final de este trabajo es construir un modelo para predecir los KPIs de network
slicing. Los modelos GNNs son una técnica nueva y potente para aprender con precision
a partir de datos estructurados en grafos, lo que los hace adecuados para predecir KPIs
de red. Para aprender la programaciéon GNNs, la primera parte de este trabajo describe la
participacion en un challenge organizado por la ITU. Se explora la gestiéon auténoma de
redes, que es esencial para los entornos dindmicos de las redes BSG. También se exploran
las limitaciones de las herramientas de modelado tradicionales y de los simuladores de
red, proponiendo las GNNs como una alternativa eficaz debido a su alta precision y sus
relativamente bajos requerimientos computacionales. Una contribucion significativa es la
mejora del modelo base RouteNet, consiguiendo una mejora en la precision de prediccién

para redes de mayor tamaiio al visto durante el entrenamiento.

Puesto que el objetivo es construir un modelo basado en GNNs para predecir los KPIs de
network slicing, y se identifica una carencia de datos que contengan escenarios de network
slicing, la segunda parte presenta la creacion de un conjunto de datos de network slicing
disefiado para apoyar la prediccion del rendimiento basada en IA en las redes BSG. Este
conjunto de datos, generado a través de un simulador a nivel de paquetes, incluye varios
escenarios de red con diferentes topologias, instancias de slice y flujos de trafico, captu-
rando las complejidades de los tipos de slice Enhanced Mobile Broadband (eMBB), Ultra-
Reliable Low-Latency Communication (URLLC) y Massive Internet of Things (mlIoT). El
conjunto de datos es un valioso recurso para la comunidad investigadora, ya que facilita

las innovaciones en la gestion de recursos y el network slicing.

Después de crear los datos necesarios, el modelo GNN llamado GNNetSlice se desarrolla
en la tercera parte, presentando un nuevo modelo que aprovecha GNNs para predecir el
rendimiento de los network slices en el core y la red de transporte. Al adoptar un enfoque
basado en datos, GNNetSlice equilibra la velocidad y precision de prediccion. El modelo
demuestra una gran precisién a la hora de predecir retrasos, fluctuaciones de retraso y

pérdidas en varios escenarios.

Por lo general, esta tesis hace contribuciones al campo del network slicing, proporcionan-
do herramientas y conjuntos de datos para una prediccion KPI eficiente y precisa en las
redes B5G. Los modelos y conjuntos de datos propuestos abren el camino para soluciones
de gestion de redes mds resistentes y adaptativas, cruciales para la proxima generacion de

redes moviles.
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1 Introduction

In this chapter, the stage for the exploration about automated network management is
set. The motivation behind this research is clarified, identifying key challenges and trends
within the field. Subsequently, the specific objectives are outlined, highlighting the goals
aimed to achieve. Moreover, a discussion of the significant contributions this thesis aspires
to make to the domain of network management is included. To assist readers in navigating
this thesis, an outline of the thesis structure is also provided.

1.1 Motivation

Ensuring smooth operation of network infrastructures requires an accurate network man-
agement. This includes various functions, such as preventing network failures and restor-
ing them quickly when they occur, maintaining proper equipment and software configura-
tions, tracking network usage, optimizing network performance to handle increased traffic
without service degradation, and numerous related tasks. Consequently, network man-
agement encompasses a wide range of mechanisms and shares a close connection with

network control, involving automatic processes to configure the network.

In recent years, the landscape of network management has undergone a deep transforma-
tion with the advent of Beyond 5G (B5G) networks. These networks bring unprecedented
advancements in bandwidth, reduced latency, and a host of capabilities that cater to both
end-users and network operators. They are envisioned to support a large number of con-
nected devices and facilitate applications and services demanding high-speed, low-latency
connectivity, including Ultra-Reliable Low-Latency Communication (URLLC), Massive
Internet of Things (mloT), and Enhanced Mobile Broadband (eMBB) [4]. A critical com-
ponent of enabling these services is the creation and management of network slices, which
are logical virtual networks that overlay a shared physical network and computing re-
sources (Fig. 1). Especifically, URLLC can also include edge functions, to reduce the

latency of the applications, while mIoT or eMBB have less stringent latency restrictions.

However, amid the promise of these networks lies a formidable challenge—dynamic re-
source allocation for network slices [60]. Network slices must be orchestrated swiftly and
effectively, adapting in (near)-real-time to ensure stringent Quality of Service (QoS) and
Quality of Experience (QoE) requirements. These requirements encompass parameters
such as latency thresholds, minimum bandwidth guarantees, and support for a multitude
of connected devices, vital for applications like virtual reality and smart stadiums [23].
As networks evolve, technologies such as Software Defined Networking (SDN), Network
Function Virtualization (NFV), Service Function Chaining (SFC), and Multi-access Edge
Computing (MEC) become integral [72], requiring rapid analysis of Key Performance
Indicators (KPIs) to manage the available resources in a near real-time way.

The challenge deepens as networks embrace emerging paradigms like the Internet of Vehi-

cles (IoV) [95], demanding swift adaptation to evolving network conditions. This urgency
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Figure 1: Network slicing usages in a real scenario [44].

underscores the need for highly automated and agile management systems that can ef-
fectively balance demand, benefits, and capacity across existing and emerging network
slices.

Traditionally, network modeling relied on mathematical analysis but often oversimplified
the dynamic nature of modern networks [96]. In contrast, network simulators provided
accurate results but at the cost of processing time and resource utilization, making real-

time analysis, monitoring, and management a complex task [65].

In response to these challenges, recent years have witnessed a surge in leveraging Artifi-
cial Intelligence (AI) and Machine Learning (ML) techniques for resource management in
B5G networks. Data-driven approaches, including Deep Learning, Reinforcement Learn-
ing, and Graph Neural Network (GNN), have shown remarkable promise in optimizing
resource allocation, fault detection, and traffic management [85]. These approaches use
the large amount of data generated by BSG networks, adapting quickly to changing net-
work conditions and optimizing resource utilization to meet Service Level Agreements
(SLAs).

The evolving techniques for predicting network KPIs create the possiblity of obtaining a
Digital Twin Network (DTN), a virtual replica or representation of a physical network.
It mimics the behavior, characteristics, and interactions of its real-world counterpart in a
digital environment. Fig. 2 shows a closed control loop where multiple configurations are
created and validated using the results of the DTNs. When a configuration is obtained
and validated, it is applied to the physical network. Digital twins have gained substantial
traction in various industries, including manufacturing, healthcare, urban planning, and

infrastructure management. They serve as invaluable tools for monitoring, analyzing, and



optimizing complex systems. In the case of networks, DTN can be applied to obtain
multiple benefits [10]:

Network design and optimization: simulation of various deployment scenarios, lead-

ing to more efficient and cost-effective network designs.

Predictive maintenance: monitor the health and performance of network compo-
nents, by analyzing real-time data. Digital twins can anticipate equipment failures

or degradation, allowing operators to proactively address issues.

Resource allocation and load balancing: traffic patterns, device density, and QoS

requirements analyzed to dynamically allocate network resources.

Security and threat detection: controlled environment for testing security measures

and identifying vulnerabilities.

Real-time performance monitoring: monitor network performance metrics, includ-

ing latency, throughput, and packet loss.

Energy efficiency: by analyzing power consumption patterns and optimizing re-
source utilization, operators can reduce the environmental footprint of their net-

works.

Control loop Network digital twins
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Figure 2: Digital Twin Networks of a physical network, used in a closed control loop.

While the integration of digital twins in BSG networks offers significant advantages, it also

presents challenges such as data integration, model accuracy, and computational demands.

As B5G networks evolve and expand, further research and development will be necessary

to refine digital twin technologies for even more precise modeling and optimization.

Digital twins applied to BSG networks represent a transformative approach that empowers

operators to build, manage, and optimize next-generation communication infrastructures



more effectively. By providing real-time insights, predictive capabilities, and enhanced
control, digital twins play a pivotal role in unlocking the full potential of B5G technology

for various industries and applications.

The challenges posed by the dynamic and complex nature of B5G networks demonstrate
the need for advanced techniques in managing network resources efficiently. The concept
of DTN emerges as a powerful tool to tackle these challenges. By creating a virtual replica
of the physical network, DTN provides a controlled environment to simulate various net-
work scenarios, predict network behavior, and analyze critical KPIs. This capability plays
a key role in addressing the intricate demands of network slicing infrastructures, such as
dynamic resource allocation and real-time adaptation to QoS and QoE requirements. In-
tegrating DTN into the network management process allows operators to explore multiple
configurations and evaluate their impact on network performance, optimizing the deploy-

ment and orchestration of network slices.

In this context, the thesis focuses on predicting essential KPIs—using state-of-the-art Al
and ML techniques, such as Graph Neural Networks (GNNs)—to enhance the precision
and scalability of network slice management. These models can be used as DTNs, to
provide valuable feedback that helps to validate and adjust the network configurations,
ensuring that these proposed configurations align with real-world performance and SLA
requirements. Through this approach, this thesis aims to improve the efficiency and relia-

bility of network slicing infrastructures.

1.2 Objectives

The aim of this thesis is to develop fast and accurate prediction models for critical network
KPIs. These KPIs play a key role in the management of network slicing infrastructures,

impacting the quality and efficiency of services provided to users and applications.
Specifically, the KPIs considered relevant in this thesis include:

» Latency: The time delay between sending and receiving data, which is crucial for
applications requiring low-latency connectivity such as URLLC.

* Packet loss rate: The percentage of data packets lost during transmission, which

can degrade service quality and lead to poor user experiences.

 Jitter: The variation in packet arrival times, which affects real-time services like

video conferencing and online gaming.

In modern network management, the prediction of network KPIs presents a challenge.
Traditional methods, such as network calculus, often lack the precision required, while
network simulators, though accurate, can be prohibitively slow. To address this issue, the

thesis explores the application of cutting-edge artificial intelligence and machine learning



techniques, seeking solutions to enhance the accuracy and speed of KPI predictions in

network management.

By achieving this goal, this thesis seeks to empower network operators with tools for
efficient network slicing management. This allows the network operators to meet diverse
performance demands across various slices while ensuring optimal resource allocation,
and accomplish the SLAs.

In addition to facilitating efficient network resource management, the thesis intends to
contribute to overall network optimization. The predictive models developed here will aid

in the allocation of resources, ultimately resulting in improved network performance.

Ultimately, this work aspires to advance the capabilities of network slicing technology,
making it a more dynamic and responsive component within modern network infrastruc-
tures. Through these objectives, the thesis seeks to provide practical solutions that enhance

the functionality and efficiency of network slicing infrastructures.

1.3 Contributions
The main contributions of this thesis are as follows:

1. Enhanced GNN: This research significantly contributes to the field by participat-
ing in a challenge aimed at improving a GNNs model. By refining and enhancing
GNNs, by applying several techniques, such as normalization, feature engineering,
and post-processing of predictions, among others, this research has paved the way
for more accurate and effective predictions in network management. These con-
tributions advance the state-of-the-art by improving the scalability and accuracy of

GNN models for real-time network management, particularly in BSG scenarios.

2. A novel dataset for network slicing research: This thesis generates a novel dataset
through simulations of network slicing infrastructures using the OMNeT++ network
simulator, which is widely recognized in the field of network research. The simu-
lation environment follows established standards, from 3GPP for BSG and network
slicing architectures. The dataset simulates various network slice types, traffic, and
KPI requirements. This contribution is significant as it provides the research com-
munity with a benchmark dataset for KPI prediction, which is currently lacking in
this field.

3. Innovative GNN model: This research introduces the application of a GNN model
for predicting network KPIs such as delay, jitter and packet losses of network slic-
ing networks. While GNN models have been explored in other domains, this work
pioneers their application to the dynamic and complex problem of real-time KPI
prediction in network slices. The novel aspect lies in adapting the GNN model to
handle the unique requirements of network slicing, including different traffic pat-

terns, stringent QoS requirements, and adaptation to network changes. This extends



the frontier of AI/ML techniques applied to network management, surpassing the

capabilities of traditional approaches like network calculus or simulators.

These contributions collectively advance the state-of-the-art in network management by
providing enhanced prediction tools, valuable simulation resources, and modeling tech-
niques. They offer practical solutions to the challenges associated with network KPI pre-
dictions, ultimately benefiting the efficiency and reliability of network slicing infrastruc-

tures.

1.4 Outline of the Thesis

This document is organized into six chapters, each contributing to the comprehensive ex-

ploration of network management and KPI prediction in network slicing infrastructures.

Chapter 1 serves as the introduction, setting the stage for the entire document. It outlines
the motivation behind this research, its specific objectives, and the contributions it aims
to make to the field of network management. Additionally, this chapter provides a clear

outline of the thesis structure.

Chapter 2 explores into the background of network slicing dynamic management. It en-
compasses three main sections. Firstly, it reviews network management functions, stan-
dards, and architectural classifications while discussing recent trends. Secondly, it sum-
marizes the background in artificial intelligence and machine learning, specifically those
techniques enabling dynamically manageable networks. Lastly, it introduces various ap-

proaches for network simulations and network calculus.

Chapter 3 shows the experience acquired with the participation in a International Telecom-
munication Union (ITU) challenge to improve a Graph Neural Network model to predict
network on network KPIs. The problem, approaches used and results are described in this

section.

Chapter 4 is dedicated to the generation of a network slicing dataset, where different traffic
is used to create a dataset of simulations, using a network packet simulator. The proposed

scenario, simulation configurations and results are shown in this section.

Chapter 5 presents the innovative approach achieved for prediction of multiple network
KPIs with high precision and low resource requirements. The model is described and
evaluated in this chapter.

Finally, Chapter 6 concludes this document by summarizing its main contributions to net-
work slice management and KPI prediction in network slicing infrastructures. It also

outlines potential areas for further research and development within the field.



2 Background

This chapter offers a contextual background for this thesis research, primarily centered
around network management and control techniques, such as SDN, NFV, and notably,
network slicing. It also introduces artificial intelligence techniques, machine learning,
and Graph Neural Networks to simulate networks, all particularly within the domain of
B5G network slicing and the construction of Digital Twin Networks. In addition, tools
for simulating networks are discussed. This contextualization forms the basis for this
research, which focuses on using GNNs to predict and optimize the prediction of KPIs of

network slices within these evolving telecommunications landscapes.

2.1 Network management

Network management [73] is an essential processes to ensure the optimal functioning of
a network. A primary approach to state-of-the-art techniques for BSG networks manage-
ment is introduced in this section. Mainly two network technologies are related to this

thesis, namely Software Defined Networking and Network Slicing.

2.1.1 Software Defined Networking

SDN is a modern approach to networking [84] that aims to make networks more flexible,
programmable, and efficient by separating the control plane from the data plane. This sep-
aration allows network administrators to manage and control network traffic and services
through software, providing greater agility and adaptability compared to traditional net-
working approaches. In conventional networking, such as the use of routers and switches,
the control plane and data plane are tightly integrated within network devices. The control
plane is responsible for determining how data packets should be forwarded through the
network, while the data plane is responsible for actually forwarding the packets. On the
other hand, SDN decouples the control plane and data plane [71]. The control plane is
centralized in software, making high-level decisions about traffic management and rout-
ing, while the data plane in network devices simply follows the instructions provided by

the control plane.

The key components of SDN are shown in Fig. 3:

* Northbound Interface and Application Plane: These interfaces expose the function-
ality of the SDN controller to applications and higher-level network services. Ap-
plication developers can use these APIs to create custom network applications and

services.

* SDN Controller (Control Plane): The central component of an SDN architecture
is the SDN controller. It acts as the "brain" of the network, responsible for mak-
ing global traffic management decisions based on network policies and conditions.
Popular SDN controllers include OpenDaylight, ONOS, and Ryu [75].
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Figure 3: SDN architecture in a three-layer approach [71].

Southbound Interface and Data Plane: These interfaces connect the SDN controller
to the network devices in the data plane. Protocols like OpenFlow [60] are com-
monly used for communication between the controller and network switches and
routers. Southbound APIs allow the controller to instruct network devices on how
to handle traffic.

The main advantages of using SDN over conventional networking are [88]:

Network Programmability: SDN allows for flexible network configuration and con-
trol through software, making it easier to adapt to changing requirements.

Centralized Management: The centralized control plane provides a global view of

the network, simplifying network management, monitoring, and troubleshooting.

Dynamic Traffic Engineering: SDN can dynamically adjust traffic routing based on
real-time conditions, optimizing network performance and resource utilization. This

is the main funcionality where this thesis is focused.

Security: SDN can enforce security policies and isolation by controlling traffic

flows, making it easier to respond to threats and vulnerabilities.

Vendor Independence: SDN reduces vendor lock-in, as the control plane is separate
from network hardware, enabling the use of heterogeneous network devices.

Conversely, some challenges and considerations must be considered and properly ad-
dressed in SDN:



* Scalability: Large-scale SDN deployments require robust controllers and efficient

communication mechanisms to handle the increased network complexity.

* Security: Centralized control introduces security risks, making the SDN controller

a potential target for attacks.

* Interoperability: Ensuring compatibility and interoperability between different SDN

components and vendors can be challenging.

* Transition: Migrating from traditional networking to SDN can be complex and may

require changes to existing infrastructure.

SDN has gained traction in data centers, cloud environments, and enterprise networks,
as it offers greater flexibility, automation, and control over network resources, allowing
organizations to meet the demands of modern applications and services effectively. New
protocols and inter-domain management techniques are being developed, increasing the
opportunities to use SDN in core networks.

2.1.2 Network Slicing

Network slicing is a closely related concept to SDN and is a crucial component of next-
generation telecommunications networks, particularly in the context of B5SG [70]. It en-
ables the creation of multiple virtualized network instances also called slices, within a sin-
gle physical network infrastructure, each tailored to serve specific applications, services,

or customer requirements, reserving all the required resources for the network service [2].

Network slicing is a network architecture paradigm that allows network operators to par-
tition their physical infrastructure into multiple logically isolated and independent virtual
networks, each with its own dedicated resources, characteristics, and service attributes.
These virtual networks are referred to as "slices". These slices are created, managed, and
customized according to the unique needs of different use cases (Fig. 1), as defined by
3GPP (TS-23.501 [2]):

* Enhanced Mobile Broadband (eMBB): a B5G service category primarily focused
on delivering high-speed, high-capacity, and low-latency wireless connectivity to
support applications that require massive data throughput. Significantly enhanced
mobile broadband experience compared to previous generations of wireless net-
works (e.g., 4G Long-Term Evolution (LTE)). For example it can be used with
4K/8K video streaming, virtual reality experiences, augmented reality applications,

and ultra-fast internet browsing.

» Ultra-Reliable Low-Latency Communication (URLLC): B5G service category de-
signed to provide ultra-reliable and extremely low-latency communication for crit-
ical applications. It is mainly focused in applications where safety and real-time
responsiveness are critical, such as autonomous vehicles, remote surgery, industrial

automation, and public safety communications.



massive Internet of Things (mloT): also called Massive Machine Type Commu-
nications(mMTC), mloT is a BSG service category tailored for scenarios with a
massive number of connected devices. It focuses on providing efficient, scalable,
and energy-efficient communication for a vast number of low-power, low-data-rate
devices. It is suitable for a wide range of Internet of Things (IoT) applications, in-
cluding smart cities, industrial automation, agriculture, environmental monitoring,

and asset tracking.

The essential elements enabling network slicing include [3]:

SDN: Network slicing relies heavily on the principles of SDN. In SDN, the control
plane is decoupled from the data plane, allowing centralized control and manage-
ment of network resources. Network operators use SDN controllers to orchestrate

and configure network slices dynamically.

Virtualization: Network functions and resources, including compute, storage, and
network elements, are virtualized to create multiple instances that can be allocated
to different slices based on their requirements. NFV plays a significant role in
achieving this virtualization. NFV is a transformative technology that involves the
virtualization of network functions that traditionally run on dedicated, proprietary
hardware appliances, and instead, these functions are implemented in software and

run on standard hardware infrastructure.

Service Orchestration: Service orchestration systems are responsible for designing,
provisioning, and managing network slices based on the specific needs of various
applications and services. These systems ensure that each slice receives the neces-

sary resources and QoS.

A wide range of benefits of using network slicing in SDN are [60]:

Customization: Network operators can customize each network slice to meet the
performance, latency, security, and bandwidth requirements of different services

and applications, ensuring optimal service delivery.

Resource Efficiency: Network slicing maximizes the efficient use of physical net-
work infrastructure by allowing the allocation of resources on-demand. This reduces

operational costs and capital expenditure.

Isolation: Slices are logically isolated from each other, ensuring that one slice’s
performance or security issues do not impact others. This is critical for services

with varying degrees of sensitivity and criticality.

Scalability: Network slicing enables the network to scale dynamically as new ser-
vices and applications are introduced, without compromising the performance of

existing slices.
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In summary, network slicing, closely integrated with SDN principles, is a crucial technol-
ogy in modern telecommunications networks, offering the flexibility and customization
required to meet the diverse and evolving needs of various services, applications, and in-
dustries in the era of BSG.

2.2 Artificial intelligence

In today’s increasingly interconnected world, the efficient management and optimization
of network resources have become critical. Ensuring that networks deliver reliable ser-
vices while efficiently utilizing resources is a complex challenge. Deep Learning, a sub-
field of machine learning, has emerged as a transformative technology to address these
challenges [4]. In particular, GNNs have proven to be a powerful tool for analyzing and
optimizing network structures. This section provides a comprehensive introduction to

these topics for better understanding.

2.2.1 Machine Learning and Deep Learning

Machine Learning is a subfield of Al that allows computers to learn and make decisions
from data, without being explicitly programmed [83]. It’s a paradigm that empowers
machines to recognize patterns, make predictions, and improve their performance through

experience. Machine learning involves the following key components:

* Data: machine learning relies on data as its foundation. This data can encompass

various types, such as text, images, numerical values, depending on the task.

* Algorithms: mathematical models and statistical techniques used to analyze and
process data. These algorithms learn from the data and extract the meaningful pat-

terns.

 Training: in supervised training, machine learning models are exposed to labeled
data, where the correct outcomes are provided alongside the input data. The model

learns to make predictions by adjusting the internal parameters to minimize errors.

» Testing and evaluation: after training, the model’s performance is checked using
unseen data to ensure that it generalizes well to real-world situations. Evaluation

metrics are used to measure the model precision.

The machine learning model’s training can be supervised (where models learn from la-
beled data), unsupervised learning (where models identify patterns without labeled data),
and reinforcement learning (where models make decisions to maximize rewards, in a dy-

namic way).

Deep Learning is a specialized subset of machine learning that focuses on using artificial

neural networks [42]. Those are inspired by the structure of the human brain, to solve
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complex tasks. Deep learning has the capability to handle and automatically learn hierar-
chical representations of data through deep neural networks. The enablers to build deep
learning models are the neural networks. Deep learning models are built using artificial
neural networks. These networks consist of interconnected layers of neurons, each layer
performing computations on data and passing it to the next layer. The depth of these net-
works, with multiple hidden layers, distinguishes deep learning from traditional machine
learning. The layers made of neurons are divided in three different types: input layers,

hidden layers (which can have a variable number of layers) and output layers (Fig. 4).

Another key requirement for builidng deep learning models are big amounts of data [74].
Deep learning works better when the models are trained with large datasets, which allow
it to discover complex patterns and relationships. The more data, the better deep learning

models can perform.

In summary, machine learning is a broader concept that encompasses the field of deep
learning. Machine learning includes a range of techniques, while deep learning focuses
on neural networks with multiple layers to automatically learn complex representations
of data. Deep learning models, especially Convolutional Neural Networks (CNNs) for
images and Recurrent Neural Networks (RNNs) for sequences, have achieved ground-

breaking results in various Al applications [97].

2.2.2 Graph Neural Networks (GNN)

Networks are inherently graph structures, where nodes represent entities (e.g., routers,
antennas), and edges denote connections or interactions between these entities. Traditional
neural networks are designed for grid-like data, such as images or sequences, and may
not fully exploit the underlying graph structure of networks. This is where GNNs come
into play. GNNs extend deep learning to graph-structured data, enabling the modeling of

complex relationships and dependencies within networks.

GNNs have risen as a solution to tackle a broad spectrum of challenges associated with

12



graph-structured data [50]. These challenges span various domains, from social networks
and molecular structures to complex computer networks [39, 28]. GNNs leverage the
inherent interactions between nodes and edges in a graph to make predictions or carry
out tasks such as regression and classification [81]. At the core of GNNs lies the concept
of message-passing, a mechanism where information flows among neighboring nodes,

updating the features of the target node.
The predictions a GNN can provide can be at different levels of detail within graph data:

* Graph-Level tasks: categorize entire graphs, useful for social network analysis and

text classification.

* Node-Level tasks: label individual nodes, e.g., predicting user relations in social

networks based on interactions, categorize.

* Link-Level tasks: forecast connections between nodes or predict properties of the

edges, aiding link prediction for potential friendships in social networks.

In a GNN, a graph is represented as an assembly of nodes and edges, each containing
specific features. The GNN architecture is composed of multiple layers. At each layer, in-
formation flows throughout the graph, gathering relationships from the neighboring nodes
and edges. This characteristic is also known as the expressive power [80]. The message-
passing process is composed of three stages: message transformation, aggregation, and
update:

1. Message transformation functions govern how nodes and edges generate messages.
2. Aggregation functions combine these messages.

3. Update functions merge the aggregated messages into the features of the target node,

enhancing its understanding of the broader network context.

Ultimately, a readout function [69] is used to perform the essential classification or regres-
sion tasks inherent to GNNs. The message-passing process expands iteratively across the
input graph, as illustrated in Fig. 5. In this figure, the example of predicting values for the
node A is shown. Each node, denoted by distinct colors, contributes its features to vectors.
These vectors, that can be seen as an array of values, are used as the input values for the
neural network architecture. The primary objective is to predict values for the target node,
labeled as "A". The process initiates with message transformation, followed by aggre-
gation, and culminates in the update of the target node’s feature values. In cases where
specific node attributes are missing, a pooling technique is used to consolidate information
from these nodes [68].

Due to all the benefits exposed in this chapter for creating network models, this thesis
main focus of attention is to apply GNNs network KPI prediction. In the next section,

other options for network modeling are discussed.
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2.3 Network modeling

In the dynamic landscape of modern networking, the ability to model, analyze, and opti-
mize network performance is of crucial importance. The available tools, apart from deep
learning techniques, are network simulators and network calculus. Both are briefly intro-

duced in this section.

2.3.1 Network simulators

Network simulators are software platforms designed to replicate real-world network en-
vironments, allowing to experiment with various network scenarios in a controlled and
virtual context. These simulators enable the simulation of diverse network topologies,

traffic patterns, and routings, all without the need for costly and complex physical setups.

One well-known example of a network simulator is OMNeT++ [92]. It provides a versatile
framework for modeling and simulating networks, being a valuable resource for exploring
network behaviors and generating performance evaluations. OMNeT++ can be used to
check the impact of network changes and test the robustness of network designs under

different conditions.

2.3.2 Queuing theory

Queuing theory [24, 22], conversely, is a mathematical theory that offers a systematic
approach to analyze the performance of networks. It provides a set of tools to determine

bounds on various network metrics, such as delay, jitter, throughput, and packet loss.

Queuing theory employs mathematical concepts to model the flow of traffic through a
network, taking into account factors like service curves, traffic arrival patterns, and buffer
capacities. By mathematically calculating network behavior the estimated KPIs of the

analyzed network are obtained.
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Apart from GNNss, these techniques can and have been used in predicting network perfor-
mance. In the literature, network models are used for this objective and are typically cre-
ated using analytical modeling, which includes queuing theory [24], Markov chains [22],
and other similar techniques. Such models can produce fast but poor predictions as a result
of relying on unrealistic and static assumptions about real-world networks. Packet-level
network simulators are often utilized to model network behavior under specific cases and
get more realistic results. Nevertheless, their longer computations and execution times
when dealing with larger networks [92] make them unsuitable for the required fast pre-
dictions. Despite this, network simulators produce highly accurate data which can be
employed to train different ML models. This is the reason this thesis uses a network sim-
ulator for generating new network slicing data, while it uses a GNN for predicting the

performance.

While various machine learning techniques, including CNNs, RNNs, and traditional ma-
chine learning algorithms, have been applied to network optimization problems, GNNs
offer unique advantages for modeling networked data. The graph structure of communica-
tion networks, where nodes represent devices (e.g., routers, antennas) and edges represent

the connections between them, aligns naturally with the design of GNNss.

Unlike CNNs, which work well with grid-like data, or RNNs, which are designed for
sequential data, GNNs can efficiently handle arbitrary, non-Euclidean structures such as
networks. Traditional machine learning models, such as random forests or support vector
machines, often require manual feature extraction and struggle with capturing the com-
plex, interdependent relationships in network topologies. In contrast, GNNs leverage
message-passing mechanisms to aggregate and update node features, allowing for more

precise predictions of KPIs in dynamic environments like BSG networks [35].

Moreover, GNNs have demonstrated superior performance in tasks involving the predic-
tion of node-level, edge-level, and graph-level attributes, making them an ideal choice for
network KPI prediction [33]. This is crucial for network slicing, where the behavior of
individual network slices need to be modeled accurately to meet stringent QoS require-

ments.
In summary, this thesis advances the current state-of-the-art in several ways:

* Enhanced GNN architecture: Building on existing GNN models, this thesis im-
proves the representation of dependencies in network slicing environments. This
allows for more accurate KPI predictions in real-time, addressing the limitations of

previous static and computationally expensive models.

* Novel application to network slicing: While GNNs have been applied in other
domains, their use in dynamic network slicing KPI prediction is still limited. This
thesis uses GNNs to model the interactions between network slices and their impact

on QoS requirements, providing a more dynamic and scalable solution.
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* Benchmark dataset: A key contribution of this work is the creation of a new dataset
for network slicing simulations, generated using the OMNeT++ simulator. This
dataset serves as a benchmark for future research in KPI prediction and network

slice optimization, filling a gap in current research resources.

Each section of the work presented in this thesis includes a more detailed analysis of the
state-of-the-art for each advance performed.
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3 Improving a Graph Neural Network model
for KPI prediction

In this chapter, it was necessary to study how the GNN models worked before creating a
new one. At the same time, an ITU challenge focused on predicting network KPIs was
published. This challenge served as an ideal learning method, as it provided a baseline
model that needed to be improved for better generalization, and a step by step procedure

was applied to learn and see the improvements.

This part of the thesis describes the step-by-step approach to outperform RouteNet [78],
a well-known and state-of-the-art GNN model designed to predict network performance
metrics. This baseline was proposed during the 2021 Graph Neural Networking Chal-
lenge: Creating a Scalable Network Digital Twin, which was part of the ITU AI/ML in 5G
Challenge [49]. The contributions of the thesis in this chapter are summarized as follows':

* A GNN model is proposed. It predicts the network delay with high accuracy and is
scalable compared to the baseline model RouteNet by exploiting feature engineering

techniques and fundamental networking concepts.

* A detailed description of the approach is provided, including the model design and
an exhaustive analysis of the network properties related to the dataset used to train
the model. This aspect is fundamental to support the decisions on the different
models designed and can be used as a methodology to create GNN to solve related

problems.

* An extensive set of experimental evaluations is performed, where this thesis ap-
proach is compared with recent state-of-the-art GNN approaches and analytical
models, and discuss how different changes to the baseline model affect the model’s
performance. Real and synthetic datasets are used for a comprehensive prediction

accuracy evaluation.

From this work, two publications were achieved:

[1] M. Farreras, P. Soto, M. Camelo, L. Fabrega and P. Vila. "Predicting network per-
formance using GNNs: generalization to larger unseen networks". In NOMS 2022-2022
IEEE/IFIP Network Operations and Management Symposium, Budapest, Hungary, 2022,
pp. 1-6. https://doi.org/10.1109/N0OMS54207.2022.9789766.

[2] M. Farreras, P. Soto, M. Camelo, L. Fabrega and P. Vila. "Improving Network Delay
Predictions Using GNNs". In Journal of Networks and Systems Management 31, 65, 2023.
Q1 journal. https://doi.org/10.1007/s10922-023-09758-9.

I'This chapter of the thesis describes the work done before and during the stay in the IDLab (group from
IMEC and the University of Antwerp). The collaboration with the IDLab started in mid 2021, thanks to
the participation in the challenge. A stay of three months, from September 2022 to December 2022 has
been performed in the IDLab research group in Antwerp, Belgium.
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3.1 Problem context

AI/ML, particularly GNNs, are being proposed as the next generation of predictive mod-
els. GNNs have gained significant attention in the networking community due to their
ability to learn complex relationships among nodes and links [11]. This makes them more

suitable for this domain compared to classical ML techniques or Deep Learning (DL) [85].

Recently, GNNs have been suggested as DTNs [8]. As introduced previously, DTN rep-
resents a virtual real-time depiction of a physical network in the digital world [101]. Dig-
ital twins have sparked a revolution in various industries, providing an enhanced view of
physical entities to support diagnosis and what-if analyses. The requirements for near-
real-time network analysis are closely linked to the concept of DTNs, which is still in the
early stages of adoption for Fifth Generation (5G) and B5G networks [6, 51].

In general, ML is becoming a crucial enabler for developing new DTNs for these networks,
as the demands of new services grow increasingly stringent. For instance, in smart cities,
DTNs are utilized to design networks that can ensure QoS without wasting energy, as
discussed in [7]. Moreover, the emerging IoV services also rely on DTNs for network
planning, which can incorporate Neural Networks (NNs) and even incorporate techniques
like Federated Learning [52].

An interesting use case in BSG networks is a dynamic, real-time, routing optimization tool
that accomplishes the QoS requirements. These networks continuously evolve and require
an adaptive behavior, where routing can be decisive in achieving the SLA requirements. In
this case, different routing configurations can be tested, selecting the best result according

to the target KPIs. This tool should have the following functionalities:
* Monitor the current resource allocations and performance over the entire network.

* Detect or be notified by an external actor, of new network events that might affect
the KPIs.

Test multiple routing configurations and choose the best tested configuration for the

real network.

* Minimize the used resources while satisfying the SLAs.

Apply new network routing configurations.

3.2 Baseline

RouteNet was used as a baseline model for this work. RouteNet is a GNN model whose
principal function is to predict per-source-destination network KPIs given a specific net-
work configuration. An RNN GNN exchanges information of the graph and saves the
states to the memory cell of each recurrently until convergence. In particular, as shown in
Fig. 6, RouteNet learns the network model from the data collected over different network
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topologies, such as their traffic and routing configurations, which can later be used to pre-
dict their performance. The resulting model captures the complex relationships between

the properties of links and the source-destination paths in topologies.

Topology I:>
: : Neural network
Traffic matrix I:> ol D Per-path mean delay

Routing I:>

Figure 6: RouteNet model inputs and output [78].

The representation of the graph that will feed the GNN is the first issue to be addressed in
its design. Edge prediction is a limitation of current state-of-the-art GNNs, despite GNNs
being able naturally to support them [41]. Then, the input graph has to be adapted to read
and predict link features. The input graph of RouteNet converts links into nodes, creating
a hyper-graph for each sample, where two node types exist: path and link. The main
working principle of RouteNet is the differentiation of the data between the path level
(e.g., end-to-end delay, end-to-end packet loss) and the link level (e.g., link delay, link
utilization). This information is encoded in learnable vectors. Based on this assumption,
the message-passing procedure used by RouteNet [78] follows the principles:

1. The state of a path depends on the state of all the links on the path.

2. The state of a link depends on the state of all the paths that traverse the link.

The learnable vectors are used to execute a message-passing procedure (with a determined
number of rounds) to collect messages from all the links and paths. This message-passing
procedure, combined with the usage of RNNs, makes the GNN architecture capable of
inferring path or link-level metrics. In RouteNet, each RNN’s hidden state represents a
function with the information of the path or link. These RNNs have modifiable hyperpa-

rameters to adapt to the specific use case.

In this work, Mean Average Percentage Error (MAPE) is used as the prediction error. The
MAPE is the average value of the relative errors, in percentage, as shown in Eq. (1). The
relative error is calculated by the difference between the predicted value y; and the real
value y;, divided by y; and obtaining the result in absolute value. The lower the MAPE

value, the better the predictions.

MAPE =

100% -
(1

n;

Vi — Vi
Yi

1
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3.3 Related work

A predictive model and a decision-making algorithm are the main blocks needed to achieve
the automated network management tasks described in Section 3.1. In this work, the
focus is on improving a prediction model called RouteNet, which predicts the network
performance according to a given topology, routing, and offered traffic.

AI/ML solutions such as shallow Feed Forward Neural Networks, Support Vector Ma-
chine (SVM), Random Forest (RF), Reinforcement Learning (RL), Multi-Layer Percep-
trons (MLP), or Convolutional Neural Networks (CNN) have been used to resolve similar
5G challenges. Some state-of-the-art solutions apply these methods for predicting net-
work delay, throughput, or other KPIs. In [13], 3D-CNNs are applied to the problem
of provisioning resources for network slices in real-time, predicting network capacity re-

quirements depending on the time of the week.

In [12], a zero-touch control for network slicing is proposed, predicting each slice’s net-
work capacity needs. The authors in [53] implement a Logistic Regression (LR), an SVM,
and a Decision Tree (DT) to predict the delays experienced by the users. Following a
DL approach, [37] predicts the traffic that a network will support at a specific time, sim-
ilarly to [13, 12], but using a RNN. [5] also uses RNNs to predict delays in 5G networks
for IoT and Tactile Internet. All these ML solutions work well with static scenarios but
are less adapted to create graph models in comparison to GNNs. The main advantage of
GNNs over other ML methods is their expressive power [80], allowing to model different
graphs (e.g., different topology, number of nodes) with higher accuracy. Some additional

motivations to apply GNNs to the network performance prediction are:

* GNNs have been successfully applied to combinatorial optimization problems [14],

and can achieve relational reasoning [11].

* A graph representation can better capture the relationship of the nodes in a network,
1.e., there is a one-to-one mapping between the network topology and the graph

representation.

In that sense, RouteNet [78] is a GNN model that can directly learn from graph-like
data, including network topologies, routing configurations, and offered traffic, to predict
network KPIs. In recent research, other GNN solutions have been applied to solve au-
tonomous network management [36], network slicing monitoring [76], network slicing
control [90], or SDN end-to-end delay prediction [38]. However, GNNs, as ML algo-
rithms, are sensitive to the mismatch between training data and testing data, i.e., training
and testing data do not come from the same distribution. Therefore, one of the main
challenges in using GNNs for predicting network performance is to improve the out-of-
distribution generalization, understood as the difference in accuracy between training and
testing data [48].
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Several works already attempt to improve the generalization capabilities of GNNs. The
authors of [29, 56] presented PARANA, a GNN model that extracts path and link-level
features related to Queuing Theory (QT). The model trains two message-passing proce-
dures. The first procedure focused on learning features from larger networks, while the
second focused on learning features from smaller networks. The output is the average
of both procedures. SOFGNN team [25] averaged two models and used data augmenta-
tion and feature engineering to solve the out-of-distribution problem. To obtain a higher
amount of samples for the training dataset, data augmentation is applied, creating new
samples similar to the ones found in the training sets. Regarding feature engineering, they
created a new feature called link load (%), defined as the sum of the traffic of all flows
traversing the link and divided by link capacity. The average result of two trained models
was used, one using as features the square value of link load, and the other model in-
cluding both the square and cube values of link load. Finally, the hyperparameters were
fine-tuned. Barcelona Neural Networking Center - Universitat Politecnica de Catalunya
(BNN-UPC) also proposed a solution to improve RouteNet’s out-of-distribution general-
ization [35]. The proposed model implements an extra message-passing procedure and
introduced a scaling factor combined with the data augmentation to estimate the delay
values of higher-capacity links. Unfortunately, this model required a long time to train, in
part due to applying only feature selection and not applying feature engineering to improve

the model generalization.

Table 1 provides a summary of the mentioned recent methods for using ML, DL, and
GNNs for network modeling. Many works have tried to address the network performance
prediction problem. Among the most used solutions, GNNs are the ML models that are
best suited to the graph representation seen in networks. Nevertheless, GNNs suffer an

out-of-distribution generalization problem and some works have tried to resolve it.
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Table 1: Comparison of Girona Antwerp Intelligence for Networks (GAIN) and other con-
tributions focusing on GNN.
Deep . Source .
Contribution learning Architecture Compfmson code Hyperparameter Fast train F?atur.e Multiple
against P, tune engineering models
model availability
Custom with
[29, 56] GNN MLPs, GCGR RouteNet Public Yes No Yes Yes
and GAT
[25] GNN Modified RouteNet Public Yes Yes Yes Yes
RouteNet
[17] GNN RNN + GRU OMNeT++ Public No No No No
simulation
[13] CNN 3D-CNN + Real scenario Private N/A N/A Yes No
MLPs
[12] CNN 4D-CNN + Real scenario Private N/A N/A Yes No
MLPs
[37] RNN SLSTM Real data On request N/A N/A Yes No
(5] RNN NARX AnyLogic Private N/A Yes Yes No
Simulator
[53] Classification ¢\ pyp 1R Real data Private N/A Yes Yes No
models
[36] GNN GCN + MLPs City simulations Public N/A N/A Yes No
[90] GNN GraphSAGE QMNeT++ Private No No Yes No
simulation
[76] GNN GAT +MLPs + — Genetic Algorithm o o Yes N/A Yes Yes
genetic algorithm  + greedy solution
[38] GNN STGCN OMNeT++ Private Yes No Yes No
+ simulation
GAIN GNN Modified RouteNet Public Yes Yes Yes No
RouteNet
3.4 Dataset

The dataset for training and testing the GNN model was provided by BNN-UPC [16], and
was generated with OMNeT++, a packet-level network simulator. The model receives the

following inputs per each sample in the dataset:

. Topology: graph including node and link-level properties (e.g., nodes, links, queue

sizes, link capacity).

Flow performance: flow level and aggregate source-destination measurements (e.g.,
dropped packets, average delay).

. Flow traffic: flow level and aggregate source-destination time and size distributions

used to generate traffic (e.g., average bandwidth, packets generated, average packet

size).

Routing: paths connecting source-destination pairs.

. Link performance: metrics of output ports (e.g., utilization and losses, average port

occupancy).

The dataset also includes a preset split into training, validation, and testing as follows:

Training: small networks between 25 and 50 nodes.

Validation: larger networks from 50 to 300 nodes to analyze the ability of the models

to generalize.
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* Test: equivalent characteristics to the validation dataset.

Moreover, the testing dataset is subdivided into three subsets called settings, having dif-

ferent features each:

1. Setting 1 (S7). Longer paths. Focused on the artificially generated longer paths
regarding the training dataset. However, the link capacities have the same value
ranges as in the training dataset. Some source-destination pairs do not transmit
traffic.

2. Setting 2 (S2). Increased link capacity. Focus on the larger link capacity with re-
spect to the training dataset. All the source-destination pairs transmit traffic using
shortest-path routing. Moreover, there is higher aggregated traffic and higher capac-

ity links than in the training dataset.

3. Setting 3 (S3). Both S| and S, properties are mixed. All source-destination pairs
transmit traffic using longer paths with higher capacity links than the training dataset.

Dataset class balancing is relevant to train, validate and test the model with all the cases
that it might have to predict [20]. In addition, the number of samples predicted later has
also to be balanced, to check the accuracy stability in different model use cases. In the
following subsections, the training, validation, and test datasets are analyzed, in order to
check the feature distributions and the dataset balancing.

3.4.1 Training dataset analysis

The training dataset consists of approximately 173 million path samples. The graph size
represents the number of nodes for each network. As evidenced in Fig. 7, each graph size
is directly related to the number of paths (i.e., the number of samples to train the model).
The paths on bigger graphs are proportionally longer. The paths are mainly of lengths 3
and 4, as illustrated in Fig. 8.

The traffic rate in bits per second are balanced through the entire dataset for each graph
size and path length, as displayed in Fig. 9 and Fig. 10. Packets per second are correlated
with traffic in bits per second, as they depend directly on constant packet size. Other path
features values, including packets dropped and the predictor variable, delay, are more dis-
persed in terms of value distributions. The selected link features of utilization, maximum
queue occupancy, and offered traffic intensity (O;), a variable created in Section 3.5.4, are

also correctly balanced in the dataset, as shown in Fig. 11.

3.4.2 Validation dataset analysis

The validation dataset contains approximately 52 million path samples and follows the
structure of the training dataset. The main difference is the increased number of graph

nodes, ranging from 50 to 300 nodes, to test the generalization of the trained model. As in
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the training dataset and represented in Fig. 12, the paths on bigger graphs are proportion-
ally longer. The paths mainly have a length between 3 and 10, as shown in Fig. 13.

Also similarly to the training dataset, the values of traffic in bits per second are also bal-
anced through all the dataset for each graph size and path length as detailed in Fig. 14 and
Fig. 15. In the case of longer paths, a larger deviation in the values can be observed. In
terms of the analyzed link features, utilization, maximum queue occupancy, and Oy, the

validation dataset is also correctly balanced, as shown in Fig. 16.

3.4.3 Testing dataset analysis

The testing dataset consists of approximately 26 million path samples and follows the
structure of the train and validation datasets. As in validation, it includes the increased
number of graph nodes, from 50 to 300 nodes. The main difference, in this case, is the
partition in the three different subsets, S1, Sz, and S3. For S, and 3, the paths on the bigger
graphs are proportionally longer, as shown in Fig. 19 and Fig. 20. On the other hand, the
quantity of paths in S is not regular as depicted in Fig. 18.

The paths mainly have a length between 9 and 11 in S, between 3 and 6 in S, and between
6 and 10 in S3, as shown in Fig. 17. However, S has significantly fewer path samples than
the other settings.

None of the datasets were modified, as the testing and validation datasets were already
balanced. The subsets S, and S3 of the testing dataset were also found to be balanced.
On the other hand, the S; test dataset had very few samples and with higher deviation.
These features were related to the link properties, including link utilization, maximum
queue occupancy, and O, as shown in Fig. 21. These features were out of the training
and validation distributions, mainly in the graph samples with a higher number of nodes.
The cause of this deviation was that not all the source-destination paths transmitted traffic,
only the particularly long ones. These characteristics lead to slightly higher errors in the
S predictions, as described in Section 3.6, compared to S; and S3. However, these errors
were specific to this small subset designed for particular testing purposes (i.e., longer path
testing with lower traffic).
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3.5 Improving RouteNet for generalization

In this section, the improvements to the RouteNet baseline implemented in TensorFlow
[17] are described step by step, including the improvement achieved. In this work follows
step-by-step testing of individual modifications and measuring the enhancement of each
applied change, one after the other.

3.5.1 Inferring per-path delay from predicted queue occupancy (GAIN-1

solution)

Since the validation and test datasets contain topologies with higher link capacities, the
delay values in larger topologies are lower than in smaller topologies. This implies that
the model is trained with data following a particular data distribution but has to predict

values that follow another distribution, which is problematic for NNs [47].

The initial idea to solve this problem consisted in finding an indirect metric that keeps a
similar distribution among all the datasets and can be used, followed by a post-processing
step, to predict the metric of path delay with low error. Based on this idea, the first ap-
proach was to use the occupancy of a link (Q,) as an indirect metric, representing the av-
erage utilization of a queue, as it encapsulates local relationships between offered traffic,
queue size, and link capacity. The first step, titled GAIN-1, was to test the improvement
of the original RouteNet implementation, replacing the initial prediction of delay with the
prediction of the indirect metric Q, and inferring the path delay from that prediction.

After predicting Q,, each flow’s delay is estimated by adding the queue delays belonging
to a path in a post-processing step. A path with three nodes is assumed, as depicted in
Fig. 22. When the packets are sent from the src node, they are queued in Q1 accumulating
a delay. Depending on the queuing policy (assumed to be the same in each queue), the
queue occupancy, and the link capacity, the packets will suffer more or less delay. If a
link has more capacity, the waiting time of a packet in the queue will be lower. Once the
packets are sent to the second node using Link;, they are queued in 5, adding another
delay. Finally, the packets are sent through Link, to the dst node. Therefore, the delay of a
source-destination flow can be obtained as the sum of the delays of every link of the flow,

starting from K = 1 and ending with the total number of links of the flow Ny , as shown in
Eq. (2).

Each queue delay of this flow was calculated using Eq. (3), where Q, is the occupancy
of the queue, Q; is the queue size in number of packets, A, is the average packet size in
number of bits, and C; is the capacity of the outgoing link of the queue. The link delay
and flow delay formulations are presented below.

Ny

Delay fi, = Y, Delay jin 2
=1
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DEIaylink = Qa X Qs ><Ap/Cl (3)

The post-processing code was optimized using the appropriate TensorFlow data structures
to increase the processing speed and reduce code complexity. The resulting MAPE of the
GAIN-1 solution was 44.73 %.

3.5.2 Normalization of predictor features (GAIN-2 solution)

After analyzing the training and validation datasets, it was observed that the data distri-
butions of the scalar features used in the model (detailed in Table 3) were different for
training, compared to the validation and test subsets, as shown in Table 2. Specifically,
the traffic of a flow (7y) and the capacity of a link (C;) had different value ranges for each
dataset and between the training and validation/test datasets, respectively.

Therefore, in GAIN-2, a min-max normalization was applied as a pre-processing in the
transformation function, using the training dataset min-max values. The max-min nor-
malization was calculated using the formula in Eq. (4). Normalized value N, equals the
original value V subtracting the minimum value of the feature for all the training dataset
Vinin,» and dividing the result by the difference between the maximum V. and V,,;,, of the
training dataset. The TensorFlow functions were used to find the maximum and minimum
values on the training dataset’s tensor, which efficiently reduce the tensor to one dimension
to return the desired value.

Table 2: GAIN used features maximum and minimum values.
Training Validation Test
Min Max Min Max Min Max
Traffic 30.787 2048.23 30.543 2064.93 0 2061.17
Packets 0.0329 2.03633 0.03107 2.03985 0 2.0543
Capacity 10000 100000 10000 2500000 10000 2500000

V- Vmin
N, = —mn @)
Y Vmax - Vmin

The result of the GAIN-2 solution was a 28.739 % MAPE.

3.5.3 Feature selection (GAIN-3 solution)

The features included in the baseline were T and C}, as described in Table 3. After a cor-
relation test between the features available and the expected delay results in the datasets,
packets (Pr) revealed a high correlation to path delay. Furthermore, this feature had value
ranges very similar in the three datasets, enhancing generalization. Consequently, it was
added to the GAIN-3 path state, also including the min-max normalization preprocessing.
The MAPE of the GAIN-3 solution was 18.471 %.
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Table 3: Features used in the GAIN solutions.
Path features

Feature Definition Used in
Traffic in a path All GAIN
Traffic (Ty) (bits/time unit) and baseline

Packets generated in a path

Packets (Fy) (packets/time unit) GAIN 3.4,5
Link features

Capacity (C)) Lipk t?andwifith GAIN 1,2,3
(bits/time unit) and baseline

Offered Traffic Intensity ~Sum of 7y in a link divided GAIN 4.5

(Or) by C;

3.5.4 Offered Traffic Intensity (GAIN-4 solution)

When approaching the total link capacity, increasing the total T in a link directly impacts
the queue delay by increasing it too. Fig. 23 shows an example where a source src sends
traffic to dst. If the sum of 7y of each flow in the link is close to or exceeds C;, the Oy

delay will increase.

The dependence between Ty demand in a link and the queuing delay [62], leads to the
creation of a new feature named offered traffic intensity (O;), as shown in Eq. (5). It was
defined as the sum of 7 of all flows f passing through the network link N, divided by the

bandwidth C; of that link, resulting in a scalar feature assigned to the link state.

_ Yyen Ty

(0)
t C,

®)

Q
( —mTf
Q Link QZ Link src 4’M—'Cl n_flows dst

Path

Figure 22: Queue occupancy example to Figure 23: Offered traffic intensity exam-
infer delay. ple of flows in a link.

Finally, only the feature O; was used in GAIN-4. For that reason, C; did not require
normalization, as it was removed from the model, and the original values were used to
calculate O;. The resulting MAPE of the GAIN-4 solution was 2.612 %.

3.5.5 Hyperparameters optimization (GAIN-5 solution)

The hyperparameters, i.e., number of neurons for the path-state and link-state, readout
units, message-passing iterations, and epochs, were optimized for the model, testing dif-

ferent combined values using a grid search, defining and combining values for each pa-
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rameter, as detailed in Table 4. For each combination of hyperparameters, a new training
was performed followed by a check of the MAPE result.

One of the effects of optimizing the hyperparameters is the reduction of the training
epochs, as the model stabilizes the validation results much earlier than the original 100
epochs. For reference, the best model achieved the best result after seven epochs. An
early stopping epoch limiter is a technique that stops the training after a number of epochs
where the model does not improve its results. The number of epochs monitored to do the
early stopping is called patience. It was used in the GAIN-4 and GAIN-5 solutions, with

a patience of 5 epochs, to speed up the hyperparameter tests.

After hyperparameter tuning, the GAIN-5 model was trained during seven epochs. It was
found that reducing the dimensions of the link state and the path state and increasing the
readout units along the iterations of the message passing procedure significantly improved
the results from 2.612 % to 1.838 %, the best result of all the GAIN solutions, also im-

proving for the different subsets.

Another interesting effect of keeping hyperparameters and epochs at a low value is the
reduced Graphics Processing Unit (GPU) power consumption, temperature, compute, and

memory utilization as exposed in Section 3.6.

Table 4: Values tested for optimization of the hyper-parameters.
Original Optimized

Hyperparameter Values tested  RouteNet GAIN 5
values values
Link state dimension 4,8, 16, 32, 64 16 4
Path state dimension 4,8, 16, 32, 64 32 16
Readout units 4,8, 16, 32, 64 8 64
Message passing iterations 6, 8, 10, 12, 14, 16 8 10
Epochs 100, variable 100 7

3.6 Results

This section reports the results obtained following the steps described in the previous sec-
tion. The GAIN-2 solution was the one presented to the challenge, achieving a 28.739%
MAPE. GAIN-3, 4, and 5 are the results of additional improvements after the competition.

In addition, a dataset with real traces of traffic is included for further evaluation.

3.6.1 Additional models for evaluation

For further analysis and comparison, two models are added to the predictions phase. Apart
from the RouteNet baseline and the GAIN-5, two other delay prediction models are used:
RouteNet-Erlang [32] and Queuinx [77].
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RouteNet-Erlang also uses RouteNet as a baseline, applying improvements to increase the
prediction accuracy in larger networks (/10x), longer paths, and larger link capacities,
using queue status to improve the prediction accuracy. The model is trained with the same
dataset used with the baseline and GAIN-5.

Queuinx is a model that uses queuing theory, being focused on finite queues, using a fixed
point algorithm. This model is used to validate the RouteNet [78] results in comparison
to queuing theory computations. Both models are used to predict the test dataset and are

included in the analysis of the results.

3.6.2 Models evaluation with test dataset

The gradual improvement in each step is shown in Table 5, where the RouteNet baseline
is shown to have a bad generalization for larger graphs (as an example, S, 52,53 with 300
nodes) resulting in a MAPE of 187.28% for the full testing dataset. This is mainly caused
by the out-of-distribution values when predicting in the validation and testing dataset,
especially in S, and S3. The MAPE was calculated separately for each column and row in
Table 5. The GAIN solutions gradually reduced MAPE, applying improvements step by
step as described in Section 3.5, using the three settings with the graph sizes 50 and 300 as
areference. From the RouteNet Baseline and GAIN-1 solution, which was the first change
over the baseline, until the GAIN-5 solution, achieving an improvement by a factor of 24
(from 44.73 % to 1.838%) and by a factor of 101 (from 187.28% to 1.828%) lower MAPE

in all settings, respectively.

The improvement between the baseline and GAIN-5 can be compared in Fig. 24, where
the subsets Sy, > and S3 are represented. The absolute error is represented in a logarithmic
scale for comparison reasons. For GAIN-5, the error is 32x smaller than in the baseline.
GAIN-5 is compared to the baseline in terms of graph size and path length, two features
of a graph that scale up when the sample is bigger, as shown in Section 3.4. It can be
observed that in setting S, and S3, the tendency of the prediction error is to become lower
when the graph increases the number of nodes, improving the generalization compared to

the baseline.

Setting 1 Setting 2 Setting 3

w— Baseline

GAIN-5

E| m— Queuinx
/\/\/\/—/\/ = Erlang

50 100 150 200 250 300 50 100 150 200 250 300 50 100 150 200 250 300
Graph nodes Graph nodes Graph nodes

= -
o o =
7 d o

Absolute error

-
5
i

Figure 24: Baseline, Queuinx, RouteNet-Erlang and GAIN-5 logarithmic absolute errors
compared to graph size.
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Table 5: Test dataset MAPE (%) results and performance for baseline and each GAIN

solution.

Full S] Sl S2 S2 S3 S3 Train Avg.
testing M 50 300 S> 50 300 S3 50 300 time train
dataset nodes nodes nodes nodes nodes nodes GPU

Baseline 187.28 79.145 68.481 92.979 253.075 68.481 345.135 247.217 44.669 368.019 12h15m ~19%
GAIN1 4473 13.074 11.705 13.108 54318 16.214 42374 67.44 70994 90.739 Sh45m ~21%
GAIN2 28739 11.719 11.026 11.864 35.067 17.092 39.773 31.754 17.581 31.353 Sh48m ~I19%
GAIN3 18471 9436 6.893 12468 26.897 22.106 30.067 18.143 12569 21.862 9Sh40m ~I15%
GAIN4 2612 2652 1539 3.687 2492 1.386  2.567 2.584 1.607 2363 3h25m ~4%
GAINS 1838 1407 1111 1808 1929 1573 1.535 1756 1388 1462 2h20m ~15%

As introduced in the test analysis in Section 3.4.3, the S; subset had a lower number of
samples including features with high deviation compared to S> and S3. These character-
istics lead to increased errors in the S; predictions, both in baseline and GAIN-5 imple-
mentations, but still much lower in GAIN-5. The small datasets make it hard to rigorously
evaluate GNNSs, as they are data-hungry models [94], requiring significant amounts of data
to check the correctness of the prediction accuracy. This is the main problem in analyzing
the results of S1, where the high deviation paired with a low amount of samples resulted

in more variability in the accuracy of the predictions.

On the other hand, the predictions on S, with higher capacity links and on S3, with long
paths mixed with higher capacity links, resulted in a low overall error for all the graph
sizes, becoming lower as the graph was bigger. As shown on the error scales, the absolute
error variability range on the GAIN-5 solution on all settings is much smaller than in the
baseline results.

Also in Fig. 24 the prediction results for the Queuinx and RouteNet-Erlang models are
shown. Queuinx reveals similar results compared to the baseline. It can be concluded that
both models exhibit a higher error than GAIN-5, with RouteNet-Erlang being better than
the challenge baseline in every setting. Comparing the errors linked to the path lengths in
Fig. 25, it can be observed that with longer paths, the error deviation is larger. This is due
to the low amount of samples and their particularity in the S; of the dataset. In Fig. 26 this
problem is shown to have a small impact on the solution precision. On the left, all settings
are mixed to obtain the average absolute error per each graph size. GAIN-5 is shown to
have a lower error on all settings mixed in comparison to the other tested models, lowering
the error as the graph size increased. On the right, all settings compared to the path length
are checked, where a higher error with the out-of-distribution samples is observed, as a

small number of samples were above 15 hops.

In a further error analysis to confirm the generalization of the model, heat maps for the
three settings were generated. In Fig. 27, S1 was found to scale slightly worse than the
other settings as detected in the previous analysis, especially with the graphs of 200 and
220 nodes. Inversely, Fig. 28 and Fig. 29 show the generalization of the model, keeping

the errors low and even lowering the absolute errors as the networks become bigger.
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Figure 25: Baseline, Queuinx, RouteNet-Erlang and GAIN-5 logarithmic absolute error
compared to path length.
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Figure 26: Baseline, Queuinx, RouteNet-Erlang and GAIN-5 all settings, logarithmic ab-
solute errors compared to path length.

3.6.3 Models evaluation with real traffic traces dataset

To further validate the accuracy and generalization of the models, a real traffic dataset
was used. This real traces dataset [18] was generated using real-world traffic matrices and
realistic packet inter-arrival times. The dataset contains network topologies from actual
production networks, which were collected through traffic monitoring tools deployed on
operational internet networks. These networks do not explicitly involve network slicing,
but they represent a broad range of real-world traffic patterns and topologies that are highly

applicable to general network management and KPI prediction.

The topologies in this dataset include the ABILENE, GEANT, and GBN networks, which
are large-scale internet networks, used in both academic and research communities for
network performance studies [31]. These networks have varying characteristics such as
traffic loads, link capacities, and topologies, providing a diverse testing ground for model
evaluation. ABILENE, for instance, is a high-speed internet network, GEANT is a pan-
European research and education network, and GBN is a global backbone network used

for testing, each with 11, 22 and 17 nodes respectively.

These networks do not directly support network slicing, but the dataset is used to evaluate
how well GAIN-5 can generalize to different network environments. The traffic matri-
ces in these datasets are derived from real-world internet usage patterns, which include a
mix of high- and low-priority traffic, analogous to what could be found in network slices
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Figure 27: GAIN-5 absolute error on S; compared to path length.
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Figure 28: GAIN-5 absolute error on > compared to path length.
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Figure 29: GAIN-5 absolute error on S3 compared to path length.
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with varying QoS requirements. As such, while the datasets do not explicitly include net-
work slicing, they represent traffic scenarios relevant to 5G and B5G networks that require

accurate KPI prediction.

In this context, the GAIN-5 model is evaluated for its ability to predict KPIs such as delay
and throughput under real-world traffic conditions. This evaluation provides insights into

the model’s performance in non-simulated, realistic environments.

In Fig. 30 the MAPE results for each graph and model are shown. For ABILENE and
GEANT networks, the results are similar, with RouteNet-Erlang achieving the best results,
followed closely by GAIN-5. Meanwhile, testing the models with the GBN network,
which contains smaller links and lower traffic, the results are clearly better using GAIN-5,
which demonstrates a better generalization maintaining a lower overall error on the three

scenarios.

140 4 GAIN5 B Erlang B Baseline B Queuinx
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Figure 30: Baseline, GAIN-5, Queuinx and RouteNet-Erlang MAPE results with a real
traces dataset.

3.6.4 Resource utilization

Concerning the GPU usage, it can be observed that in the GAIN-4 solution is ~4% while in
the baseline it is ~19%, with the added benefit of a much faster training. One of the causes
of this reduction is the better convergence of the model, as illustrated in Fig. 31. In GAIN-
5 the GPU consumption is higher than in GAIN-4, because of the higher hyperparameters,
but GPU consumption is still kept under 15%. The hardware of the testbed used for the
training was composed of two GPUs Nvidia GeForce GTX 1070 with 8 GB GDDRS5
memory, paired with an AMD Ryzen 5 5600X CPU, 32 GB of DDR4 RAM, and a 500
GB M.2 SSD. The time to train and test the GAIN-5 model was about 3 hours 30 minutes,
2 hours 20 minutes for training, which is a significant reduction compared to the original

12 hours training of the baseline.

3.6.4.1 Training time of GAIN-5 in real 5G networks

The training time of the GAIN-5 model is an important factor when considering its de-

ployment in real 5G networks, particularly in environments with network slicing where
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Figure 31: Validation MAPE of the RouteNet baseline vs the GAIN-4 solution.

dynamic KPI prediction is crucial for maintaining SLAs. In this work, the GAIN-5 model
achieved a significant reduction in training time compared to the baseline RouteNet model.
While the baseline model required 12 hours of training, GAIN-5 reduced this to approxi-
mately 3 hours 30 minutes on a system equipped with two Nvidia GTX 1070 GPUs.

In the context of 5G networks, the location and timing of training are key considerations.
For instance, if retraining is required frequently due to changing network conditions or
new configurations, the training could take place at the network edge or in centralized
cloud environments depending on the available computational resources. The model’s
relatively low GPU requirements make it feasible for training in edge computing environ-
ments, where smaller-scale GPUs can be deployed. This is particularly relevant for edge
data centers that support MEC, allowing the model to be retrained closer to the network’s
edge where latency-sensitive applications are managed.

For more centralized 5G network deployments, GAIN-5 could be trained in a core network
or cloud-based infrastructure where more powerful computational resources are available.
The lower training time reduces the operational impact on the network and allows for fre-
quent updates to the model, ensuring that it remains adaptive to dynamic network condi-
tions without introducing delays or requiring significant network resources for retraining.
This flexibility in training location makes GAIN-5 a scalable and practical solution for

real-time network slicing management in 5G networks.

Finally, to compare GAIN-5 with other solutions, Table 6 provides a summary of the
best different approaches and MAPE results. The uniqueness of the solution presented in
this work (GAIN-5) [40] is the preservation of the architecture and data of the original
RouteNet model, as the message passing procedure was not modified and data augmenta-
tion was not used, resulting in an implementation with lower overhead than in the other
solutions. Additionally, this work approach did not use the average of multiple models to
maintain the simplicity of the baseline. The use of the new feature offered traffic intensity,
designed from the knowledge of traditional queuing theory, significantly improved the ac-

curacy of the predictions. GAIN-5 demonstrates that it is possible to obtain a low MAPE
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utilizing a simpler approach, just improving the original RouteNet model, and avoiding
the usage of multiple tuned models. This simplicity allows fast training and easier man-
agement of the model, enhancing its usage in new environments by just retraining and
deploying it. No other solution in the BNN-UPC challenge has fast training and good pre-
cision without using multiple models.The fine-tuning of GNN hyperparameters set smaller
in the GAIN solution, allowed lower training and prediction times, and less memory and
power usage, thus making the GAIN solution more suitable in case of frequent retraining

requirements.

Table 6: Comparison of the best solutions for the BNN-UPC challenge.
Solution properties GAINS PARANA SOFGNN

RouteNet baseline X X
Hyperparameter tune X X X
Fast train/execution X X
Feature engineering X X X
Reimplemented

. X
baseline
Message passing

) X
redesign
Multiple models X X
Data augmentation X
MAPE (%) 1.838 1.267 1.389

3.6.5 Predicting different types of KPIs in network slices

While the main focus of GAIN-5 in this chapter has been on predicting network delay, the
model could be also adapted to be versatile in predicting a variety of KPIs relevant to 5G
and network slicing environments. These KPIs include delay, packet loss, and jitter, all of

which are critical for maintaining the QoS requirements of different network slices.

In a network slicing context, GAIN-5 can be used to handle diverse traffic types. For

example:

* eMBB: For slices that require high throughput, GAIN-5 can be trained to predict

delay, jitter and loss, ensuring that the slice meets the necessary requirements.

e URLLC: In these slices, delay and packet loss are critical KPIs. GAIN-5 can be
fine-tuned to prioritize these metrics, ensuring real-time applications meet stringent

latency requirements.

* mloT: For IoT applications, packet loss is more important. GAIN-5 can be adapted
to predict and optimize this KPIs in IoT-focused slices.

GAIN-5’s ability to generalize across different KPIs makes it a basic solution for man-

aging specific network slices with varying configurations and performance demands. A
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more advanced model for multiple KPI prediction is proposed in Section 5, where specific

details about network slices are also provided.

3.7 Conclusions

The network models based on GNNs are being suggested as a good approach for build-
ing autonomous networks, as they can both properly forecast network KPIs and easily
be modified and updated to account for the current networks rising complexity and dy-
namism. Out-of-the-box GNNs are unable to generalize and scale to larger topologies,
which causes their accuracy to decline. In this work, GAIN is introduced, a GNN-based
model that accurately forecasts the average per-path network delay. The good generaliza-
tion of the model, tested with heterogeneous datasets, enables it for predicting per-path

delay in many scenarios, thereby proving it useful for managing B5G services.

In order to achieve good generalization, GAIN is built on RouteNet’s GNN and makes
a number of additions. These additions include the inference of per-path delay from the
predicted link queue occupancy, feature normalization, feature selection, feature engineer-
ing (offered traffic intensity), and hyperparameter optimization. Additionally, compared
to other solutions currently available, GAIN has less implementation complexity, lower
resource requirements, and faster training. As shown in this chapter, the main differences
of the GAIN model are the fast training, high accuracy, the usage of a simple and single
model, and the public availability of the code and the datasets.

A closer analysis, filtering, and preparation of the datasets is key for achieving improved
results in a ML approach. In this case, the training and validation datasets were well
generated for the training task. The testing dataset had particularities discovered during
the test phase, where a closer analysis helped to know the cause of the slightly higher
errors in a specific case. In addition, this challenge allowed us to learn data analytics and

helped us learning GNNs programming.

In the upcoming sections, this work will leverage the knowledge gained from working
with GNNs to explore various GNN architectures, frameworks, and methods for enhancing
performance. The following steps, outlined in Section 4, involve the creation of new data
samples, which is a pivotal precursor to the development of a novel GNN model detailed
in Section 5. This new model is specifically designed to predict KPIs related to network

slicing in B5G networks.
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4 Generating network slicing simulations

After learning how GNNs work, a network slicing dataset is required before it was possi-
ble to create a new GNN model for predicting KPIs, as large and varied amounts of data
are required to train a GNN model. As there were no available datasets including net-
work slicing information, in this chapter the creation of a new and complete dataset for
network slicing is described. These datasets are crucial for future research on applying
AI/ML algorithms to network slicing and also for the next Chapter 5 of the thesis, where a
GNN model is built to predict network slicing performance. The key contributions of this

chapter are summarized as follows:

* Generating Network Slicing samples: the first step is to generate simulations that
represent network slicing scenarios. At first, this task was done for one specific

graph, and then it was expanded to cover various situations.

* Adapting the simulator: a simulator provided by BNN-UPC [32]> with no support
for network slices is extended to simulate these new network slice results, obtain-
ing the resulting samples. This simulator is key to obtain the desired samples to
later train the GNN model. BNNetSimulator is a packet-level network simulator
that is built on the OMNeT++ framework. It allows users to easily generate network
datasets for research and analysis. With BNNetSimulator, it is possible to define a
network topology with various node and link attributes, configure source-destination
routing, and establish a traffic matrix. The simulator then outputs performance met-
rics, including average delay, jitter, packet loss per path, link utilization, and statis-
tics for QoS queues.ive understanding of this work, a description of the generated
samples is provided. This evaluates the wide-range of values and use-cases in the

context of B5G networks, thereby demonstrating the utility of this dataset.

In summary, this chapter serves as a pivotal bridge between data preparation and model
development, to advance the state of the art in network slicing and laying the foundation
for more models based in this dataset, enabling new technologies for the use-cases in the

dynamic landscape of BSG networks.

The generated dataset is available for the research community in open access in Zen-
odo (https://zenodo.org/records/10610616). When uncompressed, the complete
dataset weighs 6.55 GB and contains 7,900 different samples with varied traffic, graphs

and capacities, as described in the following subsections.
In addition, from this work, a publication was obtained:

[1] M. Farreras, J. Paillissé, L. Fabrega and P. Vila. "Generation of a Network Slicing
Dataset: The Foundations for Ai-Based B5G Resource Management". In Data in Brief,
Volume 55, 2024. Q3 journal. https://doi.org/10.1016/j.dib.2024.110738.

Zhttps://github.com/BNN-UPC/BNNetSimulator
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4.1 Problem

Currently there is a lack of datasets dedicated to network slicing suitable for training ma-
chine learning models. This research aims to address this gap by generating new datasets
using a network simulator. Specifically, the goal is to facilitate the training of models to
predict network KPIs. An initial simplified scenario is developed to check the correctness
of the simulations, followed by extensive simulations of various topologies to improve

model generalization and evaluation.
There are two main solutions to generate a network slicing dataset:

* Physical testbed scenarios: simulating and collecting data from a physical net-
work can provide accurate performance measurements in real conditions, allowing
for real-world validation. However, scalability is limited, and it can be resource-

intensive and costly to generate multiple network scenarios.

* Network packet simulators (synthetic simulations): these provide a cost-effective
solution with precise control over network parameters and reproducibility. Con-
versely, they may not fully capture real-world network behaviors, and larger sim-
ulations can be time and resource consuming. Despite this, they offer high accu-
racy [100, 79].

Although network simulators provide high accuracy, it is important to clarify what "high
accuracy" means in this context. Simulators can precisely model network parameters,
routing configurations, and traffic patterns based on predefined mathematical models.
They work well when producing deterministic, repeatable results under controlled condi-
tions. However, they may not fully capture the complexities and variabilities of real-world

networks, such as changing traffic demands or unpredictable hardware failures.

For instance, real-world networks might experience bursts in traffic that are difficult to
simulate accurately. This limitation can lead to a difference between the behavior observed
in simulated environments and that in actual networks. Therefore, while simulators are
highly accurate in controlled settings, their accuracy might reduce when trying to replicate

the sometimes unpredictable real-world network scenarios.

A safer approach to ensuring realistic performance evaluations is a hybrid methodology. In
such an approach, a model could be trained using the rich data generated by simulators but
validated and tested on physical testbeds, where real-world conditions can be incorporated
into the validation process. By combining the scalability and control of simulators with the
real-world insights from testbed environments, hybrid approaches can achieve a balance
between practicality and realism. This ensures that models not only perform well under

idealized conditions but also under complex scenarios found in actual deployments.

This network slicing dataset, generated through a realistic packet-level simulator, BNNet-

Simulator, encompasses diverse scenarios, including different slice instances, traffic flows
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and QoS requirements for eMBB, URLLC, and mloT applications. It facilitates rigorous
evaluation of AI/ML models and algorithms for network performance prediction and flow
allocation, especially in SLA-constrained scenarios. To sum up the main contributions to
the simulator, support for different Weighted Fair Queuing (WFQ) queue weights on each
node was added, and also the support for weights of 0 value (if a queue was not used),

both of them being a limiting factor to generate multiple dynamic scenarios.

Network slicing in the simulator is implemented across the core and transport network
segments. The transport and core networks include a packet labeling mechanism to differ-
entiate between network slices. This mechanism allows packets to be mapped to specific

queues, with the traffic within each queue corresponding to a different slice.

The Radio Access Network (RAN) falls outside of the scope of this dataset. The omis-
sion of the RAN is due to the complexity of simulating the wireless interface, which
involves additional factors such as radio propagation, mobility, interference, and specific
scheduling mechanisms at the physical layer, in addition of new simulation or hardware
components. While the RAN is an essential part of end-to-end network slicing, the focus
of this work is on the core and transport networks, as the majority of the state-of-the-art
is focused on RAN network slicing. Additionally, incorporating the RAN would signifi-
cantly increase the simulation time and complexity. For future work, integrating the RAN

to provide a fully end-to-end slice simulation could be considered.

Researchers in B5G networks, Al, and network slicing can leverage this dataset for in-
depth analysis, model training, and performance evaluation, especially regarding resource
allocation algorithms. Network architects and engineers can use the dataset to consider
diverse scenarios, aiding in the design and optimization of slicing strategies for different

applications.

Other researchers can reuse this data to advance their work, validating and comparing
existing models or developing new ones for predicting network metrics such as delay,
jitter, and loss. The dataset also offers opportunities for experimentation with different
network configurations, traffic scenarios, and slicing strategies.

This dataset serves as a benchmark for comparing different algorithms for network KPI
prediction, serving as a starting point to develop and test new and improved traffic models.

4.2 Scenario description

The following initial scenario is considered (Fig. 32): the Core Controller receives slice
requests and decides if they can be allocated in the network. The slice admission module
incorporates a model used as a Slice Performance Digital Twin (DT), which, given the
network topology, traffic requirements, and slice configurations, outputs the performance
KPIs of each flow. Subsequently, the SLA validation module acts as an admission control

algorithm, ensuring that all flows comply with predefined SLAs.
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Figure 32: Functional block diagram of the slice admission controller.

Weighted Fair Queuing (WFQ) was the scheduling discipline implemented to provide iso-
lation between the slices. Each queue in the WFQ system is associated with a specific
slice, and the traffic for each slice is allocated a portion of the total link capacity based
on the queue’s weight. The queue weight is dynamically adjusted according to the traffic
requirements of each slice. This ensures that each slice receives the necessary resources,
while also allowing for scenarios where some slices are under or over-provisioned in terms
of bandwidth.

Routers map these network slicing labeled packets to queues using a WFQ scheduling
policy. This choice of queuing discipline is made to effectively isolate each slice from oth-
ers [30]. Each queue serves a different slice, spanning from the originating RAN node(s)
to the transport network’s exit point. This isolation guarantees the allocated bandwidth for
each slice, and if a slice experiences a reduction in traffic, the rest of the queues can benefit
from the extra capacity. The weights of the WFQ queue are dynamically adjusted to meet
the traffic requirements of each slice. This allows scenarios of over and underprovisioning,

where some slices are allocated more or less bandwidth than they require, respectively.

The isolation among flows within a slice is maintained by reserving specific resources
for each slice. The WFQ policy provides isolation at the queue level: each slice has its
own queue in the WFQ system, ensuring that excess traffic in one queue will not im-
pact other queues. This is crucial for maintaining the SLA for different services, such as
URLLC (ultra-reliable low-latency communication) and eMBB (enhanced mobile broad-
band), which have very different QoS requirements. Therefore, even if one user within a
slice generates more traffic, the system will prioritize the traffic based on the WFQ con-

figuration, protecting the QoS for other users connected to the same slice.

However, in real-world deployments, implementing strict isolation using WFQ can be

more challenging. The WFQ system is effective in simulations where network resources
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and traffic patterns are precisely controlled, but in a real-world setting, achieving the same
level of isolation requires careful network planning and dynamic resource allocation strate-
gies. The challenge lies in maintaining the queue weights across changing traffic patterns,

link conditions, and service demands.

Concerning the flows, multiple flows of the same type are assigned to each slice instance,
and several instances of the same slice type can coexist. Additionally, a slice instance
can include multiple paths, each path with represented by an origin and a destination,
allowing to create connections between the required nodes in the network inside a specific
slice instance. In Fig. 33, an example illustrates the concept. The URLLC slice instance 1
traverses the top three nodes of the figure with 5 flows, while mIoT instance 1 (2 flows) and
URLLC instance 2 (6 flows) are routed through the lower node. The WFQ queues facilitate
the isolation of these instances, as the weight for each slice instance is determined during

the admission step.

Lastly, as described in Chapter 2, three distinct slice types are considered, specifically
those defined by 3rd Generation Partnership Project (3GPP) [4]: eMBB, URLLC, and
mloT. More concretely, in this secion Table 7 is presented, giving a summary of the in-

tended network slice usages, and expected KPIs for each slice type.

For each slice, a set of QoS metrics is defined, based on various scenario variables, such
as network size, number of clients, and application requirements. Delay, jitter and losses
constitute the primary KPIs used to measure network performance for each network slice.
These KPIs are defined for each slice type, although jitter values per slice are yet to be
precisely defined in the existing literature. However, jitter is expected to be minimal,
especially for the most critical usage, URLLC.

Table 7: Slice types considered and flow characteristics.

Maximum Maximum
Type of flow dela packet Intended use Applications Bit rate Packet size [67]
Y loss
- . . . . . . Average: 6000 bits
<MBB 10 ms 10 % BroadcaAslmg, media delivery, Video su.reammg, Virtual Reality, 18 Mbps | Minimum: 12000 bits
gaming, general usage High-speed Internet Maximum: 18000 bits
. R . Average: 800 bits
URLLC 0.5 ms 0.001 % High rehabllny, uAltra.—lew latency, Autonorqous vehlcles, Rempte surgery, | 5 s Mbps | Minimum: 256 bits
high availability industrial automation Maximum: 1600 bits
. . . Average: 160 bits
mloT Up to 10 1% Long battery, low cost devices, Smart cities, Agr{culture, 0.2 Mbps Minimum: 320 bits
extreme coverage Smart metering Maximum: 480 bits

While the configuration of network slicing simulations in terms of capacity is clear, it
is also essential to consider real-world 5G standalone (SA) [1] network configurations
and how they are driven by demand, rather than purely by capacity. In 5G SA networks,
telco operators configure network slices based on specific service requirements and user
demand. For example, the number of eMBB slices in a network is generally determined

by the demand for high-throughput services, rather than just available capacity.

In a real-world setting, the allocation of network slices, particularly for eMBB services, is

highly dynamic and depends on real-time traffic patterns, user density, and geographic dis-
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Figure 33: Mapping of flows to slices and slices to WFQ queues, distributed across differ-
ent paths.

tribution. Telco operators typically monitor these factors using advanced network manage-
ment systems and orchestration tools to configure slices accordingly. This dataset could
be used as a resource to train a DTN, for obtaining KPIs from the current, past or future
configurations of the network, and then apply configurations to the production network

depending on the requirements.

4.3 Methodology

To obtain the samples, first it is need to generate simulation configurations for each sam-
ple. The dataset comprises pairs of (scenario, performance). The scenario includes all
configuration parameters of the network scenario, such as the number and type of slices,
traffic flows in each slice, packet arrival processes, WFQ queue weights, topology, and
routing configurations. The performance includes the KPIs needed to validate if the SLAs

of a slice are met, such as per-flow delay, jitter and packet loss.

For the first tests, a topology is simulated (Fig. 34) with a wide range of slicing configura-
tions and traffic intensities. The traffic originates at different routers connected just after
the RAN, and exits the network at the same router at the other end of it. The slices have

the following characteristics:

* There are three different network slices types (eMBB, mloT, URLLC) with a vary-

ing number of instances of the same slice.

* The proportion of slice types among all the simulations is variable. Each slice cre-

ated can exist in one or multiple origin nodes.
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Figure 34: Initial simulated core and transport network topology. Routers with antennas
are entry points from the RAN.

» Each slice has at least one flow assigned.

* At least one eMBB flow is included for each simulated origin node, as it is con-
sidered as the standard network usage. The rest of the flows for each access origin
node and slice are randomly assigned. These flows instantiate any of the three types
available.

* The creation of many flows is needed in order to fill in the link capacity. It is
assumed that each flow requires an amount of bit rate (V,.s.rveq), and these bit rates

are added until the link capacity is reached.

* Each slice instance contains different flows with the traffic characteristics depicted
in Table 7.

* The link capacities are fixed to an standard of 40 Mbps per origin node, calculating
proportionally from [23] an standard capacity of 1 eMBB flow, 7 URLLC flows and
2 mloT flows. These proportions are only used for defining the capacity of the links,
they are not used later for the flow creation.

After testing with the initial scenario, multiple network topologies, traffic matrices, rout-
ing configurations and slice allocations are considered. Traffic flows originates from dif-
ferent routers connected just after the RAN part and exits the network to a router at the
other end (Fig. 34 shows a simplified network example). The users are connected to the
RAN using their User Equipment (UE). Each user is represented as a node connected to
its origin router, represented with an antenna. That flow is then routed to the exit router
shown in the right. A flow can represent either a single UE, or a device that uses differ-
ent network slices, i.e. it sends data with different connections that have different QoS
requirements. Therefore, a slice consists of a set of traffic flows from different sources to
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destinations with a common set of performance requirements. The allocation of network
resources to slices is done in the following way: The output links of nodes use the WFQ
queue scheduling policy. Traffic is classified in several virtual WFQ queues, and each
queue is assigned a weight that determines the minimum portion of the link capacity that
the traffic going through that queue will receive. The WFQ scheduling policy provides
isolation among queues in the sense that excess traffic in one queue does not affect the
traffic in other queues, i.e., each queue has a guaranteed minimum portion of the link’s
capacity. Each WFQ queue is assigned to an individual, specific slice, and the flows of
this slice share the same queue. The size of each WFQ queue is static for all queues in
each simulation, 32 packets. Each flow has a reserved bit rate, V,eseeq, and their sum
over all flows of a slice determines the required portion of the link capacity and therefore
the queue weight; the sum of the reservations never exceeds the link’s capacity. Given a
flow with an average bit rate, its Vjegerveq lies between two values, the minimum bit rate
Vinin (below the average) and the maximum bit rate V,,,, (above the average); a Vieserved
close to V,,;, represents a situation of resource underprovisioning and close to V,,, of
overprovisioning. The weight of the slice in each WFQ queue is calculated using the
Vieserved> assigning the weight as the percentage of the total link capacity that the Vieseryeq
uses. The network scenarios simulated in this dataset aim to reflect real-world conditions
by incorporating diverse topologies, realistic traffic patterns, and various network slicing
configurations. The use of the Internet Topology Zoo [57] ensures that the topologies are
based on actual network structures. Moreover, the traffic patterns and slice configurations
are designed to mimic real-world applications, such as eMBB for media delivery, URLLC
for high-reliability applications, and mloT for IoT devices. Slices exhibit the following
characteristics: Three different network slices types (eMBB, mloT, URLLC) with a vari-
able number of instances. The proportion of slice types is variable in each simulation, with
each slice possibly existing in one or multiple origin nodes. Each slice has at least one as-
signed flow. At least one eMBB flow is included for each simulated origin node, serving
as the standard network usage. When defining the rules for running the simulations in this
thesis, it was necessary to balance between creating realistic scenarios and simplifying as-
sumptions to make the simulations feasible. While the simulations use a smaller number
of eMBB slices, the configuration reflects typical real-world usage where eMBB demands
substantial bandwidth, requiring fewer slices but with higher capacity allocations. The
remaining flows for each access origin node and slice are randomly assigned. Flows are
created to fill link capacities, and reservations are made based on each flow’s required

average bit rate Vieserved-

Finally, each simulation has a different number of slice instances according to a tunable
parameter that allows assigning more or less bandwidth than the required to the flows
within a slice. This way, different scenarios can be simulated, that range from underpro-
visioning to overprovisioning. More specifically, the o € [0, 1] parameter is defined, to

control the amount of under and overprovisioning as:
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Figure 35: An example of the Ai3 network topology: routers with antennas (the RAN part)
would be the origin nodes of the transport network while the exit router would
be the destination node.

Vreserved — Vmin + 6 (Vmax - Vmin)

Where V,smveq represents the actual reserved average bit rate in the simulation, O the
under/overprovisioning parameter, with a random value between [0, 1] for the flows in
the same slice, and V,;;, and V4 are the minimum and maximum flow averge bit rates,
respectively. This allows for a range of reserved bit rates from an under provisioning of
Vinin to an overprovisioning of V;,,. The maximum and minimum bit rates are calculated
using the average bit rate -10% for underprovisioning and +20% for overprovisioning,

respectively.

To make the simulations possible, each source of a flow is technically an origin node
added to the network, connected to the antenna where is located. The destinations of the
generated flows are common for each type of flow, located at the right port of the exit
router in the example graph (Fig. 35).

Successive to the evaluation of the initial samples with the simplified approach, further
graphs are used to simulate more complex environments. To achieve this, the Topology
Zoo dataset is used, obtanining random real-world graphs and adding randomized origin

nodes, destinations, and capacities for the different links.

The ground truth is generated using a packet-level simulator, a modified version of OM-
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NeT++ [33]. The 129 network topologies are obtained from the Internet Topology Zoo,
simulating a wide range of slicing configurations and traffic intensities for each topology.
Traffic originates from different routers connected just after the RAN and exits the net-
work at other nodes selected as output routers on the other end. A simplified example can
be observed in Fig. 35, where multiple antennas connected to origin nodes generate input
traffic to the network and an exit router is placed at the right side. The different simulation
scenarios are generated using the following steps:

1. Retrieve a network topology from the Internet Topology Zoo.
2. Randomly allocate link capacities from a predefined range of 25 to 500 Mbps.

3. Designate at least two nodes as origin nodes. A maximum of N/3 nodes should

serve as origin nodes, where N represents the total number of nodes in the graph.

4. Randomly define the three different destination nodes (eMBB, mloT, URLLC). The

remaining nodes should be categorized as transport nodes.

5. Randomly set the number of slice instances between 1 and M, where M is the re-
maining number of unassigned type of nodes.

6. Specify the slice type and traffic for each slice.

7. Assign one eMBB flow for each origin node, while determining the others based
on network capacity and reservations. Routing will be accomplished using the Net-
workX Python library [45], obtaining first the shortest path and using the other pos-

sible routes when the path capacity is complete.

8. Perform under and overprovisioning tests using a custom access control script in
Python to prevent exceeding the link capacity. The over and underprovisioning are
calculated based on the sum of reserved bit rates (V,.s.veq) Of the slices that traverse
each link.

9. Eliminate any empty slices.

10. Execute the simulation using the network simulator.

After the generation of the required files (routing, traffic and topology) for simulating the
scenarios, the simulator based on OMNeT++ is used for generating the samples of the
dataset.

4.4 Results

4.4.1 Structure of the dataset

The dataset consists of a set of 7900 simulation results. There are three folders with 7900

files each (one with network topologies, one with routing configurations and another with
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slices). In addition, 79 .tar.gz compressed files are included. Each compressed file has
6 files with 100 results inside. Each line of each file represents the results of a unique

simulation.

The dataset consists of a set of 7,900 simulation results, where each simulation corre-
sponds to a unique combination of network topology, routing configuration, and network
slice allocation. This number of samples represents a good starting point for training a
GNN model. In the context of GNNs, which are data-hungry models, having a sufficiently
large dataset is crucial to ensure that the model generalizes well and accurately predicts
network performance under various conditions. The number of samples in the dataset
is carefully chosen to balance the need for diverse scenarios with sustainable simulation

times.

While 7,900 samples may seem limited when compared to other machine learning appli-
cations like image classification, in GNN training, the network’s topology, routing, and
traffic configurations add significant complexity to each sample, allowing the model to
learn effectively even with a smaller number of samples. This number is consistent with
similar research in the domain of network performance prediction using GNNs, where

datasets often range from thousands to tens of thousands of samples [33].

In addition to the number of samples, the structure and diversity of the dataset play an
essential role in the model’s ability to generalize to unseen networks. With 129 differ-
ent topologies derived from the Internet Topology Zoo, a broad spectrum of real-world
conditions is covered, allowing the trained GNN to adapt to different networks and traffic

conditions similarly to real BSG deployments.

Each simulation is composed by: one file with network topology data (graph_n.txt), one
file with routing configuration data (routing_n.txt) a file with slice data (slices_n.json),
and the corresponding line inside the compressed .tar.gz file containing n in the range.
The folders and files structures are represented in Fig. 36. The x in the .tar.gz names is
between [0,7800]

Firstly, network topologies for each simulation are stored in GraphML format [87], with
nodes, queues and edges. These topologies are randomly selected from the Internet Topol-

ogy Zoo, with added attributes. The node attributes are:
* id: Unique identifier in the simulation.

2% 46

* type: node role, such as “transport”, “origin_node”, “destination_embb”, “destina-
tion_mmtc” or , “destination_urllc”.Origin nodes generate traffic, transport nodes

forward traffic, and destination nodes receive traffic of a single type of slice.
* schedulingPolicy: “FIFO” (First-In First-Out) or “WFQ” (Weighted Fair Queuing)
* schedulingWeights: weights for each QoS queue (used with “WFQ”).

* levelsQoS: number of QoS classes.
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Figure 36: Folders and files structure of the dataset.

* queueSizes: capacities (in number of packets) for each output queue.
* tosToQoSqueue: service types assigned to each queue.

The attribute tosToQoSqueue maps flows to queues during simulations. Routing configu-
rations are saved as .txt files, containing routing matrices for each node. Network slices

are saved as JSON files, listing slices with multiple flows. Attributes of slices include:

* Delta (6): value that determines whether the reserved average bit rate of a flow is

close to the minimum flow bit rate or close to the maximum flow bit rate.

» Type: usage type of the slice. The three slice types defined by 3GPP [2] are consid-
ered: eMBB, mloT, and URLLC.

e Number: numeric identifier for the slice.
Each flow has a unique origin and a destination node. Attributes of flows are:

* Origin: node where the traffic flow originates. It represents a device connected to

an origin node.
¢ Destination: node where the traffic flow is received.

* Origin_node_antenna: node where the origin_node is connected. It represents the

antenna node.
* Path: list of hops of a flow.
* Bandwidth: bits per second of the traffic generated.
» Traffic_string: traffic properties, including:

— Type of traffic (Poisson in this case)

51



— Bandwidth generated by the flow, average number of packets per time unit,

and exponential maximum factor (used for the Poisson distribution).

— Packet size distribution: size distribution, average packet size and minimum/maximum

packet sizes for binomial distribution.

Finally, the results of each simulation are saved in a .tar.gz file, each containing groups of

100 simulations to reduce the total size and number of compressed files. The files inside

each .tar.gz are briefly described below:

 simulationResults.txt: it contains flow and link information such as delays, jitter and

losses.

traffic.txt: defines the traffic for each simulation.
linkUsage.txt: it includes the occupancy of each queue of each output port.

stability.txt: it contains the iteration time, curly stability, status at the end, memory

used and elapsed time.

input_files.txt:indicates which network topologies, routing configurations and slices

correspond to each line of the previously described files.

To facilitate reading the dataset contents for each simulation, the datanetAPL.py Python

file is provided in the repository. It is based on the DataNetAPI project [15], but extended

to also process the network slicing data collected in this work. To use it, it can be called

from a Python code as shown in Fig. 37. Then, creating an iterator for the dataset and

obtaining the data structures.

from datanetAPI import DatanetAPI

tool = DatanetAPI("/path/to/dataset/extracted", shuffle=False)

it = iter(tool)

for s in 1it:
G = nx.DiGraph(s.get topology object())

=5

v ovo -2
I
n un n n

.get
.get
.get
.get
.get

routing matrix()
traffic matrix()
performance matrix()
port stats()
slices()

Figure 37: Basic code to iterate through each sample of the dataset.

The shuffle option can mix the different samples (e.g. for providing an input to a training

Machine Learning algorithm). Each sample contains the following features:

» global_packets: total number of packets transmitted in the network per time unit

(packets/time unit).
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* global_losses: total number of packets lost in the network per time unit (pack-

ets/time unit).

» global_delay: Average per-packet delay over all the packets transmitted in the net-

work (time units).

* maxAvglLambda: overall traffic intensity of the network scenario. Maximum aver-
age traffic rate (bits/time unit) that a path can generate in the simulation scenario.
Note that this traffic rate may be split into several flows, sending traffic over the

same src-dst path.

 performance_matrix: Matrix with aggregate source-destination and also flow-level
performance measurements (delay, jitter and loss) measured on each source-destination

pair.

e traffic_matrix: Matrix with the time and size distributions used to generate traffic

for each source-destination pair.
* routing_matrix: Matrix with the paths to connect every source-destination pair.

* topology_object: NetworkX graph object including topology-related information at
the node and link-level.

* links_performance: list of dictionaries with the performance metrics associated with
each link.

» port_stats: list of dictionaries with the performance metrics associated with each

output port.

In terms of individual samples, the node count ranges from 16 to 764 nodes. The simula-
tions stop when the stationary state is detected, where the state of the simulation reaches
the equilibrium level at a certain point. That is, when the difference between the maximum
and the minimum of the delays, divided by the mean delay, is smaller than 0.001 during
two evaluation windows. Simulation time spans between 1.4 hours and 30.4 hours, while

the memory utilization varies from 217 MB to 30 GB.

The hardware used to run the simulations was a cluster with 40 computing nodes, each
with two Intel Xeon E5-2630L v2 2.40 GHz CPUs, 128 GB of RAM and 1 TB disks. The
simulations were allocated in the cluster (sharing resources with other processes), with a
limitation of 30 GB of RAM.

4.4.2 Data analysis

Some metrics of the simulations are shown in Table 8. It can be observed that, as expected
from the characteristics of the types of slice, the average number of eMBB slices is lower
due to the higher bit rate of each slice, while there are many more mloT slices due to their

lower bit rate.
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Table 8: Metrics of the generated simulations.

Metric Value
Total samples 7900
Number of different topologies 130
Average samples per topology 61
Average total number of slices per sample 219

Average total number of eMBB slices per sample | 9.2
Average total number of URLLC slices per sample | 45.6
Average total number of mloT slices per sample 164.9

In the following subsections, the distribution of the values for the different set of features

at the flow, queue, and link level has been analyzed.

4.42.1 Flows

Fig. 38 shows the Probability Density Function (PDF) of values of the numeric features
of the slices. For each type of slice, it can be observed that the delay and logarithm of
the delay (AvgLnDelay) is higher for the mloT slices, while it is lower for the URLLC
and eMBB slices. The jitter is low in all cases, being slightly higher for the mloT slices.
The jitter is calculated as the standard deviation of the variance of the delay. The delta
(6) values are mostly uniform for each type of slice, while the packet loss is lower in
the URLLC slices. It can be seen that the parameters present a wide range of values in
order to cover as many scenarios as possible. For example, the delta parameter presents a

quasi-uniform distribution between 0 and 1.
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Figure 38: Probability Density Function (PDF) of several flow features for each slice type.

It can be seen that the parameters present a wide range of values in order to cover as many
scenarios as possible. For example, the § parameter presents a quasi-uniform distribution

between 0 and 1.

4.4.2.2 Links

Fig. 39 and Fig. 40 show the link data distributions, showing high utilization, as it was
intended in the scenarios, low losses in most cases, various bandwidths and an offered
traffic intensity (O;) with most values around 0 and 1, although other values also exist. O;

is a feature created from other existing features and it is detailed in Eq. (5). It is defined
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as the sum of traffic (Tr) of all flows f passing through the network link N; divided by the
bandwidth C; of that link, resulting in a scalar feature assigned to the link state.

0, — Yren, Ty 6
= i (6)
14
1.0 1.0 1.0 1.0
0.8 0.8 0.8 0.8
= = 2 =
G 0.6 G 0.6 5 0.6 G 0.6
; ; ; ;
n 0.4 n 0.4 N 0.4 n 0.4
0.2 0.2 0.2 0.2
0.0 0.0 0.0 — 0.0
20_0 400 0.0 0.5 1.0 0.0 0.5 1.0 0 1 2 3
Bandwidth (Mbps) Utilization Losses Offered Traffic Intensity

Figure 39: Probability Density Function (PDF) of several link features for each slice type.

The links that use FIFO queues, which connect each antenna to the origin node, are ex-

cluded from the analysis, as they are overdimensioned for any type of traffic and therefore

are not significant for the isolation of the WFQ queues.
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Figure 40: Probability density function of the reservations of the links.

4.4.2.3 Queues

Finally, Fig. 41 shows the Probability Density Function (PDF) of several queue features
for each slice type. It can be seen that most weights of the WFQs queues are under 50%.
The utilization of the queues is higher for the eMBB slices, while it is very low for the
mloT case. This is due to the fact that eMBB slices are the ones with the most bandwidth
assigned. The losses are lower in the URLLC queues analyzed as also seen in the links,
while the delays are also lower in the URLLC. The maximum queue occupancies, rep-
resented in number of packets, are shown to be a little bit higher in the URLLC case on
average, but the total maximum queue occupancy is reached more commonly by the mloT
slice types. It can be seen that the queues are full in some situations. This is expected, in

order to have some packet loss.

The dataset includes 7,900 simulation results, each corresponding to a unique combination
of network topology, routing configuration, and network slice allocation. This diversity
is critical as it reflects different network configurations and complexities encountered in
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Figure 41: Probability Density Function (PDF) of several queue features for each slice
type.

real-world scenarios. 129 different network topologies have been used, meaning that, on
average, 61 different scenarios have been built on each network topology. This repetition
allows for variations in traffic patterns, routing decisions, and network slice allocations to
be explored. By varying these parameters, it can be observed how each topology behaves
under different conditions, encompassing a wide range of operating conditions. This can
help the models trained using this dataset to capture the behavior of the network under
multiple conditions.

4.5 Limitations

The primary limitations of this study were related with time and memory demands of the
simulations. Despite parallelization efforts, individual simulations required approximately
two hours, so the cumulative time for the volume of generated simulations was substantial.
In addition, the parallelization was limited by the fact that every simulation required an
allocation of 30 GB of RAM memory to run successfully. Larger simulations (with more

traffic or more nodes) were discarded due to resource and simulation time limitations.

In order to validate the representativeness of the proposed dataset, statistical analyses
were carried out to ensure that the performance metrics are not biased towards any spe-
cific topology or scenario. This includes checking the distribution of performance metrics
across different topologies and scenarios to ensure a balanced representation. Despite the
efforts to create a realistic dataset, some simplifications and assumptions were required.

These are presented, paired with a possible mitigation strategy:

* Exclusion of RAN: The simulations focus on the transport network, excluding the
RAN infrastructure. While this limits the ability to simulate end-to-end scenarios,
the exclusion does not harm the dataset’s utility for evaluating core and transport
network slicing. The goal of the dataset is to provide insights into the performance
of the core and transport segments, which are critical for resource allocation and
KPI prediction. Future work could incorporate the RAN to expand the scope.

 Traffic patterns: Although Poisson traffic is widely used in network simulations, it
may not fully capture the burstiness of real-world traffic. This simplification could
lead to discrepancies in real-world application, but the dataset’s large size and di-

verse scenarios help mitigate this by covering a wide range of traffic intensities and
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patterns. Furthermore, additional traffic models could be introduced in future itera-

tions to address this limitation.

* Fixed routing configurations: The use of static routing does not account for dynamic
adjustments that can occur in real-world networks. This could affect the realism of
the simulations under changing network conditions. However, the dataset includes
multiple routing configurations across different scenarios to approximate such dy-
namics. Future extensions could explore dynamic routing simulations to enhance
realism.

* Fixed UE location: In the current setup, users are static during each simulation.
While this limits mobility testing, the dataset can still provide valuable insights into
network behavior under static conditions, which are essential for foundational re-
source allocation studies. Moreover, the dataset includes multiple slices and flows,
which increases variability and reduces the impact of this simplification.

In addition, network topologies have link capacities of up to 500 Mbps and a maximum
number of nodes of 764; going beyond would have required much more computational
resources and simulation time, and these values achieved a good balance between sim-
ulating realistic scenarios and an affordable simulation time. Three types of slices have
been considered, eMBB, URLLC and mloT, and although there are others, these are the
most common. The flow’s traffic model for the all three types of slices has been the same
and consisted of exponential inter arrival packet times and binomial packet size, but with
different values for each slice type to model their different characteristics. Finally the net-
work scenarios consider the transport network and the RAN part is not included. Future

work could involve dynamic routing protocols, more traffic models and RAN components.

While a direct comparison to real-world measurements is not performed in this thesis, the
extensive variety of scenarios simulated can serve as validation for models. Among this
variety of scenarios, some will exhibit greater or lesser degrees of similarity to real-world
over- and under-supply situations, allowing artificial intelligence models to capture the

range of variability that real networks may present.

In summary, while these limitations introduce certain constraints, the dataset remains
highly useful for core and transport network slicing studies. The mitigation strategies
ensure that the obtained dataset provides valuable data with network performance, even
under these constraints.

4.6 Conclusions

The simulations generated have demonstrated a satisfactory level of quality, rendering
them suitable for training a neural network model effectively. Furthermore, the ease of
usage of the dataset including extensive documentation and an adapted DataNet API, pro-
vides a seamless access to the data for future research, enabling easier analysis and later

training of a neural network.
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In the forthcoming chapter, the dataset derived from these simulations assumes an ele-
mental role as the foundation for training a GNN model. This utilization emphasizes the
practicality of the dataset and exemplifies the potential for advancing the research of net-

work slicing management and optimization.

Thus, the significance of this dataset extends far beyond its immediate application, laying
the groundwork for future breakthroughs in network slicing research and paving the way

for a more efficient and resilient communication infrastructure.

58



5 GNNetSlice: A Graph Neural Network
model for Network Slicing KPIs predic-
tion

This section of the thesis describes the model created to predict network slice KPIs of
a given network. Using the previous acquired knowledge about GNNs as described in
Chapter 3, and the creation of the required network slicing dataset in Chapter 4, in this
section a model called GNNetSlice is proposed to predict performance metrics (delay,
jitter, loss) of the transport and core networks (Fig. 42). This way, operators can know
beforehand if the network can satisfy a set of network slicing demands, or if a new slice
can be added to the network.

Network topology —>»
Routing configuration —> SI|Ce
WFQ weights and queues —> Performance — >

Slice instances and type —> Dlgltal TW|n
Flow allocation and traffic type —>

Per-flow performance metrics
(delay, jitter, loss)

Figure 42: Black-box representation of the model used as part of a DT to predict network
slice performance.

From this work, a publication has been prepared and submitted:

[4] M. Farreras, J. Paillissé, L. Fabrega and P. Vila. "GNNetSlice: A GNN-based Perfor-
mance Model to support Network Slicing in B5SG Networks". In "Computer Networks".

Q1 journal. Under review.

5.1 Problem description

As seen in the previous chapters, efficient management of network resources is crucial
for building next-generation networks. Resource management remains a topic of ongoing
discussion and development in BSG networks, especially regarding network slicing [60,
86] and the different usage types available.

However, effective resource management for diverse network slices is computationally
expensive due to: (i) the large number of connected devices, (ii) the massive amounts of
data generated by these devices, and (iii) the heterogeneity of the networks (Radio Access,

core, edge).

To overcome these obstacles, resource management in B5G networks requires sophisti-
cated prediction algorithms in combination with decision-making processes. In order to

guarantee network KPIs, e.g. latency or losses, network operators need accurate and fast
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tools to manage the allocation of resources to each network slice. A critical part are net-
work models that predict the performance of all the flows, with the aim of ensuring that
the network can meet the SLAs for all flows and slices. This way, either the network oper-
ator or an automatic resource allocator can easily determine if a new flow or slice can be

allocated, making it possible to respond faster to dynamic flow requests.

As introduced in Chapter 3, tools like Queuing Theory and Discrete Event Simulators
estimate network performance. Queuing Theory oversimplifies modern networks com-
plexity [96], while simulators offer accurate packet-level results but require much more
resources as network size and complexity grow. Therefore, near real-time analysis, moni-

toring, and management of current networks remain challenging [65].

Numerous studies have explored applying Al and ML to B5G resource management. As
shown in Section 5.2, data-driven approaches like Deep Learning, Reinforcement Learn-
ing, and GNNs show promising optimizations in resource allocation, fault detection, and
traffic management [19]. These approaches require extensive B5G data to adapt to chang-

ing conditions, offering a tradeoff between Queuing Theory and network simulators.

GNNetSlice predicts performance metrics (delay, jitter, losses) for network slices in core
and transport networks. Fig. 42 depicts the input data of the model, and the output pre-
dictions. This tool allows operators to assess network configurations in near real-time
(e.g. add new slice, add/remove flows, etc) before deploying them in production, ensuring
the satisfaction of network slicing demands. This usage is in line with the concept of a
DT [101], a virtual replica of a physical network, that mimics one or more characteristics
of the physical network.

GNNetSlice is built using a Graph Neural Network (GNN), offering high accuracy in
predicting network slicing KPIs. Using a GNN also provides a swift prediction of the
behavior of the network for each scenario, which is a pivotal element to use the model as
part of a DT [93].

Furthermore, the approach to create the dataset is described, analyze the network proper-
ties, build the model, train it, and obtain predictions. GNNetSlice is evaluated and com-
pared with recent state-of-the-art GNN approaches, as well as the results of a packet-level
simulator.

The contributions of this research can be summarized as: (i) creating a state-of-the-art
dataset with simulations of network slicing reservations, (ii) providing a GNN model de-
sign, (iii) proposing an accurate model for network slicing performance metrics estima-

tion, and (iv) presenting an extensive set of experimental evaluations.
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5.2 Related work

5.2.1 Traditional techniques for network performance prediction

In the previous chapters, an state-of-the-art for predicting network KPIs is already pro-

vided, being extended in this section, with a focus in predicting network slicing KPIs.

The current state-of-the-art contains a large variety of techniques for predicting network
performance, including analytical modeling methods such as Queuing Theory [24], Markov
chains [22, 54], and other related methodologies. As discussed in earlier chapters, al-
though these models often provide quick predictions, their accuracy is degraded due to
their dependence on unrealistic and static assumptions about packet arrival processes and

real-world network conditions [32].

To achieve more realistic results, packet-level network simulators are commonly utilized,
offering fine granularity of the experiments. However, these simulators are computation-
ally intensive and time-consuming, particularly for larger networks, making them unsuit-
able for scenarios that require near real-time predictions [92]. Nevertheless, the high ac-
curacy of data generated by these simulators is useful for training various ML models, as

demonstrated in [98].

5.2.2 ML-based Network Performance Prediction

When it comes to network slicing, the demand for rapid network analysis algorithms in
evolving scenarios has led to exploration in Al and ML techniques for accurate predictions
with low response time. Significant efforts include a zero-touch control for network slicing
proposed in [12], predicting the network capacity needs of each slice, using the previous
traffic demands of mobile traffic data to shape the future requirements. Results of two
forecasting blocks, one short term, and the other long term, are combined to aggregate the

demand of the total shared capacity and allocate it in the short-term.

Other ML methods, such as Logistic Regression (LR), Support Vector Machine (SVM)
and Decision Trees, have been implemented in [53] to predict packet’s Round-Trip Time
(RTT), where data of RTT measurements for training the models are obtained from mobile
operators in Italy. Then, the aforementioned methods are used to predict the packet’s RTT,
concluding that Decision Trees (DT) had a much better precision. Still, this was an initial
approach to demonstrate the usability of the dataset.

Additionally, DT approaches are proposed to predict network traffic handling in [13, 12],
using RNNs. RNNs, more concretely Long Short-Term Memory (LSTM), increase the
long term memory function, saving a selected history of past predictions that may be
relevant for the current prediction, as used in [37]. Static and in-vehicle 5G data is used to
train and predict using three different methods: CNN, Gated Recurrent Unit (GRU), and
LSTM, the last obtaining their best results.
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RNNs are also employed in [5] to predict delays in 5G networks for the IoT and Tactile
Internet. The model is trained in a simulated IoT system, collecting and later predicting

the IoT traffic network delays.

5.2.3 Application of Graph Neural Networks to computer networks

In the context of computer networks, GNNs learn directly from graph-structured data.
This data includes network topologies, routings, and offered traffic, in order to predict
network KPIs. Research has been conducted on applying GNNs in various scenarios of
computer networks. For example, autonomous network management is exemplified in
[36], where GNNss are used to enable reinforcement learning agents to adapt policies of
autonomous mobility-on-demand. Another application in network slicing monitoring [76]
demonstrates the effectiveness of GNNs, combined with genetic algorithms, for locating
network monitors. GNNs have also been utilized to predict network delay in standard
transit networks, represented as fixed-size graphs [31]. Finally, SDN end-to-end delay
prediction in [38] employs advanced techniques, such as Spatial-Temporal Graph Convo-
lutional Networks (STGCN), which integrates the RNN technique to GNNs, enhancing
the delay prediction.

The main differences of GNNetSlice, in comparison to recent methods utilizing ML, DL,
and GNNs, are summarized in Table 9. GNNetSlice offers several key advantages, includ-
ing fast training, high accuracy, a simple and unified model, a focus on predicting network

slicing environment performance, and the public availability of both code and datasets.

Table 9: Comparison GNNetSlice and other contributions focusing on GNN and Network
Slicing.

Contribution Deep learning Architecture Ground truth Soufce ?t?de Hyperparameter F a§t F ?atur.e Multiple Focused on
model availability tune train engineering models Network Slicing
[12] CNN 4D-CNN + MLPs Real scenario Private N/A N/A Yes No No
[37] RNN SLSTM Real data On request N/A N/A Yes No No
[5] RNN NARX AnyLogic Simulator Private N/A Yes Yes No No
53] Classification o1 pr 1R Real data Private N/A Yes Yes No No
models
[36] GNN GCN + MLPs Real data Public N/A N/A Yes No No
1761 GNN GAT + MLPs Genetic Algorithm Private Yes N/A Yes Yes Yes
+ genetic algorithm + greedy solution
[38] GNN STGCN OMNeT++ simulation Private Yes No Yes No No
9] GNN MPNN + GRU OPNET simulation Private N/A Yes Yes No Yes
27] GNN GeN/MTpRL  Opendataset Tor [91+ o N/A N/A Yes No Yes
OpenDayLight scenario
[33] GNN MPNN + GRU OMNeT++ simulation Public Yes No Yes No No
GNNetSlice GNN GRCN OMNeT++ simulation Public Yes Yes Yes No Yes

5.3 Scenario

As in the previous chapter, the network consists of a core network and a transport network,
with the RAN falling outside of the scope. The following functions are considered in the
admission control block (Fig. 32): the Core Controller receives slice requests and decides
if they can be allocated in the network. The slice admission module incorporates GNNet-

Slice, that acts as a Slice Performance Model, which, given the network topology, traffic
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Figure 43: Machine Learning workflow, from dataset generation to model deployment, for
constructing the GNNetSlice.

requirements, and slice configurations, outputs the performance KPIs of each flow. Subse-
quently, the SLA validation module acts as an admission control algorithm, ensuring that
all flows comply with predefined SLAs. The Core Controller syncs the configurations with

the RAN Controller, to align the configurations for the changing network requirements.

As stated in Section 2.1.2, three distinct slice types are considered, specifically those de-
fined by the 3GPP [4]: eMBB, URLLC, and mloT. Each slice type is designed for dif-
ferent use cases (Table 7). For each slice, a set of QoS metrics is used, such as network
size, number of clients, and application requirements. Delay, jitter and losses constitute
the primary KPIs used to measure network performance for each network slice. These
KPIs are defined for each slice type, although jitter values per slice are yet to be precisely
defined in the existing literature. However, jitter is expected to be minimal, especially for
the most critical usage, URLLC.

5.4 Methodology

In order to build the GNNetSlice GNN-based model for estimating slice performance, a
data-driven approach is adopted, typical in ML workflows (Fig. 43). First, a dataset using
a network simulator is generated, comprising pairs of (scenario, performance), represent-
ing the model’s inputs and outputs, respectively, as shown in Section 3.4. The scenario
includes all configuration parameters of the network scenario, such as the number and
type of slices, traffic flows in each slice, arrival processes, WFQ queue weights, topology,
and routing configuration. performance includes the KPIs needed to validate whether the

slice’s SLA is met, such as per-flow delay or packet losses.

While throughput is also a critical performance metric, particularly for eMBB applica-
tions, it was not included in the initial implementation due to the focus on metrics that
have more direct implications for latency-sensitive services. However, throughput is an
important KPI for ensuring quality in eMBB slices, which typically require high data
rates. Future work could extend the model to incorporate throughput prediction, or a post
processing of the obtained predictions could be used for calculating an estimation of the

throughput using the existing GNNetSlice model.
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Next, a GNN model is trained to predict network performance based on parameters such as
network topology, routing, traffic and network slice configuration. The dataset is split into
training, validation and testing sets, and hyperparameters are adjusted until an acceptable
accuracy is achieved, typically below 20% of error. To accomplish this, the model is
trained multiple times, trying multiple hyperparameter values. Finally, the trained model
would be ready to be deployed in a production network as part of the slice admission
controller.

It is important to note that this approach is training the GNNetSlice model offline, meaning
it is trained in the lab and later expected to be deployed in a production network. This
approach is analogous to autonomous cars, which are trained by the vendor and then sold
to customers already trained. The key reason for this approach is that the GNN model
needs to learn various extreme scenarios, such as high delays, broken links, or high packet
losses, and replicating these situations in a production network would be challenging due

to potential disruptions and SLA degradation.

5.4.1 Dataset

The dataset used, which is a part of the generated dataset detailed in chapter 4 comprises

3498 samples, each consisting of the following components:

1. Topology: includes links and nodes. The example topology in Fig. 34 has 11 nodes
representing a router, 3 final nodes representing the destination of each type of slice,
connected to the source nodes. The quantity of these flows depends on the remaining
capacities of each link of the path. This group of data includes the queue configura-

tions, with features such as weight, utilization, losses, delay and max. occupancy.

2. Routing: the path of each flow is defined by a shortest path algorithm from source
to destination. If the shortest path is already fully reserved, the next shortest path
available is used.

3. Flow traffic: based on the standards defined in Table 7, specifying flow-level source-
destination time and size distributions (e.g., AvgLnDelay, jitter, delay, &, packet
loss).

4. Slice reservations: origin and destination nodes, source nodes used, reserved bit rate
(Vyeserved)» O, slice type and unique identifier.

5. Link performance: performance measurements at the link level, such as bandwidth,

utilization, losses and offered traffic intensity.

6. Flow performance: Per-flow QoS measurements such as dropped packets, average
delay, jitter).
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5.5 GNN libraries and architectures

To construct a high-performing model, selecting a well-documented GNN library is cru-
cial. A GNN library is a software framework designed to facilitate the development, train-
ing, and evaluation of GNNs. The frameworks typically include several implemented
architectures to develop models, as shown in this section. Several library options are

available for creating such models, with the most commonly used ones including:

* Tensorflow/Keras [64]: TensorFlow provides a versatile platform for building and
training neural networks, including GNNs. Keras, as a high-level API for Tensor-
Flow, simplifies the implementation of GNN architectures.

* Pytorch/PyTorch Geometric [34]: PyTorch is another widely used deep learning
framework with a dynamic computational graph. PyTorch Geometric is an extension
library that simplifies the implementation of GNNSs, offering various graph-related
operations and pre-defined layers.

* Deep Graph Library (DGL) [91]: DGL is a dedicated library for building and train-
ing GNNss efficiently. It supports both TensorFlow and PyTorch backends, providing
a high-level API for graph manipulation and GNN model development.

 Spektral [43]: Spektral is another GNN Python library offering seamless integration
with TensorFlow and PyTorch. Providing essential GNN layers, graph operations,
and support for tasks like pooling and signal processing, Spektral is versatile for

various graph-based machine learning applications.

The GNN architecture refers to the specific structure and design of a GNN model, includ-
ing its layers, nodes, and the way they are interconnected. Several types of architecture
exist, depending on the problem to solve, such as node or edge regression, node or edge

prediction, or graph classification. The most common GNN architectures are:

* Graph Convolutional Networks (GCNs) [55]: GCNs are one of the earliest and most
popular GNN architectures. They aggregate information from neighboring nodes
using a convolutional-like operation, enabling effective node representation learn-
ing.

* GraphSAGE (Graph Sample and Aggregation) [46]: GraphSAGE generalizes the
idea of sampling and aggregating information from neighboring nodes. It allows the

model to scale to large graphs by sampling a fixed-size neighborhood for each node.

* Graph Attention Networks (GATs) [89]: GATs introduce attention mechanisms to
assign different weights to neighboring nodes during message passing. This enables

the model to focus on more informative nodes, improving its expressive power.

* Graph Isomorphism Network (GIN) [94]: GIN is designed to be invariant to the
order of nodes in a graph and can capture different levels of neighborhood informa-

tion. It achieves this by using an aggregation function that is order-agnostic.
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These are a subset of the diverse GNN available architectures. Research is continuously

exploring new models to address specific challenges in graph-based learning tasks.

5.6 GNNetSlice model

The objective is to predict delay, jitter, and loss for the generated dataset. For constructing
the GNNetSlice model uses the Deep Graph Library (DGL) for PyTorch [91], as it pro-
vides good documentation and support for multiples types of graphs. The overview of the

most significant steps for creating the GNN model are the following:

1. Load the dataset using an adapted version of Barcelona Neural Networking Center’s
Application Programming Interface (API) [15]. Split it into training, validation, and
testing sets, with percentages of 80%, 10% and 10%, respectively. Transform the
original network topology graphs into input graphs [61].

2. Define the GNN model structure, and choose the hyperparameters values and rela-

tions

3. Select the input features and normalize using a min-max normalization, where the
minimum value of the feature X,,;, is substracted from the actual value, and the

result is divided by the difference between the maximum X,,,,, and X, (Eq. (7)).

4. Train and validate the model for n epochs. Predict the testing set labels to verify the
correct training and accuracy. Optimize hyper-parameters to improve the training

time and accuracy.

X — Xmin
Ny= ()
* Xmax - Xmin

5.6.1 Input graph

The GNNetSlice model has the ability to predict multiple attributes simultaneously using
a single model. The model is trained to predict delay, jitter, and losses of the flows in
the network. To perform this flow attribute prediction, link features need to be used. In
the context of link attribute input and regression, there are limitations in the current state-
of-the-art GNNs. To address this, the input graph is reshaped by transforming links into
nodes. This reshaping creates a new input graph, allowing GNNs to indirectly predict
link attributes as node attributes and bridging the gap between GNN capabilities and link
attribute regression challenges [41]. More concretely, to predict flow features using link
and queue features, it is needed to create an input graph that translates the original network
topology graph to an input graph. This transformation involves converting individual links,
queues and flows into nodes, creating an input graph structure for each sample. This results
in three distinct node classifications: flow nodes, queue nodes, and link nodes. The goal is

to establish a clear distinction and relation in data treatment between features at the flow
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level (e.g., end-to-end delay and packet losses), the queue level (e.g., WFQ weights and

utilization), and the link level (e.g., link delay and utilization).

In Fig. 44 an example of how the GNN input graph is generated from the original network
topology graph is shown. In the original network topology graph, the queues are repre-
sented as Q_1_1, Q_2_1, and Q_2_2. The original router nodes are R/, R2, and R3. F1
and F2 are two flows, and L/ and L2 are the links in the network. The status of a flow
is tied to the states of all the links traversed by that flow, establishing the relation flow
traverses link. Conversely, the status of a particular link is influenced by the conditions of
all the flows that traverse that link, creating the relation link composes flow. In addition,
a flow goes trough n queues, with the relation uses, and a queue serves paths using the
relation serves. Finally, a link output port can host queues, establishing the relation hosts,
and that queue is related to the link using the relation resides.

Original network

Q22 F2

Q11F1 / [% Q2 1

2

Transformed
hypergraph

L1

sapisal

Figure 44: Example of an original network topology graph (top) transformation to the in-
put graph (bottom).
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5.6.2 Algorithm

The base model for prediction is a Relational Graph Convolutional Network (RGCN) [82].
This model supports multiple types of relations in the input graph, a crucial functionality
for defining relations between flows, queues, and links. It consists of two graph convo-
lutional layers, called GraphConv layers [55], each using a ReLu [63] activation function
to regularize the outputs, where the hidden states of each node are trained and later pre-
dicted. The model calculates a hidden state for all the nodes in the input graph. Then,
the HeteroGraphConv module, a module from DGL for computing convolutions on het-
erogeneous graphs, is used to create the RGCN model with the GraphConv layers. This
module structure is applied to each type of relation defined in the graph, to later perform
the message passing between related nodes. In addition, the aggregation function is ap-
plied, in this case the summation. Algorithm 1 describes the architecture of the model
in detail while Fig. 45 shows the relations between the building modules of GNNetSlice,
representing the algorithm more graphically. The algorithm operates on an heterogeneous
input graph G, which consists of various types of nodes representing different components
of the network. These components include flows (F), queues (Q), and links (L). The blue,

orange and red arrows in Fig. 45 represent the relations between the three types of node.

The algorithm starts by initializing the hidden state variables hyr, h,, and h; for flows,
queues, and links, respectively. They are initialized with the feature embeddings X, X,

and X; encoding the initial features of flows, queues, and links (lines 1-3).

Then, the message passing phase begins (lines 4-18), which consists of T iterations defined
as a hyperparameter during the final hyperparameter optimization. In each iteration 7', the
algorithm updates the hidden states of flows f in the graph H, queues ¢, and links /, based
on their interactions. For each flow f (lines 7-10), the algorithm updates its hidden state /¢
using the function M, which takes into account the states of the set of queues and links the
flow passes through. Similarly, for each queue ¢, the algorithm updates its hidden state &,
using the same function, considering the states of the flows passing through it and the link
where it is located. Likewise, for each link / (lines 11-14), the algorithm updates its hidden
state &, considering the states of the queues and the flows. Following the previous steps,
for each link ¢, the hidden state 4; is updated (lines 15-18) with the states of the related
links and flows. This is possible due the characteristic of the HeteroGraphConv module,
where each type of relation has its own GraphConv layers, which are trained differently
according to the relations seen during training. Therefore, M can be seen as 6 different

configurations of the model, depending on the relation needed to update the hidden states.

This iterative process continues for 7 iterations, allowing the algorithm to refine the hidden
states of flows, queues, and links based on their interactions within the network. Finally,
the algorithm returns the updated node features Xr’, using the readout function for the
flows R (lines 20-21).

68



RGCN

GraphConv M, GraphConv M,

l

HeteroGraphConv

YYVYVY

X
YYVYY

n1ey

v
Titerations !

1 — > F————->>
! T iterations

(Inopeay) N1ey
v
(400 ‘sso) ‘Aejep “6°9)
soljowW douewlopad pajoipald

YYVYY

Y

Figure 45: Schematic representation of GNNetSlice.

5.6.3 Input features

The selection of input features is crucial for the convergence of a ML model, in addition
increased precision and also to improve the training speed [66]. The features used in the
model are detailed in Table 10. Each type of node has four features. For nodes of type flow,
Traffic and Packets are obtained directly from the simulation results, while Path length is
calculated from the input graph, and 9§ is derived from the slice properties defined before
the simulation. For nodes of type link, the features include Capacity (defined before the
simulation), Utilization (U;), AvgPktSize, and O;. Finally, the nodes of type queue contain
the Weight (w) in the WFQ queue (already defined before simulating), utilization (Uy),
theoretically calculated losses (C;), and theoretical MaxDelay (M,). These queue-related

features are derived using traditional Queuing Theory.

Feature engineering was employed to create new features from the existing data in the
training dataset, aiding the model in generalizing and improving the prediction accuracy,
as introduced in [26]. Three engineered input features are created for the GNNetSlice
model. Firstly, Oy, as defined in Section 5.4. Secondly, Calculated losses (L), which are
determined by the Eq. 8. L is defined as the O, minus the product of weight w and capacity
C; of the output link, which is the carried traffic, and divided by Oy, resulting in a scalar
feature assigned to the link state. Thirdly, MaxDelay M, is created, which represents the
maximum delay an average size packet might experience in a full queue. It is calculated
using Eq. 9, where Qs is the queue size in number of packets, multiplied by the AvgPktSize
A, in number of bits, and divided by the product of weight w and the output link capacity
C.

(XreoTr) —(wxCy)

L= (8)
ZfeQTf
¢ XA

M, = b 9)
WXCg

69



Algorithm 1 Model architecture
Input: Hypergraph H, queue features X, link features X;, flow features Xy
Output: Updated flow features X’

1: h}) — Hf(Xf)
2 hY) + Hy(X,)

3: h? — H1<Xl>

4: fort=0to T-1 do
5 M; < GraphConv(h')
6: My < GraphConv(h")
7. for fin H do
8
9

K = W+ My (H, R
: ht—H hl‘—H —|—M (hl hl‘-i—l)
10 end for

11:  for/in H do

12: K = B+ My ()

13: K B Mo (R R

14:  end for

15:  for gin H do

16: hﬁfi — TMl (i, nl) |
. 1+ t+ t 1+

17: hy™ < h +M2(hf,hq )

18:  end for

19: end for

20: Xf’ (—Rf(h})
21: return Xf’

These engineered features can help to enhance the accuracy of GNNetSlice predictions, as
they are guiding the model to an approximated estimation of the prediction. For example,
while not giving exact values, the Symmetric Mean Average Percentage Error (SMAPE)
(detailed in the next subsection) of L in eMBB, URLLC, and mloT slices, in comparison
to the real losses of each flow, stands at 5.34%, 14.92%, and 5.12%, respectively.

5.6.4 Model Training

To measure the prediction accuracy, the SMAPE metric is used. SMAPE quantifies pre-
diction accuracy as the average percentage of relative errors (Eq. (10)). This relative error
is obtained comparing the predicted value y; with the actual value y; in absolute value,
the result of which is divided by the sum of y; and y;, both in absolute value and divided
by two. Lower SMAPE scores indicate more accurate predictions. The key difference in
comparison to the MAPE metric is that the MAPE degenerates into positive infinity when
actual values are zero or close to zero. The usage of SMAPE or similar variants correcting

this problem is essential, as many values for losses and jitter are zero in the simulations.

100%
SMAPE = "Z i (10)

= ( \yz\Hyz\ )/2
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Table 10: Input features used in GNNetSlice.

Feature Definition

Traffic Averag§ ba.ndw1dt.h of the

flow (bits/time unit)

Flow Packets Packets generaFed by Fhe

flow (packets/time unit)

Total number of hops of the flow,
Path length including first and last nodes
5 Resource provisioning parameter

of the slice the flow belongs to
Capacit Bandwidth of the link

pactly (bits/time unit)
Link e Occupation of the link
Utilization U, (in the range [0,1])
: Average packet size of all outgoing

AvgPktSize 4, packets through the link, in bits

Sum of Traffic of all flows passing
81 ife‘j;‘tl Tg‘fﬁc through link divided by the link’s

¥ Capacity, derived from Queuing Theory
Weight w WFQ queue’s weight (in the range [0,1])
Queue | Utilization U, [O()c;il)patlon of the queue (in the range

Calculated Packet losses derived from Queuing
losses L Theory (in the range [0,1])

Maximum queuing delay derived
MaxDelay My from Queuing Theory (in time units)

After hyperparameter tuning, the best GNNetSlice model has been trained during 95
epochs. It was found that, generally, larger values of the hyperparameters result in higher
precision. Generally, when creating ML models, a good hyperparameter selection is cru-
cial [99].

The training lasted 4 hours and 15 minutes to achieve the best SMAPE results for the
three KPIs predicted in this work. Specifically, 95 epochs with batches of 1000 graphs
were employed. A batch is a subset of the dataset used in one iteration of training a ma-
chine learning model, enabling more efficient computation and more stable convergence
compared to processing the entire dataset at once. The training was performed using only
the CPU, as the model performed slower on GPU than on the CPU. This occurs because
the acceleration provided by the GPU does not sufficiently compensate for the overhead
generated by copying the batches of data. This enhances the model’s usability across a
broader range of devices, reducing requirements without sacrificing training time or ob-
taining lower precision results. The training hardware consisted of an AMD Ryzen 5
5600X CPU 3.7 GHz and 64 GB of DDR4 RAM.
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Table 11: Tested values for optimization of the hyperparameters.

Hyperparameter Tested values Optimized
values
. 1,5, 10, 15, 20, 25, 50,
Batch size 100, 200. 500, 1000 1000
Early stopping window | 10, 20, 30, 40 40
Learning rate 0.1, 0.01, 0.005, 0.001 0.005
. 4,6, 8, 10, 20, 30,
Layer size 40, 50, 60, 80, 100 80

5.7 Evaluation

For the evaluation of the GNNetSlice model a suite of established metrics is used, includ-
ing SMAPE, Mean Square Error (MSE), Mean Average Error (MAE), and Coefficient of
Determination (R?). The SMAPE serves as a measure of accuracy, quantifying the aver-
age percentage difference between actual and predicted values, offering a symmetric ap-
proach that addresses issues related to scale and zero values, as introduced in Section 5.6.
MSE and MAE provide insights into prediction errors by assessing the average squared
and absolute differences, respectively, allowing to measure the model’s performance with
varying degrees of emphasis on error magnitudes and directions. Finally, R? is used as
a concise measure to gauge how well a model explains the variability in the dependent
variable, where higher and closer to 1 values indicates a stronger fit and better predictive

performance.

The model is evaluated through a wide range of tests categorized as follows:
1. Prediction error of eMBB, URLLC, and mIoT flows.
2. 10-fold cross-validation using the entire dataset.

3. Prediction error depending on the topological properties, such as graph size and

nodal degree, to demonstrate the generalization capabilities of the model.
4. Comparison with an state-of-the-art model for predicting network KPIs.
5. Inference and training speed.

Apart from 10-fold cross-validation, the tests are performed with the testing subset. This
subset is obtained dividing the dataset by selecting samples randomly, in a proportion of
80% training, 10% validation and 10% testing.

5.7.1 Prediction error with different slice types

Firstly, the prediction error is evaluated across the different types of network slices: eMBB,
URLLC, and mloT. The performance of GNNetSlice is analyzed using the SMAPE. Ta-
ble 12 presents the SMAPE errors for each slice type, indicating the level of prediction
accuracy achieved.
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Table 12: Symmetric Mean Average Percentage Error (SMAPE) of GNNetSlice with the
different slice types.

Delay | Losses | Jitter
eMBB 226 | 2.07 2.01
URLLC | 2.17 | 1.99 1.91
mloT 771 | 2.04 1.96
All slices | 5.22 | 2.04 1.95

Furthermore, Fig. 46 illustrates the cumulative distribution functions (CDFs) of relative
errors for each slice type. Each graph shows the distribution of prediction errors relative
to the actual values. The error distribution for mloT is slightly higher compared to eMBB
and URLLC, although within acceptable bounds, as also seen in Table 12, suggesting that

GNNetSlice is able to maintain reliable predictions across various service classes.

eMBB mloT URLLC
1.0 1.0 1.0
0.8 ([ 0.8 0.8 (—f
0.6 0.6 0.6
w w w
a a [a)
O O (@)
0.4 0.4 0.4
0.2 0.2 0.2
0.0 0.0 0.0
-100 -50 0 50 100 -100 -50 0 50 100 -100 =50 0 50 100
Relative Error (%) Relative Error (%) Relative Error (%)

Figure 46: Cumulative Distribution Functions (CDF) of the relative error of the predictions
testing the presented model.

Additionally, it was observed that the SMAPE errors for delay, jitter and losses, when
analyzed with respect to the parameter 9, exhibit stability within a regular and bounded
range. This underscores the robustness of GNNetSlice in maintaining consistent prediction
accuracy for multiple over and underprovisioning scenarios.

Summing up, these results demonstrate GNNetSlice’s effectiveness in accurately predict-
ing network performance metrics across diverse network slices, with minor variations ob-

served in prediction error across different slice types.

5.7.2 Cross-validation

Secondly, the results of a 10-fold cross-validation are presented, using the entire dataset
to assess the generalization of GNNetSlice. The procedure of the 10-fold cross-validation
is to separate the entire dataset in 10 random splits, and test the model with a different
split each time, using the rest of splits available to train the model. The typical number
of folds of a cross-validation is 10, as seen in [58]. The cross-validation results are
depicted in Figure 47, where boxplots illustrate the distribution of SMAPE errors for delay,
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losses, and jitter prediction across the folds. The SMAPE errors for delay prediction
range between 2% and 5%, indicating consistently accurate predictions within a narrow
range of error. Similarly, the errors for losses prediction fall between 1.8% and 4.5%,
while the errors for jitter prediction range from 0.8% to 3.3%. These results demonstrate
the robustness of GNNetSlice in capturing and predicting various network performance

metrics, generalizing well to unseen data.

SMAPE of 10-fold cross-validation
5.0

Delay Losses Jitter

Figure 47: SMAPE errors for delay, losses, and jitter prediction with the 10-fold cross-
validation.

5.7.3 Topological generalization

Thirdly, the performance of GNNetSlice is evaluated using two topological properties: the
number of nodes of each original graph obtained from the Internet Topology Zoo, and the
average nodal degree. The results of this analysis are presented in Fig. 48. The first column
illustrates the SMAPEs of GNNetSlice when predicting flow delay, losses and jitter across
different graph sizes, from 5 to 100 nodes. Across all scenarios, the model consistently
demonstrates low levels of error, indicating its robustness in accurately predicting the
desired flow KPIs. The second column focuses on the SMAPE of the flow predictions,
categorized by the average nodal degree of the original graph. Despite the variety of
configurations, with an average nodal degree from 1.5 to 4.5, GNNetSlice maintains stable
and low error rates. Some outliers are observed, mainly because of the large number of
graphs inside the range of 10-19 nodes and nodal degree 2-2.5. Another example is an
increased SMAPE in the range 3-3.5, as the number of samples is much lower in that

range. Even in this cases, the prediction error stays in an acceptable range.

Overall, this analysis provides an evidence of GNNetSlice’s effectiveness in producing
accurate predictions. The stable and low error rates observed across diverse number of
nodes and nodal degrees highlight the model’s ability to generalize well and make reliable

predictions.
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Figure 48: SMAPE of the predictions of GNNetSlice, per number of nodes and average
nodal degree.
5.7.4 Interpretation of error values in real-world applications

While the percentage errors reported for GNNetSlice are low, it is essential to interpret
these in the context of realistic application requirements, particularly for delay-sensitive

services.

For example, in eMBB applications such as video streaming or infotainment, a 2-5% pre-
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diction error for latency may not result in significant user-perceived performance degrada-
tion. For instance, if the expected delay is 50 ms for a video streaming application, a 5%
error corresponds to approximately 2.5 ms, which would be tolerable within the quality

expectations for those services.

In the case of URLLC applications, which are critical for use cases such as industrial
automation, remote surgery, or autonomous vehicles, even small prediction errors can be
problematic. In URLLC scenarios, the expected latency is often below 1 ms, and a 5%
error would translate to an additional 50 microseconds, which is a relatively low time
difference.

In summary, GNNetSlice offers good prediction accuracy for critical applications requir-
ing low-latency communications. The current prediction error ranges can presumably be

tolerated for most consumer and time-critical services.

5.7.5 Comparison with State of the Art models

Fourthly, the performance of GNNetSlice is evaluated with a state-of-the-art model, RouteNet-
Fermi [33], in predicting network performance metrics such as delay, losses, and jitter.

Both models are trained and tested using the same subsets of the simulated data.

Table 13 presents a comprehensive comparison of SMAPE, MAE, MSE, and R? values ob-
tained by both models across the three prediction tasks with the provided dataset. Remark-
ably, GNNetSlice consistently outperforms RouteNet-Fermi across all evaluated metrics.
GNNetSlice demonstrates lower SMAPE, MAE and MSE values, indicating more accu-
rate predictions with reduced errors. Additionally, the higher R? values for GNNetSlice
indicate a stronger correlation between predicted and actual values, signifying superior ex-
planatory power. These findings confirm the capabilities of GNNetSlice to model complex

network slicing scenarios.

Table 13: Comparison of the the most common error metrics of the predictions between
GNNetSlice and Routenet-Fermi.

GNNetSlice RouteNet-Fermi
Delay | Losses | Jitter | Delay | Losses | Jitter
SMAPE | 522 204 |195 |655 |6.87 |4.86
MAE |0.0042|0.0022 | 0.0019 [ 0.259 |0.071 |0.124
MSE 0.0016 | 0.0003 | 0.0002 | 11.868 | 0.005 | 0.008
R2 0.89 [095 (088 056 |0.76 |0.84

5.7.6 Inference and training speed

During the testing stage, the model demonstrated an average prediction time of 26 ms per
sample for delay, jitter, and losses. This short prediction time suggests that GNNetSlice
could be effectively used in near real-time scenarios. For example, this prediction speed
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allows network operators to assess an entire network performance rapidly enough to apply
the decision of accepting or rejecting a new network slice instance. This exemplifies
the capabilities of AI/ML approaches in B5G network management. While time-critical
services are present in B5G networks, the creation and management of network slices can

be a near real-time service, making this prediction time perfectly

A notable strength of the proposed model is its remarkable efficiency during training.
Each simulation, aimed at achieving slightly more accurate results, required an average of
1.7 hours for training. The model achieves swift convergence and learning, exclusively
using CPU resources. This not only contributes to lower resource consumption but also
facilitates rapid updates, enabling the model to adapt quickly to evolving datasets from
real-world scenarios. Offline training could be performed while the production model is
making predictions in the production network, enabling the system to learn from newly

observed statistics from the network.

5.7.7 Reproducibility of the results

Reproducibility is a crucial aspect of any data-driven model. The GNNetSlice model was
designed with reproducibility in mind, and its results can be reproduced under specific
conditions using the provided dataset, tools, and model architecture. The dataset gener-
ated for this research is publicly available to ensure that other researchers can access and

replicate the exact experiments.

The simulations used to generate the dataset in this thesis are based on packet-level simu-
lations of core and transport networks with network slicing configurations. By following
the methodology outlined in Chapter 4, researchers can reproduce the dataset and subse-
quently the model results. The provided DataNet API script ensures that each simulation
configuration can be loaded to the model with ease, ensuring that the simulation environ-

ment can be replicated in a lab setting.

In addition, the usage of datasets is not limited to simulations, as real world data can be
easily adapted with the usage of the DatanetAPI Python Code, which can be used as a
plugin for reading any kind of dataset and loading it to GNNetSlice. The only constraint is
to provide the same features to the model as done during the developement of the model,

which can be seen in Section 5.6.

Moreover, the use of well-documented libraries like PyTorch Geometric and the Deep
Graph Library (DGL) for implementing GNNetSlice further enhances reproducibility if

new changes or adaptations are needed.

One challenge in transitioning to real-world datasets is the presence of noisy data and
unforeseen network conditions that are not captured by simulators. In real-world networks,
variability in hardware performance, unexpected traffic surges, and intermittent failures

can introduce noise that may not have been present in a controlled simulation environment.
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Future work could focus on hybrid approaches, where the model is initially trained on
synthetic datasets from simulations but later fine-tuned with real-world measurements.
This hybrid methodology could ensure that the model is trained by both the precision of

simulated environments and the unpredictability of real-world traffic.

In conclusion, the reproducibility of GNNetSlice is well-supported in simulated environ-
ments, and with appropriate adjustments, the model is adaptable to real-world datasets.

5.8 Conclusions

This section introduced GNNetSlice, a model built to predict the performance of network
slicing in core and transport networks in BSG deployments. The model predicts essential
performance metrics (delay, jitter, losses) of all network flows. This predictive capability
empowers the network controller to make decisions regarding flow allocations, ensuring
compliance with the SLAs of the associated network slices. This makes it possible to

safely test various slice configurations before deploying them in production.

The proposed methodology relies on a data-driven approach, achieving a good balance
between speed and accuracy. Initially, a dataset is constructed, capturing the performance
metrics of a network implementing network slicing across the three primary use cases
(eMBB, URLLC, and mloT). This dataset was generated using a packet-level simulator.
Subsequently, this work has designed and trained a Graph Neural Network to predict these
metrics. The results demonstrate that GNNetSlice can be used effectively to provide accu-
rate predictions for delay, jitter and losses across diverse network scenarios. Notably, GN-
NetSlice exhibits low resource requirements, near-real-time prediction capabilities, and an

efficient training process.
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6 Conclusions and future work

The research conducted in this thesis has demonstrated the potential of AI/ML models,
specifically GNNs, in advancing the management and optimization of B5G networks.
More concretely, as the research evolved, the adaptability of GNNs was discovered, as
seen in the proposed models GAIN and GNNetSlice. These models showcase the capabil-
ity of GNNs to accurately predict KPIs such as per-path network delay, jitter, and packet
losses, which are crucial for network slicing and general network performance manage-
ment. These contributions represent an advancement in the use of ML for B5G networks,
offering a practical solution for optimizing network resource allocation.

The main contributions of this work are:

1. GAIN model: The GAIN model is built starting from RouteNet, incorporating en-
hancements such as feature normalization, feature selection, and hyper-parameter
optimization. These modifications enable GAIN to achieve superior scalability and
generalization, particularly when predicting per-path network delay in larger net-
work topologies. GAIN’s lower implementation overhead, reduced resource re-
quirements, and faster training times make it a practical solution for predicting KPIs

in real-world network scenarios.

2. Dataset generation: The simulations created have proven to be of high quality,
serving as a foundation for training neural network models. However, limitations
such as the exclusion of RAN, static routing configurations, and traffic patterns need
to be addressed in future work to make the dataset even more realistic. Despite these
limitations, the dataset sets a benchmark for future advancements in network slicing

management and optimization.

3. GNNetSlice model: GNNetSlice is designed to predict performance metrics (delay,
jitter, losses) for network slices in BSG networks, contributing in optimizing net-
work slicing management. The data-driven approach employed ensures a balance
between speed and accuracy, with the model demonstrating low resource require-
ments and near-real-time prediction capabilities. GNNetSlice’s ability to provide
near-real-time predictions while maintaining high accuracy makes it an efficient tool

for optimizing network slicing management.

The strongest results in this work include GNNetSlice’s ability to predict delay, jitter,
and packet loss with low error rates. In a head-to-head comparison with the state-of-the-
art RouteNet-Fermi model, GNNetSlice consistently outperformed in terms of SMAPE,
MAE, and R? values. Specifically, GNNetSlice achieved a SMAPE error below 5% for
delay and losses in most scenarios, showing strong predictive accuracy that supports its
real-world applicability. One of the key advantages of GNNetslice is the ability to predict
with this level of precision while using fewer computational resources. In addition, the

generation of a dataset for comparing different models predicting network slice acpkpi
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has been a good contribution for the research community. The first contribution of this
thesis, the improvement of the RouteNet model in the ITU Challenge, GAIN, served as
a foundation for the rest of the work in this thesis, providing the required learning for

analyzing graph datasets and processing them into new GNN models.

However, despite the promising results, there are limitations to be addressed. For instance,
the models have primarily been tested in simulated environments, and their performance
in real-world scenarios requires further validation. The lack of datasets, nonetheless, has
been partially solved by this thesis, providing a useful tool for developing new models and

perform an initial validation of the predictions.

The GNN models have a significant potential to develop interdisciplinary applications.
Similar GNN-based approaches can be adapted for other complex systems, such as water
networks, transportation networks, supply chain management, and smart grid optimiza-
tion, demonstrating the versatility of GNNs.

In the topic of this thesis, the evolution of GNNSs in network management seems promis-
ing. As B5G networks evolve and the transition to 6G networks begins, the foundational
work presented in this thesis can be useful in the development of more advanced and ef-
ficient network management solutions. The continuous refinement and validation of Al
and ML models will likely provide even more powerful tools for network optimization,
enabling innovations that will enhance the performance, reliability and security of future

communication networks.

As a future work, many improvements and new advancements could be achieved. A list

of possible future research ideas could be:

* Limitations of the dataset: Future work should focus on generating datasets from
real-world networks, including dynamic routing and additional traffic patterns, to

validate the models under adverse conditions.

* Exploration of new GNN architectures: Continue exploring alternative and new
GNN architectures, such as Spatio-Temporal GNNs, and improvements, including
advanced feature engineering and optimization of input attributes. This exploration
could lead to models that are more efficient, accurate, or with better generalization

capabilities.

* Integration of new input graphs: Test the integration of additional relations into
the input graphs, for example incorporating temporal features to capture the evolu-

tion of network states.

* Creation of closed-loop control applications: Application of the models in closed-
loop control contexts, where GNN predictions inform decision-making algorithms
such as traffic admission control. This integration could enable real-time, adaptive
network management strategies that dynamically respond to changing network con-
ditions.
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* Achieve real-world validation: Validation and testing of the models on real-world
testbeds to test the models’ reliability in practical deployments. Such validation is
crucial to ensure that the models can perform well under real network conditions, as
simulations might not capture all the complexities and variabilities that simulations

might not capture.

* Achieve model explainability: Investigate the explainability of GNN models to en-
sure transparency and interpretability in decision-making processes. Understanding
how GNNs obtain their predictions can help network operators trust these algo-

rithms and facilitate the integration of these models into production networks.

* Perform security considerations: Exploration of the security threats in GNN ap-
plied to network management, to ensure a robust protection against potential vulner-
abilities. Ensuring that GNN models are secure is critical to maintain the integrity

and reliability of network management systems.

The research presented in this thesis represents a step forward in the use of GNN models
for network slicing and B5G network management. The proposed GAIN and GNNetSlice
models have demonstrated high accuracy and scalability, providing practical solutions for
predicting network KPIs in a near-real-time manner. As B5SG networks continue to evolve,
and with the future transition to 6G networks, the contributions of this thesis can serve as
a foundation for more advanced and efficient network management solutions. Further
research in the areas of real-world validation, hybrid datasets and testbeds, and advanced
GNN architectures will be essential for achieving the full potential of GNN-based network

management.
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