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Abstract

This thesis explores the transformative role of Large Language Models (LLMs) in the
domain of network optimization, particularly within the context of 5G communication
technologies. It starts by studying deep learning fundamentals and neural network ar-
chitectures, emphasizing the evolution and impact of Models such as GPT, BERT, and
DeepSeek. The study then examines the integration of these models into modern net-
working workflows, focusing on their applications in network security, task classification
as well as answering telecom-domain questions.

A core challenge addressed in this work lies in the sheer volume and complexity of
technical data in the telecommunications industry—particularly across 3GPP (3rd Gen-
eration Partnership Project) standards, which has overseen the development of universal
standards for Mobile Wireless Networks (MWNs). 3GPP continuously publishes a large
number of intricate documents, making it difficult for engineers and researchers to stay
updated and extract relevant information efficiently. This creates a need for advanced
methods to process, analyze, and understand these documents to ensure network relia-
bility and performance.

To address this, the thesis aiming to be a roadmap for researchers and practitioners
to leverage LLMs in solving various telecom tasks. Special attention is given to the appli-
cation of fine-tuning and Retrieval-Augmented Generation (RAG) techniques to improve
technical comprehension and automate knowledge extraction from3GPP specifications.
A practical evaluation is conducted using the TSpec-LLM dataset, and chatbot are de-
veloped to classify telecom tasks and respond to domain-specific queries.

Finally, The research demonstrates how LLMs will become increasingly important
for telecom-specific operations by enhancing information retrieval accuracy and efficiency
and accessibility in complex technical domains.

Keywords — Chatbot, 3GPP Documents, Large Language Models (LLMs), Network
Optimization, Retrieval-Augmented Generation (RAG), Fine-tuning .

ii



Résumé

Ce mémoire explore le rôle transformateur des grands modèles de langage (LLM) dans
le domaine de l’optimisation des réseaux, notamment dans le contexte des technologies
de communication 5G. Elle commence par étudier les fondamentaux de l’apprentissage
profond et les architectures de réseaux neuronaux, en mettant l’accent sur l’évolution
et l’impact de modèles tels que GPT, BERT et DeepSeek. L’étude examine ensuite
l’intégration de ces modèles dans les flux de travail des réseaux modernes, en se concen-
trant sur leurs applications en matière de sécurité des réseaux, de classification des tâches
et de réponse aux questions du domaine des télécommunications.

L’un des principaux défis abordés dans ce travail réside dans le volume et la com-
plexité des données techniques dans le secteur des télécommunications, notamment celles
relatives aux normes 3GPP (3rd Generation Partnership Project), qui ont supervisé le
développement de normes universelles pour les réseaux sans fil mobiles (MWN). Le 3GPP
publie continuellement un grand nombre de documents complexes, ce qui complique la
tâche des ingénieurs et des chercheurs pour se tenir informés et extraire efficacement les
informations pertinentes. Cela crée un besoin de méthodes avancées pour traiter, analyser
et comprendre ces documents afin de garantir la fiabilité et les performances du réseau.

Pour y parvenir, ce mémoire vise à servir de feuille de route aux chercheurs et aux
praticiens afin d’exploiter les LLM pour résoudre diverses tâches liées aux télécommuni-
cations. Une attention particulière est accordée à l’application de techniques de réglage
fin et de génération augmentée de données (RAG) pour améliorer la compréhension tech-
nique et automatiser l’extraction des connaissances issues des spécifications 3GPP. Une
évaluation pratique est réalisée à l’aide du jeu de données TSpec-LLM, et des agents
conversationnels sont développés pour classer les tâches liées aux télécommunications et
répondre aux requêtes spécifiques au domaine.

Enfin, la recherche démontre l’importance croissante des LLM pour les opérations
spécifiques aux télécommunications, en améliorant la précision, l’efficacité et l’accessibilité
de la recherche d’informations dans des domaines techniques complexes.

Mots-clés — Agent conversationnel, Documents 3GPP, Grands Modèles Linguis-
tiques, Optimisation de réseau, Génération augmentée par récupération, Affinage.
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اिऻڪٌۘ

اܳލٴႤၽت، أداء ඔ൹ފොູ ෠੼؇ل ሒᇭ (LLMs) اܳـܝٴଫଃة ل۰ اይዧ؞ި اࡺ࢕ࢦ؇ذج ّܹأٴ۬ اᄳᄟي ঌॻل اܳٺۜި اᄴᄟور اৎ৊ڍாணة ۱ڍه ૭૜ٺܝލژ
و۱ٷڎݿ۰ اܳأ݄٭ݑ اܳٺأ޺޾ أݿ؇ݿ٭؇ت ஓ୾ݠاۏأ۰ اᄴᄟراݿ۰ ਊಾڎأ (5G). اࠍ੅؇݁ݴ اࠍ੊٭ܭ ݆݁ ا৖৑ّݱ؇৖৑ت ّگٷ٭؇ت ݿ٭؇ق ሒᇭ ؇ಣಈᕬ ৖৑
༇ံد ܋٭ڰ٭۰ اᄴᄟراݿ۰ ོྥٷ؇ول ቕ቉ .DeepSeekو BERTو GPT ݁ټܭ ஓ஁؇ذج ଫଃٔ؊ّو ّޚިر আॻ༟ ଩ଃ܋ଫଐܳا ؕ݁ اܳأݱྟ٭۰، اܳލٴႤၽت
আॻ༟ ۰ً؇༥৕৑وا ا۳ৎ৊؇م، وّݱྡྷ٭ژ اܳލٴႤၽت، أ݆݁ ሒᇭ ؇ዛኤ؇ّޚٴ٭گ আॻ༟ ଩ଃ܋ଫଐܳا ؕ݁ ،۰਒ಱڎ੆اࠍ اܳލٴႤၽت ᆇᅦܭ ଫଃݿ ሒᇭ اࡺ࢕ࢦ؇ذج ۱ڍه

ا৖৑ّݱ؇৖৑ت. ऍइࣲ؇ل اৎ৊ٺأܹگ۰ ᄭᄥ٪ݿ৙৑ا

ا৖৑ّݱ؇৖৑ت، ڢޚ؇ع ሒᇭ اܳڰٷ٭۰ ይዧٴ٭؇َ؇ت ଫଃاܳـܝٴ واܳٺأگ٭ڎ ا୒ୖ؇فܭ ܾ፳፞༕ا ሒᇭ اৎ৊ڍாணة ۱ڍه ؇۳੊ّأ؇ࠍ มฆܳا ا৙৑ݿ؇ݿ٭۰ اܳٺ༲ڎل؇ت റണ೺ټܭ
ا৖৑ّݱ؇৖৑ت ܳލٴႤၽت اܳأ؇ৎ৊٭۰ ଫଃأ؇لৎ৊ا ّޚިߌߵ আॻ༟ ๤๑ะف اᄳᄟي اܳټ؇ܳت)، ࠯࠵࠾٭ܭ ᄎცا๤དྷܳا (๤དྷ݁وع 3GPP ଫଃ݁أ؇ل ݆ᆙᆕ ؇ಣಈᕬ ৖৑
আॻ༟ اܳݱأص ݆݁ ෠ຬأܭ ؇ᆙᆘ اৎ৊أگڎة، اܳڰٷ٭۰ اܳިٔ؇فݑ ݆݁ ܋ٴଫଃاً ༟ڎداً ً؇ಣಕᕬݠار 3GPP ๤དྷྡྷོ (MWNs). ᄭᄥٺٷگৎ৊ا اఈዳዧݿܹـܝ٭۰
݁ٺگڎ۰݁ أݿ؇ܳ٭ص ّޚިߌߵ ๤ཚورة ሌᇿإ ዻዧذ لޝدي و ًܝڰ؇ءة. ᄭᄥاܳݱ ذات اৎ৊أߺࠊ݁؇ت واݿٺఈః༱ص ؇ዛው݁ިا܋ٴ ඔ൹واܳٴ؇ۋټ ඔ൹۳ٷڎݿৎ৊ا

.ᄎჼاܳލٴ وأداء ݁ިٔިڢ٭۰ ܳݯ݄؇ن وڣ۳݄۳؇ وොູܹ٭۳ܹ؇ اܳިٔ؇فݑ ۱ڍه ۰੊أ؇ࠍৎ৊

݆݁ ఈዳዧݿٺڰ؇دة ඔ൹رݿ؇݄ৎ৊وا ඔ൹ٴ؇ۋټይዧ لݑ ޗݠ ༠؇رޗ۰ ஓ୾ټ؇۰ً ّܝިن أن ሌᇿإ اৎ৊ڍாணة ۱ڍه ዛኤڎف اܳٺ༲ڎل؇ت، ۱ڍه وৎ৊ިاۏ۰۳
اܳٺۛݱ٭ݧ ܳٺگٷ٭؇ت ༠؇ص ا۱ٺ݄؇م لఈఃء إ لࡤࡲ و ا৖৑ّݱ؇৖৑ت. ऍइࣲ؇ل اৎ৊ٺأܹگ۰ ا۳ৎ৊؇م ෛ੼ٺܹژ ༡ܭ ሒᇭ اܳـܝٴଫଃة ل۰ اይዧ؞ި اࡺ࢕ࢦ؇ذج
݁ިاݬڰ؇ت ݆݁ اৎ৊أݠڣ۰ اݿٺۛݠاج وأஓ஄ٺ۰ มฃاܳٺگ ا௱௯௫ٺިى ڣ۳ܾ ඔ൹ܳٺۜފ (RAG) ً؇৖৑ݿ༥ଫଐ؇ع اৎ৊أݞز واܳٺިܳ٭ڎ (Fine-tuning)
ܳٺݱྡྷ٭ژ (Chatbots) ො੼؇د۰ٔ روًިّ؇ت وّޚިߌߵ TSpec-LLM، ਃಸ؇َ؇ت ۰༟ިᆇ୞୘ ً؇ݿٺ༱ڎام ঌॻᆇᅦ ّگ٭ࡗࡲ إරජاء لࡤࡲ პაႰ 3GPP.

ً؇௯௫௵؇ل. اࠍ੅؇ݬ۰ ا৖৑ݿٺڰފ؇رات আॻ༟ واෂීد ً؇৖৑ّݱ؇৖৑ت اৎ৊ٺأܹگ۰ ا۳ৎ৊؇م

ሒᇭ اৎ৊ٺۛݱݱ۰ اܳأ݄ܹ٭؇ت ሒᇭ ଩ଐ݁اࢴࣖة أᆇᆅ٭۰ ذات اܳـܝٴଫଃة ل۰ اይዧ؞ި اࡺ࢕ࢦ؇ذج ݿٺݱٴں ܋٭ژ اᄴᄟراݿ۰ ۱ڍه ّޙ۳ُݠ وأଫଃ༠اً،
اৎ৊أگڎة. اܳڰٷ٭۰ ا৖৑؇௵௯௫ت ሒᇭ اৎ৊أߺࠊ݁؇ت اݿ༥ଫଐ؇ع واݿྥ٭أ؇ب و܋ڰ؇ءة دڢ۰ ّأݞߌ߳ ఈః༠ل ݆݁ ا৖৑ّݱ؇৖৑ت، ෠੼؇ل

اৎ৊أݞز اܳٺިܳ٭ڎ ،ᄎჼاܳލٴ ඔ൹ފොູ اܳـܝٴଫଃة، اይዧ؞۰ ஓ஁؇ذج ، 3GPP݁ފྥٷڎات اᄴᄟردނ۰، روًިت — اिऻء׫ոؼמ١ اڤոஈ࿦࿮ت
اᄴᄟڢ٭ݑ. اܳݯٴޔ ، ً؇৖৑ݿ༥ଫଐ؇ع
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General Introduction

The fast development of wireless communication technologies has reshaped modern con-
nectivity through 5G network deployment and ongoing 6G system development which
advances speed capabilities and scalability and intelligence features. The increasing com-
plexity and data intensity of networks requires more than traditional optimization meth-
ods to support real-time decision-making and anomaly detection and answering-questions
as well as adaptive resource management. The development of Large Language Models
(LLMs) within artificial intelligence (AI) has established them as essential tools for en-
hancing network intelligence.

LLMs, such as GPT, Llama, DeepSeek, and their fine-tuned derivatives, have demon-
strated remarkable success in understanding and generating human-like text. Their ca-
pabilities extend beyond language tasks to domains such as cybersecurity, intelligent
document parsing, anomaly detection, and automated reasoning.

This thesis explores how the capabilities of LLMs can be strategically applied to op-
timize telecommunication networks, with a particular focus on their integration in 5G
architectures, 3GPP (3rd Generation Partnership Project) standards, and network au-
tomation workflows.

This thesis will be includes the following chapters:

• Chapter 01: Large language Model (LLMs): introduces the foundational concepts
of deep learning, the evolution of neural networks, and the architectural innovations
that have enabled the rise of LLMs, such as the transformer model and self-attention
mechanisms.

• Chapter 02: Networking technologies and optimization: The chapter positions
these models in networking technologies by analyzing 5G current status and 6G
potential while discussing network slicing and intelligent edge computing and AI-
based anomaly detection and real-time optimization.

• Chapter 03: Application of LLMs in 3GPP Specifications: The third chapter
connects theoretical concepts to practical uses by studying LLM implementations in
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real-world operations at Cisco ,Microsoft as well as Huawei. Hence reviews research
on datasets like SPEC5G ,TSpec-LLM and frameworks like Retrieval-Augmented
Generation (RAG), demonstrating how LLMs can improve the comprehension and
automation of dense technical documentation such as 3GPP specifications.

• Chapter 04: Implementation and results analysis: presents the practical imple-
mentation of LLM-powered chatbots trained on telecom-specific datasets. It eval-
uates the performance of different RAG architectures and discusses development
tools such as LangChain, HuggingFace, and Streamlit.
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Chapter 1

Large language Model (LLMs)

1.1 Introduction

This chapter explores the fundamental aspects of Large Language Models (LLMs), trac-
ing their evolution and significance in artificial intelligence. It begins with an overview
of deep learning fundamentals, including key methodologies and neural network architec-
tures, before delving into LLMs such as GPT, BERT, and DeepSeek. The chapter also ex-
amines the critical role of transformers, highlighting their self-attention mechanisms and
widespread applications in Natural Language Processing (NLP) and Computer Vision
(CV).

1.2 Deep learning fundamentals

Deep Learning, a subset of Machine Learning, is inspired by the information processing
patterns found in the human brain. DL does not require any human-designed rules to
operate, rather, it uses a large amount of data to map the given input to specific labels.
DL is designed using numerous layers of algorithms (artificial neural networks), each of
which provides a different interpretation of the data that has been fed to them. Achiev-
ing the classification task using conventional ML techniques requires several sequential
steps, specifically pre-processing, feature extraction, wise feature selection, learning, and
classification.

1.2.1 Introduction to deep learning and its significance in mod-
ern AI

Deep learning has significantly advanced modern AI systems, particularly in NLP and
CV. In NLP, deep learning techniques, such as Recurrent Neural Networks (RNNs) and
transformers, have enhanced tasks like machine translation, sentiment analysis, and text
generation, enabling machines to better understand and produce human language [79,
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CHAPTER 1. LARGE LANGUAGE MODEL (LLMS)

41, 53]. For instance, models like BERT and GPT have revolutionized language compre-
hension and generation, facilitating applications in chatbots and virtual assistants [17,
41]. In the realm of CV, deep learning has driven innovations in object detection, im-
age recognition, and semantic segmentation, impacting industries such as healthcare and
autonomous vehicles [15, 17]. The integration of these technologies not only improves ef-
ficiency but also addresses complex real-world challenges, highlighting the transformative
potential of deep learning across various sectors [15, 17].

1.2.2 Key techniques and methodologies

Key techniques and methodologies in deep learning encompass a variety of approaches
that leverage artificial neural networks to achieve state-of-the-art results across numerous
applications. Deep learning encompasses a variety of techniques and methodologies that
have significantly advanced the field of artificial intelligence.
Key techniques in deep learning

• Neural Networks: Fundamental structures that mimic human brain functions, al-
lowing for complex data analysis [73].

• Convolutional Neural Networks (CNNs): Specialized for processing visual data,
CNNs excel in identifying patterns and features in images[73, 72].

• RNNs: Designed for sequential data, RNNs are effective in tasks like language
modeling and time series prediction [59].

• Generative Adversarial Networks (GANs): These networks generate synthetic data
by pitting two neural networks against each other, enhancing data generation ca-
pabilities [59, 72].

Advanced methodologies

• Transfer Learning: This technique allows models to leverage knowledge from pre-
trained networks, improving efficiency and performance in new tasks [59].

• Attention Mechanisms: Enhancing model focus on relevant parts of the input data,
attention mechanisms have revolutionized tasks in natural language processing [72].

• Federated Learning: A method that enables decentralized model training, enhanc-
ing privacy and security in data handling [59].

1.3 Neural network architectures

Neural network architectures are complex systems inspired by the human brain, designed
to process information through interconnected nodes known as artificial neurons. These
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architectures vary significantly based on their intended applications, ranging from simple
models like perceptrons to advanced structures such as CNNs and RNNs. The following
sections outline the key components and functionalities of neural network architectures.
Key components

• Neurons and Layers: Neural networks consist of layers of neurons, including input,
hidden, and output layers, where each neuron processes input and passes it to the
next layer.

In a regular neural network, there are three types of layers:

• Input Layers: It’s the layer in which we give input to our model. The number of
neurons in this layer is equal to the total number of features in our data (number
of pixels in the case of an image).

• Hidden Layer: The input from the Input layer is then fed into the hidden layer.
There can be many hidden layers depending on our model and data size. Each
hidden layer can have different numbers of neurons which are generally greater
than the number of features. The output from each layer is computed by matrix
multiplication of the output of the previous layer with learnable weights of that
layer and then by the addition of learnable biases followed by activation function
which makes the network nonlinear.

• Output Layer: The output from the hidden layer is then fed into a logistic function
like sigmoid or softmax, which converts the output of each class into the probability
score of each class.

Figure 1.1: Artificial neural network architecture
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• Activation Functions: These functions introduce non-linearity into the model, al-
lowing it to learn complex patterns. Common examples include Rectified Linear
Unit (ReLU) and sigmoid functions.

• Connections: Neurons are interconnected through weighted connections, which are
adjusted during training to minimize.

Functionalities

• Feed-Forward and Feedback Mechanisms: Feed-forward networks allow unidirec-
tional signal flow, while feedback networks enable bidirectional communication,
enhancing learning capabilities.

• Learning Algorithms: Techniques like back-propagation are employed to optimize
weights and biases, ensuring the network learns effectively from data.

• Specialized Architectures: Variants like CNNs excel in image processing, while
RNNs are suited for sequential data tasks.

Figure 1.2: Computational Process of an Artificial Neuron in Neural Networks
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1.3.1 Overview of neural network architectures (ANNs, CNNs,
RNNs)

Neural network architectures, including Artificial Neural Networks (ANNs), CNNs, and
RNNs, each serve distinct purposes and exhibit unique characteristics.

• ANNs are foundational models that consist of interconnected nodes, suitable for
various tasks, including classification and regression.

• CNNs excel in processing grid-like data, particularly images, by utilizing convolu-
tional layers to capture spatial hierarchies.

• RNNs, on the other hand, are designed for sequential data, making them ideal for
tasks such as time series prediction and natural language processing.

The specifics of each architecture:

Artificial neural networks (ANNs):
ANNs are a type of machine learning model that are inspired by the structure and func-
tion of the human brain. Composed of input, hidden, and output layers. Suitable for
tasks like classification and regression. Can be applied in various domains, including
finance and healthcare [4].

Convolutional neural networks (CNNs):
These networks are designed to process data with a grid-like topology, such as images.
The layers consist of convolutional layers, which learn to detect specific features in the
data, and pooling layers, which reduce the spatial dimensions of the data.
1. Convolutional Layer
This layer is the first layer that is used to extract the various features from the input
images. In this layer, the mathematical operation of convolution is performed between
the input image and a filter of a particular size MxM. By sliding the filter over the input
image, the dot product is taken between the filter and the parts of the input image with
respect to the size of the filter (MxM).
2. Pooling Layer
In most cases, a Convolutional Layer is followed by a Pooling Layer. The primary aim
of this layer is to decrease the size of the convolved feature map to reduce computational
costs. This is performed by decreasing the connections between layers and independently
operating on each feature map. Depending upon the method used, there are several types
of Pooling operations.
3. Fully Connected Layer
The Fully Connected (FC) layer consists of the weights and biases along with the neurons
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and is used to connect the neurons between two different layers. These layers are usually
placed before the output layer and form the last few layers of a CNN Architecture.In
this, the input image from the previous layers is flattened and fed to the FC layer. The
flattened vector then undergoes a few more FC layers where the operations of the math-
ematical function usually take place. In this stage, the classification process begins to
take place.
Utilize convolutional layers to detect patterns in spatial data. Commonly used in image
recognition and CV tasks (cv is a field of Artificial Intelligence that enables a computer to
understand and interpret the image or visual data)Demonstrated superior performance
in SQL injection detection compared to ANNs and RNNs [4].

Figure 1.3: CNNs Architecture for Feature Extraction and Classification

Recurrent neural networks (RNNs):
These networks have a “memory” component, where information can flow in cycles
through the network. This allows the network to process sequences of data, such as
time series or speech. Designed to handle sequential data by maintaining a memory
of previous inputs. Effective in applications such as language modeling and time series
analysis. Showed competitive results in SQL injection detection, following CNNs [4].
The defining feature of RNNs is their hidden state, which preserves essential information
from previous inputs in the sequence. By using the same parameters across all steps,
RNNs perform consistently across inputs, reducing parameter complexity compared to
traditional neural networks. This capability makes RNNs highly effective for sequential
tasks.

8



1.3. NEURAL NETWORK ARCHITECTURES

Figure 1.4: RNNs Architecture for Sequential Data Processing

1.3.2 Role of architecture in model performance

The architecture of neural networks plays a crucial role in determining their perfor-
mance, impacting aspects such as efficiency, generalization, and computational resource
requirements. The design and optimization of neural network structures are essential for
achieving optimal performance across various tasks and datasets. This involves consider-
ations of network depth, width, and dynamic adjustments, as well as the use of Neural
Architecture Search (NAS) to automate the discovery of effective architectures.

Neural architecture search (NAS)

• NAS is a method used to automatically find optimal neural network architectures,
which is particularly useful in complex environments like 6G networks where per-
formance, energy consumption, and data availability are critical factors [55].

• It reduces the manual effort in designing architectures and can adapt to multi-
objective scenarios, such as balancing performance with resource constraints[75].

Network properties and performance

• The performance of neural networks is closely linked to their structural proper-
ties, such as size and configuration. Smaller networks can be used to optimize
hyperparameters, which can then be applied to larger networks [26].

• A mathematical framework has been developed to predict model performance based
on early training results, using a neural capacitance metric that captures general-
ization capabilities [34].

Structural optimization strategies
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• Optimization strategies include adjusting network depth and width, modular de-
sign, and model compression techniques like weight pruning and quantization to
enhance performance and efficiency [75].

• Different architectures, such as CNNs, RNNs, and Transformers, have specific ad-
vantages depending on the task, and their performance can be further improved
through structural optimization [75].

Diversity and ensembling

• Diverse network architectures can achieve similar performance levels, which is ben-
eficial for ensembling. Varying network sizes and activation functions can promote
diversity, leading to better ensemble performance [29].
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1.4 Models

1.4.1 Definition and evolution of LLMs (e.g.,DeepSeek ,GPT,
BERT, Llama)

Large language models:
Large language models are sophisticated deep learning architectures trained on large
amounts of unlabeled and self-supervised data, enabling them to generate human-like
text and respond to complex queries. They predict what word comes next Instead of
predicting one word with certainty, though, what it does is assign a probability to all
possible next words. In contrast to traditional language models, which often rely on
simpler statistical methods and smaller datasets, LLMs leverage extensive training to
understand and produce language that mimics human communication. This distinction
highlights their transformative potential across various fields.

The evolution of Large Language Models (LLMs):
Significant milestones that reflect advancements in artificial intelligence and natural lan-
guage processing have marked the evolution of LLMs. From their onset, LLMs have
transitioned from simple rule-based systems to complex architectures capable of compre-
hending and generating human-like text. This evolution is defined by key developments
in model architecture, training methodologies, and application domains.

• Historical milestones

– Early AI Foundations: The journey began with the Dartmouth Conference in
1956, which laid the groundwork for AI research [16].

– Shift to Deep Learning: The resurgence of AI in the 21st century, particularly
through deep learning, enabled the development of sophisticated models like
BERT and GPT [16, 57].

– GPT-3 Launch: The introduction of GPT-3, with 175 billion parameters, ex-
emplified the capabilities of LLMs in various applications, including healthcare
and customer service [16].

• Architectural advancements

– From RNNs to Transformers: The transition from recurrent neural networks
(RNNs) to transformer models marked a significant leap in processing capa-
bilities.

– These methodologies have allowed LLMs to adapt across diverse natural lan-
guage processing tasks, enhancing their performance and versatility [16, 74].
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• Applications and impact

– Diverse Use Cases: LLMs have transformed sectors such as finance, healthcare,
and education, showcasing their ability to revolutionize traditional tasks [74].

– Ethical Considerations: As LLMs advance, issues like bias and interpretability
have emerged, necessitating ongoing research to address these challenges [69,
57].

• Evolution of LLMs:
The transition from rule-based systems to transformer models marked a significant
milestone in LLM development. Notable models include:

– Llama: Large Language Model Meta AI is Meta’s LLM developed by [70]
represents a major advancement in language models, offering sizes from 7B
to 65B parameters and trained on large-scale public datasets. Later versions,
such as LLaMA-2 and the 405B-parameter LLaMA-3, have improved multi-
lingual, coding, and reasoning abilities, achieving performance on par with
GPT-4. LLaMA models also demonstrate strong results in specialized tasks,
such as medical informatics, showcasing their versatility across domains.

– BERT: stands for Bidirectional Encoder Representations from Transformers
(BERT). Unlike recent language representation models, BERT is designed to
pre-train deep bidirectional representations from unlabeled text by jointly con-
ditioning on both left and right context in all layers. Recent advancements
integrate BERT with CNNs to enhance sentence representation and classifi-
cation, leading to superior accuracy in sentiment analysis [23].

– GPT: Generative Pre-trained Transformers (GPT) models have been marked
by significant advancements in their architecture, capabilities, and applica-
tions. The transition from GPT-2 to GPT-3 and subsequently to ChatGPT
introduced more sophisticated dialog capabilities, allowing for nuanced re-
sponses that better emulate human understanding [46]. Fine-tuned GPT-like
models can predict user evolution and network dynamics, addressing chal-
lenges in recommendation systems [31].

Figure 1.5: OpenAI model logo
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– DeepSeek: The model is fine-tuned with a diverse dataset to improve user
experience in practical applications, achieving competitive performance across
visual-language benchmarks [44]. Focused on advancing theorem proving,
DeepSeek-Prover utilizes large-scale synthetic data to enhance mathematical
reasoning in LLMs. The model demonstrates superior performance in gener-
ating proofs, surpassing GPT-4 and other baseline methods in formal theorem
proving tasks [76].

Figure 1.6: Deepseek model logo

1.4.2 Pre-training and fine-tuning of LLMs

Pre-Training:
Pre-training of LLMs is a critical phase that significantly influences their performance
and capabilities. This process involves training models on vast datasets to learn language
patterns, structures, and knowledge before fine-tuning them for specific tasks. The pre-
training phase is essential for equipping LLMs with a foundational understanding of
language, which can be further refined through fine-tuning.

Key Aspects of Pre-Training:

1. Data collection and Preparation
The scale and quality of pre-training data are crucial for the success of LLMs.
High-quality, diverse datasets enable models to generalize better and perform a
wide range of tasks [36]. Pre-training requires a dataset collected from the variants
resources such as articles, websites, etc. Moreover preprocessing of this obtain data
include:

• Tokenization: This step involves breaking the text into smaller units.

• Standardization: Converts all characters to a consistent format.

• Stop-word Removal: Eliminates common, frequently occurring words that typ-
ically add little value to the analysis, such as articles and prepositions.

• Stemming and Lemmatization: reducing words to their root forms.

2. Model architecture
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• Most LLMs use the transformer architecture, which relies on self-attention
mechanisms to capture relationships between words in a sentence. This is
designed to scale with more parameters, enabling the model to learn more
patterns that are complex.

3. Training Objectives

• Masked Language Modeling (MLM): Used in models like BERT, where ran-
dom tokens in the input are masked, and the model predicts the masked tokens
based on context.

• Causal Language Modeling (CLM): Used in models like GPT, where the
model predicts the next token in a sequence, learning to generate coherent
text.

4. Optimization Techniques

• Gradient Descent: The model is trained using variants of gradient descent,
such as Adam or AdamW, to minimize the loss function.

• Learning Rate Scheduling: Techniques like warm-up and decay are intended
for adjust the learning rate during training for better convergence.

• Batch Size and Parallelism: Large batch sizes and distributed training across
multiple GPUs/TPUs are intended for speed up training.

5. Transfer Learning
After pre-training, the model is fine-tuned on specific tasks or domains, leveraging
the general knowledge learned during pre-training to achieve high performance with
less task-specific data.

Fine-tuning:
Fine-tuning refers to taking a pre-trained model and training at least one model parameter
(the internal weights or biases inside the neural network). Fine-tuning a model involves
adjusting the parameters of a pre-trained model in order to make it better suited for a
given task. There are generally three steps to fine-tuning a model:

1. Select a base model: select a pre-trained deep learning model that has been trained
on a large dataset.

2. Adjust parameters: adjust parameters of the pre-trained model to better suit the
desired task. This may include changing the number of layers adjusting learning
rate, adding regularization, or tweaking the optimizer.
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3. Train the model: train the new model on the desired dataset. The amount of data
and the amount of training required will depend on the task and the model.

Fine-tuning Large Language Models (LLMs) involves several key factors that sig-
nificantly influence their performance. These factors include the choice of fine-tuning
techniques, the nature and amount of data used, and the optimization strategies em-
ployed. Understanding these elements is crucial for enhancing the effectiveness of LLMs
in various applications.

Fine-tuning techniques

• Low-Rank Adaptation: fine-tunes model by adding new trainable parameters, this
method reduces the number of parameters needed for fine-tuning, but it can be sen-
sitive to hyperparameter settings. Techniques like MonteCLoRA improve stability
and accuracy by employing Bayesian reparameterization[65].

• Semantic Knowledge Tuning: This approach utilizes meaningful tokens instead of
random ones, leading to faster training and better performance on specific tasks
[58].

Data considerations

• Supervised Fine-Tuning (SFT): The amount and type of data significantly affect
performance. Research indicates that as few as 60 data points can activate pre-
trained knowledge for question-answering tasks [80].

1. Choose fine-tuning task: this could be text summarization, text classification,
and binary classification.

2. Prepare training dataset.

3. Choose a base model.

4. Fine-tune model via supervised learning.

5. Evaluate model performance.

• Knowledge Retention: Fine-tuning on partially mastered knowledge can enhance
learning while minimizing the risk of forgetting previously acquired information
[43].

Optimization strategies
Linear Chain Transformation: This method introduces multiple linear transformations
during fine-tuning, improving the model’s ability to learn complex representations and
enhancing generalization [74].
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1.4.3 Applications of LLMs in various fields (NLP, computer
vision)

Large Language Models (LLMs) have emerged as powerful tools in both NLP and CV,
showcasing their versatility across various applications. Their ability to process and
generate human-like text, as well as their integration with visual data, opens up numerous
possibilities in these fields.

Applications in natural language processing:

• Text Generation and Translation: LLMs like GPT-3 excel in generating coherent
text and translating languages, leveraging vast datasets to understand context and
nuances [69].

• Question Answering: They can provide accurate answers to complex queries by
synthesizing information from diverse sources [69].

Figure 1.7: How LLMs Assist in Answering User Queries

• Neuroscience Insights: Research indicates that larger LLMs can predict neural ac-
tivity related to language processing, enhancing our understanding of human cog-
nition [30].

Applications in computer vision:

• Vision-Language Models: Large Language and Vision Models combine visual and
textual data, enabling tasks such as image captioning and visual question answering
[85].
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Figure 1.8: A VQA example where the model answers

• Perceptual Judgments: LLMs can correlate perceptual data with language, reveal-
ing insights into how language influences sensory perception [47].

• Cross-Modal Learning: Co-training on vision and language allows models to per-
form tasks that require understanding both modalities, although performance can
vary based on the task complexity [47].

1.5 transformers

1.5.1 Introduction to the transformer architecture

The development of the Transformer architecture in NLP is marked by several key in-
novations that have significantly enhanced its performance and applicability. Central to
this architecture is the Attention Mechanism, which allows for the effective extraction
of relevant context from long sequences, addressing a critical challenge in NLP tasks.
This mechanism is complemented by the use of Multi-Layer Perceptrons (MLPs), al-
though recent studies suggest that the attention mechanism alone may suffice for many
applications, potentially reducing model complexity [13].

• Key characteristics of transformers

– Self-Attention Mechanism: This allows the model to weigh the importance of
different input elements, enabling it to process complex patterns efficiently[35].

– Layer Normalization and Adaptive Optimizers: These features enhance the
training stability and performance of transformers compared to traditional
architectures like MLPs and CNNs [54].
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– Distributed Training: Transformers benefit from parallelism in multi-node and
multi-GPU settings, although communication bottlenecks remain a challenge
[6].

• Application of transformers

– Natural Language Processing: Transformers are foundational to LLMs such as
GPT and BERT, which have set new benchmarks in various NLP tasks [35].

– Molecular Science: Their ability to handle intricate data has made transform-
ers popular in molecular modeling and analysis [35].

– Neuroimaging: Recent studies highlight the effectiveness of transformers in
classification and regression tasks within neuroimaging, showcasing their ver-
satility [86].

1.5.2 Self-attention mechanism and its importance in LLMs

The self-attention mechanism is a pivotal component of large language models (LLMs),
this mechanism allows models to weigh the importance of different words in a sentence
relative to each other, facilitating the capture of complex dependencies and relationships.
The sense of self-attention can be discovered through its impact on memory capacity,
efficiency, and the evolution of LLM architectures.

• Memory capacity

– Self-attention influences the working memory capacity of LLMs, as evidenced
by performance drops in N-back tasks when the number of positions increases[28].

– The attention scores tend to aggregate towards specific positions, indicating
a learned strategy to manage memory limits [28].

• Efficiency

– The self-attention mechanism is a major source of latency in processing long se-
quences. Innovations like Chunk Attention optimize this by sharing key/value
tensors across requests, significantly improving memory utilization and pro-
cessing speed [81].

– Efficient attention mechanisms are crucial for handling long contexts, as tra-
ditional methods face challenges due to their quadratic complexity [48].

• Evolution of LLMs

– The self-attention mechanism has driven the evolution of transformer archi-
tectures, allowing for the modeling of intricate relationships and dependencies
over extended distances, which is essential for modern AI applications [45].
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1.5.3 Applications of transformers in LLMs

Transformers have revolutionized the application of LLMs across various domains, en-
hancing their capabilities in NLP and beyond. Their architecture, particularly the at-
tention mechanism, allows for efficient handling of complex language tasks, long-context
inputs, and In-Context Learning (ICL).

Long-Context Handling

• Transformers are increasingly adapted to manage long-context scenarios, addressing
the quadratic complexity of traditional attention mechanisms [48].

• Innovations in transfer architectures have been developed to enhance long-context
capabilities, enabling LLMs to process extensive text inputs effectively [32].

In-Context Learning

• Transformers exhibit strong ICL abilities, allowing them to perform new tasks using
only prompts without additional fine-tuning [14].

• The multi-concept semantic representation in transformers supports their innova-
tive problem-solving capabilities, enhancing their performance on unseen tasks [14].

Efficiency and Scalability

• The transformer architecture has led to significant advancements in machine trans-
lation, text summarization, and sentiment analysis, outperforming baseline models
[77].

• New architectures, such as Tandem transformers, improve inference speed and ac-
curacy by combining small and large models, demonstrating enhanced performance
in real-time applications [3].

1.6 Conclusion

LLMs have transformed AI-driven applications, particularly in NLP and computer vision,
by leveraging deep learning architectures and self-attention mechanisms. The advance-
ments in pre-training, fine-tuning, and transformer models have significantly enhanced
language understanding and generation. As LLMs continue to evolve, they offer promis-
ing potential for improving AI applications across various domains while raising ethical
and computational challenges that require further research.
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Chapter 2

Networking technologies and
optimization

2.1 Introduction

This chapter provides an in-depth discussion of networking technologies, focusing on 5G
and emerging 6G networks. It covers the key features, challenges, and applications of AI
and machine learning in optimizing network performance. Additionally, security concerns
in next-generation networks are addressed, along with the role of AI and LLMs in anomaly
detection.

2.2 5G networks

2.2.1 Overview of 5G technology

5G technology represents a significant leap in mobile communication, offering transforma-
tive capabilities that extend beyond traditional network improvements. It is characterized
by high-speed connectivity, low latency, and the ability to support a massive number of
devices, which collectively enable a wide range of applications across various sectors. The
integration of advanced technologies such as Network Function Virtualization (NFV),
Software-Defined Networking (SDN), and edge computing further enhances the flexi-
bility and efficiency of 5G networks. These advancements are crucial for supporting
applications like Enhanced Mobile Broadband (EMBB), Ultra-Reliable Low-Latency
Communication (URLLC), Massive Machine-Type Communication (MMTC) [63, 33].

Key Technological Advancements

• NFV and SDN: These technologies enable more flexible and efficient network man-
agement, allowing for dynamic resource allocation and improved network perfor-
mance [63].
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• MIMO and Beamforming: Multiple Input Multiple Output (MIMO) and beam-
forming technologies enhance signal quality and network capacity, crucial for sup-
porting high data rates and connectivity [67].

• Millimeter Wave Spectrum and Small Cells: Utilization of higher frequency bands
and deployment of small cells increase network capacity and coverage, essential for
urban environments [67, 60].

Applications and Use Cases

• Smart Cities and IoT: 5G facilitates the development of smart cities and the Internet
of Things (IoT) by providing the necessary infrastructure for real-time data ex-
change and device connectivity [62, 60].

Figure 2.1: Smart city ecosystem diagram showing 5G-connected devices (sensors, cam-
eras, vehicles).

• Healthcare and Remote Surgery: The low latency and high reliability of 5G net-
works enable applications such as remote surgery and telemedicine, improving
healthcare accessibility and outcomes [60].
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Figure 2.2: Robot-assisted remote radical distal gastrectomy with 5G technology

• Industry 4.0 and Automation: 5G supports industrial automation and smart man-
ufacturing, driving efficiency and innovation in production processes [62].

Figure 2.3: Industrial IoT (IIoT) Ecosystem Powered by 5G and Edge Computing

2.2.2 Key features and challenges

5G technology introduces a transformative era in communication, offering high-speed
connectivity, low latency, and support for massive machine-type communications. These
features enable a wide array of applications across various domains, including IoT, smart
cities, and industrial automation. However, the deployment and integration of 5G net-
works present several challenges that need to be resolved to fully realize it is potential.

Key Features of 5G
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• High-Speed Connectivity: 5G offers unprecedented throughput, which is crucial for
applications requiring high-speed data transmission, such as IoT and real-time data
processing in smart cities (traffic cameras, environmental sensors) [68, 71].

3G 4G 5G
Deployment 2004-05 2006-10 2020
Bandwidth 2 mb per second 200 mb per second >1 gb per second
Latency 100-500 milliseconds 20-30 milliseconds <10 milliseconds
Average speed 144 kb per second 25 mb per second 200-400 mb per second

Table 2.1: Comparing 5G Network Performance to Earlier Wireless Generations

• Low Latency: The ultra-low latency of 5G networks supports real-time applications,
enhancing fields like healthcare (surgeons control robots in real time), autonomous
vehicles (V2X communication for collision avoidance), and industrial automation
(precise synchronisation in factories)[56].

• Massive Connectivity: 5G can support a vast number of simultaneous connec-
tions, making it ideal for IoT environments (predictive maintenance, asset track-
ing) and smart city applications such as smart agriculture (soil sensors, drone
monitoring).[71].

Figure 2.4: Smart Agriculture Ecosystem: AI-Driven Crop Monitoring and Precision
Farming

• Network Slicing: This feature allows for the creation of multiple virtual networks
within a single physical 5G network, optimizing resource allocation for different
applications [20].
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Figure 2.5: 5G Network Slicing

Challenges of 5G

• Security Vulnerabilities: Despite enhanced security features, 5G networks face
threats such as DDoS attacks, man-in-the-middle (MITM) exploits, and side-channel
attacks, necessitating robust security measures [68, 20].

• Infrastructure Requirements: The deployment of 5G requires significant infras-
tructure changes, including the availability of high-frequency spectrum and high
deployment costs [62].

• Interoperability Issues: Integrating 5G with existing networks and IoT devices
presents interoperability challenges, requiring standardized protocols for seamless
operation [56].

• Network Management: Managing network congestion and resource allocation be-
comes increasingly complex with the growing number of connected devices [56].

2.3 6G networks: the future of wireless communication

2.3.1 Introduction to 6G and its expected advancements over
5G

The transition from 5G to 6G represents a significant leap in wireless communication
technology, promising enhancements in speed, latency, and connectivity. 6G aims to
address the limitations of 5G by integrating advanced technologies such as Artificial
Intelligence (AI), IoT, and edge computing to create a more intelligent and efficient
network ecosystem. This evolution is expected to support new applications like immersive
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mixed-reality experiences, holographic communications, and smart city infrastructures.
However, the shift to 6G also introduces challenges, particularly in terms of security and
privacy, due to the increased integration of IoT devices and AI-driven analytics. Below
are the key advancements expected in 6G over 5G:

Enhanced Network Capabilities

• Faster Data Rates and Lower Latency: 6G is anticipated to offer significantly higher
data rates and near-zero latency, enabling seamless connectivity and real-time ap-
plications [78, 40].

• Higher Capacity: The network will support a larger number of connected devices,
facilitating the growth of IoT and smart city applications [78, 22].

Integration of Advanced Technologies

• Artificial Intelligence: AI will play a crucial role in managing networks, predicting
maintenance needs, and optimizing resource allocation, leading to more intelligent
and responsive network operations [84, 40].

• Edge Computing: Mobile edge computing will provide computing, storage, and
networking resources closer to end-users, ensuring efficient operations for latency-
sensitive applications [5].

New Applications and Use Cases

• Immersive Experiences: 6G will enable new applications such as virtual and aug-
mented reality, holographic communications, and smart healthcare, enhancing user
experiences and service quality [22].

• Industry 5.0: The integration of 6G with Industry 5.0 will drive advancements in
smart farming, drones, and smart grids, leveraging high data rates and low latency
for improved industrial automation [22].

2.3.2 Vision and requirements for 6G

The vision for 6G networks is characterized by a transformative leap in mobile commu-
nication, driven by the need for extreme connectivity, inclusivity, and flexibility. This
vision is underpinned by emerging use cases and key value indicators that demand a
comprehensive end-to-end architecture. The 6G vision also emphasizes the integration
of digital twins and ubiquitous intelligence, which are expected to revolutionize vari-
ous sectors through scenarios like intelligence-shared living and intelligence-empowered
production. These advancements necessitate a robust set of requirements to ensure the
successful deployment and operation of 6G networks.
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Figure 2.6: 6G Vision: How AI, Blockchain and IoT Create Intelligent, Secure Networks

• Key Requirements for 6G

– Extreme Connectivity and Flexibility: 6G networks must support a wide range
of applications, including holographic telepresence and immersive communi-
cation, which require high performance, reliability, and ubiquity across the
edge-cloud continuum [39, 19].

– Security and Trustworthiness: With the increase in security threats and com-
plex use cases, 6G architecture must enhance trustworthiness and security
measures compared to previous generations[39].

– Sustainability: Sustainability is a critical design consideration, ensuring that
6G networks are environmentally friendly and resource-efficient [39].

– AI/ML Integration: AI and machine learning are pivotal for optimizing net-
work performance and enabling automation, particularly through Distributed
Artificial Intelligence (DAI) [19].

– Spectrum Management: The exploration of new spectrum and refarming of
underutilized spectrum are essential to accommodate the expansive range of
6G applications[50].

• Vision for 6G

– Intelligence-Driven Scenarios: 6G envisions scenarios such as intelligence-
shared living and intelligence-enlightened societies, facilitated by digital twins
and ubiquitous intelligence [83].
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– Innovative Applications: Promising applications include AI, sensing, autonomous
vehicles, urban air mobility, extended reality, and digital twins, which are ex-
pected to redefine customer experiences[50].

2.4 Security and anomaly detection

2.4.1 Importance of security in 5G/6G networks

Security in 5G and 6G networks is of paramount importance due to the critical role
these networks play in modern communication infrastructures. As these networks evolve,
they introduce new services and technologies that, while beneficial increase the potential
attack surface for cyber threats. The transition from hardware-based to software-based
systems in 5G, and the anticipated advancements in 6G, necessitate robust security mea-
sures to protect against increasingly sophisticated cyberattacks. This is especially crucial
as these networks underpin essential services and critical infrastructures globally. The
following sections delve into the key aspects of security in 5G and 6G networks.

Cybersecurity Challenges and Solutions
The shift to software-based Virtualized Network Functions (VNFs) in 5G increases cyber-
security risks, necessitating enhanced security protocols like Post-Quantum Cryptography
(PQC) to protect against quantum attacks [64].
The DMRN Protocol in 6G aims to provide Perfect Forward Secrecy and PQC, addressing
vulnerabilities in mutual authentication and key exchange, which are critical for secure
communications [82].

Security Tools and Protocols
MECHATRON, a security tool enabled by Multiaccess Edge Computing (MEC), of-
fers comprehensive security for network assets and services, emphasizing continuous
monitoring[12].
Blockchain-based security management in 6G networks, combined with machine learning
techniques, enhances network optimization and security, achieving high throughput and
energy efficiency [18].

Regulatory and Collaborative Efforts
The SAND5G project highlights the importance of operational collaboration among stake-
holders and alignment with European cybersecurity policies to secure 5G and future 6G
networks [9].
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2.4.2 Role of AI and LLMs in anomaly detection

AI and LLMs play a significant role in anomaly detection across various domains, lever-
aging their capabilities in understanding complex data patterns and enhancing detection
methodologies. These models are particularly useful in environments where traditional
methods struggle due to data constraints or the need for domain-specific expertise. The
integration of LLMs into anomaly detection frameworks offers promising advancements
in scalability, adaptability, and accuracy. Below are key aspects of their role in anomaly
detection:

• Automation and Scalability: LLMs can automate the extraction of physical in-
variants from Cyber-Physical Systems (CPS) documentation, reducing the need
for manual, domain-specific expertise. This approach enhances scalability and
cost-effectiveness in anomaly detection by integrating these invariants into training
datasets, thereby improving model reliability and precision [2].

Figure 2.7: LLM automates invariant extraction from CPS documents to enhance
anomaly detection models.

• Transferability and Multimodal Capabilities: In complex industrial environments,
LLMs enhance the transferability of anomaly detection models. They enable the
conversion of anomaly detection into a ”language” task, allowing for context-aware
detection in data-sparse applications. This adaptability is crucial for addressing
concept drift in dynamic settings such as LLM analyzing audio + text logs from a
CNC machine to detect tool wear. [61].
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Figure 2.8: Multimodal LLMs

• Time Series and Tabular Data: LLMs, through prompt strategies like in-context
learning, can detect anomalies in time series data, showing competitive results with
baseline methods. Fine-tuning on synthesized datasets further improves their per-
formance in these tasks [24]. Additionally, LLMs serve as zero-shot batch-level
anomaly detectors for tabular data, identifying outliers without specific model fit-
ting [42].

• Financial Data Encoding: In financial anomaly detection, LLM embeddings en-
hance the analysis of non-semantic categorical data, improving the performance
of machine learning models in identifying irregular journal entries. This approach
addresses feature sparsity and complexity in financial records [8].

2.5 Network optimization

2.5.1 Overview of network optimization techniques

Network optimization techniques are crucial for enhancing the performance, efficiency,
and reliability of various network systems. These techniques are applied across different
domains, including deep learning models, network-on-chip architectures, wireless body
area networks, and general network settings. Each domain employs specific strategies
tailored to its unique challenges and requirements. Below is an overview of key network
optimization techniques derived from the provided papers.

• Deep Learning Model Optimization

– Pruning and Quantization: These techniques reduce the size and complex-
ity of deep neural networks by removing redundant parameters and reducing
precision, respectively, without significantly affecting performance[21].

– Model Distillation: This involves training a smaller model to mimic a larger
model, thereby achieving similar performance with reduced computational re-
sources [21].
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– Layer Fusion and Parallelization: These methods enhance computational effi-
ciency by combining layers and executing operations concurrently [21].

• Network-on-Chip (NoC) Optimization

– Fault-Tolerant Routing Algorithms: These algorithms improve the resilience
of NoC systems by ensuring reliable data transmission even in the presence of
faults [38].

– Dynamic Voltage Scaling: This technique adjusts the voltage and frequency
of NoC components to optimize energy efficiency[38].

– Wireless NoC Congestion Control: Strategies are employed to manage data
traffic and reduce congestion, thereby improving network latency and through-
put [38].

• Wireless Body Area Network (WBAN) Optimization

– Energy Efficiency and Network Lifetime: Techniques focus on minimizing
power consumption and extending the operational life of the network [27].

– Routing Protocol Optimization: Various methods are used to enhance data
transmission reliability and scalability in WBANs [27].

• General Network Optimization Techniques

– Convex Optimization: A mathematical approach used to find the optimal
solution for network resource allocation problems [11].

– Drift and Mean-Field Methods: These are used to analyze and optimize net-
work performance by modeling and predicting network behavior [11].

2.5.2 Role of AI and machine learning in optimizing network
performance

AI and machine learning play a crucial role in optimizing network performance by enhanc-
ing traffic management, reducing latency, and improving fault detection across various
network types. These technologies leverage advanced algorithms to analyze real-time
data, predict network conditions, and dynamically adjust configurations to maintain op-
timal performance. The integration of AI and ML in network management is transforming
traditional approaches, leading to more resilient and efficient networks.

• AI-Driven Network Traffic Optimization

– AI-driven approaches in enterprise WANs utilize knowledge graphs and rein-
forcement learning to optimize traffic routing and detect faults proactively.
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This method ensures low latency and high availability for critical applications
by dynamically adjusting routes based on real-time telemetry and historical
patterns [51].

– In cloud networking, AI-based optimization techniques significantly reduce
latency and bandwidth variation in LTE networks. Deep learning models
predict network quality and enable real-time configuration changes, achieving
up to 40% improvement in latency reduction [1].

• Enhancements in Data Center Networks (DCN)
Optical data center networks face challenges due to the high traffic demands of
AI/ML applications. An optical intra-rack DCN architecture with Wavelength
Division Multiplexing Access (WDMA) efficiently handles diverse traffic classes,
achieving high bandwidth utilization and low latency, thus optimizing performance
for AI/ML traffic [10].

• Digital Twin Networks (DTNs) and IoT

– DTNs employ AI tools like ML, DL, and RL to enhance network performance,
optimize latency, and improve energy efficiency. These virtual representations
of physical networks provide refined recommendations for real-world challenges
[66].

– In IoT networks, AI/ML algorithms enhance real-time decision-making, energy
efficiency, and data management, contributing to the overall performance and
security of IoT applications [49].

2.6 Conclusion

The integration of AI and machine learning in networking has led to significant improve-
ments in network performance, security, and optimization. While 5G has enabled faster
and more reliable communication, the anticipated advancements of 6G promise even
greater connectivity and intelligence. However, challenges such as security threats and
infrastructure costs must be addressed to fully realize the potential of future networks.
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Chapter 3

Application of LLMs in 3GPP
Specifications

3.1 Introduction

The chapter investigates the implementation of Large Language Models (LLMs) to en-
hance network management and optimization and security within 3GPP standards for the
telecom sector. The chapter examines major company deployments by Cisco, Microsoft,
and Huawei while summarizing recent research on telecom-specific datasets and models
and demonstrating hands-on experiments to evaluate LLMs for 5G protocol tasks.

3.2 Practical Deployments of LLMs in Network Management
and Optimization

3.2.1 Cisco: AI Assistants and LLMs for Network Optimization

Cisco integrates AI assistants and generative AI, including LLMs, across its portfolio
to enhance network management, automation, and security. The company focuses on
Intent-Based Networking (IBN), predictive analytics, leveraging its AI-powered Cisco
AI Assistant and frameworks like Retrieval-Augmented Generation (RAG).

• Cisco AI Assistant: This tool uses generative AI to simplify network operations,
assist with policy management, and provide actionable insights. For example, the
Cisco AI Assistant for Security streamlines complex policy settings and supports
IT decision-making.

• Network Automation with RAG: Cisco employs RAG to integrate structured net-
work data (e.g., JSON) with LLMs, reducing hallucination risks and grounding
responses in real-time network telemetry.cisco.com

32

https://blogs.cisco.com/developer/using-the-power-of-artificial-intelligence-to-augment-network-automation
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• IBN: Cisco DNA Assurance uses AI/ML, including NLP and machine reasoning, to
translate human intent into network policies, optimize performance. LLMs assist
in processing natural language inputs for policy creation and analyzing network
behavior for self-optimization.cisco.com

• Webex Contact Center: Cisco’s WxAI team integrates LLMs with Amazon Sage-
Maker Inference to optimize contact center operations. LLMs analyze call tran-
scripts, perform sentiment analysis, and power intelligent virtual assistants, im-
proving agent productivity and customer experience. aws.amazon.com

3.2.2 Microsoft: AI Assistants and LLMs for Network Opti-
mization

Microsoft leverages its Azure AI platform and Copilot AI assistants, powered by LLMs,
to optimize cloud and enterprise networks. The focus is on predictive maintenance,
traffic management, and security, integrating LLMs with Azure’s network telemetry and
analytics.

• Azure Network Analytics: Microsoft uses LLMs within Azure Monitor and Azure
Network Insights to analyze network telemetry, predict congestion, and optimize
routing. azure.microsoft.com

• Security Optimization: Microsoft Sentinel, a cloud-native SIEM, uses LLMs to
analyze network security logs, detect threats, and automate incident response.
azure.microsoft.com

• Project Vegea: While primarily focused on datacenter efficiency, Microsoft’s Project
Vegea employs LLMs to optimize network resource allocation, reducing latency
and energy consumption in Azure datacenters. This indirectly improves network
performance for customers.

3.2.3 Huawei: AI Assistants and LLMs for Network Optimiza-
tion

Huawei pioneers AI-driven network optimization through its Autonomous Driving Network
(ADN) initiative and Pangu LLMs. The company integrates AI assistants like the RAN
Intelligent Agent and Telecom Foundation Model to achieve self-optimizing, zero-touch
networks.

• Digital Twins with LLMs: Huawei combines LLMs with digital twins to simu-
late network behavior, validate configurations, and optimize operations. This en-
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sures zero-wait, zero-interruption networks for telecom and enterprise use cases.
huawei.com

• Pangu Models: Huawei’s Pangu LLMs, ranging from 1 billion to 100 billion param-
eters, are tailored for telecom tasks like parameter prediction and fault diagnosis.
These models are deployed in ADN for Enterprises to guarantee zero service delays
and network disruptions. huawei.com

3.3 Fine-Tuning Techniques for LLMs in Telecom Context

This section examines the application of fine-tuning large language models to 3GPP-
related tasks. The following three main initiatives are discussed:

• GOOD-SPEC5G: A 5G Protocol Dataset for LLM Benchmarking

– Objective: SPEC5G is a dataset for the analysis of natural language specifi-
cation of 5G Cellular network protocol specification. The authors in [37] have
used this dataset for security-related text classification and summarization.
Security-related text classification can be used to extract relevant security-
related properties for protocol testing. On the other hand, summarization can
help developers and practitioners understand the high level of the protocol,
which is itself a daunting task.

– Model/LLM was used: The pretrained models uses in this article are:
BERT5G, RoBERTa5G, XLNET5G.

– Dataset: The dataset introduced is called Good-SPEC5G which includes:

∗ Our original 134M Word training corpus.
∗ 5GSum - Summarization Dataset.
∗ 5GSC - Classification Dataset.
∗ 5GSC Annotator Reasoning - Annotator Explanation for Subset of 5GSC.

• Fine-Tune Your Own Llama 2 Model in a Colab Notebook
This article Fine-Tune Your Own Llama 2 Model discusses how to fine-tune a
Llama 2 7b model using a Colab notebook, including necessary background on
LLM training and fine-tuning, and custom parameters.

– It provides a step-by-step guide on fine-tuning a Llama 2 7b model using a
Colab notebook.

– The article concludes by emphasizing the importance of high-quality datasets
for fine-tuned models and their integration into LangChain and other archi-
tectures.
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3.4 Retrieval-Augmented Generation (RAG) for Technical QA

The section presents RAG-based architectures that have been specifically tuned for 3GPP
comprehension:

• TSpec-LLM: Processing and Generating 3GPP Specifications

– Objective: In this paper[52], Nikbakht introduces TSpec-LLM, an open-
source dataset covering all 3GPP releases (1999-2023), maintaining all origi-
nal tables and formulas to preserve technical fidelity. Hence this dataset was
designed to facilitate the training and fine-tuning of LLMs to provide engi-
neers and researchers with an assistant model capable of comprehending and
organizing 3GPP technical documents.
To evaluate its efficacy, the authors first select a representative sample of
3GPP documents,create corresponding technical questions, and assess the
baseline performance of various LLMs. We then incorporate a retrieval aug-
mented generation (RAG) framework to enhance LLM capabilities by retriev-
ing relevant context from the TSpec-LLM dataset.

Figure 3.1: RAG-Based Workflow for Enhancing LLM Understanding of 3GPP Docu-
ments Using TSpec-LLM.

– Model/LLM was used: GPT-3.5 ,GPT-4 and Gemini Pro 1.0 the re-
searchers fine-tuned them with their proposed TSpec dataset to evaluate im-
provements in handling techenical spec tasks.

– Dataset: the TSpec-LLM dataset, publicly available via Hugging Face at
TSpec-LLM on Hugging Face, is structured into samples consisting of:
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∗ instruction: a prompt or question based on technical documentation.
∗ input: optional context or supporting content.
∗ output: the expected model response or answer.

• Leveraging Fine-Tuned RAG with Long-Context Support for 3GPP Stan-
dards

– Objective: Fine-tuned retrieval-augmented generation RAG system based on
the Phi-2 small language model (SLM) to serve as an oracle for communication
networks using TeleQnA dataset.[25]

– Model used: In this work they used a SLM Phi-2.

– Dataset: TeleQnA dataset was introduced as a domain-specific benchmark
focused on question ansewering over 3GPP and telecom-related documents
available via GitHub at TeleQnA on GitHub.

Figure 3.2: Overview of proposed RAG architecture with semantic chunking, extended
context support, and fine-tuned Phi-2 SLM integration for 3GPP document processing.

• Efficiency of LLMs for Understanding 3GPP Specifications Using RAG,
Fine Tuning, and RAGAS

– Objective: evaluate the performance of both small and large language models
(LLMs) in answering telecommunications-related questions [7]. The study
aimed to:

∗ Compare the performance of different LLMs using a domain-specific dataset
(TeleQnA).

∗ Implement and test a Retrieval-Augmented Generation (RAG) system
using 3GPP technical documents (TSpec-LLM) to enhance context and
accuracy.
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∗ Assess the impact of fine-tuning a smaller model to see if domain adap-
tation significantly improves performance

– Model used:Three models were evaluated:

∗ GPT-4o-mini from OpenAI.
∗ LLaMA 3.2 3B from Meta, tested in two configurations:

· Base (pretrained only).
· Fine-tuned version (referred to as LLaMA 3.2 3B LoRA), trained

using the TeleQnA dataset.

– Dataset:Two datasets were used:

∗ TeleQnA: A curated set of 10,000 telecommunications-related QnA items
(multiple choice), with 733 focused on 3GPP Release 17. 100 questions
were used for evaluation.

∗ TSpec-LLM: A comprehensive corpus of over 30,000 3GPP technical doc-
uments (1999–2023), used for retrieval in the RAG setup. Documents
were split into 780,000 chunks for embedding and indexing.

3.5 Comparison of experimental results and analysis

A comparative summary of the results obtained across four state-of-the-art studies that
explored the application of Large Language Models (LLMs) to the understanding and
processing of 3GPP standard documents. The analysis covers different model architec-
tures while performing question answering (QA), summarization, and classification tasks
using the used including SPEC5G, TSpec-LLM as well as TeleQnA datasets.

The evaluation metrics consist of Accuracy and F1 Score alongside ROUGE-L for
summarization and RAGAS metrics which include Factual Correctness and Semantic
Similarity. The models compared span small fine-tuned LLMs (e.g., Phi-2, LLaMA 3.2B
with LoRA) and general-purpose models like GPT-4o-mini ,also the finetuned models
XLNet5G, BERT5G and RoBERTa5G.

Below a table that includes the results of each related works:
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- Also a table that includes a notes about each related works:

Study / Related works Notes
Leveraging Fine-Tuned
RAG

- They improve RAG setup with techniques like semantic
chunking (splitting text meaningfully), SelfExtend (to han-
dle longer texts).
- fine-tuned small language model (SLM) called Phi-2 which
outperforms GPT-4 qualitatively in telecom-specific QA
tasks.
- The work shows that a small, fine-tuned model can rival
large LLMs like GPT-4 in a specialized domain such as tele-
com.

Efficiency of LLMs for Un-
derstanding 3GPP Specifi-
cations

- evaluates how well small and large language models (like
GPT-4o-mini and LLaMA 3B) can answer telecom-specific
questions using the TeleQnA and TSpec-LLM datasets,
leveraging fine-tuning and (RAG).
- Small models, when fine-tuned and supported by RAG,
can perform as well or better than larger models for domain-
specific tasks.
- RAG LLaMA 3.2B LoRA: strong fine-tuned small model
performance which provides best accuracy among all tested
models.

SPEC5G:A dataset for 5G
Cellular Network Protocol
Analysis

- First open-source dataset for 5G protocol includes anno-
tated data for classification and summarization.
- SPEC5G aims to make 5G protocol analysis easier using
LLMs.
- Highest summarization performance.
- SPEC5G proves powerful for 5G-specific tasks:
BERT5G: best F1 score among all classification models,
XLNet5G: best recall (0,6829),
GPT-2: best accuracy but poor F1 due to imbalance.

TSpec-LLM:Open-source
dataset for LLM un-
derstanding of 3GPP
specifications

- It aims to enhance LLM understanding of telecom stan-
dards by using TSpec-LLM ,that is includes tables and for-
mulas which are important for understanding telecom stan-
dards.
- Test how well popular language models like GPT-3.5,
GPT-4, and Gemini perform on telecom questions with and
without help from this dataset.
- TSpec-LLM proves to be a powerful resource for improv-
ing LLM performance in the telecom field, when used with
a simple RAG setup.

Table 3.2: Notes of Related Work on LLMs for 3GPP Specifications.
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3.6 Conclusion

The chapter demonstrates how LLMs optimize telecom networks through actual imple-
mentations and testing. The combination of specific datasets with optimized models
enhances LLM performance for 3GPP-related tasks yet the high resource requirements
continue to be a challenge. The research demonstrates that LLMs have significant po-
tential to automate and improve telecom operations but additional work is required to
enhance efficiency and expand datasets.
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Chapter 4

Implementation and results analysis

4.1 Introduction

The chapter demonstrates how to apply Large Language Models (LLMs) for understand-
ing 3GPP specifications in practical terms. The chapter presents chatbot systems devel-
oped from Naive-RAG and Graph-RAG architectures through LangChain and Hugging
Face tools. The evaluation assesses the ability of these models to handle telecom-related
queries. The chapter describes the datasets together with architectures and tools and
testing methods which evaluate their performance in actual telecom applications.

4.2 Datasets overview

The open-source dataset TSpec-LLM exists to help language models understand technical
telecommunications documents that stem from the 3rd Generation Partnership Project
(3GPP). The dataset contains all 3GPP specification documents spanning from Release
8 to Release 19 (1999–2023) with their original content including tables and formulas
which are crucial for technical understanding.

The dataset contains more than 30,000 documents with approximately 535 million
words which enables Large Language Models (LLMs) to process complex telecommuni-
cations information effectively for standard specification interpretation.
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Figure 4.1: Total Markdown File Volume Across 3GPP Releases

The TSpec-LLM serves as a fundamental research instrument for AI telecommuni-
cations applications because it enables LLMs to function as assistants for reading and
analyzing industry technical standards.

The TSpec-LLM dataset will be used to assist in information retrieval within the
Retrieval-Augmented Generation (RAG) framework. In this context, the dataset will
serve as the database of 3GPP technical documents, enabling the retrieval system to
locate and provide relevant excerpts from these documents to complement the responses
generated by LLMs.

4.3 Model

Two different versions of Llama model was used to create both Naive-RAG and Graph-
RAG:

• In the case of Naive-RAG: Three different models were tested for comparison
using the TeleQnA dataset:
the GPT-4o-mini model from OpenAI, the Llama 3.2 model with 3 billion parame-
ters from Meta, utilized through the Unsloth library, and the same Llama 3.2 model
with 3 billion parameters but fine-tuned and trained using the TeleQnA dataset.

• In the case of Graph-RAG: the Llama-2-7b-chat-hf model comes in a range
of parameter sizes — 7B, 13B, and 70B — as well as pretrained and fine-tuned
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variations.IT is optimized for dialogue use cases. Llama-2-Chat models outperform
closed-source chat models like ChatGPT and PaLM.

4.4 Results and performance evaluation

To validate the performance and applicability of the implemented systems, we conducted
three categories of experiments mirroring real-world telecom LLM applications text clas-
sification (SPEC5G’s), fine-tune a Llama 2 7b with Good-SPEC5G dataset as well as
Retrieval-Augmented Generation for TeleQnA.

Model/Dataset Task Precision Recall F1
Score

Accuracy Notes

XLNet5G
(GOOD-SPEC5G)

5G Security
Classification

0.5925 0.5494 0.5644 61.50% Effective but slightly
lower performance.

BERT5G
(GOOD-SPEC5G)

5G Security
Classification

0.5927 0.5756 0.5828 62.88% Moderate improvement
over XLNet5G.

RoBERTa5G
(GOOD-SPEC5G)

5G Security
Classification

0.6164 0.6028 0.6078 64.82% Best-performing among
tested models.

LLaMA 2 7B
(Fine-Tuned)

General 5G Text
Tasks

- - - - Training limited by
hardware constraints.

RAG (TeleQnA) QA on 3GPP
Documents

- - - - Delivered high-quality
answers via chunking.

Table 4.1: Results of Fine-Tuning and RAG Approaches

Furthermore, to evaluate the performance of Llama 3.2 model from Meta with 3 bil-
lion parameters but fine-tuned and trained using the TeleQnA dataset and GPT-4o-mini
model from OpenAI in answering questions related to telecommunications, leveraging
two main datasets: TeleQnA and TSpec-LLM.
A Retrieval-Augmented Generation (RAG) system was implemented to enhance response
accuracy by incorporating relevant context from TSpec-LLM into the TeleQnA queries.the
obtained results:
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Figure 4.2: Average Accuracy Across Fine-Tuned LLaMA 3.2 LoRA Models and GPT-
4o-mini on 200-Question Evaluation Sets

• RAG offers significant performance gains over both base models and fine-tuned
models without retrieval augmentation.

• Even fine-tuned models alone (LoRA) do not match the performance of RAG-based
approaches.

• The combination of semantic retrieval (RAG) and powerful language modeling en-
ables more accurate answers by grounding outputs in relevant source material.

4.5 Application

4.5.1 Classification of Chatbots:

Chatbots could be classified into various categories based on several criteria e.g. mode
of interaction, knowledge domain, their usage and the design techniques (response gen-
eration method) that are typically employed in building these chatbots.
Also the need of stored and considered in understanding the conversation or the type and
purpose of the conversation for which the chatbot needs to be designed.
Open domain chatbots can talk about general topics and respond appropriately, while
closed domain chatbots are focused on a particular knowledge domain such as TSpec-LLM
datastes and might fail to respond to other questions.
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Classification Interact Mode Knowledge Domain Goals Design Approach

Criteria Text- Voice- Open Closed Task- Non-Task Rule- Retrieval Generative
Based Based Domain Domain Oriented -Oriented Based -Based -Based

3GPP Spec ✓ ✓ ✓ ✓
Chatbot

Table 4.2: Classification of 3GPP specifications Chatbot.

4.5.2 Chatbot Creation Using Naive-RAG

• Designing the User Interface (UI):

– This is the main interface of the TSpec Chatbot where users can input their
queries. The interface includes:
- A query input field for entering questions related to 3GPP specifications.
- A slider to adjust the number of results to retrieve (from 1 to 10).
- A search button to submit the query.
- On the left sidebar: A ”Clear Chat History” button to reset the chat ses-
sion.An About section that explains the chatbot’s technical architecture.

Figure 4.3: TSpec Chatbot Home Interface

– This image shows the response output after submitting a query (in this case,
about the reception of a transparent L3 message in unacknowledged mode).
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Figure 4.4: TSpec Chatbot Response Interface

– The query field filled with a previously used query, now with the number of
results increased to 5.
The chat history helps users track and review past searches without needing
to retype them, supporting iterative learning and exploration.

Figure 4.5: Query Refinement and Chat History

4.5.3 Chatbot Creation Using Graph-RAG

A chatbot system based on Graph-RAG (Graph-based Retrieval-Augmented Generation)
technology was created to improve user interaction with technical documents. It lever-
ages a structured knowledge graph to retrieve and reason over complex domain-specific
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content, such as 3GPP standards. The chatbot system involves both backend processing
(graph construction and traversal) and frontend interaction (answer generation and de-
livery).

• Implementation Details:

– Building the model: loading a quantized LLaMA model via Hugging Face, set-
ting up the tokenizer and pipeline, and wrapping it for inference. Additionally,
it includes NLTK setup for tokenization and word semantics.

Figure 4.6: Model Pipeline Initialization Code

– Core Components of the Graph-RAG Framework

∗ DocumentProcessor: Handles the initial processing of input documents,
creating text chunks and embeddings.

∗ KnowledgeGraph: Constructs a graph representation of the processed
documents, where nodes represent text chunks and edges represent rela-
tionships between them.

∗ QueryEngine: Manages the process of answering user queries by leverag-
ing the knowledge graph and vector store.
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∗ Visualizer: Creates a visual representation of the graph and the traversal
path taken to answer a query.

Figure 4.7: Semantic Document Representation via Vector Stores and Knowledge Graphs

• Visualization of traversal graph

This figure illustrates the graph traversal process used by the Graph-RAG system
to extract relevant context for answering the query. Also transparency into the
decision-making path taken by the model.
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Figure 4.8: Graph Traversal Flow

• Generating final answer of query

Figure 4.9: Graph-RAG Query Example for 3GPP Specification Retrieval
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Figure 4.10: Final Answer Generated by the Graph-RAG Chatbot

which is provide

– A natural-language explanation synthesized from technical specifications.

– Standards-compliant reasoning (from 3GPP) for user queries.

– An interpretable and context-relevant final answer.

4.6 Development tools and libraries

This project incorporates multiple tools, frameworks and libraries. Below is a concise
overview of each.

• Used libraries:

– Pytorch: Is a machine learning library based on the Torch library, used for
applications such as computer vision and natural language processing. It is
one of the most popular deep learning frameworks, alongside others such as
TensorFlow offering free and open-source software.

Figure 4.11: Pytorch logo

– Pickle: Python pickle module is used for serializing and de-serializing a
Python object structure. Any object in Python can be pickled (Pickling is
a way to convert a Python object (list, dictionary, etc.) into a character
stream) so that it can be saved on disk. Understanding Python Pickling
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4.6. DEVELOPMENT TOOLS AND LIBRARIES

– LangChain: is a framework for developing applications powered by large
language models (LLMs).It implements a standard interface for large language
models and related technologies, such as embedding models and vector stores,
and integrates with hundreds of providers. langchain.com

Figure 4.12: LangChain logo

– Transformers: Is a library of pretrained natural language processing, com-
puter vision, audio, and multimodal models for inference and training. Use
Transformers to train models on your data, build inference applications, and
generate text with large language models. huggingface/transformers

Figure 4.13: Transformers (Hugging Face) logo

– Faiss: Is a library for efficient similarity search and clustering of dense vectors.
It contains algorithms that search in sets of vectors of any size.
So, given a set of vectors, we can index them using Faiss then using another
vector (the query vector), we search for the most similar vectors within the
index.

– NumPy: Is a library for the Python programming language, adding support
for large, multi-dimensional arrays and matrices, along with a large collection
of high-level mathematical functions to operate on these arrays.

Figure 4.14: NumPy logo

– Streamlit: Is an open-source app framework that allows you to create inter-
active web apps for machine learning and data science.
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Figure 4.15: Streamlit logo

– Unsloth: Is a Python framework designed for fast fine-tuning and accessing
large language models. It offers a simple API and performance that is 2x
faster compared to Transformers.

Figure 4.16: Unsloth logo

– NetworkX: Is a Python library for the creation, manipulation, and study
of the structure, dynamics, and functions of complex networks. It is used to
study large complex networks represented in form of graphs with nodes and
edges.

Figure 4.17: NetworkX logo

– Matplotlib: Is a comprehensive library for creating static, animated, and
interactive visualizations in Python.

• Working environment:

– Kaggle: Is a data science competition platform and online community for
data scientists and machine learning practitioners under Google LLC.
Where users can discover datasets for building AI models, share their own
datasets and participate in competitions aimed at solving data science chal-
lenges and Served as the development environment for executing the code and
conducting experiments.
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Figure 4.18: Kaggle logo

– Google Colab: Or colaboratory is a product from Google Research. Co-
lab allows anybody to write and execute arbitrary python code through the
browser, and is especially well suited to machine learning, data analysis and
education.
Google Colab’s major differentiator from Jupyter Notebook is that it is cloud-
based and Jupyter is not. This means that if you work in Google Colab,
you do not have to worry about downloading and installing anything to your
hardware.

Figure 4.19: Colab logo

4.7 Conclusion

The research showed that LLMs can be used in real telecom applications to understand
complex 3GPP documents. The results of Naive-RAG and Graph-RAG comparison
showed that better document structuring leads to more accurate and useful results. The
work confirmed that LLMs—when fine-tuned and well-integrated—can serve as practical,
intelligent tools in network automation and technical support.
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General Conclusion

In this thesis, we have investigated the potential and practical implementation of Large
Language Models in enhancing network optimization, particularly in the context of 3GPP
(3rd Generation Partnership Project) standards. From foundational neural architectures
to fine-tuning techniques, we demonstrated how LLMs can be adapted for technical use
cases such as understanding 3GPP specifications, improving network automation, and
enabling intelligent anomaly detection.

The main achievement of this research involved using LLMs to process 3GPP specifi-
cations which represent complex technical documents needed for cellular network design
and operation. By leveraging Retrieval-Augmented Generation (RAG) techniques and
fine-tuning pretrained models on domain-specific datasets such as TSpec-LLM and Tele-
QnA, we demonstrated that LLMs can significantly improve document comprehension,
technical QA, and the automation of support tasks in telecom environments.

Moreover, through the implementation of chatbots using Naive-RAG and Graph-
RAG architectures, we demonstrated how LLMs can be employed in practical tools to
assist engineers and researchers in querying 3GPP documentation. The tools enhance
operational efficiency and reduce the cognitive load associated with navigating complex
technical content.
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