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Abstract

Graph representation learning has become a powerful paradigm for
modeling structured data, enabling machine learning systems to reason over
relationships, spatial dependencies, and topological patterns. However, its
potential in wireless networks remains underexplored, particularly in learning
native representations of complex and dynamic wireless environments. This
thesis addresses the challenge of applying graph representation learning (such
as graph neural networks and transformer architectures) to wireless systems,
where topology, domain heuristics, and physical constraints critically impact
optimization performance and generalization.

The core problem investigated is how to construct and exploit
graph representations that faithfully encode the native structure of
wireless networks to enable scalable, topology-aware optimization. This
includes coverage relations, interference patterns, and environment-specific
propagation effects. Existing solutions in wireless machine learning often
overlook these structural priors, resulting in brittle models that generalize
poorly across different network deployments.

This thesis introduces a graph-centric methodology to bridge this gap.
By representing wireless elements—such as base stations, links, and coverage
zones as nodes and their interactions as graph edges, we develop learning
architectures that integrate attention mechanisms, domain-aware features,
and physics-inspired constraints. Four studies demonstrate the approach
across key tasks: routing latency prediction, antenna tilt optimization,
real-time radio coverage estimation, and neural ray tracing for link-level
modeling.

Our results suggest that these graph-based models significantly
outperform traditional baselines, achieving near-simulator accuracy with
improved generalization across unseen topologies and user scenarios. They
also uncover a correspondence between engineering practices and graph
spectral properties, offering a new lens for understanding network design. The
proposed methods reduce supervision needs and support scalable deployment
across variable network configurations.

Overall, this thesis establishes graph representation learning as a
foundational tool for wireless intelligence, enabling structure-informed,
optimization-driven modeling across diverse network conditions. These
advances pave the way towards future wireless foundation models capable of
supporting a wide range of optimization, sensing, and decision-making tasks
with minimal retraining.
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Sammanfattning

Inldrning av grafrepresentation har blivit ett kraftfullt paradigm
for modellering av strukturerad data, vilket goér det mojligt for
maskininldrningssystem att resonera kring relationer, rumsliga beroenden
och topologiska monster. Dess potential inom tradlésa nédtverk ar dock
fortfarande underutforskad, sarskilt nédr det géller att lara sig nativa
representationer av komplexa och dynamiska tradlésa miljéer. Denna
avhandling tar upp utmaningen att tillimpa inldrning av grafrepresentation
— sasom grafiska neurala nétverk och transformatorarkitekturer — pa tradlosa
system, dér topologi, doméanheuristik och fysiska begrénsningar kritiskt
paverkar optimeringsprestanda och generalisering.

Det centrala problemet som undersoks dr hur man konstruerar och
utnyttjar grafrepresentationer som troget kodar den nativa strukturen i
tradlosa natverk for att mojliggora skalbar, topologimedveten optimering.
Detta inkluderar optimering av téckningsrelationer, interferensmonster
och miljospecifika utbredningseffekter. Befintliga 16sningar inom tradlos
maskininldrning férbiser ofta dessa strukturella forutsittningar, vilket
resulterar i skora modeller som generaliserar daligt 6ver implementeringar
och erbjuder begrénsad ateranvindbarhet.

Denna avhandling introducerar en grafcentrerad metod for att
Overbrygga detta gap. Genom att representera tradlosa element —
sasom basstationer, linkar och tdckningszoner — som noder, och deras
interaktioner som grafkanter, utvecklar vi inldrningsarkitekturer som
integrerar uppmérksamhetsmekanismer, doménmedvetna funktioner och
fysikinspirerade begransningar. Fyra studier demonstrerar denna metod
for viktiga tradlosa optimeringsuppgifter: forutsédgelse av routinglatens,
antennlutningskonfiguration, realtidsuppskattning av radiotdckning och
neural stralsparning for modellering pa lankniva.

Véra resultat visar att dessa grafbaserade modeller avsevirt overtréffar
traditionella baslinjer och uppnéar néstan simulatornoggrannhet med
forbattrad generalisering 6ver osynliga topologier och anvindarscenarier.
De avslojar ocksa korrespondenser mellan tekniska designmonster och
grafspektralegenskaper, vilket erbjuder en ny lins for att forstd och optimera
nitverksbeteende. De foreslagna metoderna minskar 6vervakningsbehovet
och stoder skalbar distribution 6ver variabla natverkskonfigurationer.

Sammantaget etablerar denna avhandling grafrepresentationsinldrning
som ett grundliggande verktyg for tradlos intelligens - vilket
mojliggor strukturinformerad, optimeringsdriven modellering 6ver olika
natverksforhallanden. Dessa framsteg banar vig for framtida tradlosa
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grundmodeller som kan stodja ett brett spektrum av uppgifter inom
optimering, avkidnning och beslutsfattande med minimal omskolning.

Nyckelord

Grafiskt neuralt natverk, Tradlost nétverk, Representationsinlarning, 5G &
B5G, Digitala tvillingar
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Chapter 1

Introduction

To provide reliable, multi-service wireless connectivity, cellular networks have
been continuously improved to support user requirements. Radio Access
Network (RAN) refers to the critical component of wireless communication
systems that connect end-user devices, also known as User Equipment
(UE) (for example, smartphones, Internet of Things (IoT) devices) to the
core network infrastructure. It includes radio base stations (noted as next
generation Node Bs (gNBs)) and associated technologies that transmit and
receive wireless signals. As is the case with the Fifth generation of cellular
network technology & Beyond (B5G) and Sixth generation of cellular network
technology (6G) infrastructures [1, 2], RAN has been evolving in terms of
both hardware support and software, including algorithms for modeling the
radio environment.

Managing the Complexity of Wireless Networks. The complexity of
modern wireless networks! presents significant challenges for optimizing
configurations and ensuring robust performance across diverse scenarios.
Conventional approaches, such as statistical channel modeling, queuing-
theory-based network analysis, and maximum-likelihood estimation for user
localization, attempt to handle network uncertainties using per-site statistical
observations and hard-coded heuristics. Such heuristic models struggle to
adapt to the dynamic and open-world environments typical of next-generation
networks. They are often hindered by computational costs and a lack of
generalization capability [3].

I Beyond 3GPP-standardized cellular networks, radio-frequency-based sensing and
topology modeling extend beyond cellular concepts, encompassing broader wireless
networks such as Mobile Ad-Hoc Network, Vehicle-to-everything Network, and device-free
Radio Frequency systems. In the following text, we unify the context as a wireless network,
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To overcome these limitations, simulation tools (for example, INFOVISTA
PLANET [4], NS-3 [5]) and digital twin frameworks have been introduced
in the pre-rollout phase of wireless network design [6]. These tools enable
controlled evaluations and "what-if" analysis, but rely on simplified and
parameterized assumptions. In practice, these assumptions often fail
to capture the complexities of real-world scenarios [7, 8]. Incomplete
measurements, evolving environments, and modeling inaccuracies lead to
what we define as a Weakly-Informed Environment: a setting where available
heuristic logic, statistical models, and data provide only partial, outdated, or
noisy representations of the actual network state. This introduces challenges
in calibration, drift detection, and robust deployment for accurate modeling
under real-world uncertainty.

From Simulation to Learning-Driven Network Modeling. Building on these
simulation-based efforts, recent methods have explored learning-enhanced
frameworks that adapt to data availability and network dynamics [6]. As
wireless environments become more complex, such assumptions fail to capture
the dynamic, weakly-informed nature of real-world networks, leading to
performance degradation and reduced inter-operator transferability.

Early applications of Artificial Intelligence (AI) in wireless networks have
shown promise in site-specific tasks with learning-based models [9]. Replacing
statistical and handcrafted assumptions, these methods trigger learning-
driven digital twins, where estimating network states is partially learnt with
observation from smaller-scale simulations or real-world measurements to
eliminate uncertainties. Such learning often relies on isolated per gNB or
per-service inputs and lacks structured representations of the network. We
refer to these approaches as Representation-less AI: models that process
observations without capturing spatial or relational dependencies between
gNB, UE, and the radio environment. As a result, such methods struggle to
generalize across sites, especially in weakly-informed environments.

Representation-less AI’s deficiencies can be mitigated by leveraging
the native topology in organizing wireless networks through Graph
Representation Learning, which enables structured representations that
capture the interactions among nodes, spatial dependencies, and topological
constraints. This thesis employs Graph Neural Networks (GNNs) and
transformer-based architectures to develop generalizable representations of
wireless network behavior, facilitating each node’s prediction within the
network. These representations serve as a foundation for scalable, topology-
aware modeling of next-generation wireless systems. In addition, this thesis

focusing on the wireless cellular system.
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aims to estimate real-time network performance by bridging the theoretical
advancements in GNNs and practical applications in wireless networks. A
comparison of the three modeling paradigms is presented in Table 1.1.

Table 1.1: Comparison of Modeling Paradigms in Wireless Systems

Network Simulation-Based  Representation- Graph
Component Modeling less Learning Representation
Learning
Radio Site  Heuristic-based Site-specific Learn network-
Configuration  parameter tuning prediction (e.g., scale embeddings
(e.g., statistical deep neural incorporating
path loss models) network mapping configuration
geolocation to priors (e.g.,
channel response)  inter-site
antenna azimuth
relations)
Radio Fixed Surface-specific Leverage visibility
Environment assumptions on predictions graphs or
environment (e.g., (e.g., ray angle geometry-aware
wall penetration estimation via  topology to
loss ~ 3 dB [10])  deep neural capture radio
network) frequency multi-
path structure
User Predefined Model individual Incorporate road
Measurement  mobility profiles wuser’s trajectory network, inter-

or static traces

and velocity

user proximity, or

mobility graphs

Finally, we observe that incorporating the aforementioned heuristics
can provide efficient learning signals when aligned with graph-based
representations [11, 12, 13, 14]. These heuristics can be integrated into
a learning framework as supervision, inductive priors, or structural features.
We define such models as heuristic-informed neural surrogates, a class of
models that unify the strengths of simulation-based assumptions, data-driven
adaptability, and topology-aware graph learning.

Thesis Statement. Critical optimization tasks in wireless networks, such
as radio environment modeling, quality of service optimization, and Joint
Communication and Sensing, require scalable learning frameworks that can
adapt to complex and weakly-informed environments. This thesis introduces
heuristic-informed neural surrogates based on graph representation learning
and transformer architectures, enabling generalizable, topology-aware
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optimization across diverse wireless scenarios, with applications to digital
twins and autonomous network management.

1.1 Research Motivation

A wireless network is fundamental to modern communication systems,
enabling data exchange and connectivity without relying on physical cables.
By using electromagnetic waves, such as radio frequency or Visible-Light,
wireless networks provide wide-area coverage and ample capacity, forming
the backbone of various applications, from personal devices to industrial
automation and smart infrastructure. Their role in the ongoing digitization
of society is important, supporting the increased demand for high-speed,
low-latency, and reliable communication. Wireless networks are structured
around a well-defined architecture comprising key components, such as:

e« ¢gNB and UE: gNB refers to the radio base station that connects UE
to the network. UE includes mobile and stationary devices such as
smartphones, IoT sensors, wearables, and vehicle transceivers. While
gNB handles radio transmission and connectivity, UE acts as the
endpoint for communication and data exchange.

e Core Network Infrastructure (Core): Core is responsible for managing
end-to-end services across the entire wireless infrastructure, including
mobility management, security, and data routing. It connects all gNBs
within the service area and interfaces with the mobile service provider’s
backbone network.

o Wireless Medium: The wireless medium refers to the physical space,
such as air or vacuum, through which electromagnetic signals propagate.
It is subject to gNB and UE to optimize efficient spectrum usage and
minimize interference.

Driven by user demands for higher data rates, lower latency, and more
connected devices, wireless networks have evolved significantly across
generations. With the advent of B5G and 6G, wireless networks are
being designed to integrate diverse features, such as joint communication
and sensing, Ultra-Reliable Low-Latency Communication (URLLC), and
programmable network architectures. These advancements require
breakthroughs not only in hardware and infrastructure but also in
the optimization of intelligent network control mechanisms and radio
environment modeling. However, realizing such optimization in next-
generation wireless networks introduces several fundamental challenges.
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e Configuration Complexity: The substantial growth in network nodes
and heterogeneous devices makes manual optimization on each device’s
connection impractical. (For example, Table 1.2 on RRC! parameter
scale growth).

o Weakly-Informed Environments [15, 16]: Wireless networks operate
in dynamic, open-world scenarios where mobility, interference, and
environmental obstructions impact performance. Weakly-informed
environments arise due to the lack of adequate user service quality
measurements, which are expensive to collect, and the uncertainty
of the radio propagation environment, often caused by complex
electromagnetic fields.

o Generalization and Adaptability [17, 18]: In addition to the weakly-
informed nature of wireless environments, the increasing configuration
complexity and deployment density further exacerbate the difficulty
of generalizing from limited supervision for AI models. Heuristic-
based models and representation-less AI methods, which are often
preconditioned on fixed assumptions or overfit to site-specific tuning,
struggle to adapt to diverse network deployments. This lack of
adaptability limits their generalization performance in real-world
deployments.

Recent advancements in deep learning and graph representation learning
can address the aforementioned challenges. The advantages of using an
Al-driven approach are as follows:

o Proactive Network Optimization: Given the learning and eventually
predictive capability of AI algorithms such as GNNs algorithms,
wireless network communication can be optimized proactively before
issues such as bottlenecks [23], packet drops [17], etc., occur. Different
applications include wireless coverage optimization [11], routing
estimation [13], and interference mitigation [24]. Such optimization may
encounter domain adaptation challenge as the training environment
may be simplified and a simulated real world scenario. Thus, fine-
formulated graph data representation can reduce the global optima
into local optima that can be easier to achieve from training polices.

e Wireless Neural Surrogates: Similar to aforementioned simulation-
based modeling, representation-less Al has been widely studied

1 RRC is a protocol in mobile networks that manages the connection between UE and the
radio base station (for example, gNB). As newer mobile network generations introduced
additional functionality, such as different modes of connectivity, RRC has grown more
complex with more configurable elements (parameters).
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Table 1.2: Growth in Wireless Network Complexity Across Generations

Regarding 3GPP-Standardized

Technology:

We consider 3 aspects,

Neighboring Cell Number Per Cell, Parameter Complexity (exemplified by
RRC parameter number), Mobility Management (exemplified by handover
event from RSSI measurement), Transmitter Complexity (exemplified by
antenna scheme), and Scheduling Granularity (exemplified by per radio

resource granularity).

Aspect 1G-3G 4G 5G

Neighboring 6-10 6-20 10-40+

Cells

RRC Parameter 100-500 [19] ~ 1000 [20] > 10000 [21]

Complexity

Mobility Basic macro Macro mobility Beam-level tracking,

Management level mobility with per-cell offset Al-based predictive
and adjustment user modeling

Transmitter Single antenna ~ Usually 8 antennas  Up to 64 antennas at

Complexity at gNBand UE at gNB gNB

Scheduling 10ms per data 1ms per data sub- 100 ~ 125ps per

Granularity frame frame mini-slot [22]

Challenge I,
Configuration Complexity

Challenge I1.
Weakly-Informed Environments

[Paper C]

Extrapolate with

[Paper A, B]

Minimum Radio

Measurement w. Graph

Extrapolate on Size &
Pattern of Radio
Deployment w. Graph

[Paper D]

Reveal the Environment
behind the Radio
Measurement

Figure 1.1: Challenges and Focus Areas of the Thesis
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for learning the heuristic parameters for accelerated inference [25,
26].  Recent work [27] has revealed that such methods lack
generalization when estimating unseenly larger, drifted, or configured
wireless networks. Specifically, we exemplify the advantage of graph
representation learning over the representation-less method on two use-
cases: 1. Wireless Ray Tracing: Inspired by high-precision graphical
rendering, similar methodologies (e.g., ray marching, path tracing) have
been reused by understanding wireless signal as visible light. Unlike
graphical rendering, wireless ray tracing discretizes each user location’s
signal with countable rays that contribute to a portion of the signal
strength, phase spectrum, and latency spectrum [28, 29]. While being
a strong baseline for high-fidelity channel modeling, wireless ray tracing
suffers from complexity constraints, because as the ray originates from
gNB, its exploring space grows exponentially when interacting with
the environment, until it is received by the UE. The recent Al solution
has been working on producing a neural surrogate for the ray tracing
engine to reduce computation overhead. 2. Wireless Network Modeling:
Wireless networks are naturally structured as graphs, where vertices
represent network nodes, such as gNB and UE, and edges represent
connectivity properties, such as interference or routing paths [30].
Graphs can be effectively modeled using Al algorithms, such as GNNs,
to effectively learn the network behavior while being more precise than
simulators towards real-world networks [31].

1.2 Research Objectives

The contribution of this thesis lies in the intersection of graph representation
learning with B5G and 6G wireless networks, aiming to address core
tasks such as estimation, prediction, and optimization at scale. By
leveraging structured graph representations, we enable scalable learning
and generalization across diverse wireless scenarios and topologies. We
address several objectives and research questions.

O1 Develop heuristic-informed neural surrogates using graph representation
learning models to jointly capture the native network topology and
its domain-specific attributes. These representations are evaluated for
their ability to enhance learning performance in four wireless network
tasks: coverage estimation, coverage optimization, routing prediction,
and wireless ray tracing.

02 Facilitate learning through representation in B5G and 6G networks
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03

by integrating GNNs, transformer architectures, and Self-Supervised
Learning. The proposed methods are applied to tasks such as coverage
optimization, routing estimation, and interference mitigation under
diverse network conditions.

Validate the proposed graph representation learning-driven solutions
using real-world network configuration data and benchmark them
against commercial-grade simulation tools. The evaluation focuses on
the generalization performance under uncertainty in network topology
and radio environments.

1.3 Research Methodology

This section outlines the overall methodology adopted in this thesis. The
methodological choices are motivated by the need to address the challenges
identified in section 1.1, particularly the generalization issues in weakly-
informed environments and configuration complexity. The research follows a
three-stage process:

1.

Problem Definition and Theoretical Foundation: The aforementioned
challenges are exemplified through four use cases presented in the
thesis, which collectively represent weakly-informed environments and
configuration complexity. Despite these challenges, both categories
have recently been addressed within a graph-based representation [30]:
wireless entities and their interactions can be abstracted as nodes
and edges, and snapshots of network states can be simulated on
a smaller scale using heuristic models. This motivates the use of
graph representation learning, GNNs, and transformer architectures for
capturing structural priors and enabling generalization across network
scenarios.

Model Development and Data Processing: We design neural
surrogate models that incorporate heuristic-informed learning strategies
to improve the efficiency and generalization of wireless network
simulations. These models are trained on a combination of real-world
and synthetic [32, 33] datasets, including radio propagation maps
and network configuration logs, to capture both realistic deployment
conditions and controlled variations. To ensure adaptability across
diverse scenarios, we employ self-supervised learning and domain
adaptation techniques, which help mitigate performance degradation
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due to distribution shifts or limited labeled data in weakly-informed
environments.

3. Experimental Evaluation and Benchmarking: We compare the
performance of the proposed graph representation learning-based
approaches with traditional analytical heuristics and conventional
deep learning models. The evaluation focused on three main
criteria: prediction accuracy, computational efficiency, and real-time
adaptability. We further benchmarked our models using publicly
available datasets and 3GPP-compliant simulation tools to ensure
relevance and reproducibility in real-world scenarios.

1.4 List of Included Papers

In addition to the challenges and focus areas outlined in Fig. 1.1, the
contributions of this thesis are positioned within the broader graph
representation learning framework, as illustrated in Fig. 1.2. As shown
in Fig. 1.2a, we begin by extracting graph representations from large-
scale wireless network topologies, where nodes are attributed with features
informed by domain-specific heuristics. Subsequently, as shown in Fig. 1.2b,
the issues of generalization and domain adaptation are addressed by learning
both the graph topology and its associated features.

Paper A Y. Jin, M. Daoutis, S. Girdzijauskas, and A. Gionis. “Open World
Learning Graph Convolution for Latency Estimation in Routing

Networks”. In: International Joint Conference on Neural Networks
(IJCNN). IEEE. 2022

Author Contribution:. The author proposed the method of using
GNN for modeling latency estimation in dynamic and scalable routing
networks. Beyond previous work modeling the problem as sequence
learning on per-user network flow, the author proposed a novel
problem formulation taking routing topology as additional input.
Such reformulation not only introduces the ability to generalize to
unseen large network topologies, but also scales down the learning
from the traffic flow sequence to the per-hop network node status. The
author also executed experiments, showing the proposed solution is
at least 4 times more accurate and 3-7 times faster against state-of-
the-art methods. Finally, the author led the manuscript preparation
to summarize the outcomes and significance. The solution is also
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submitted to 2021 ITU Artificial Intelligence/Machine Learning in 5G
Challenge [35] as one of the award-winning solutions.

Paper B Y. Jin, F. Vannella, M. Bouton, J. Jeong, and E. Al Hakim. “A Graph
Attention Learning Approach to Antenna Tilt Optimization”. In: 1st
International Conference on 6G Networking (6GNet). IEEE. 2022

Author Contribution. The author initiated and led the method of using
GNN for Reinforcement Learning for antenna tilt optimization in 6G
networks. The author contributed the problem formulation on framing
cellular coverage geo-proximity relations as graph structure. Such data
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representation scales the input space from all tilts in the scenario,
down to only topological neighboring tilts. Such re-framing brings not
only deployment applicability, but also maintains its performance with
much less data. The author also contributed to data collection through
a simulated environment and led the manuscript writing, ensuring the
clarity and technical depth of the research contributions.

Y. Jin, M. Daoutis, S. Girdzijauskas, and A. Gionis. “Learning Cellular
Coverage from Real Network Configurations using GNNs”. In: IFEE
Vehicular Technology Conference (IEEE VTC-Spring). Florence, Italy,
2023

Author Contribution. Continued from Paper B, the author proposed
the method of leveraging GNN for wireless coverage estimation using
limited labeled data. The author designed the problem formulation
with graph data, integrated self-supervised learning, and Few-Shot
Learning to generalize from minimal field measurements.Due to the
similarity in cellular configuration across different geo-locations, this
graph formulation can scale down learning on wireless coverage to a
single cell and the sum of the impact of its neighboring cells. The
author also executed experiments, data collection, and benchmarking
model performance with baseline models, as well as against logic-based
simulation. Finally, the author led the manuscript preparation to
summarize the research outcomes and significance.

Y. Jin, A. Maatouk, S. Girdzijauskas, S. Xu, L. Tassiulas, and R. Ying.
“SANDWICH: Towards an Offline, Differentiable, Fully-Trainable
Wireless Neural Ray-Tracing Surrogate”. In: 2025 IEEE International
Conference on Machine Learning for Communication and Networking
(ICMLCN) (2025 ICMLCN). Barcelona, Spain

Author Contribution. The author initiated the method of GPU-
trainable neural ray tracing in wireless environments. Existing solutions
require real-time interaction with the radio environment during training,
which is both costly and incompatible with GPU-based processing.
In response, we propose a novel problem formulation that redefines
ray trajectory generation as a sequential decision-making problem.
Such formulation is not only enforcing end-to-end learning on radio
ray geometries, but also being more accurate even without online
supervision from interacting with the environment. The author also
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formulated data pipelines, prepared baseline models, and compared
them against the proposed method in experiments. Finally, the author
led the manuscript preparation to summarize the significance.

1.5 List of Papers not Included in the Thesis

Paper E F. Cornell, Y. Jin, J. Karlgren, and S. Girdzijauskas. “Unsupervised
Ontology- and Taxonomy Construction through Hyperbolic Relational
Domains and Ranges”. In: European Conference on Machine Learning
and Principles and Practice of Knowledge Discovery in Databases -
Workshop and Tutorial Track. Springer. 2023

Paper F F. Cornell, Y. Jin, J. Karlgren, and S. Girdzijauskas. “Are We Wasting
Time? A Fast, Accurate Performance Evaluation Framework for
Knowledge Graph Link Predictors”. In: Proceedings of the IEEE
International Conference on Data Mining. 2025

Paper G Y. Jin, D. Koutlis, H. Bandala, and M. Daoutis. “Estimating Voltage
Drop: Models, Features and Data Representation Towards a Neural
Surrogate”. In: (Under Review) IEEE Transactions on Computer-
Aided Design of Integrated Circuits and Systems (2024)

Paper H Y. Gao, G. Pan, Z. Zhong, Z. Jin, Y. Hu, Y. Jin, and S. Xu.
“Sidelink Positioning: Standardization Advancements, Opportunities
and Challenges”. In: (Under Review) IEEE Communications Magazine
(2024)

1.6 Outline

The rest of the thesis is organized as follows: In Chapter 2, we provide
background knowledge relevant to the thesis. In Chapter 3, we elaborate on
the method mentioned in Chapter 2 to formulate our process in more detail
and summarize each published contribution. Chapter 4 describes the open
questions and limitations and summarizes our findings.
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Chapter 2

Background

This chapter briefly introduces the key concepts that are central to this
thesis. First, we discuss GNNs and their application to wireless networks.
Then, we generalize the context of GNNs to transformer models on data
representation. [39] Finally, we introduce reinforcement learning for graph
representation.

2.1 Graph Representation Learning

Graph data is a structured representation where entities (nodes) are
interconnected through relationships (edges), making it suitable for modeling
complex systems. Representation graph learning has been a foundational
approach for acquiring informative vector representations from graph data.
Such low-dimensional vector representations of structured data, such as
nodes, edges, or entire graphs, are referred to as embedding. An informative
embedding should be expressive—that is, capable of distinguishing graph
components with distinct roles, topologies, or attributes on structure,
ensuring good performance on downstream tasks such as node classification,
link prediction, or graph-level regression. Formally, given a graph G(V, E),
the node embedding function is defined as:

f: VR (2.1)

where f(v) encodes node v into a d-dimensional, real-valued vector.
Embedding is constructed to preserve relevant graph properties, such as local
connectivity, shared neighborhood structure, or node attributes. Similarly,
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the edge embeddings are defined as follows:
g:E—RY (2.2)

which encodes pairwise relational information between connected nodes. At
the subgraph level, we define:

h:Gy—RT | (2.3)

where i(Go(Vy, Eo)) maps a subgraph Gy C G, with vertex set Vo C V
and edge set Ey C FE, to d-dimensional representation. Unlike node
or edge embeddings, subgraph embeddings must capture higher-order
structural patterns, including motifs, community structures, and multi-hop
dependencies within Gj.

Learning-free methods, such as Random Walk [40], Node2Vec,
Graph2Vec [41, 42], and NetMF [43], rely on handcrafted heuristics and
matrix factorization techniques to capture structural patterns; however,
they often lack scalability and generalization capabilities. To address
these limitations, neural network-driven methods such as Deep Walk [44]
have emerged, using random walk-generated sequences as input to a skip-
gram model, similar to word embeddings in Natural Language Processing
(NLP). Deep Walk marks the beginning of deep learning approaches for graph
representation learning, enabling more efficient and flexible encoding of node
relationships. These advancements have led to the development of more
sophisticated architectures in graph representation learning, which integrate
both graph topology and node attributes into end-to-end trainable models.

In recent years, we have witnessed significant development in graph
representation learning, based on prior research on Graph Mining and
Spectral Graph Theory [45]. Typical applications of graph representation
learning include health (for example, protein-protein interaction), physics,
chemistry, and road networks modeled in graph data [46].

Wireless networks naturally exhibit a graph-like structure, where the
gNB and UE form nodes, and the communication links and interference
patterns define edges. This graph representation makes wireless networks
ideal for the application of graph representation learning techniques that can
capture spatial and temporal dependencies. One primary application of graph
representation learning is understanding wireless network topologies [47, 48].
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2.1.1 Graph Neural Networks

Message Passing Neural Networks. One of the foundations of modern
GNNs is the message-passing neural network. Gilmer et al. [49] first
integrated the belief propagation algorithm [50] into graph-based molecular
modeling. Hamilton, Ying, and Leskovec [51] extended belief propagation
by introducing an inductive framework that builds node embeddings
through local neighborhood sampling and aggregation, demonstrating strong
generalization to unseen data. Subsequent improvements include multi-head
attention [52], enhanced message aggregation [53, 54], and deeper cascades
of aggregation layers [55, 56]. A universal receipt of message passing graph
neural network can be formulated as a neural function fy that updates node
representations hq()l):

WD = o (AGGuenwd(h hP ew)) (24)

where hg) is the representation of node v in layer [, with a set of neighboring
nodes 1 (v). AGG denotes the neural message aggregation function that
fuses neighboring nodes’ message embedding. ¢ is a learnable message
function that takes the input of each neighboring node’s embedding hg ),
and its connecting edge embedding e,,,.

As GNNs become more expressive, concerns arise regarding their
robustness to attribute noise and structural perturbations, which can enable
adversarial attacks. This tradeoff between expressiveness and robustness
has been explored through information-theoretic aggregation methods,
such as Graph Information Bottleneck [57] and Deep Graph Infomax [55].
Another fundamental challenge is over-squashing [58], where distant node
information becomes compressed and underrepresented, limiting effective
signal propagation. To address the over-squashing challenge, techniques such
as graph rewiring [59], hyper-nodes [60], and hyperbolic embeddings [61]
have been proposed, although a comprehensive solution remains an open
problem.

Spectral Graph Filtering. Beyond message-passing neural networks, spectral
graph filtering forms another cornerstone of GNNs. Defferrard, Bresson, and
Vandergheynst [62] utilized spectral graph theory to design robust filters, a
concept later extended by Kipf and Welling [63] in the development of Graph
Convolutional Network, which combines spectral filtering with learnable
message aggregation. Although graph convolutional networks have remained
a robust baseline for nearly a decade [64], their spectral nature also reveals
limits in generalization; Balcilar et al. [65] demonstrates that all message-
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passing GNNs essentially operate as cascaded spectral filters. Furthermore,
Ma et al. [66] characterized GNNs as performing a graph denoising process
under a smoothness assumption, which weakens in deeper architectures
owing to converging node features (i.e., over-smoothing) [67, 68]. To address
the over-smoothing challenge, techniques such as residual connections [69],
graph sparsification [70], and ordered encoding [71] have been explored.
However, devising a complete solution remains an open problem.

GNN beyond Message Passing Neural Network — Graph Transformers.
Graph Transformers represent an emerging paradigm that extends the
conventional Transformer architecture [72] to graph-structured data. Unlike
message-passing neural networks that rely on local neighborhood aggregation,
Graph Transformers use a global self-attention mechanism to capture both
local and long-range dependencies, thereby addressing challenges such as
over-smoothing and over-squashing. Early works on message-passing neural
networks, such as the Graph Attention Network and Spectral Attention
Network, have extended attention to all nodes. In addition, spatial
and positional [73] encoding has been introduced as the foundation of
more sophisticated GNN architectures. Graphormer [74, 75], for instance,
integrates centrality and spatial encoding, derived from node degrees and
shortest-path distances, into attention computation. Graph transformers
typically yield a fully connected attention mechanism that captures both
fine-grained local patterns and global interactions.

Despite their capabilities, Graph Transformers also face challenges in

computational scalability due to the quadratic complexity of global attention
concerning the number of nodes [76]. Moreover, designing effective positional
encodings that balance local and global structural information [77] remains
a non-trivial problem. Addressing these issues is critical for fully realizing
the potential of Graph Transformers in complex graph-based tasks.
In this thesis, Paper A, Paper B, Paper C and Paper D cover graph
representation learning applied to communication networks, while Paper A,
Paper B and Paper C specifically focus on GNN, emphasizing its
generalization with respect to both graph structure and attributes. Paper A
uses Queuing Theory and Flow Control, which is based on previous research
on the MazFlow Problem [78] in network flow control domain. Paper B
and Paper C trace their origins to Radio Coloring, which itself evolved
from Graph Coloring Problem within wireless network context. Paper D
formulates Visibility Graphs, inspired from computational geometry and the
Path Planning Problem.
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Figure 2.1: Schematic Representation on Euclidean Features in Wireless
Coverages for Representing Network Geometries: Azimuth, Down tilt, and
Geo-coordinates.

2.1.2 GNN on Wireless Networks

Thanks to recent progress in GNNs, wireless networks as a native structure
of network nodes have been extensively studied in the state-of-the-art [79,
17, 80]. Beyond the conventional challenges posed by GNN, novel research
gaps have been identified (see Section 1.2). In line with the concepts in
graph representation learning, we address the challenge in connection with
the aforementioned contributions.

Euclidean Attributes Expressivity on Graph. Fapressivity in graph
representations has been extensively studied across various application
domains. In the context of radio frequency, graph data inherently combines
Euclidean features (such as antenna azimuth, down tilt, and geo-coordinates,
as illustrated in Fig. 2.1) with non-Euclidean attributes (such as inter-
cell relation, interference relation, and inter-cellular user mobility), posing
challenges for joint representation learning. Prior work by Joshi et al.
[81] and Satorras, Hoogeboom, and Welling [82] explored the capability
of learning Euclidean node features on graph topology, initially applying
such techniques to protein-protein interaction prediction with a Three-
Dimensional (3D) structure. Specifically for wireless network topologies,
our work [14] first addresses the embedding of network geometrical features
in graph representation, highlighting that the expressivity of Euclidean
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node features plays a critical role in learning wireless network topologies,
particularly contributing to their generalization capability.

In wireless networks, the impact of wireless signal decays with a power
law in the Euclidean distance between nodes. Therefore, capturing the
Euclidean relationships in signal models is essential. Shen et al. [24] and Sun
et al. [83] incorporated distance-aware weighting in graph representations
for UE-UE communication, whereas Bouton et al. [84] extended Shen et al.
[24)’s approach by embedding geographical coordinates in Two-Dimensional
(2D) space to model gNB-gNB relationships. Additionally, Zhang et al.
[85] addressed gNB-UE interactions by integrating heterogeneous gNB and
configuration management data as graph attributes. As summarized by Shen
et al. [30], effectively modeling different wireless relationships, whether UE-
UE, gNB-UE, or gNB-gNB, within a unified graph representation remains
an open research challenge.

Generalization in Weakly-Informed Graphs. Due to the high barrier
in acquiring real-world measurement data [86] and gNB configuration
parameters, the formulated graph representation is often weakly-informed.
Weakly-informed nature manifests in graph representation learning models
through few-shot learning, self-supervised learning, or Open-World Learning,
depending on the specific learning scheme employed. While recent
advancements in graph self-supervision [87] have improved representation
learning, Jin et al. [88] introduced the use of auwiliary properties as
pre-training labels. Auzxiliary properties are intended to encode domain
knowledge about the graph structure—such as the geometric proximity
between a node of interest and its neighbors in a spatial scene graph—to guide
the GNN to generalize to unseen or partially observed graph topologies. Hu et
al. [89] used a graph structure, incorporating domain insights as pre-training
signals. Handling weakly-informed graphs in wireless settings remains
underexplored. Lee, Yu, and Li [90] studied UE-UE formulated graphs but
focused on unsupervised loss functions rather than pre-training. Ye et al. [91]
investigated extrapolating radio frequency signatures in near-neighborhoods
using graph representations with limited measurement samples. Given
that this formulation aligns with the concept of Channel Charting [92], an
implicit assumption is that each location’s radio frequency signature can be
expressed as a combination of its neighboring locations, effectively serving
as an auxiliary property.

To further contextualize the generalization challenges discussed above,
we distinguish between two core learning paradigms in graph-based inference
tasks: transductive and inductive learning.



Background | 19

Transductive vs. Inductive Generalization. In the context of generalization,
transductive learning assumes that the entire graph G = (V, E) is available
during training, where all nodes V' and edges E are observed, but only a
subset of nodes (or edges) Virain C V has known labels Y (Viyain). The goal
is to learn a function f: V — Y such that:

f(vz) ~ Yi, for all v; € ‘/test =V \ ‘/trainv (25)

where Y € Y, Y denotes the label space. This setting applies to fixed
wireless topologies where predictions are made on unlabeled nodes within a
known deployment scenario.

In contrast, inductive learning requires generalization to nodes or graphs
that are not observed during training. Given a training set of graphs
{G;} = {G1,Gs,...,G,}, each with its own node set V;. Define an input
space of graph(s) ¢ 2 {G;}, the objective is to learn a function as follows:

f:G¢=Y, (2.6)

that performs well on a previously unseen graph G,1 ¢ {G;} or on new
nodes v ¢ J, V;. This setting aligns with real-world wireless scenarios, such
as extrapolating to newly deployed base stations, evolving user distributions,
or generalizing across cities or network configurations.

Building on the concepts of inductive and transductive learning, we now
shift focus toward extrapolation. In this even more challenging setting, the
graph structure, size, or underlying data distribution deviates significantly
from training conditions.

Extrapolation on Novel Data. Similar to the motivation behind self-
supervised learning, graph representation learning models are often trained on
biased scenarios, while being expected to generalize to more complex, drifted
feature-label distributions and extrapolated graph sizes during inference.
The challenge of extrapolation is typically formulated within the framework
of open-world learning, initially introduced for node classification by Wu,
Pan, and Zhu [93].

Let Dirain = {(G4,yi)}; denote the training distribution over graph
instances G; and associated targets y;. In extrapolation and open-world
learning, the test distribution @yeg; differs from Dyyain in one or more of the
following aspects:

Diest # Dirain  (distribution shift). (2.7)
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The goal is to learn a function f : @ — Y such that:
E(Gy)~diee: €(f(G),y)] is minimized, (2.8)

where ¢ denotes a suitable loss function, here, Diest may include unseen
graph structures, node/edge attributes, or entirely new domains (cities, time-
frames, device types), reflecting the open-world or extrapolation setting.
Maintaining predictive performance on out-of-distribution data is
the core difficulty. Recent research has investigated different types of
extrapolation patterns: arithmetic extrapolation [94, 95, 96], graph pattern
generalization [97], and graph size generalization [98]. Although significant
progress has been made in physics-inspired graph models [99], the application
of open-world learning to wireless-network-inspired graphs remains relatively
unexplored, despite being a key challenge for real-world generalization [33]. In
addition to structural representation, physics-informed neural networks [100,
101] offer a complementary approach by incorporating domain knowledge
through physics-driven loss functions. While physics-informed neural
networks focus on enforcing constraints from known governing equations,
open-world learning in wireless graphs requires learning complex interactions
beyond predefined formulations, presenting an open problem in robust
generalization for real-world wireless systems.
In this thesis, Paper A and Paper B prove their generalization inductively
on novel data distributions, with different patterns of out-of-distribution
data. Paper C is considered a weakly-informed graph, where generalization
transductively on the untrained portion of the graph takes most of the
dataset.

2.2 Reinforcement Learning

Reinforcement learning is a machine learning approach that models sequential
decision-making problems where an agent interacts with an environment & to
maximize cumulative rewards. Unlike supervised learning, where labeled data
guides model training, reinforcement learning enables autonomous learning
through exploration and feedback, making it well-suited for dynamic and
complex problem settings.

In reinforcement learning, an agent observes a triplet of (s¢, as,7¢): the
state of the environment s;, performs an action a;, and receives a reward ry
based on the reward function R(s, a;). The objective is to learn an optimal
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policy 7*(als) that maximizes the expected cumulative reward

J(m)=E [Z vtrtl , (2.9)
t=0

where +y is the discount factor that balances short- and long-term rewards.

Online vs. Offline Reinforcement Learning. Reinforcement learning can be
categorized based on whether the agent interacts with the environment &
during training:

¢ Online Reinforcement Learning: The agent learns in real time by
continuously interacting with & and updating its policy based on
newly observed transitions. In online reinforcement learning, the agent
iteratively interacts with the environment to collect transitions and
trajectories from [0, T7:

T = [(styatyrtast—i-l)]tT:O , (2.10)

and uses trajectories {7} as experience to update the policy m(a|s)
after each episode or time step. The data distribution is on-policy
or near on-policy, and evolves as the agent’s behavior changes. The
learning objective is to find an optimal policy 7*:

T
= argmaxE; r¢ lz 'ytrtl , (2.11)
t=0

where 7 ~ 7|& indicates that the trajectories depend on the current
policy m being updated online by interaction with environment
&. Online reinforcement learning is suitable for dynamic and non-
stationary environments, such as adaptive resource management in
wireless networks [102].

o Offline Reinforcement Learning: The agent learns from a fixed dataset
of pre-collected experiences without further environment interaction.
In offline reinforcement learning, the agent learns from a static dataset
(size N) of past transitions as follows:

D = {[(st,a¢,7¢, 5141) )= e (5e,a0) €6, (2.12)

Which are typically collected by a behavior policy 7 that is different
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from the current policy m being learned. The objective is still to find:

T
= arngE?XE(Shahrthl)N@ [Z ’YW,;| ) (2.13)
t=0

but without additional interaction with the environment. This creates
a distributional shift between m and the behavior-derived policy
w3 ~ @. Such drift is known as the off-policy learning problem,
often addressed through techniques such as importance sampling [103].
Offline reinforcement learning is beneficial when real-time interaction
is expensive or risky, such as learning from historical wireless traffic
data [104].

Model-Free vs. Model-Based Reinforcement Learning. Another way to
categorize reinforcement learning methods is based on whether the agent
explicitly models the environment’s transition dynamics.

¢ Model-Free Reinforcement Learning: The agent learns a policy directly
from interaction data without constructing an explicit environment
model. Instead, it directly optimizes a value function or policy from
sampled trajectories. Examples include:

— Deep-Q-Network [105]: Using deep neural network to approximate
the action-value function (s, a). Such methods have been widely
used to use ) as a measurement of "contribution" of an action a
in a given state s:

oo

Q(s,a) = IE‘rr lz ’Ytrt

t=0

S0 = 8,49 = a] . (2.14)

Thus, one can formulate the following policy:
m=argmax Q(s,a) . (2.15)

While Deep-Q-Network is effective in discrete action spaces, it
struggles in environments with continuous action spaces and often
suffers from instability due to value overestimation.

— Policy Gradient Methods: To address Deep-Q-Network’s
limitations, policy gradient methods directly parameterize the
policy mg(als) and optimize it by ascending the gradient of
expected return. These methods are well-suited to problems
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with large or continuous action spaces and allow for stochastic
policy modeling, like REINFORCE [106] or Proximal Policy
Optimization [107].

¢ Model-Based Reinforcement Learning: The agent constructs an
explicit model of the environment’s transition function T'(s¢11]¢, @)
and reward function R(s:,a:), using it for planning and decision-
making. These methods are particularly useful when the environmental
dynamics are known or can be estimated. Examples include:

— Planning-Based Approaches: Such approaches use learned models
for forward simulation and decision-making, such as Monte Carlo
Tree Search in AlphaGo [108].

— Model Predictive Control [109]: An approach that optimizes
future trajectories by iteratively solving finite-horizon planning
problems [110] using learned dynamics and reward models.

— World Models [111]: Constructs an embedding of the environment
using variational autoencoders and recurrent networks, allowing
the agent to plan in latent space.

2.2.1 Graph Reinforcement Learning

Graph Reinforcement Learning. Graph representation learning has
increasingly served as a foundational component in reinforcement learning,
motivated by its ability to efficiently encode the state space through graph
representations or their substructures. By capturing relational dependencies
and structural priors, graph representation learning enhances the learning
efficiency and generalization in complex environments. You et al. [112] and
You et al. [113] explored the use of graph representations as a backbone
for both online and offline reinforcement learning settings, particularly in
molecular domains, where the task involves generating graph structures
through sequential decision-making. In parallel, Sanchez-Gonzalez et al.
[114] introduced the notion of modeling physical systems as dynamic graphs,
where the environment evolves under physical laws that can be learned
through graph representation learning architectures that act as differentiable
simulators (i.e., digital twins). This synergy between graph representation
learning and reinforcement learning has been further motivated by benefits
such as the enhanced interpretability of learned policies [115] and improved
inference speed in simulation-heavy tasks [116], enabling more scalable and
explainable real-world systems.
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Graph-based Reinforcement Learning in Wireless Networks. Despite its
promise, graph-based reinforcement learning faces several key challenges
when applied to wireless networks:

1. Scalability: Wireless networks may have thousands of nodes,
making graph-based reinforcement learning computationally expensive.
Therefore, efficient aggregation techniques and sparsification methods
are required.

2. Generalization to Unseen Network Scenarios: Wireless networks are
inherently dynamic, with shifting user loads, mobility, and interference.
Self-supervised learning and few-shot learning approaches are required
to improve policy adaptation.

3. Exploration-Exploitation Tradeoff : Wireless resource allocation
requires balancing immediate rewards (for example, throughput
maximization) with long-term objectives (for example, fairness, energy
efficiency). Hierarchical reinforcement learning and multi-agent
reinforcement learning approaches can help address this challenge.

There has been early work on using graph-based reinforcement learning to
derive intelligent policies for load balancing [117], resource allocation [118],
and inference management [14].

In this thesis, Paper B and Paper D apply reinforcement learning with GNN
backbone. Paper B focuses on building an online reinforcement learning
solution with real-time feedback in a network control scenario. Paper D
discusses a wireless ray tracing surrogate based on offline reinforcement
learning, which performs better than the state-of-the-art online reinforcement
learning solutions. Both studies discuss the scalability of the proposed
solution while being superior to its conventional deep learning counterparts.

2.2.2 Reinforcement Learning for Generative Al

Transformer Architecture. Joshi [39] bridged the gap between sparse
attention mechanisms in GNN and the Transformer architecture [72], leading
to a growing trend in co-designing GNNs with Transformer backbones.
In the context of structured physical systems, transformers have proven
effective in modeling long-range interactions within graphs [119], where
such dependencies can be interpreted as sparse supervisory signals, akin to
delayed or sparse rewards in reinforcement learning.

This capability makes transformers a compelling backbone for learning
from sparse rewards over long horizons. [120] Addressing the longstanding
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challenge of exploration versus exploitation, Chen et al. [121] proposed the
Decision Transformer framework, which re-frames sequential decision-making
as a conditional sequence modeling task. Instead of relying on value functions
or Temporal Difference updates, decision transformers model agents’ action-
state sequences as an auto-regressive process of (Return-to-Go, state, action)
triplets. Return-to-go serves as a goal-conditioned signal, guiding action
generation without explicit reward propagation or policy iteration.

Reinforcement Learning with Human Feedback. Thanks to well-defined
domain heuristics from 3GPP and International Telecommunication Union
(ITU) standards, it is often feasible to estimate simplified wireless system
states or radio environments. While physics-informed neural networks
incorporate such heuristics into physics-inspired loss terms, reinforcement
learning with human feedback leverages them to define heuristic-based
rewards or fitness functions that guide policy learning, particularly in
scenarios in which explicit rewards are sparse or delayed. Reinforcement
learning with human feedback has been widely applied in recommendation
systems and robotics, where reward signals are often trajectory-dependent
and difficult to specify manually.

Unlike traditional offline reinforcement learning approaches that
indiscriminately utilize the entire dataset, reinforcement learning with human
feedback emphasizes sampling efficiency, thereby favoring high-quality expert
trajectories guided by the domain knowledge. This perspective shifts the
learning paradigm from "more data" to "better data.” Kim et al. [122] showed
that incorporating diverse yet high-quality expert demonstrations is key
to generalization, especially when modeling across dynamic environments.
Furuta, Matsuo, and Gu [123] further established that carefully sampling
policy-guided trajectories aligned with future outcomes significantly enhances
stability and training efficiency in models like decision transformer. These
findings underline that diversity and fidelity in trajectory sampling are critical
for robust policy learning in sparse-reward or heuristic-driven regimes.

To optimize policies under such feedback, reinforcement learning with
human feedback is commonly integrated with model-free algorithms, such
as proximal policy optimization [107]. Proximal policy optimization offers
stable, constrained policy updates, making it particularly suitable for learning
from noisy, reward-model-driven supervision. In this context, proximal
policy optimization acts as a reliable optimizer for reward-aligned policy
improvement, effectively bridging domain heuristics with sample efficiency
reinforcement learning.

In this thesis, Paper D proposes an efficient heuristic-informed sampling
strategy on wireless rays. Paired with a domain-informed reward, the
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proposed model outperforms its online reinforcement learning counterpart.
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Chapter 3

Summary of Appended Papers

This Chapter summarizes the publications and contributions of the studies
mentioned in Section 1.4. We first discuss the common aspects in all
papers, focusing on methodology in Section 3.1 and their data selection in
Section 3.2. We then describe the contributions of each paper, addressing
such commonalities across all papers.

3.1 Methodology

In addition to addressing different downstream tasks, a common research
methodology has been used across all papers:

o Representation Preprocessing: Model representations of data in graphs:
In Chapter 2, recent works [30, 92] have addressed that (graph)
representations help with the model learning process, given that they
intrinsically provide information on the structure of a wireless network.
However, Bechler-Speicher et al. [124] and Zheng et al. [125] proved
that GNN can overfit the provided representation structure even when
this structure is irrelevant to the task. Incorrect graphs do not offer
any performance gains and can even be detrimental to performance
at times. Thus, a correct graph representation is key to producing
a generalizable graph representation learning solution. Such insight
has been concluded empirically in the form of self-supervised learning,
few-shot learning, and reinforcement learning.

e Graph Representation Learning: Enforcing joint learning of the
data attributes and the representation structure: Even though graph
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representation learning naturally over-fits the graph structure [124],
the design space lies in the expressivity of graph representation learning
on different levels of the graph’s substructure (for example, node/edge,
subgraph, or path/walk). According to domain heuristics, enforcing
graph representation learning on the selected level of the structure
must be bound with the downstream task to facilitate generalization.

o Test/Validation Setup: Transferring the learning outcome toward
weakly-informed test data through inductive bias in representation.
By the aforementioned representation and learning model, different
forms of generalization (e.g., weakly-informed graph, arithmetic
extrapolation, or novel data distribution, as discussed in Section 2.1.2)
can be generalized on a similarly preprocessed representation. To
prove the generalization performance of our approaches, we compare
the proposed solutions against widely used baselines, including the
logic-heuristics method and conventional deep learning.

3.2 Dataset selection

In this thesis, we consider a variety of datasets and data sources that resemble
real-world distributions and behaviors. This selection is motivated by the
fragmented ownership of network components across different vendors, which
can hinder data publicity and standardization. To mitigate the heterogeneity
introduced by vendor-specific configurations, we adopt a "configuration
equivalence" approach. Specifically, when a real network is available,
we extract its Configuration Management parameters and Performance
Management parameters to construct a digital replica that matches it as
closely as possible, enabling consistent and uniform representation across
diverse network settings.

Thus, our choice of data includes a mix of real-world configuration
management parameters and performance management parameters, high-
fidelity simulations derived from real-world configuration parameters, and
industrial baseline simulation tools [29, 28, 4]. The choice of data has also
been backed by industrial partners [32, 4] and academic peers [33, 126].
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3.3 Presentation of Contributions

3.3.1 Routing Network Surrogate with Open World Learning
(Paper A)

This study addresses the challenge of accurate latency estimation in routing
networks under open-world conditions, where the network attributes and
topologies encountered during testing may differ significantly from those
observed during training. Such scenarios are common in software-defined
networks, for example, after network expansion or reconfiguration. To enable
generalization across varying network sizes and data traffic distributions, we
integrate queuing theory with GNN-based modeling, creating a heuristic-
informed neural surrogate model. The model demonstrates robust
performance in unseen network sizes, changed network topologies, and
new user data traffic patterns.

Queuing Theory and Tele-traffic Modeling. Rooted in the foundational
work of Erlang [127], queuing theory has historically been essential to traffic
modeling, in which traffic is treated as a stochastic process constrained by
limited network resources. This modeling approach resembles the classical
MazFlow problem in graph theory, where the goal is to determine the
maximum feasible flows from a source to a sink under capacity constraints.
However, in communication networks, traffic flows are dynamic, time-varying,
and impacted by queuing delays, making the problem significantly more
complex. Queuing theory extends MaxzFlow by incorporating temporal
and probabilistic factors, enabling the modeling of congestion, latency, and
Quality of Service metrics under realistic load conditions.

While these principles have been extensively studied theoretically, their
integration into neural architecture is a manual process involving handcrafted
features [33]. In Paper A, we revisit queuing theory as a fundamental
inductive bias and embed it within a learnable graph representation, forming
a queuing-informed neural surrogate for latency estimation in communication
networks.

Challenges. Modeling queuing behavior in communication networks
is known to be EXPTIME-complete [128], thus having significant
computational requirements. A practical surrogate model must be both
computationally efficient and capable of generalizing across unforeseen
test conditions. In particular, training data often lack coverage of the
following: (i) several network features (possibly used in model training)
become greatly imbalanced; (7)) unseen attribute values are expected to be
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Figure 3.1: Schematic Representation of Software-Defined Network State
Estimation Problem [13]. The directed line denotes network traffic flows
with different throughput in the given topology, where different distributions
of line types exist between training and validation/test time, as mentioned
in (¢). Undirected lines denote the link connecting pairs of network elements,
with the line’s strength denoting the link’s capacity level.

out-of-distribution; (%) varying, often larger, network sizes are encountered;
and (iv) relational dependencies expand among longer node chains. These
challenges are illustrated in Figure 3.1. The above requires a learning
framework capable of transferring insights from smaller-scale simulations to
real-world-scale networks, with generalized performance.

Methodology. Specifically, this study focuses on predicting the end-to-end
user latency across routing paths. Following the methodology described in
Section 3.1, the problem is reformulated from a path-level regression task
into a link-level prediction task. This is motivated by the idea that the
total latency along a routing path can be decomposed into the sum of the
latencies incurred at each hop. Every latency is affected by the occupancy
and congestion state of the individual communication links. By shifting
the modeling granularity from path to link, the approach enables a finer
resolution of user traffic demand and helps generalize to new routing paths of
different lengths. This approach uses graph-theoretic and queuing-theoretic
information to enrich the model’s inductive bias.

¢ Representation Preprocessing: Latency estimation is reformulated
from a path-level attributes prediction into a link-level prediction task.
Since latency occurs on the communication link, which is represented as
an edge in the routing network, we use a line-graph [129] representation
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of the original graph topology. This representation captures the
sequential structure of routing paths and enables the decomposition
of path-level latency into a sum over per-link occupancy estimates,
which is reduced to a node-level label on the line-graph representation.
Domain heuristics (such as traffic load, link capacity, and theoretical
queuing behavior) are embedded into the graph. A queuing-informed
occupancy feature is introduced and subsequently refined via GNN
estimation, allowing the model to account for complex topological and
traffic-dependent interactions.

e Graph Representation Learning: A hybrid GNN architecture is
developed, combining Directed-Graph Convolutional Network, Role-
Centric-Graph Attention Network, and Neural Arithmetic Logic
Units components. This design supports both localized message
passing and long-range dependency modeling, while also enabling
numerical extrapolation. It captures queuing effects and dynamic traffic
conditions that influence latency across diverse routing configurations.

o Test/Validation Setup: The model is evaluated on Software Defined
Network simulation datasets featuring network topologies up to 6x
larger than those used in training, with variations in bandwidth, traffic
intensity, and routing paths. The proposed method demonstrates
generalization under probability value distribution shifts, achieving
at least 75% reduction in Mean Absolute Percentage Error, 3x to
7x faster inference, and 6 ~ 25% lower memory usage compared to
state-of-the-art GNN baselines.

Summary. The paper proposes an open-world-learning-oriented GNN
framework for real-time latency estimation in communication networks.
The model achieves strong extrapolation capabilities by embedding classical
queuing theory into a graph-based learning pipeline, while maintaining
efficiency. The results underscore the importance of representation
design and domain-specific heuristics in building scalable and generalizable
neural surrogates for latency-sensitive software-defined network applications.
Paper A aligns with the research objective of O1 by producing a GNN
surrogate of the routing network, while jointly capturing the routing topology
and the node-level attributes formulated in queuing theory.
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3.3.2 Optimizing Antenna Tilt with Graph Attention
(Paper B)

Antenna tilt control is a key mechanism for optimizing the coverage
and capacity of wireless networks. As wireless networks evolve toward
increasingly dense and heterogeneous topologies, traditional heuristic-based
tilt adjustment becomes suboptimal for adapting to dynamic interference and
traffic patterns. In this paper, we present a graph representation learning-
based framework to optimize antenna tilt angles using Graph Attention
Q-learning, which is capable of capturing spatial inter-dependencies and
generalizing across network scales.

Antenna Remote Electrical Tilt Optimization. Antenna Remote Electrical
Tilt control enables dynamic adjustment of the vertical tilt angle of
gNB antennas, offering a cost-efficient means to improve signal coverage
and interference management. Classical optimization methods rely on
handcrafted Key Performance Indicators or offline models that cannot
adapt to network dynamics. Reinforcement learning provides an adaptive
control mechanism by continuously interacting with the network environment.
However, prior reinforcement learning approaches typically consider each cell
in isolation or uniformly aggregate neighbor information, failing to capture
heterogeneous inter-cell interactions, especially in dense 6G scenarios.

Challenges. Tilt optimization exhibits characteristics of multi-agent
reinforcement learning, where each cell, considered as an agent, must optimize
its policy while accounting for the behavior of its neighboring cells. This
creates two main challenges. 1. The agent’s observation space must encode
spatial dependencies and interference patterns. While constrained by real-
world limitations, such observation space shall not span across all sites for
each agent. 2. The learned policy must scale to varying network sizes and
topological densities without retraining. Conventional reinforcement learning
frameworks (e.g., deep-Q-network, QMIX [130]) fall short in addressing
these aspects, either due to the limitations of flat observation design or the
explosion of state-action combinations. To overcome these limitations, we
propose incorporating attention-based graph representation into the state
space to associate neighboring cells, while avoiding global state fusion, which
can be unrealistic.

Methodology. In Paper B, we formulate antenna tilt optimization as a
Markov Decision Process (MDP), where each cell acts as an agent, with
an action space being the antenna down-tilt angle, in a graph-structured
environment to associate neighboring cells.
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Figure 3.2: Schematic Representation of the Graph Attention Q-learning
algorithm: the target agent is depicted as the red node in the graph, and its
observation space is represented as the sub-graph of neighbor nodes. The
Graph Attention module produces agents’ state embedding from per-agent

observation fed to a deep-Q-network, which is trained using experience
replay.
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o Representation Preprocessing: The network is represented as a
graph, where nodes correspond to individual cells and edges capture
spatial adjacency and interference influence, which are derived from
geographical proximity and handover patterns. The graph attention
network encoder augments each cell’s state with selectively weighted
features from its neighbors, guided by learned attention coefficients.
The feature set includes antenna location, current tilt, antenna azimuth,
and Signal to Interference & Noise Ratio (SINR) statistics, specifically
the 5th, 10th, and 50th percentiles, which construct a domain-informed
and spatially-aware graph structure.

¢ Graph Representation Learning: The Graph Attention Q-learning
integrates a graph attention-based encoder with a deep-Q-network
policy learner. The graph attention network module learns task-specific
importance of neighboring cells, enabling dynamic context modeling.
The learned node embeddings form the state representation used by
the deep-Q-network, which is trained via prioritized experience replay
and e-greedy exploration. This joint architecture balances scalability
with fine-grained local coordination, enabling both learning efficiency
and interpretability via attention maps.

o Test/Validation Setup: Experiments are conducted in a realistic
urban macro network simulator, with varying inter-site distances
and UE distributions. Graph attention Q-learning is trained on
networks with 5 neighbors per cell and tested on a densified topology
with 10 and 20 neighbors, demonstrating strong generalization. It
consistently outperforms the baselines, including standalone deep-Q-
network, neighbor-deep-Q-network, and QMIX, in terms of both the
average SINR improvement and reward convergence. Moreover, graph
attention heatmaps reveal that the model learns interpretable and
spatially coherent patterns that align with domain-specific heuristics.

Summary. Paper B introduces graph attention Q-learning, a graph attention-
based reinforcement learning approach for antenna remote electrical tilt
optimization. By encoding structured spatial dependencies and learning
adaptive neighbor influence, graph attention Q-learning delivers superior
performance and scalability compared to traditional reinforcement learning
and neural baselines. The method generalizes across network densities and
preserves interpretability, marking it as a robust candidate for self-optimizing
networks in 6G deployments. Paper B aligns with the research objective
02, by using graph representation as prior to facilitate antenna tilt control
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in a multi-agent reinforcement learning formulation, with generalization
capability.

3.3.3 Learning Cellular Coverage from Real Network
Configurations using GNNs (Paper C)

This study addresses the challenge of real-time coverage estimation in
complex and heterogeneous radio environments. While Paper B focuses
on a single tunable parameter (i.e., antenna tilt), this study expands
the scope to a high-dimensional set of real-world radio configuration
parameters. These parameters are drawn from actual live deployments and
introduce heterogeneity in both feature and structural spaces, challenging
the expressivity and generalization capabilities of conventional GNNs.

Cellular Coverage Estimation. Accurate estimation of cellular coverage
is essential for network planning, troubleshooting, and self-optimization.
Traditional propagation models or simulation-based approaches often fail to
scale to the dynamic and noisy nature of real-world deployments. In contrast,
data-driven models trained directly on configuration and measurement
data offer promising alternatives. However, learning from production-grade
configuration datasets introduces several new challenges, such as noisy inputs,
heterogeneous parameter distributions, and domain constraints on feasibility.
In this study, we consider a GNN-based data-driven approach that learns
a sophisticated propagation model with complex scenario-specific heuristic
logic. This formulation is illustrated in Figure 3.3b.

Challenges. Compared to Paper B, which operated under clean, simulator-
defined environments, the learning task in this study is complicated by the
following factors: 1. Heterogeneous features: Configuration parameters differ
in type (continuous, categorical, binary, and directional), scale, and meaning,
requiring advanced encoding strategies to avoid model collapse or overfitting.
2. Partial observability and weak supervision: Due to costly measurement,
many cells lack ground-truth labels (i.e., coverage measurements), making
the setting transductive, where generalization is needed on the untrained part
of a few, partially labeled graphs. 3. Graph noise and edge heterogeneity:
The underlying graph derived from real deployments is incomplete and noisy;
edge weights may reflect coverage overlaps, interference relationships, or
handover patterns, without heterogeneous semantics.

Methodology. Besides comparing against baselines in Paper B and other
radio frequency interference management baselines at small scale [24], we
formulate the problem in a heterogeneous graph representation and tackle the
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challenge in a self-supervised learning framework to tackle the aforementioned

challe

nges.

Representation Preprocessing: Cells are modeled as nodes in a graph
where edges represent inter-cell relations extracted from overlapping
coverage, handover data, or proximity. The node features consist of
18 configuration fields from live real network data (e.g., frequency,
azimuth, tilt, transmitter power, and antenna model). Raw features
undergo normalization and encoding strategies (e.g., embeddings for
categorical values and log-scaling for power-related features) to enhance
numerical stability. Such preprocessing is illustrated in Figure 3.3a.

Graph Representation Learning: To handle heterogeneous and high-
dimensional inputs, we developed a deep GNN framework with residual
skip connections and multiple propagation layers. The architecture
incorporates message passing augmented by positional encoding and
optional attention modules. The network is first trained on an edge-
level pseudo-label that facilitates learning the coverage overlap between
cells. Then, the network is fine-tuned using a masked supervision
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loss over partially labeled nodes on the node level, leveraging spatial
coherence as inductive bias.

o Test/Validation Setup: The model is trained and validated on real-
world data collected from a live commercial network covering urban
and suburban areas. We perform spatial holdout and temporal holdout
validation. Performance is measured via Root Mean Squared Error
for SINR and service quality estimation. The model is benchmarked
against other cellular coverage estimation baselines as well as fully
connected multilayer perceptrons, and basic GNN variants. The results
demonstrate strong generalization even on unseen geographic clusters,
highlighting the GNN’s capability to transfer across deployment zones
through the graph prior.

Summary. Paper C demonstrates the feasibility and effectiveness of
using GNNs to learn real-world cellular coverage directly from live
network configurations. By encoding noisy and heterogeneous configuration
parameters into graph representations and training in a transductive
learning setup, the proposed model offers a robust tool for network
diagnostics and auto-configuration. This study extends beyond simulator-
based studies by addressing the challenges of real-world production data
and contributes to the realization of data-driven, self-optimizing networks
in practical settings. Similar to Paper B, Paper C also aligns with the
research objective O2 by providing generalization performance with a graph
representation prior. However, Paper C elevates the graph formulation
with heterogeneous configuration parameters, resulting in a more realistic
and complex representation and solving using a self-supervised learning
framework. Paper C also addresses objective O3 by using real-world
network’s configuration data and comparing against commercially-used
simulator baselines.

3.3.4 Wireless Neural Ray Tracing Surrogate (Paper D)

While system-level simulations typically abstract wireless environments into
large-scale network behaviors, such as coverage and interference management,
link-level modeling offers finer granularity by focusing on radio signal
interactions between transmitters and receivers. In contrast to the cell-
level measurements and system-level scenarios investigated in Paper B and
Paper C, this study addresses the link-level regime using neural ray tracing
as a surrogate modeling approach.
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With the emergence of high-frequency B5G systems and site-specific
propagation requirements, wireless ray tracing has gained attention as a tool
for high-fidelity, scene-aware channel modeling. While traditional ray tracing
engines [28, 29] can approximate the behavior of electromagnetic fields
through stochastic simulation, they suffer from computational bottlenecks,
GPU incompatibility, and limited real-time capability. These constraints
hinder their applicability in use cases such as beam management, mobility
prediction, and joint communication and sensing applications.

Computational Electromagnetic Theory. In modern wireless network
modeling, the wireless medium is no longer abstracted as a static logic
link (for example, Paper A), but rather as a dynamic and spatially aware
propagation field. Wireless ray tracing aims to capture this complexity by
simulating how radio signals interact with their environment, that is, by
reflecting, diffracting, and penetrating surfaces, resulting in what is known
as a Shoot-and-Bounce Sequence. This sequence approximates the physical
trajectory of a ray from the transmitter to the receiver, under the influence
of the 3D environment.

Traditional methods [28] generate shoot-and-bounce sequences using
Monte Carlo-style sampling across potential ray paths [131], following
physical heuristics rooted in electromagnetic theory. While accurate, these
methods are computationally expensive and heavily rely on proprietary
simulators, which limits their scalability and adaptability. In contrast,
this paper proposes learning a neural surrogate that generates shoot-and-
bounce sequences efficiently while maintaining high fidelity to the underlying
propagation phenomena.

In Paper D, we investigate the neural process of such heuristics. We
consider using reinforcement learning with human feedback to facilitate
sampling efficiency in wireless ray tracing heuristics. Additionally, we use
the decision transformer to model the multi-hop interaction between the radio
frequency and radio environment into a sequential decision problem: each
wireless ray from the transmitter, which imposes a contribution to the UE,
is rewarded as a reinforcement learning policy integrating electromagnetic
field heuristics.

Challenges. Prior neural approaches, such as WINERT [32], treat wireless
ray tracing as a greedy next-hop prediction task using temporal-difference
learning. However, these methods face fundamental limitations: 1. Long-
range dependencies are neglected due to step-wise policy learning; 2. Training
relies on real-time supervision from a ray tracing engine, which is non-
differentiable and computationally intensive; 3. Sparse supervision across
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Figure 3.4: Workflow of Wireless Raytracer: Wireless Raytracer takes
the input of the transmitter, receiver location, and radio environment
information, and outputs a shoot-and-bounce sequence to be further utilized
on wireless channel-related tasks.

shoot-and-bounce sequence trajectories limits the scalability of end-to-end
training. To address these limitations, we reformulated wireless ray tracing
as a sequential decision-making problem that allows offline, vectorized, and
fully differentiable training using transformer models.

Methodology. In Paper D, we model wireless ray propagation as a sequential
decision process using data-driven learning and apply a unified representation-
learning-validation pipeline adapted to 3D spatial radio environments:

o Representation Preprocessing: Unlike traditional graph-based tasks,
wireless ray tracing involves structured sequences of radio frequency
interactions in 3D space (i.e., shoot-and-bounce sequence). To learn
such sequences, we reformulate each shoot-and-bounce sequence as a
state-action-interaction trajectory, capturing the directional flow and
interaction type (for example, reflection, diffraction, and penetration)
of each ray segment. A Fibonacci-sphere-based augmentation scheme
is applied to enrich the shoot-and-bounce sequence space and provide
robust coverage of the angular domain. This preprocessing step
creates a sequentially structured representation that is compatible
with transformer-based models.

e Graph Representation Learning: Although no explicit graph is
used, sequential ray interactions can be interpreted as walk-based
substructures within a spatial graph of the environment. We apply
a decision transformer as the backbone model, which is enhanced
with state supervision and trajectory-based reward shaping. The
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decision transformer learns to generate a shoot-and-bounce sequence
by modeling long-range dependencies across the ray steps, thereby
aligning with the graph representation learning principle of jointly
optimizing the representation and downstream objectives, specifically
spatial ray fidelity. The augmented shoot-and-bounce sequence and
structured reward (for example, angular deviation, terminal error, and
geometric consistency) serve as inductive biases guiding generalizations
to unseen transmitter-receiver pairs and spatial configurations.

o Test/Validation Setup: The model is trained entirely offline and
evaluated on three out-of-distribution 3D layouts with novel gNB
and UE placements. Validation focuses on both surrogate fidelity
(angular Mean Absolute Error and Kullback—Leibler divergence)
and downstream usability in the RSSI estimation. The learned
surrogate achieves 1072 rad angular accuracy, within 0.5 dB of ground-
truth ray tracing in RSSI estimation, and outperforms previous
baselines. Such results demonstrate the effectiveness of the surrogate
representation in capturing the essential physics-based behaviors for
wireless propagation.

Summary. Paper D introduces a novel wireless ray tracing neural surrogate
that is scene-aware, differentiable, and offline-trainable. By framing ray
propagation as a sequential decision-making process, the model learns
physically consistent radio frequency behaviors without relying on expensive
online supervision. This study marks a step toward scalable and deployable
neural surrogates for high-fidelity wireless channel modeling, with direct
applications in Joint Communication and Sensing, beamforming, and 3D-
aware system-level optimization. Paper D aligns with objective O1 by
combining optical and wireless domain knowledge, respectively, into ray
augmentation and fitting reward to facilitate learning an optical-compliant,
wireless-informed ray tracing neural surrogate. Paper D also addressed
objective O3 by using real-world network’s configuration data and comparing
against commercially-used simulator baselines.
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Chapter 4

Conclusions and Future work

4.1 Conclusions

Despite recent advances in machine learning in wireless networks, the lack of
high-quality data, efficient neural architectures, and principled integration
of network topology has hindered progress in learning native representations
for wireless network optimization and modeling. Graph representation
learning, especially with the rise of GNNs, has emerged as the missing
piece that enables data-driven wireless network optimization by embedding
structural domain knowledge. By incorporating graph-based priors, graph
representation learning offers a path toward learning models that generalize
across dynamic, heterogeneous, and weakly-informed wireless environments.
This dissertation contributes to this emerging field by proposing methods
and offering insights into how graph representation learning can be effectively
applied to wireless systems, bringing learning-based wireless optimization
closer to real-world deployment readiness.

First, we demonstrate that graph representations offer a powerful
structural prior that enhances learning outcomes in wireless topologies. Both
GNNs and structure-aware transformer architectures, whether explicitly
or implicitly [39], leverage graph structure to improve generalization. Our
empirical results across Paper A, Paper B, Paper C, and Paper D show that
these graph-based methods outperform traditional baselines and approach the
accuracy of commercial-grade simulators in predicting wireless performance
and guiding optimization.

Second, we argue that domain-informed graph representations can serve
as task-agnostic embeddings within the wireless domain. Through techniques
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such as self-supervised learning, multi-task learning, and reinforcement
learning with human feedback, Paper C and Paper D show that: 1. Strong
graph representations augmented with domain heuristics can yield useful
embeddings with minimal supervision. 2. These embeddings can be optimized
in a discretized latent space using rewards derived from domain knowledge,
enabling effective policy learning with limited observations.

Last, our work reveals that many well-established engineering practices
in wireless networking, both successful and suboptimal, can be interpreted
through the lens of graph spectral theory. For instance, Paper A attributes
strong generalization in routing tasks to consistent graph Laplacian spectra
across networks of varying sizes, aligning with engineers’ intuition to reinforce
primary communication paths during network expansion. Conversely, Paper
C reveals the difficulty of achieving inductive generalization across cities due
to divergence in the Laplacian spectra of their coverage graphs.

In summary, this dissertation validates the role of graph representation
learning as a foundational tool for building generalizable, interpretable, and
domain-aligned models for wireless networks. Our contributions pave the
way for bridging wireless engineering intuition with machine learning rigor,
setting the stage for robust, real-world optimization and automation in
future generations of networks.

4.2 Limitations

Domain Barrier. Besides the contributions above, constructing graph
representations enriched with domain heuristics inevitably requires
substantial domain knowledge and understanding of wireless network
principles. ~ While such representations significantly improve model
performance and generalization, they introduce a dependence on expert-
crafted feature engineering and topology design, which may limit scalability
to unfamiliar domains or fully automated pipelines.

Structural Dependency. Moreover, reliance on accurate metadata—such
as wireless ray tracing geometries, neighbor coverage relations, and user
statistics—can be a significant limitation, particularly in scenarios where
structural information is incomplete, noisy, or inconsistent. Recent
works [124] have demonstrated that while GNNs generalize well over
attribute-based features, they are prone to overfitting to the structural
aspects of graphs. In Paper A, this issue is mitigated through the use of
expert-crafted graph representations. In Paper C, we adopt a transductive
learning setting and observe that the model’s performance deteriorates
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significantly when attempting to generalize to unseen cities—i.e., under
inductive conditions. These challenges underscore the need for future research
into automated structure discovery and adaptive representations that can
reduce reliance on manually designed graph structures without compromising
model performance.

High-Order Interaction Inefficiency. Beyond relational and Euclidean
features, wireless network representations often involve higher-order
interactions across node clusters. Conventional pairwise models do not easily
capture these complex dependencies. In Paper A, successful generalization
hinges not only on handling variable graph sizes but also on accurately
predicting path label lengths previously unseen during training. This is
addressed by decomposing the prediction into a sequence of node-level label
aggregations along each path. Similarly, Paper D faces an analogous challenge
in generalizing to unseen ray trajectory lengths. To address this, the problem
is reformulated as a sequence generation task to accommodate the required
inductive capability. Despite these task-specific workarounds, effectively
modeling high-order and large-scale interactions across nodes remains a
critical barrier for enabling full-scale optimization across multi-hop and
multi-agent wireless settings.

4.3 Sustainability and Ethics

Sustainability. Recent advances in Green Machine Learning have highlighted
the urgent need for more sustainable training methods and energy-
efficient neural architectures. The computational demands of large-scale
neural networks, particularly transformers, have driven research toward
sparsification techniques that reduce both training and inference costs. GNNs
provide a natural solution to this challenge by leveraging structural sparsity
through explicit graph topology, effectively implementing learned attention
masks that focus computation on relevant connections rather than the dense,
"all-to-all’ interactions typical of transformer architectures.

This computational efficiency is particularly relevant as the telecom industry
moves toward network softwarization. As demonstrated in this thesis, GNN-
based approaches achieve comparable or superior performance to traditional
simulation-based methods while requiring significantly less computational
resources. Our results in Paper A and Paper C show 3-7 times faster
inference times and a reduction to 6-25% memory usage compared to
conventional baselines. This efficiency translates directly to reduced energy
consumption during both model training and deployment, making GNNs



44 | Conclusions and Future work

particularly valuable for large-scale wireless network optimization where
computational sustainability is crucial for practical implementation. The
structural inductive biases inherent in graph representations thus serve dual
purposes: improving model generalization while simultaneously reducing
environmental impact through more efficient computation.

Ethical Consideration. In this thesis, we utilize real-world network
configuration data (Paper C) and performance measurements (Paper A)
from operational cellular networks, raising important questions about
data stewardship and user privacy. While the network configuration
parameters themselves may appear technical and anonymized, they can
reveal patterns about user density, mobility, and service demands in
specific geographical areas or service groups. We have implemented strict
data anonymization protocols that align with General Data Protection
Regulation and worked closely with industry partners to ensure compliance
with telecommunications data protection regulations. All location-specific
identifiers have been removed or generalized, and the research focuses on
network-level optimization rather than individual user tracking, which GNN
has proven to be capable of as well. [132]

In Paper D, we proposed a method that involves precise environment
perception and user behavior modeling, which could potentially be
repurposed for surveillance or monitoring applications beyond operating
network optimization. We emphasize that this research, similar to all
research contributions in the Joint Communication and Sensing community
and 3GPP standardization progress, is intended solely for improving network
performance and efficiency, and we encourage responsible deployment
practices that respect user privacy and civil liberties.

4.4 Future work

Wireless Foundation Model. Due to the recent hype around foundation
models, the pursuit of learning task-agnostic wireless embedding for wireless
networks: jointly capturing both network behavior and environmental
characteristics, has begun to attract attention. This direction holds the
potential to become the ’large language model moment’ for machine learning
in wireless network optimization and intelligent control. The ideal embedding
should be expressive of network dynamics, informed by network topology,
and compliant with domain-specific knowledge. While previous methods,
such as physics-inspired neural networks and graph representation learning,
have partially addressed these challenges, a unified solution remains elusive.
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In particular, the development of a universal loss function for task-agnostic
wireless embeddings—whether grounded in structural properties, physical
laws, or engineering heuristics- has yet to be established. We consider the
graph representation learning approach, as proposed in this dissertation, a
promising foundation for this endeavor. It offers a structured framework that
naturally integrates topological information, supports multi-task supervision,
and aligns well with real-world wireless configurations. Such a development
would pave the way for foundation models for real-time optimization, control,
and learning wireless networks, capable of powering diverse downstream
applications with minimal retraining and maximum generalizability.

Graph Learning Over-the-Air. Beyond utilizing graph representations to
model wireless networks, emerging research [133] suggests that graphs, due
to their inherent structural robustness, can naturally mitigate the impact
of attribute noise. This is particularly relevant in wireless networks, where
channel noise and data corruption are typically addressed through coding
overhead and redundancy. Graph-based learning, by contrast, offers an
alternative strategy by leveraging topological context to preserve meaningful
signal relationships. While these properties have been demonstrated in
other types of topologies [134], their applicability to noise-perturbed wireless
graphs remains largely unexplored. Key advancements in the broader GNN
community, such as graph rewiring [135], positional encoding [73], and graph
transformers [136], have yet to be systematically evaluated under realistic
wireless noise conditions.

Scalable Multi-Objective Optimization. Many wireless applications involve
conflicting goals, such as coverage versus interference, latency versus energy,
or sensing versus throughput. Future work should investigate how graph-
based models can support multi-objective optimization at scale, balancing
such trade-offs using principled frameworks, such as Pareto fronts or
constrained reinforcement learning, while ensuring real-time decision-making
performance in dynamic environments.
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