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El hombre de los páıses industriales ha llegado a
la luna dominando la naturaleza. ¿Es justo que el
hombre ponga un pie sobre la luna? ¿O no seŕıa
más justo que los grandes páıses pongan los pies
sobre la tierra y se den cuenta de que hay millones
de personas que no tienen trabajo y que sufren de
hambre?

Salvador Allende

1. Each person is to have an equal right to the
most extensive total system of equal basic
liberties compatible with a similar system
of liberty for all.

2. Social and economic inequalities are to be
arranged so that they are both:

(a) to the greatest benefit of the least ad-
vantaged, consistent with the just sav-
ings principle, and

(b) attached to offices and positions open
to all under conditions of fair equality
of opportunity.

John Rawls, A Theory of Justice
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Summary

This thesis explores the application of artificial intelligence to resource allocation
in wireless networks. Next-generation cellular systems, with 5G already deployed
and 6G under development, drastically increase both the capacity and complexity
of the network, demanding more careful design for improved resource utilization
and operational efficiency.

Traditional methods based on network overprovisioning are no longer suffi-
cient. The use of mid- and high-frequency bands introduces new challenges in
urban environments and densely populated areas. Likewise, classical resource al-
location schemes based on fixed rules struggle to ensure both efficiency, fairness,
and adaptability. To address these limitations, modern networks increasingly rely
on intelligent management mechanisms capable of dynamically adapting to hetero-
geneous traffic conditions, with the dual objective of maintaining service quality
and reducing operational costs.

This work focuses precisely on time–frequency resource allocation by base sta-
tions, considering two complementary levels: user association at the inter-cell level
and internal resource scheduling at the intra-cell level.

The first part of this thesis considers the user association problem, which seeks
to determine to which base station a mobile device should connect upon entering
the network. Differently from previous efforts, the focus is on fairness and sta-
bility in a dynamic setting where users arrive randomly and have finite session
durations. To this end, the fair user association problem is formalized and studied
under realistic system dynamics, including user departures and the possibility of
admission rejection. The problem is modeled as a partially observable Markov De-
cision Process, with several variants reflecting different modeling assumptions and
optimization objectives. Reinforcement learning techniques are employed, lever-
aging graph neural networks to exploit the relational structure of the network and
to learn decentralized yet stable association policies. A principled method is pro-
posed to incorporate fairness criteria into the decision-making process, adapted
to partially observable states and time-varying user populations. The proposed
approach is validated using real data from a 5G network in Paris, demonstrating
improvements in both load balancing and user experience.

In the second part of the thesis, we examine the problem of resource distri-
bution within a base station. The 5G standard defines three service categories:
enhanced Mobile Broadband (eMBB), massive Machine-Type Communications
(mMTC), and Ultra-Reliable Low-Latency Communications (URLLC). This work
focuses on the coexistence of eMBB and URLLC services, where URLLC traffic has



strict latency and reliability requirements and is granted priority access to spec-
trum resources, potentially preempting resources previously allocated to eMBB
users. Given that these services operate on different time scales, the proposed ap-
proach combines classical optimization techniques with supervised learning meth-
ods to design resource allocation policies that satisfy URLLC requirements while
minimizing the performance degradation experienced by eMBB users.

The proposed solutions contribute to the advancement of artificial intelligence
applied to resource management in wireless networks. Efficient resource optimiza-
tion is not only desirable but necessary given the growing pressure on the planet’s
natural resources. This thesis emphasizes the use of machine learning not only to
maximize efficiency, but also as a means to promote fairness in access to shared
resources.

viii



Resumen Público

Esta tesis explora la aplicación de la inteligencia artificial a la asignación de recur-
sos en redes inalámbricas. Los sistemas celulares de próxima generación, con 5G ya
desplegado y 6G en desarrollo, incrementan significativamente tanto la capacidad
como la complejidad de la red, lo que exige un diseño más cuidadoso orientado a
una mejor utilización de los recursos y a una mayor eficiencia operativa.

Los enfoques tradicionales basados en el sobredimensionamiento de la red ya
no resultan suficientes. El uso de bandas de frecuencia medias y altas introduce
nuevos desaf́ıos, en particular en entornos urbanos y áreas densamente pobladas.
Asimismo, los esquemas clásicos de asignación de recursos basados en reglas fijas
tienen dificultades para garantizar simultáneamente eficiencia, equidad y adapt-
abilidad. Para superar estas limitaciones, las redes modernas incorporan mecan-
ismos de gestión inteligente capaces de adaptarse dinámicamente a condiciones de
tráfico heterogéneas, con el doble objetivo de mantener la calidad de servicio y
reducir los costos operativos.

Este trabajo se centra precisamente en la asignación de recursos tiempo-frecuencia
por parte de las estaciones base, considerando dos niveles complementarios: la aso-
ciación de usuarios a nivel intercelda y la planificación interna de recursos a nivel
intracelda.

La primera parte de esta tesis aborda el problema de asociación de usuarios,
cuyo objetivo es determinar a qué estación base debe conectarse un dispositivo
móvil al ingresar a la red. A diferencia de trabajos previos, el enfoque se pone
en la equidad y la estabilidad en un entorno dinámico donde los usuarios llegan
de forma aleatoria y tienen sesiones de duración finita. Con este fin, se formal-
iza el problema de asociación justa de usuarios y se estudia bajo dinámicas de
sistema realistas, incluyendo la salida de usuarios y la posibilidad de rechazo en
la admisión. El problema se modela como un Proceso de Decisión de Markov
parcialmente observable, con varias variantes que reflejan diferentes supuestos de
modelado y objetivos de optimización. Se emplean técnicas de aprendizaje por
refuerzo, aprovechando redes neuronales basadas en grafos para explotar la es-
tructura relacional de la red y aprender poĺıticas de asociación descentralizadas y
estables. Se propone un método principiado para incorporar criterios de equidad
en el proceso de toma de decisiones, adaptado a estados parcialmente observables
y a poblaciones de usuarios dinámicas. El enfoque propuesto se valida utilizando
datos reales de una red 5G en Paŕıs, mostrando mejoras tanto en el balance de
carga como en la experiencia de los usuarios.



En la segunda parte de la tesis se examina el problema de distribución de
recursos dentro de una estación base. El estándar 5G define tres categoŕıas de
servicio: banda ancha móvil mejorada (eMBB), comunicaciones masivas de tipo
máquina (mMTC) y comunicaciones ultra confiables y de baja latencia (URLLC).
Este trabajo se centra en la coexistencia de servicios eMBB y URLLC, donde el
tráfico URLLC presenta requisitos estrictos de latencia y confiabilidad y recibe pri-
oridad en el acceso al espectro, pudiendo incluso reasignar recursos previamente
asignados a usuarios eMBB. Dado que estos servicios operan en diferentes escalas
temporales, la tesis combina técnicas clásicas de optimización con métodos de
aprendizaje supervisado para diseñar poĺıticas de asignación de recursos que cum-
plan con los requisitos de URLLC minimizando, al mismo tiempo, la degradación
del desempeño de los usuarios eMBB.

En conjunto, las soluciones propuestas contribuyen al avance de la aplicación
de la inteligencia artificial a la gestión de recursos en redes inalámbricas. La
optimización eficiente de recursos no es solamente un objetivo deseable, sino una
necesidad ante la creciente presión sobre los bienes naturales del planeta. Esta
tesis enfatiza el uso de técnicas de aprendizaje automático no solo para maximizar
la eficiencia, sino también como medio para promover la equidad en el acceso a los
recursos compartidos.

x
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Chapter 1

Introduction

1.1 Societal and Technological Context
Internet has secured a vital place in modern society; the COVID-19 pandemic only
made this clearer [1]. It supports critical infrastructures, drives consumption, and
mediates social interactions. Its role is undeniable. Like water from a tap, it has
become a necessity, but one that carries costs and risks.

Even in a world that remains deeply analog, the Internet has transformed
something central to human life: interpersonal communication [2, 3]. Individuals
increasingly turn to the digital realm for connection, solace, or distraction. Screens
mediate affection, attention, and social bonds, creating new dependencies. Social
networks, messaging apps, and streaming platforms dominate human attention,
raising questions about psychological and societal resilience [4, 5].

Yet, this indispensable system is far from free. Every byte, every video stream,
every connection consumes energy. The Information and Communication Tech-
nology sector currently accounts for approximately 1.5–2% of total electricity con-
sumption [6], with projections reaching 3–4% by 2030 if current growth trends
continue [7]. Data centers alone consumed over 200 TWh in 2022 [8], and wireless
networks are responsible for a significant fraction of this footprint, especially as
densification and massive MIMO deployments increase [9].

Infrastructure must be renewed or replaced every few years [10]. Spectrum
must be densified. Hardware must be upgraded. The push for higher data
rates—8K screens, ultra-low latency services, and massive IoT—raises pressing
sustainability questions. Concentration of traffic through a few monopolistic plat-
forms increases systemic fragility. Large-scale outages, such as the AWS dis-
ruption in 2020, demonstrated the vulnerability of globally interdependent net-
works [11,12].

Beyond infrastructure investments, achieving coverage levels such as those in
5G presents curious facts:

1. The protocols underlying modern networks are over fifty years old, and re-
markably, they still function reliably [13].
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2. The data generated through the Internet has fueled the growth of artificial
intelligence (AI) [14], yet AI has not contributed in turn to the improve-
ment of Internet itself. In some cases, it may even exacerbate inefficiencies:
super-concentration of traffic in a few monopolistic companies threatens the
architecture of the Internet [15,16].

It is clear that much remains to integrate AI into these systems to replace or
modify protocols that, ultimately, already work. Without the pretension to bridge
this gap, but with a clear objective of exploring its potential, this thesis explores
this subject, addressing the use of artificial intelligence for resource allocation in
wireless networks.

1.2 AI for Resource Allocation in Wireless Networks
Despite the maturity of existing communication protocols, a gap remains between
their rule-based design and the adaptive, data-driven optimization capabilities
enabled by artificial intelligence. New generations of communication technologies
aim to fill this gap [9]. The surge of AI applications extends to telecommunications,
offering the potential to optimize network performance. In this work, we focus on
mobile networks, the networks that put the Internet in our pockets.

In the context of resource allocation, what we refer to as AI can be seen as
the use of learning-based optimization techniques to automatically select actions
that maximize certain notion of system performance. The goal is to optimize
system performance, using learning techniques applied to terabytes of data with
processors capable of handling them [17]. A critical question arises: what exactly
should be optimized? Many AI applications focus on profit, advertising efficiency,
or precision of military systems [18]. As a counter, beneficial applications do
indeed exist, being its incorporation to healthcare the most visible, with resource
management as an interesting option [19,20].

Fortunately, and increasingly driven by high energy costs and spectrum scarcity,
significant effort is being directed toward efficient resource utilization [21]. The
traditional paradigm of network oversizing no longer holds. Exponential growth
in traffic and connected devices, together with high deployment costs, demands a
reconsideration of network design and more intelligent resource usage [9, 21].

Next-generation networks enable and encourage the application of AI for adap-
tation and management, but also introduce new challenges. In this thesis, we study
the use of AI in 5G wireless networks, and tackle two problems that emerge or
are exacerbated in this context: user association and intra-cell resource al-
location. These problems exemplify the complexity, multi-scale interactions, and
fairness–energy trade-offs that characterize modern mobile networks [21,22].

1.2.1 User Association (UA)
User association, the process of determining which base station each user should
connect to, has been studied for decades, yet it remains critical in modern deploy-

2
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ments [23]. The increasing densification of cells means that each user may have
multiple potential base stations in close proximity [9]. This amplifies interference
patterns and requires dynamic adaptation to traffic fluctuations and mobility. Ad-
ditionally, energy efficiency and fairness among users have become central objec-
tives: simply maximizing throughput may overload certain base stations and leave
others underutilized, wasting energy and spectrum [24].

Solving UA in this context involves several difficulties. The state space grows
combinatorially with the number of users and base stations, and interactions be-
tween users are non-linear due to interference. In general, UA decisions must
balance multiple, often conflicting objectives, such as throughput, fairness, hetero-
geneous user requirements, coverage, and energy efficiency, adding to the problem
complexity [25]. In this work, we focus on the trade-off between throughput and
fairness in resource allocation. Traditional heuristics often fail to capture this bal-
ance effectively, while static assignment policies cannot react to real-time changes
in user distribution or channel conditions.

In this work, we address UA using Graph Neural Networks (GNNs) to
represent the network topology and Deep Reinforcement Learning (DRL)
to learn adaptive, sequential decision-making policies [26]. This combination en-
ables capturing both the relational structure of the network and the dynamic,
time-dependent aspects of user assignments. Our approach emphasizes fairness,
proposing a Markov Decision Process (MDP) formulation that encourages equi-
table resource distribution while maintaining high performance.

Beyond performance metrics, the proposed approach has a direct impact on
system stability, particularly under high-load conditions. By explicitly accounting
for fairness in the decision-making process, the learned policies prevent persistent
overload of individual base stations and reduce oscillatory user reassignments,
leading to more stable and predictable network operation. Importantly, this is
achieved in a decentralized manner, where decisions are taken locally using shared
relational information, making the approach scalable and well suited for dense,
large-scale deployments.

1.2.2 Intra-Cell Resource Allocation and Multi-User Coexistence
The introduction of 5G standards brings new classes of users with heterogeneous
requirements [9, 27]. Enhanced Mobile Broadband (eMBB) users demand
high throughput for applications such as streaming, gaming, and data transfer.
Ultra-Reliable Low-Latency Communications (URLLC) users require ex-
tremely low latency and high reliability for mission-critical applications such as
industrial automation and autonomous driving [28]. Massive Machine-Type
Communications (mMTC) devices generate sporadic, low-rate connections for
IoT sensing and control [29]. The coexistence of these diverse traffic types within a
single base station creates complex scheduling and resource allocation challenges.

Intra-cell allocation must contend with multi-scale temporal dynamics. eMBB
users are typically scheduled over regular slots, while URLLC transmissions occupy
shorter minislots that can preempt ongoing eMBB transmissions [30]. URLLC

3
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packets often arrive unpredictably, forcing the system to anticipate and mitigate
conflicts across timescales. The allocation policy must balance competing ob-
jectives: minimizing throughput degradation for eMBB users, ensuring URLLC
reliability and latency, and maintaining capacity for mMTC devices. Additional
constraints such as energy efficiency, fairness, and spectral efficiency further com-
plicate decision-making [31].

The difficulty of this problem arises from multiple sources. First, multi-scale
temporal coupling requires coordination across scheduling intervals of different
lengths. Second, heterogeneous Quality-of-Service (QoS) requirements introduce
inherently conflicting objectives. Third, the stochastic and bursty arrival of URLLC
traffic adds uncertainty that must be addressed in real time. Finally, scalability
becomes critical: realistic deployments involve hundreds of users, antennas, and
scheduling variables, yielding high-dimensional optimization spaces [21,32].

To address these challenges, this thesis adopts a combination of classical op-
timization and supervised learning [20, 33]. The problem is first formalized as
a constrained optimization task reflecting QoS priorities and temporal structure.
Then, supervised learning methods are used to approximate these near-optimal
policies efficiently, enabling real-time operation while maintaining strong perfor-
mance guarantees.

1.3 Research Objectives, Contributions, and Thesis Struc-
ture

This thesis addresses two intertwined problems in 5G networks:

1. User association (UA) via GNN+DRL for adaptive, topology-aware poli-
cies.

2. Intra-cell resource allocation via optimization and supervised learning,
managing heterogeneous traffic across multiple temporal scales.

Key contributions include:

• A GNN+DRL framework for UA balancing load, fairness, and energy effi-
ciency.

• MDP formulations capturing fairness, throughput, and energy trade-offs for
UA.

• Algorithms combining optimization and supervised learning for intra-cell
allocation under heterogeneous traffic.

• Empirical validation demonstrating superior performance over conventional
heuristics.

• Frameworks explicitly handling coexistence of eMBB and URLLC users
across temporal scales.

4



1.3. Research Objectives, Contributions, and Thesis Structure

The thesis is organized into two main parts, each devoted to a specific resource
allocation problem:

• Part I: User association. The first part of the thesis addresses the user as-
sociation problem. Chapter 2 introduces the problem setting and reviews the
related literature, and the network and system models are presented. Chap-
ter 3 develops the proposed learning-based solution, combining graph neural
networks with deep reinforcement learning. Chapter 4 presents a decentral-
ized solution for user association considering slot-fairness. In Chapter 5, an
explicit MDP formulation is introduced to incorporate fairness criteria di-
rectly into the decision-making process. This chapter ends with a summary
of our approaches to the UA problem.

• Part II: Intra-cell resource allocation. The second part focuses on
resource allocation within a base station. Chapter 6 discusses the coexistence
challenges of different service types and surveys related work, and ends by
formulating the corresponding optimization problem. In Chapter 7, we apply
the presented formulation to the URLLC and eMBB coexistence problem,
using supervised learning techniques to approximate near-optimal allocation
policies. Chapter 8 finishes this part by presenting experimental results
validating our proposal.

The proposed methods have been validated through peer-reviewed publi-
cations, such as [34–36] for the User Association part and [37] for the intra-cell
resource allocation. To promote transparency and reproducibility, the code used
in the reported experiments is publicly available in open repositories. The study of
the user association problem with a focus on horizon fairness has been submitted to
a journal and is under revision (IEEE Transactions on Vehicular Technology). The
thesis concludes with a synthesis of findings, discussion of broader implications,
and directions for future research.

5



This page has been intentionally left blank.



Part I

User Association: a sequential decision
problem for fair resource allocation





Chapter 2

Old problems, new solutions: looking at
User Association

2.1 Introduction
User association (UA) is a central mechanism in wireless networks. It determines
which connectivity provider—such as a base station, access point, satellite, or aerial
platform—serves each active user at a given time. This decision directly influences
throughput, latency, load balancing, and energy efficiency, and therefore has a
decisive impact on overall network performance and user experience.

Optimizing UA offers substantial gains. By properly distributing users among
available resources, the network can improve spectral efficiency, reduce congestion,
and extend service coverage without additional infrastructure. Efficient associa-
tion decisions also enhance energy utilization, allowing underused nodes to enter
low-power modes while overloaded ones are relieved. From the user side, a well-
designed UA policy leads to fairer service distribution and reduced blocking prob-
ability, which are critical for quality-of-service guarantees in dense deployments.

Yet UA remains a difficult problem. Its difficulty arises from three main factors:

• Combinatorial complexity: the number of possible association configurations
grows exponentially with the number of users and nodes, making exact op-
timization intractable.

• Coupled dynamics: association decisions at one node influence the state and
performance of others through interference and shared spectrum.

• Uncertainty and time variability: user mobility, fluctuating channel condi-
tions, and nonstationary traffic patterns require continuous adaptation.

As we discuss in section 2.2, traditional approaches based on received signal
strength or static biasing fail to capture these interactions. Optimization-based
formulations can yield better results but depend on centralized control and full
network information, which is unrealistic in large-scale or dynamic environments.
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This motivates the search for learning-based, distributed methods that can infer
effective association policies directly from experience, adapting autonomously to
varying conditions.

In this context, reinforcement learning (RL) provides a principled framework
for sequential decision-making under uncertainty. By formulating UA as a partially
observable Markov Decision Process (POMDP), each network agent can learn poli-
cies that maximize a long-term performance metric derived from throughput, fair-
ness, or system utility. Furthermore, the structure of wireless networks naturally
lends itself to graph-based representations, where nodes correspond to serving en-
tities and edges capture physical or logical relationships such as interference or
cooperation. Graph Neural Networks (GNNs) can exploit this structure to learn
scalable, permutation-equivariant policies suitable for decentralized operation.

This first part develops a complete line of work exploring RL- and GNN-based
user association, progressively increasing the realism and scope of the model. After
the introduction and related works, we present the system model and problem
statement. The study advances through four main stages:

• A vanilla formulation for throughput maximization. The initial model as-
sumes that all arriving users must be accepted by one of the serving nodes.
The problem is formulated under the RL framework, and the system learns
to allocate resources to maximize total throughput. This step establishes
the foundation for representing UA as a graph-based learning problem,
demonstrating the suitability of GNNs for distributed value estimation and
decision-making.

• A decentralized slot-fair formulation. Real networks must sometimes reject
users when resources are exhausted. We extend the model to propose a
decentralized implementation and include rejection as an explicit decision
option, represented by a dedicated node connected to all others. This modi-
fication allows the system to balance efficiency and stability under congestion
while preserving the graph structure. The formulation introduces slot-time
fairness, ensuring equitable service distribution within short scheduling in-
tervals.

• An average a-posteriori fairness-aware MDP formulation. The final stage
integrates fairness directly into the MDP design. The fairness term is in-
corporated into the reward and state definitions, producing more balanced
decisions without compromising decentralization or scalability. This for-
mulation considers user histories and long-term service disparities, allowing
each node to learn policies that balance instantaneous efficiency with sus-
tained equity. The approach maintains decentralized learning and remains
robust under nonstationary demand.

Together, these formulations form a coherent framework we call GROWS
(Graph Representation Of Wireless Systems) that evolves from a simple DRL base-
line to a fairness-aware, scalable, and distributed association mechanism. GROWS
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exploits the relational structure of the network to generalize across different deploy-
ments and topologies, while its modular learning process enables easy adaptation
to diverse scenarios.

In this part we also present several implementations of the proposed approach,
comparing architectural choices and evaluating their behavior in simulated and
semi-realistic settings. Experimental analysis includes validation of learned poli-
cies, exploration of emergent properties such as low rejection rates, permuta-
tion equivariance, as well as an application to a Paris-based deployment scenario
demonstrating the framework’s practical potential.

The remainder of this part is organized as follows. In the rest of this chapter,
we analyze related works 2.2 and the problem statement and system model 6.3.
Chapter 3 presents the naive reinforcement learning approach, which is the testbed
for the GROWS framework: combining RL+GNN for user association. Chapter
4 introduces a decentralized implementation for slot fairness. Finally, chapter 5
presents the complete MDP formulation for fairness inclusion along an implemen-
tation under the GROWS framework. The chapter ends with a summary on our
approaches to UA, closing this first part.

2.2 Related Works
User association has long been a central challenge in wireless networks, influenc-
ing throughput, energy efficiency, and fairness in resource distribution. The rapid
increase in traffic, heterogeneity of base stations, and the emergence of intelligent,
adaptive networks have renewed attention on this problem, which lies at the in-
tersection of optimization, control, and learning. This section reviews the main
lines of research that have shaped UA in modern mobile systems, covering its
traditional formulations, reinforcement learning perspectives, graph-based model-
ing, and fairness considerations both in UA and in reinforcement learning more
broadly.

2.2.1 Approaches to the UA problem
UA has become a recurrent topic in most contemporary surveys of emerging wire-
less networks [38–41], with dedicated surveys emphasizing its relevance and com-
plexity [42, 43]. The problem has been approached from several angles, ranging
from simple received-signal–based heuristics to complex multi-objective optimiza-
tion frameworks where UA interacts with other layers of the system, such as power
control, beamforming, or handover management.

2.2.2 UA in mobile networks
The earliest and still widely used approach to UA is received-power maximization,
where each user connects to the base station (BS) offering the strongest signal.
To mitigate load imbalance, biasing strategies were introduced, effectively mod-
ifying the received power metric to favor underloaded cells [42, 44]. Despite the

11
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rise of learning-based methods, heuristic approaches remain competitive for their
simplicity and speed [45,46].

As networks evolved, UA began to be treated explicitly as an optimization
problem. Several mathematical frameworks emerged, such as combinatorial opti-
mization [47], game theory [48–50], and stochastic geometry [51], each emphasizing
a different aspect of system structure or uncertainty. A common challenge in these
formulations lies in the discrete or binary nature of association decisions, which
often results in non-convex objective functions. Researchers have proposed a range
of relaxations and approximations to obtain tractable solutions, including prob-
abilistic modeling of user arrivals and loads (often as Poisson processes) [52–54],
constraint relaxation [44, 55], and Lagrangian methods [56], sometimes enhanced
with machine learning for efficient approximation [57,58].

The advent of heterogeneous networks (HetNets), combining macro and small
cells, further complicated the problem by invalidating simple signal-based heuris-
tics [54, 58–60]. This led to an explosion of hybrid formulations where UA is
solved jointly with other system objectives such as energy consumption [59, 61],
unmanned aerial vehicles (UAV) placement [53,55], or beamforming design [60,62].
These problems are frequently decomposed into subproblems or tackled via dual
optimization [44, 55, 62]. Although fairness is widely acknowledged as essential,
some recent works still prioritize spectral efficiency alone [63–65].

2.2.3 DRL and resource allocation
Because UA decisions are inherently sequential and depend on time-varying net-
work states, modeling the problem as a Markov Decision Process (MDP) has be-
come natural. This perspective allows the application of reinforcement learning
(RL) and, more recently, deep RL (DRL) algorithms to optimize long-term perfor-
mance [66]. In these frameworks, each BS or a centralized agent observes system
states—such as channel conditions, load, or interference—and learns policies that
maximize cumulative rewards corresponding to throughput, energy efficiency, or
fairness.

DRL approaches bring flexibility to non-stationary environments, but their effi-
ciency and scalability depend critically on how the MDP is formulated. The reward
structure, state representation, and the degree of decentralization play key roles.
Some proposals train centralized agents with global observability, while others
distribute the decision-making across BSs or users to better reflect real-world con-
straints [58,67]. However, the black-box nature of DRL introduces interpretability
and stability challenges, motivating the use of structured inductive biases such as
graph representations.

2.2.4 GNNs and mobile networks
Graph Neural Networks (GNNs) have recently emerged as powerful tools for mod-
eling wireless systems, where the relationships among nodes (e.g., BSs, users, or
relays) can be naturally represented as graphs. Their ability to capture spatial
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and relational dependencies makes them particularly suitable for problems like in-
terference management, routing, or scheduling [68]. Within UA, GNNs can enable
message-passing–based coordination between BSs, allowing each node to make de-
cisions using local and aggregated information. When combined with RL, they
provide scalable and generalizable policies that adapt to changes in network topol-
ogy or traffic.

2.2.5 Fairness in UA

The definition and integration of fairness into UA is both a theoretical and prac-
tical challenge. Fairness provides a bridge between efficiency—maximizing sys-
tem performance—and equity—ensuring an acceptable distribution of resources
among users. The concept dates back to philosophical and economic formula-
tions, notably the works of Rawls [69, 70], and was later formalized for network
optimization through the notions of proportional and α-fairness [71, 72]. The ax-
iomatic framework of [73] offers a systematic way to embed fairness into utility
functions.

In UA optimization, fairness is often introduced via utility functions that re-
ward balanced allocations, which can be represented as convex optimization prob-
lems. These can be addressed using dual methods [74,75], approximations [76,77],
or learning-based optimization [58]. Other formulations impose fairness constraints
explicitly, ensuring the system does not deviate beyond a predefined unfairness
threshold [75, 78, 79]. Depending on system dynamics, fairness can be enforced
instantaneously (slot-time fairness) or across episodes (horizon- or long-term fair-
ness) [67,75].

2.2.6 Fairness in RL

The incorporation of fairness into RL extends beyond telecommunications. In
MDP settings, fairness can be encouraged through reward shaping, which modi-
fies immediate rewards to align with equitable outcomes [80–83], or through loss
shaping, where the learning objective penalizes unfair behaviors [84]. Surveys
such as [85, 86] summarize various strategies for embedding fairness into learning
systems.

Advanced approaches modify the structure of the MDP itself. For instance, [87]
introduces a feedback-MDP to track deviations from fairness, while [88] adapts
the actor–critic framework to account for long-term fairness, addressing the mis-
match between short-term rewards and fairness objectives. State-augmentation
techniques have also been explored [89, 90], where fairness-related information is
encoded directly into the state or the value function. When fairness is formulated
as a constraint, constrained or safe RL methods [62,91,92] are employed to ensure
compliance during learning.

13
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2.2.7 Summary and positioning of this work
Our approach builds upon these developments but aims to simplify and unify them.
Rather than performing reward engineering, state augmentation, or architecture-
specific modifications, we focus on a careful formulation of the MDP itself, such
that fairness arises naturally from the reward aggregation process. The proposed
model extends traditional UA settings by incorporating user departures, decentral-
ized BS policies, and the explicit possibility of rejecting users. This enables a decen-
tralized yet fair resource allocation process solvable through standard Q-Learning
and DDQN algorithms. We validate both a classical neural and a graph-based
GNN implementation, showing that the MDP structure itself enforces efficiency
and fairness, aligning with the goals identified across the literature.

2.3 User Association in 5G and beyond
Let us briefly describe how user association operates in mobile networks from
4G/LTE onward. When a mobile user (user equipment, UE) attempts to connect,
it measures the signal quality of candidate cells. The relevant indicators are the
Reference Signal Received Power (RSRP), the Received Signal Strength Indicator
(RSSI), and the Signal-to-Interference-plus-Noise Ratio (SINR). Each base station
typically serves multiple cells, each corresponding to a distinct antenna sector or
beam. Based on these measurements and its own policy, the network selects the
serving cell and instructs the UE to attach to it.

Signal quality determines the modulation and coding options available, and
thus the achievable rate per time-frequency resource unit. While RSRP is typ-
ically used for cell selection, in our work we will consider the SINR because it
directly determines the Channel Quality Indicator (CQI), from which the base
station selects the modulation and coding scheme (MCS) that defines the bit rate
of each time–frequency resource unit. Our time-frequency resource unit will be the
physical resource block (PRB, or just RB), as it is the minimum scheduling unit,
defined as a set of frequencies over a time lapse. In 5G-NR, the PRB is formed by
12 subcarriers during a time slot. Note that both the subcarrier bandwidth and the
time slot duration depend on the numerology: there are 5 different possibilities,
ranging from 15kHz to 240kHz, and from 1 ms down to 0.0625 ms.

The connection (or association) policy, which is the object of our studies, is
usually implemented through a biased maximization of the signal quality indica-
tors, subject to minimum-level constraints. A second policy, executed within each
base station, governs resource allocation among already-connected users. In this
first part we address the association problem (user–base-station assignment) and
defer intra-cell resource allocation to the second part of the thesis.

2.4 System Model and Problem Statement
We will now introduce the system model and problem statement: how are we going
to describe what we know, and what are we looking to optimize.
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?
?

?

Figure 2.1: We consider the system formed by the available base stations to the arriving user.

Let u ∈ N be an index representing a set of users that arrive to the system
at time tiu. Time can be either discrete (slotted) or continuous, although we will
assume the former for clarity. The system consists of a set of base stations indexed
by b ∈ {0, . . . , N}, and the problem is choosing to what base station each incoming
user will connect to, if accepted (index b = 0 will denote a rejection). While base
stations positions and capacity is fixed, users’ loads and positions are randomly
picked, and their maximum rates with each base station is therefore also stochastic.
Furthermore, we will assume that no handover is possible and users are static, so
that this choice will be definitive throughout the complete connection of user u.
This is a reasonable assumption when users have relatively short connections.

Users arrive with a certain load lu that they want to transmit. If the user
is connected to base station b at time t, it will obtain a rate of rub (t) during that
time-slot (i.e. their pending load will decrease by rub (t) per slot), which will depend
on the SINR between b and u, but also on the other users concurrently served by
base station b. As base stations have a finite set of resources to distribute, the
achieved user rate will depend on the number of connected users and the policy in
use (e.g. round-robin or equally shared spectrum). Once the pending load goes to
zero, the user disappears and the corresponding time will be denoted as teu.

We will observe a certain time-window [0, T ] where a sequence of users U =
{0, . . . , U} entered the system (i.e. 0 ≤ tiu ≤ T for u ∈ U), and we define a so-
called performance function f(B) which measures how good was the corresponding
sequence of chosen base stations for each user B = {b0, . . . , bU}. The problem then
becomes:

max
B∈{0,...,N}U

f(B)
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Note that any constraint on the system may be easily included in the perfor-
mance function; e.g. if a certain sequence of decisions leads to a number of users
connected to a base station that surpasses its capacity, then f(B) = −∞. However,
it is practical to sometimes include these as constraints in the optimization prob-
lem. In this thesis, we will consider a constraint regarding the maximum number
of connected users per base station.

We also dismiss (for now) the study of the internal resource distribution policy,
which we denote as Φ(b, t). The actual throughput achieved by user u will be a
function of both the user association and the internal distribution policy. This
policy can be implemented through proportional shared spectrum, round robin,
proportional fair, or other. For simplicity to tackle the UA problem, we assume
from now on that this policy is (a) the same for all base stations, and (b) only
dependent on the number of users (and not on their rates, for instance). Although
we will not specify it, this policy can be viewed as a restriction on our optimization
problem.

We will leave in a parenthesis the choice of the performance function, as in the
next sections we will consider different optimization goals. From a practical point
of view, the problem we strive at solving is sequential. That is to say, we have
to decide to which base station (if any) connect each new user as they arrive to
the system, and to take each of these decisions we can only observe the current
(or past) state of the system. The optimal policy for this problem is, however,
computationally intractable. Even in simplified user association models, finding
the assignment that maximizes a global utility is known to be NP-hard [54], as
it resembles variants of multi-dimensional knapsack, scheduling, and partitioning
problems. Moreover, the state space grows combinatorially with the number of
users, their loads, their channel conditions, and the occupancy of each base sta-
tion. Exhaustively evaluating all possible association sequences B quickly becomes
impossible even for moderate system sizes, since the number of feasible trajecto-
ries over a time window scales exponentially. As a result, exact optimization or
dynamic programming approaches are not practical, which motivates the use of
approximate, data-driven strategies better suited to the sequential nature of the
problem. Such problems can be formally stated and studied within the framework
of Markov Decision Processes (MDPs) and Reinforcement Learning (RL).

Remark 1 (On the user association model) Although the most direct appli-
cation of this user association modeling is in next-generation cellular networks,
which combine adaptive resource management with large-scale deployments, the
proposed framework can be extended in a straightforward manner to other net-
worked systems, such as Flying Ad-Hoc Networks (FANETs), as demonstrated
in [35]. Moreover, our model naturally supports decentralized execution, which is
essential in large-scale and highly dynamic networks as FANETs where centralized
coordination is impractical or incurs prohibitive signaling overhead.

In the next chapter we start by introducing a naif approach to applying re-
inforcement learning to the user association problem. We develop a simple yet
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functional RL-framework with which we are able to adapt well known algorithms
to find suitable policies, and we build a first graph representation that exploits the
benefits of graph neural networks to approximate the large state space.

Later, in chapter 4, we develop a more sophisticated modeling, in which our
system’s actions allow for strategic user rejection and achieve decentralized execu-
tion, and modify the RL definitions to tackle slot-time fairness.

We enhance our RL framework in chapter 5 in order to account for a more
comprehensive fairness definition. We formalize the MDP underlying our system’s
state evolution and define a reward collection process that integrates fairness into
the RL without the need for reward engineering or specific algorithm tailoring.
We finish this chapter and close this first part by summarizing our proposals and
discussing some design choices.
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Chapter 3

A naif Reinforcement Learning
approximation

As we presented in the last section, we are looking for a series of actions that maxi-
mize a performance function. These problems can be addressed through Reinforce-
ment Learning, which we will formally introduce next. Reinforcement Learning
refers to a family of learning algorithms belonging to the machine learning world,
in which an agent learns from interactions with the environment, choosing actions
and receiving feedback (reward). By balancing exploration (new actions) and ex-
ploitation (known actions with high returns), the agent is able to learn from trial
and error a series of actions in order to maximize the achieved reward through
time.

Environment

Agent

state reward action

Figure 3.1: Classic RL interaction: the agent observes the environment’s state, takes an action,
and receives a reward, observing the environment’s evolution to the next state.
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Reinforcement Learning: a (micro-)Introduction

As seen in figure 3.1, we consider an agent taking action At over an environ-
ment in a present state St, which results in an update of the environment’s
state St+1 and a reward Rt for the agent. The RL framework requires the
agent-environment system to be defined by the elementsM = (S,A, P,R, γ):
state, action, transition, reward and discount factor.
A policy establishes the correspondence between state and action: π(s) = a if
deterministic, or as a probability over actions if stochastic: π(a|s) = P (At =
a|St = s).
The RL goal is to find the policy that maximizes our cumulative return.
Usually, the target is the discounted cumulative reward Gt.

Gt = Σ∞
k=0γ

kRt+k+1.

Given the stochastic nature of the problem, we whish to maximize its expec-
tation following policy π. We denote by Vπ the state-value function following
policy π and by Qπ the action-value function following policy π:

Vπ(s) = Eπ[Gt|St = s].

Qπ(s, a) = Eπ[Gt|St = s,At = a].

These value functions can be optimized by updating an initial policy through
one of Bellman’s equations, as the action-value function for policy π, defined
as [93]:

Qπ(s, a) = Eπ

[
Σ∞
k=0γ

kRt+k+1|St = s,At = a
]

which can be updated until convergence following the rule given by the opti-
mality equation for the state-action value function:

Qπ(s, a) = r + γQπ(s
′, π(s′))

The mathematical structure guaranteeing convergence of RL algorithms re-
quire that the environment’s state evolution satisfies the Markov property, that is,
it can be represented as a well-defined Markov Decision Process (MDP). As we will
see in chapter 5, MDPs can grow very large in order to fully represent the environ-
ment’s state. This is challenging as RL needs exploration, for which states have
to be visited and revisited, which is unfeasible for a large MDP. There are several
approaches to cope with this complexity: some methods learn or approximate the
state representation by using parametric models expected to extend to unvisited
states; others operate under partial observability; and model-free methods avoid
learning a transition model and rely only on observed states, actions, and rewards.
A very interesting discussion on whether full-state representations are necessary,
and on the central role of the reward signal, is given by [94] and its responses [95].

In our approach to the user association problem, we address the aforemen-
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Figure 3.2: System model. We consider at most one arrival at each time-step. The choice of
which base station associates with the currently arrived user is the action. After executing an
action, a new state is observed and a reward is obtained. The GNN, introduced further ahead,
approximates the action-value function.

tioned challenges using a Partially Observable Markov Decision Process (POMDP)
framework. In a POMDP, the underlying system state evolves according to a well-
defined Markov process, but the agent has access only to partial observations of
this state. This reduction in state information generally leads to the loss of theo-
retical guarantees for optimality [93]. Nevertheless, reinforcement learning agents
are still able to learn stable and effective policies in practice. Through the explo-
ration–exploitation trade-off and the reward signal, the agent iteratively updates
its policy to maximize the expected cumulative discounted reward, potentially
converging to a suboptimal but robust solution.

In our case, and as a first exploration, we focus on building a reinforcement
learning framework that will enable tackling our user association problem. Our
RL model is then schematized by figure 3.2, and we next define the state s, action
a, reward r, transitions P and discount factor γ.

We start by defining the system’s state s. We consider a combination of the
incoming user’s characteristics and the base station’s states: in the base stations
we carry information of past arrivals and actions, and with the incoming user’s
information we complete the system state.

We describe the applicant’s characteristics by including the rate per physical
resource block rub with each candidate base station b, and a certain load lu to be
satisfied. As the user’s position is randomly selected, the signal quality indicators
(depending on the signal strength with each base station) is random, and therefore
the achievable rate is also stochastic. The load is randomized as well, which makes
the user’s contribution to the state completely stochastic.

Remark 2 (On knowing the user load) Although very used in the literature,
the inclusion of the users’ load into the state might be subject of discussion. In 5G,
users do not advertise explicitly their expected load during connection for uplink,
but nevertheless base stations do infer resource demand through the Buffer Status
Report (number of queued bytes for transmission). For downlink, the base station
already knows the load to deliver.

21



Chapter 3. A naif Reinforcement Learning approximation

For each base station b, we define the state sb(t) as the number of connected
users (nb(t)) and their averaged rate (r̂b(t)). We thus have that the state st is
constituted by the following 2 + 2×B dimensional vector1:

st = [rub , lu] ∥
N
b=1 sb(t)

sb(t) = [nb(t), r̂b(t)]

Although one could consider this state representation as too simple (i.e. miss-
ing out important information), it will be handy to consider a low dimensional
state space to begin developing our solution.

As rejections will not be allowed in this first model, the action a is to select
one of the possible base stations, a ∈ [1, ..., B]. Please note that not every time
step involves actions: they may or may not occur, depending on the arrival of a
user. To prevent adding further confusion to the system, we include the decision-
making in the state, by setting the demand to 0 for the time steps on which no
user arrives. In this case, only one course of action is available: when no users
arrive there is no action to be taken, only updating the system’s state.

Transitions occur as depicted in figure 3.2: the base station’s descriptors
have to be updated to include the action taken (+1 on the number of associated
users, new average rate), and the effect of departures (−n on the number of users
associated for n users’ demand being satisfied). Each time step will update the
incoming user’s rate and load in the event of a new arrival. Note that transitions
are deterministic over the base station’s features given the action a and the state
s, but stochastic for the new user’s features. If no user arrives (and therefore no
action is taken), the transition is deterministic.

Finally, the reward r is defined as the instantaneous utility of executing an
action for a given state. Following the literature [88,96], and as a means to promote
fairness in the distribution of resources, we take as utility/reward the log-sum of
the user’s rate, rt =

∑
b

∑
u log(1 + rub (t)). We will discuss with more detail the

reward function in the following chapters.

The parameter γ ∈ (0, 1) is the discount factor. It controls the relative im-
portance of future rewards with respect to immediate ones, allowing the decision-
maker to trade off short-term and long-term performance. From a theoretical
perspective, the discount factor is also essential for the convergence of many rein-
forcement learning algorithms, as it ensures that the expected discounted cumula-
tive reward is finite and bounded.

Some final comments are in order for the system to be completely defined.
First, the system has no queuing of users: we can only accept the incoming user,
except if no resources are available (i.e. at least one physical resource block).
Secondly, even if the model is presented as sequential on the arrival of users, this
isn’t a far fetched simplification: to have users arrive exactly at the same time
is a more unrealistic situation. Third, the episode is defined as a certain (fixed)
number of steps. Last, we can limit the complexity of our action and state spaces by

1We utilize the symbol ∥ to represent vector concatenation.
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considering only the k base stations with available resources and higher normalized
rate, as in [97].

Summarizing, the RL formulation considered in this work is an episodic, dis-
counted, infinite-horizon POMDP with stochastic transitions and discrete under-
lying state and action spaces.

3.1 Approximating the optimal User Association policy
We described the action-value function in our very brief RL introduction above: it
relates the policy π our agent follows with our expected cumulative return. We will
now develop on the policy optimization: how do we explore actions and use this
information in order to make better choices on the future. We start by refreshing
the definition of Qπ(s, a):

Qπ(s, a) = Eπ

[ ∞∑
t=0

γtrt

∣∣∣∣ s0 = s, a0 = a

]
In order to find the optimal policy, the agent updates an initial random policy

through one of Bellman’s equations. In our case, as we consider Qπ, the Bellman
equation for the action-value function is defined as [93]:

Qπ(s, a) = R(s, a) + γ
∑
s′∈S

P (s′|s, a)
∑
a′∈A

π(a′|s′)Qπ(s
′, a′)

Which leads to the Bellman optimality equation for the Q-value function:

Q∗(s, a) = R(s, a) + γ
∑
s′∈S

P (s′|s, a)max
a′∈A

Q∗(s
′, a′)

In tabular reinforcement learning methods as Q-learning, the action–value
function is updated according to the Bellman optimality equation,

Q(s, a)← Q(s, a) + α

[
r + γmax

a′
Q(s′, a′)−Q(s, a)

]
When the state and action spaces are finite and sufficiently small, so that all

state–action pairs are visited repeatedly, this update rule is guaranteed to converge
to the optimal action–value function under standard conditions on exploration and
learning rates, thereby yielding an optimal policy.

When dealing with large state spaces in which revisiting all possible states is
infeasible, standard approaches such as Deep Q-Networks (DQN) rely on function
approximation of the action–value function. In this setting, the Q-function is
approximated by a parametric model Q̂(s, a; θ), typically implemented as a neural
network with parameters θ learned from data.

Because the agent operates on an approximated and reduced representation
of the state space, the theoretical guarantees of convergence to the optimal ac-
tion–value function are generally lost. Nevertheless, by iteratively updating the
Q-function to maximize the expected reward, DQN-based algorithms are able to
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Chapter 3. A naif Reinforcement Learning approximation

converge in practice to stable policies, which may be suboptimal but are often
effective in complex environments.

In our case, as explained previously, we do not whish to keep track of the
complete state, so we consider our system to be a partially observed MDP and learn
the Q-function from a simpler state representation. This leads our approximation
to its final form:

Q∗(s, a) ≈ Q̂(ŝ, a; θ∗) (3.1)

Our goal is to approximate the optimal policy through Deep Reinforcement
Learning. We adopt deep neural networks as function approximators, and in
particular employ a Graph Neural Network to model the structured interactions
among base stations and users. This results in a DRL algorithm capable of cap-
turing both the sequential nature of the decision process and the underlying graph
topology. The architecture and training methodology are detailed in the next
sections.

3.1.1 Algorithm Design
As stated, we refer to our combination of DRL+GNN for UA as GROWS. GROWS
is based on the classic Double DQN reinforcement learning algorithm [98], an ex-
tension of Deep Q-Learning that uses two Q-functions to stabilize learning: a pre-
dictor and a target. The predictor network is updated more often, while the target
network is updated more slowly. This decoupling of action selection and value es-
timation reduces the overestimation bias that occurs when both are computed
with a single network, yielding more accurate Q-value targets and a more stable
value-based learning process that improves convergence. A simplified pseudo-code
of our algorithm can be found in Algorithm 1.

Integration with the GNN is inspired on previous work [97, 99]. The goal of
the GNN is to learn how to best approximate the Q-function, an estimation of the
value-action function for the RL problem. It is important to notice that training
and execution are done separately: once the GNN is trained, prediction of the Q-
function according to the state and possible actions can be done instantly. We will
now develop on the use of Graph Neural Networks as Q-function approximator.
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3.1. Approximating the optimal User Association policy

Algorithm 1 Simplified Double DQN pseudo-code

Initialize predictor network Q̂(s, a)
Initialize target network Q̂−(s, a) with Q̂−(s, a)← Q̂(s, a)
Initialize replay buffer
for episode e do

while not done do
User arrives, state s
if ϵ-greedy exploration then

Sample random action a
else

a = argmaxa Q̂(s, a) ▷ selection: predictor
end if
Observe reward r and next state s′

Store (s, a, r, s′) in replay buffer
if update step then

Sample batch {(si, ai, ri, s′i)} from replay buffer
For each sample:

a∗i = argmaxa′ Q̂(s′i, a
′) ▷ selection: predictor

yi = ri + γ Q̂−(s′i, a
∗
i ) ▷ evaluation: target

Update Q̂ by minimizing (yi − Q̂(si, ai))
2

end if
if target update then

Q̂− ← Q̂
end if

end while
end for

3.1.2 A first Graph Representation

Graph Neural Networks (GNN) have attracted significant attention since their
early formulation in [100] due to their ability to exploit the relational structure
of graphs for distributed information exchange and representation learning. They
support decentralized computation, naturally handle variable-sized and irregular
topologies, and generalize well to unseen configurations. In this thesis we consider
the Graph Convolutional Networks (GCN), a specific class of Graph Neural Net-
works. Conceptually, a GCN is composed of a sequence of layers in which each
layer applies a graph filter, responsible for aggregating information from neighbor-
ing nodes, followed by a nonlinear activation.
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A quick introduction to Graph Convolutional Networks

Consider a graph for which each node has an associated vector xi ∈ Rd (for
i = 1, . . . , N), which may regarded as the input features. Making the analogy
to discrete-time convolution, a first-order convolutional layer for a GNN may
be obtained as follows [101]:

x′
i = σ

ΘT
∑

j∈Ni∪{i}

Sj,ixj

 , (3.2)

where x′
i ∈ Rd′ is the output of the layer, σ(·) is a point-wise non-linearity

(e.g., the ReLU function), Θ ∈ Rd×d′ is the learnable parameter of this layer,
Ni is the set of neighbors of node i, and Si,j is the i, j entry of matrix
S ∈ RN×N , the so-called Graph Shift Operator (GSO). This is a matrix
representation of the graph, which should respect its sparsity (i.e. Si,j ̸= 0
whenever there is an edge between nodes i and j). The adjacency matrix of
the graph, its Laplacian or their normalized versions are all valid GSOs.
Note that in (3.2) each node needs to linearly combine the vectors of its neigh-
bors only. As we concatenate K such layers, the final vector representation
of node i (i.e. the output of the GNN) will depend on its neighbors up to
K hops away. This observation implies that a GNN may be implemented
in a fully-distributed way, as long as an edge in the graph means that the
corresponding pair of nodes can communicate.
We may be more general and build higher-order filters. Let us stack all nodes’
vectors xi into matrix X ∈ RN×d, which is called a graph signal. The matrix
product SX = Y results in another graph signal, corresponding to the first-
order convolution we used in (3.2) (albeit without parameter Θ, which we
will include shortly). By writing SKX = S(SK−1X) we may see that in this
way we aggregate the information K hops away. Again, although it requires
K rounds of information exchange, this operation may be performed without
intervention of a central entity.
Finally, a general graph convolution is defined simply as a weighted sum of
these K signals (i.e.

∑
k S

kXhk, where scalars hk are the taps of the filter). In
this context, parameter Θ in (3.2) is interpreted as a filter bank. That is to
say, by considering a d×d′ matrix Hk instead of the scalar taps, a single-layer
GNN (or graph perceptron) is obtained by applying the pointwise non-linear
function σ(·) to this convolution [102] [103]:

X′ = σ

(
K−1∑
k=0

SkXHk

)
, (3.3)

whereas a deep GNN is constructed by concatenating several perceptrons.
Note that a bias may be easily included by adding a matrix b ∈ Rd′ .
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User state:
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Mobile user
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Average rate
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SINR w/base station
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Figure 3.3: Graph representation of the system. Nodes represent base stations, and edges
represent connections between these base stations. Each node signal is composed of the base
stations’ state and the incoming user’s load and rate.

For the graph representation, at each decision time we construct a graph whose
nodes correspond to the base stations involved in evaluating the newly arrived
user. Edges represent exchanges between base stations. Because the considered
5G scenario assumes negligible backhaul cost, all base stations can freely exchange
information, resulting in a fully connected graph. As illustrated in Fig. 3.3, the
state associated with each node comprises both the current state of the corre-
sponding base station and the features describing the user relative to that base
station.

An interesting remark has to be made about the graph. When a user has strong
enough signal with all base stations, the graph resulting is just the k possible nodes
connected among themselves. But as the system evolves and base stations start
to be depleted of resources or the new user only sees a few base stations, the
graph will be taking different shapes. This evolving graph representation provides
adaptability to different scenarios, all while allowing for the information passing
between neighboring nodes, a key aspect of GNNs.

For the GNN model, we adopt the LocalGNN architecture proposed in [104],
which implements the graph convolutional network (GCN) introduced earlier. A
key property of this architecture is that the output associated with each node can
be computed using only information from its k-hop neighborhood through localized
message passing. This locality enables scalable and decentralized execution of the
proposed algorithm. In Chapter 4 we enhance our proposal to fully profit its
decentralized capabilities.

A final merge of the Q-function prediction for choosing which base station
serves the user has to be made. This can be either decentralized (by exchanges
between the base stations of their expected Q-function values), or centralized (if
a single entity receives the states updates and calculates the maximum expected
reward for the possible actions).
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3.2 Validation of the GROWS Framework
In the follow sections we describe two sets of experiments: a small mobile network
topology and a Flying Ad-hoc Networks deployment. For the sake of reproducibil-
ity we share this first implementation, see gitlab.fing.edu.uy/mrandall/grows.

3.2.1 A simple experiment with 3 base stations
Baselines

To evaluate the behavior and performance of this first version of GROWS in a
mobile network use case, we use synthetic scenarios simulating 5G networks. As
explained before, the goal is to learn a UA policy which maximizes the log-sum
of the users’ rate, potentially improving the overall system utility as compared to
certain baseline policy. As stated, the optimal policy is intractable: the problem is
NP-hard and the number of states grows too fast to run a search over all possible
decisions. For this reason, UA in current mobile networks is generally done through
a simple heuristic, selecting the BS with the highest signal strength. We refer to
this policy as an argmax policy, and we will consider it as the baseline. Even
if simple, this strategy achieves good performance, and is usually considered as
baseline in the field [54, 105–111]. We will compare GROWS against this simple
policy, representing the currently followed strategy.

In order to address the UA problem through a pure RL approach, and compare
GROWS against a tabular Q-learning baseline, we consider a small scenario. In
such settings, Q-learning can approach the optimal policy when states and actions
are sufficiently explored, providing a meaningful reference point for evaluation.
However, this method becomes infeasible in more realistic scenarios, where the
number of states grows rapidly and cannot be enumerated or stored. In contrast,
the DRL approach used by GROWS remains viable, as the deep function approx-
imator scales to large state spaces. This comparison in controlled environments
thus highlights both the accuracy and the scalability advantages of GROWS over
classical tabular RL.

Experiment settings

We simulate a 5G network in which we consider that base stations are intercon-
nected through a backhaul. The scenario consists of three base stations, each
disposing of 5 physical resource blocks. At each time step t, a user arrives with
probability p. We will compare the algorithm’s performance with values from the
set p ∈ {0.5, 0.7, 1}. Users have three possible downlink demand values to be sat-
isfied: low (2 Mbits), medium (10 Mbits), and high (20 Mbits). These load values
are taken following a probability distribution, with which we can impose either
heavier or lighter demands.

Users are associated with a discrete set of achievable data rates for each base
station, that are determined by the received SINR and physical layers choices, as
explained in section 2.3. In this very first approximation to our problem, we sim-
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plify the synthetic scenario by establishing a set of possible rates and randomly
picking the resulting rate with each base station. We define probabilities for each
possible rate, and one of the base stations has a slightly better chance to provide
a higher rate to incoming users. As we advance in our experiments on the next
chapters, synthetic users will be generated with geographically grounded location,
and their possible data rates will be estimated through classical wireless communi-
cation formulas. For now, we consider four possible per-PRB data rates: 360 kbps,
720 kbps, 1.08Mbps, and 1.44Mbps.

Episodes consist of T = 40 time steps. Action selection follows an ε-greedy
exploration-exploitation strategy, with exploration emphasized during the first
40,000 episodes and exploitation during the final 10,000 episodes, according to
an exponentially decaying ε.

The hyperparameters of the LocalGNN model are tuned by grid search, result-
ing in a learning rate of 10−4, a batch size of 32, and a lightweight architecture
composed of two graph convolutional layers each considering information from
1-hop neighbors, with which we obtain a prediction per node. The hyperbolic tan-
gent is used as the pointwise nonlinearity, and to mitigate vanishing or exploding
gradients, the GCN inputs are normalized.

The policy network is updated every 20 steps, while the target network is
updated every 200 steps, using an experience replay buffer containing 1 × 104

samples. The discount factor is set to γ = 0.5 to accelerate convergence in this
simplified experimental setting. The Q-learning update employs a learning rate
of 0.5. Finally, the action-value function is initialized to zero and policies are
initialized randomly for all reinforcement learning algorithms.

Experiment analysis
To analyze how GROWS behaves in different user/traffic conditions, we simulate
different network-load scenarios, varying the average user load (D) and the arrival
rate (p). We assess performance in terms of the mean utility and the mean num-
ber of user rejections realized for the different experiments, comparing the three
different approaches: baseline (B), Q-learning (Q), and GROWS. Results are
summarized in Tables 3.1 and 3.2. For the small topology and experimental set-
tings, the Q-learning policy is able to explore the system states enough to improve
utility, but the GROWS algorithm still achieves better results for many scenar-
ios, meaning the GCN was able to learn a good approximation of the Q value
function. When demand is low, there are very few rejections, and all algorithms
achieve similar results. However, as mean demand increases, GROWS is able to
increase the gained utility over the baseline, proving its ability to handle traffic
over more stressed situations. Regarding both mean utility and user rejection, ei-
ther GROWS or the Q-learning fare better in almost all scenarios. In some cases,
GROWS is able to reject a 20% less of users.

It is interesting to observe that the pure Q-learning algorithm is able to achieve
better results (i.e. find a closer to optimal policy) as p grows. More frequent
arrivals involve more actual decisions per episode, thus a higher exploration and a
better approximation to the optimal Q-function. When the exploration over visited
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Mean Utility per Episode

p = 0.5 p = 0.7 p = 1

D Q B GROWS Q B GROWS Q B GROWS

6 2.67 2.64 2.70 2.94 2.86 2.92 3.39 3.15 3.24

8 2.81 2.73 2.87 3.07 2.93 3.08 3.50 3.20 3.42

10 2.86 2.76 2.80 3.15 2.96 3.16 3.56 3.21 3.54

12 2.92 2.77 2.95 3.19 2.96 3.23 3.57 3.21 3.55

14 2.92 2.78 2.99 3.20 2.95 3.20 3.57 3.21 3.52

Table 3.1: Mean utility per episode for different experiments, varying average demand (D) and
arrival rate (p).

Mean Number of Rejected Users per Episode

p = 0.5 p = 0.7 p = 1

D Q B GROWS Q B GROWS Q B GROWS

6 0.01 0.01 0.01 0.25 0.26 0.34 2.86 3.12 2.65

8 0.08 0.09 0.09 0.99 1.07 1.10 5.59 5.63 5.35

10 0.24 0.26 0.21 1.93 2.00 1.77 7.04 7.32 7.03

12 0.45 0.52 0.48 2.75 2.86 2.66 8.34 8.38 8.17

14 0.69 0.83 0.63 3.44 3.62 3.38 9.15 9.08 9.13

Table 3.2: Mean user rejections per episode for different experiments, varying average demand
(D) and arrival rate (p).

states is not enough, our GNN implementation achieves better results, meaning a
better approximation to the optimal policy.

Figure 3.4 reports the obtained results in terms of utility for one of the ex-
periments (p = 0.5 and average demand D = 14), where the cumulative reward
is averaged every 300 episodes. For a better visualization and interpretation of
results, utility is normalized to a random UA policy, where users are assigned to
BSs randomly; this means that a value of 1 on the normalized utility is equiva-
lent to a random UA policy. Results are encouraging: this version of GROWS
learns a policy that outperforms the argmax heuristic significantly (by more than
10% in this set up). During the first episodes, exploration is still dominant for
both GROWS and Q-learning, and the greedy exploration/exploitation policy is
strongly noticeable. After 1,000 episodes, GROWS learns a better UA policy with
the same exploration as Q-learning, suggesting it was able to quickly approximate
the Q-value function, as expected.
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Figure 3.4: Already in a small mobile network topology (three base stations) with a simple
traffic demand, GROWS outperforms current UA policies. The more complex the scenario, the
highest the benefits we expect from GROWS as compared to the baseline argmax approach.

3.2.2 Applying GROWS in a distributed scenario: Flying Ad-hoc
Networks

Flying Ad-hoc Networks: FANETs

Consider the scenario where a group of UAV are deployed in order to serve as a
complementary or substitute communication infrastructure (often referred to as
flying ad-hoc networks - FANETs) [112]. In order to satisfy stringent deployment
situations as an emergency backup network (e.g. floods, hurricanes), the optimiza-
tion of available resources plays a key role.

Regarding user association for an UAV deployment, most of the existing work
focus on the problem of UAV placement in order to, for instance, maximize cov-
erage [113–115]. We will assume that this deployment phase has already taken
place and we focus on how to associate users to each UAV base station. In this
case, most existing works propose a centralized scheme or assume complete knowl-
edge of all nodes [112, 116, 117]. On the other hand, the proposal most similar to
ours is the distributed approach based on multi-agent learning described in [111].
However, and very differently to our work, each base station may only use a single
subcarrier per time slot (i.e. only one user is served per slot), a strong restriction
they impose mostly for scalability purposes.

For a FANET deployment, the distributed nature of GNNs is vital to the
algorithm’s implementation: the real advantage of using a graph-based learning
method comes in a scenario where no central entity may be assumed to exist, and
base stations can only exchange information with their neighbors. Actually, all
deployments where the infrastructure is provided by an ad-hoc network fall into
this scenario. We will in this section consider GROWS behavior and performance
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in a Flying Ad-hoc Network (FANET) deployment use case.

The main difference between the 5G deployment and the FANETs use cases is
the graph construction. In a FANET there usually is no central entity or backhaul
‘cost free’ communication among nodes, so the resulting graph will not be the fully
connected graph as in the 5G model. This results in different graphs according to
which neighbors each UAV perceives.

To carry out the experimental evaluation, and very similar than in last section,
we build a synthetic scenario for evaluations. As in the past experiment, we
compare GROWS against the classic argmax policy, representing the currently
followed strategy, and against our classical RL implementation with Q-learning.

Experiment settings

Regarding parametrization of the experiments and testing conditions, the following
list describes the different components. We consider four BSs randomly located
on a plane, with the condition of being each of them connected to at least another
BS; i.e. all UAVs have at least one connection to another UAV.

Regarding user arrivals, at each time step t a new user arrives with probability
p, where p ∈ {0.5, 0.7, 0.9}. Different than in the previous experiment, users are
now uniformly distributed over the plane, subject to the constraint that each user
is within coverage of at least one base station, defined by a minimum downlink
SINR sufficient to support QPSK modulation. As users are now geographically
grounded, their possible rates with each base station will be based on a selected 5G
physical layer configuration, and estimated using the Friis propagation model, as is
standard in these experiments. For this experiments we consider shared frequency
and modulation settings consistent with 4G and 5G systems, namely a 20MHz
bandwidth with 15 kHz subcarrier spacing over a 3GHz carrier, assuming FDD
operation, no MIMO, and ideal modulation without coding overhead. Depending
on the SINR, the selected modulation is QPSK (−95 to −85 dB), 16-QAM (−85 to
−75 dB), 64-QAM (−75 to −65 dB), or 256-QAM (above −65 dB). Each physical
Resource Block occupies 180 kHz, resulting in four possible per-PRB data rates:
360 kbps (QPSK), 720 kbps (16-QAM), 1.08Mbps (64-QAM), and 1.44Mbps (256-
QAM).

As in previous experiments, users have three possible downlink demand levels—2,
10, and 20 Mbits—drawn according to a predefined probability distribution. By
varying this probability distribution we obtain different values of the average traffic
demand for an incoming user, denoted by λ, which takes values in {7.2, 10.4, 14.4}.

Episodes consist of 100 time steps, and action selection follows an ε-greedy
exploration–exploitation policy. Exploration is emphasized during the first 15,000
episodes, after which the policy gradually shifts toward exploitation over the final
5,000 episodes according to an exponentially decaying ε. Hyperparameters are
calibrated using Bayesian optimization implemented via the Optuna library. A
relatively low discount factor, γ = 0.5, is adopted to accelerate convergence in this
experimental setting.
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Figure 3.5: Mean normalized utility per episode for the compared algorithms over different
expected traffic loads and arrival rates. GROWS clearly outperforms both the baseline as the
traditional q-learning algorithm.
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Figure 3.6: Mean rejections per episode for different traffic loads. For the same expected
traffic demand λ, user rejections increase with higher user arrivals (0.5, 0.7 and 0.9), except
for GROWS, which is able to accept almost all users at every episode.

Experiment analysis

To study the operation of GROWS under different traffic loads, we compare results
for different combinations of p and λ. Figure 3.5 reports the obtained results in
terms of utility for nine different UA policies, learned for different traffic loads.
The x-axis corresponds to p × λ, where the cumulative reward is averaged every
50 episodes over the 5,000 exploitation episodes, resulting in 100 values reported
as boxplots.

Additionally, Fig. 3.6 reports the mean number of rejections per episode.
GROWS is not only able to improve utility as compared to the other strategies,
but most importantly, it does so while achieving a close to null rejection rate, even
in highly congested scenarios. The steep curve for each λ value follows the user
arrival rate increase. GROWS realizes an increase of 30% to 50% over the baseline
utility, accepting almost all users, while the baseline has rejection rates up to 50%.

As a remark, the tabular Q-learning algorithm does not perform well in these
experiments. This behavior can be attributed to the rapid growth of the state
space with the number of nodes and resource blocks, which renders exhaustive
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exploration impractical. However, the performance of tabular Q-learning is not
the focus of this study. The algorithm is included for completeness, and was used
in earlier validation stages to test the approximation the Q-function in very simple
experiments, in which the algorithm could effectively revisit all possible states and
actions. Without dedicated hyperparameter tuning or extended training, its lack
of convergence to the optimal policy in this setting is therefore not unexpected.
There is another important reason that explains a slow convergence for our pro-
posed algorithms: since we collect observations and reward at every time slot,
there is potentially misleading information regarding effectively taken decisions
and the system’s transitions. We will address this issue in the next chapter, by
only considering observations on the decision instants.

Figure 3.5 also reveals that utility is mostly dependent on the expected traffic
load λ. Once users arrive and get connected to a BS, utility remains rather stable,
but as traffic load increases, connections last longer and new arrivals are rejected
if no resources are available. Following this reasoning, arrival rates p will have a
great impact in the number of rejections per episodes, which is clearly observed
in Figure 3.6. Indeed, for the same expected load, the rejection rate increases
directly with the increase of arrival rates. GROWS UA policy counterbalances
this performance degradation through a smarter assignment of available resources,
resulting in an almost negligible user rejection rate.

Performance when facing changing traffic loads
An important characteristic for an AI/ML driven system is being able to cope
with co-called Concept Drifts (CDs) in the analyzed data; i.e., modifications in
the properties of the underlying probability distribution. A CD can manifest itself
as a shift in the mean, an increase or decrease in the variance, or even as complete
data modifications. For the specific problem of UA through learning, a desirable
property is being able to handle a significantly higher load of traffic and users, not
seen at training time, where the standard heuristics such as argmax would saturate
(cf. Figure 3.6). For example, traffic load could surge in the event of flash-crowds,
during emergency situations, or even due to major social events requiring higher
connectivity and access resources .

To analyze how GROWS behaves in the event of a strong surge of traffic load,
we explore its application to higher traffic loads not observed at training time.
More specifically, we take the nine UA policies learned for the different values of
p and λ (cf. Figures 3.5 and 3.6), and apply them to a significantly higher user
demand, taking λ = 16.2. For reference, this value represents a traffic demand
surge of ×2.25, ×1.56, and ×1.13 for the UA policies learned with the original λ
values (7.2, 10.4, and 14.4). Figure 3.7 reports the obtained results in terms of
(a) utility and (b) rejections. Note that the x-axis indicates the traffic loads used
in training; i.e., p = {0.5, 0.7, 0.9} and λ = {7.2, 10.4, 14.4}, whereas the actually
tested traffic loads correspond to p = {0.5, 0.7, 0.9} and λ = 16.2.

GROWS is able to properly adapt to the new unseen traffic load, maintaining
utility close to previous results and clearly outperforming the other strategies.
Most importantly, in the event of a surge in traffic load, GROWS rejection rates
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(a) Normalized utility. (b) Rejections per episode.

Figure 3.7: UA performance for unseen scenarios with higher traffic load, taking λ = 16.2.
Note that the average traffic load values (i.e., the x-axis) correspond to the traffic loads used
during training, whereas the actually tested traffic loads are higher. GROWS outperforms the
other strategies in utility, accepting almost every user.

are still negligible, whereas they significantly increase for both argmax and Q-
learning. We conclude that GROWS’ found policy is able to avoid bottlenecks,
even when confronted to unexpectedly high traffic loads, which certainly represents
a desirable feature for any RA/UA strategy. Moreover, this experiment brings to
light the good generalization properties of the GNN model, which learns a stable
policy and extends it over unseen states.

This initial exploratory formulation successfully produces effective user asso-
ciation policies for simple experiments, showing that combining RL with GNNs is
a promising approach for this problem. However, this first formulation relies on
several simplifying assumptions, notably that only with the number of connected
users and their mean rate as base station descriptors it is sufficient to infer a belief
state and Q-function for the system. The underlying MDP/POMDP structure is
not explicitly defined, and even though the RL algorithm used is model-free, there
might be better partial state representations that are still simple and robust, yet
better describe our system’s state and therefore facilitate the learning stage.

As we move forward on our User Association problem, we develop a fully de-
centralized implementation that explicitly incorporates rejection as a valid action.
We adapt the reward definition and the observation gathering process to align
with effective decision instants, and derive the corresponding POMDP and graph
representations to account for these modifications.
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Chapter 4

A fully decentralized user association
scheme

In this chapter, we address the user association problem from a fully distributed
perspective. Our focus is on a setting in which association decisions are taken
locally at user arrival instants, without centralized coordination and with limited
information exchange. This perspective is motivated by scalability considerations
and by scenarios in which global state aggregation is either impractical or unde-
sirable.

To enable decentralized execution, we restrict decision-making to arrival events
and explicitly incorporate user rejection as an available action. These choices lead
naturally to a formulation of the problem as a partially observable Markov decision
process (POMDP) evolving over discrete decision instants. While this abstraction
simplifies the system dynamics, it preserves the sequential structure of the problem
and supports local decision-making based on partial observations.

The resulting framework allows user association policies to be implemented
in a fully distributed manner, making it particularly suitable for large-scale and
dynamic network scenarios.

4.1 A partially observable Markov Decision Process for
Slot Fairness

We still consider the problem of user association in a system with N base stations,
as presented in the previous section. Time is slotted and indexed by t ∈ {1, . . . , T}.
At each time slot t, a user arrives with probability p.

Let u ∈ N denote the index corresponding to the order of user arrivals, and
let tiu and tfu represent the arrival and departure times of user u, respectively.
Each user u is characterized by a random discrete traffic demand lu ∈ N and by a
signal-to-interference-plus-noise ratio (SINR) with each base station b. This SINR
determines an achievable normalized rate per physical resource block, denoted by
r̄ub , for b = 1, . . . , N . Each base station is equipped with a finite number of physical
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resource blocks, denoted by RB ∈ N, which must be allocated among its associated
users.

The first novelty of this formulation is the explicit introduction of user re-
jection. When a candidate user u arrives, the system selects an action au ∈
{0, 1, . . . , N}. If au = b ∈ {1, . . . , N}, the user is associated with base station b; if
au = 0, the user is rejected. Rejection may occur either due to a lack of available
resources or as a deliberate decision of the control policy.

A second key aspect of the formulation is that decisions are taken exclusively
at user arrival times tiu, which we refer to as decision instants. This choice is
motivated by the operational structure of the problem: user association decisions
are only required when a new user enters the system, at which point the user
collects observations from the base stations and selects an action accordingly. As
no decision is taken between arrivals, actions, rewards, and state transitions are
defined only at these decision instants. In particular, the observed state and
collected reward correspond to st = s(tiu), and experience tuples (s, a, r, s′) are
stored only when an effective decision is made. This formulation naturally reduces
the number of decision steps and improves learning efficiency, while preserving the
sequential decision-making nature of the problem.

There are some key aspects to consider in order to be able to switch the MDP
transition times. The most important is the discount factor: a future reward is
discounted per every time slot elapsed from now. But the discount factor’s effect,
helping as it is for convergence, is not necessarily desirable when looking at our
problem at hand: we wish for every user to be taken into account all the same,
wether now or in the future. This would mean a γ = 1, which is actually possible
to establish since we have finite episodes, but makes the simple algorithms we
use very hard to converge. A very interesting article [118] helped us out of this
conundrum: authors prove that a γ sufficiently high makes the optimal policy of
the discounted expected reward maximization equivalent to the one solving the
averaged reward maximization. This ties our problem together: we can still use a
γ < 1 to help our algorithms’ convergence but consider the average reward as our
problem’s target.

We build upon our system state s, still presented as the combination of the
user’s and base stations’ features. We keep the user descriptors, SINR with each
base station and load, but we modify the base stations’ state to account for the
users’ dynamics. As now the elapsed time between observations is not fixed, there
could be high variations of the number of connected users. Yet our past state
definition gave no information regarding next departures. Although not explicit in
our past formulation, user departure has a big incidence on resource distribution.
When our POMDP observation time was every time slot, one could consider that
the probability of having more than one user departing in a single time slot was,
at least, small. The deep learning approximator had to learn the belief of having
a next state in which no user left, a single user left, but the event of having more
than one user leaving was unlikely.

This motivates the inclusion of descriptors that capture the remaining load
or connection time of currently connected users. Accordingly, the state of each
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base station is summarized by the number of associated users and by time-related
statistics of the remaining sojourn times of the connected users, namely their mean
ϵ̂b, variance var(ϵb), and minimum min(ϵb). We then have the base station’s state
sb ∈ R4:

sb(t
i
u) = [nb(t

i
u), ϵ̂b,min ϵb, var(ϵb)] (4.1)

with nb(t
i
u) the number of users connected to base station b on decision instance

u. The complete state is then the combination of the incoming users’ state and
the base stations’ state as described, indexed on decision instant for arriving user
u:

su = s(tiu) = [lu, ru1 , ..., r
u
b ..., r

u
N , ∥Nb=1sb(t

i
u)]

As discussed previously, the transition to the next state su+1 is driven by the
stochastic arrival process and by the action taken at the current decision instant. In
particular, the transition captures the updated number of users connected to each
base station (+1 if the user is accepted) as well as the evolution of the remaining
sojourn times of all connected users under the current resource allocation. One
could argue that only the remaining sojourn times are not enough, since we do not
know the rates of connected users, but this information will be obtained through
the reward collection, as we show next.

Let us then switch over to the reward in order to impose Slot Fairness [67],
where the objective is precisely to ensure fairness at each time-slot. Recall that our
problem statement was to maximize a utility function of the association decisions:

max
B∈{0,...,N}U

f(B)

The objective of the system is the same as in the previous chapter: rate max-
imization under a slot-fairness criterion. We then consider a per–time-slot per-
formance function f , which depends on the rates achieved in a single time slot
t, that is, on the set {rub (t)} for all users u active at time t. Typically, f is de-
fined as a sum over all active users at that time slot, namely those users u such
that tiu ≤ t ≤ tfu. The overall goal is to maximize the long-term average of this
per–time-slot performance function; that is to say:

max
B∈{0,...,N}U

1

T

T∑
t=1

f((rub (t))u:tiu≤t≤teu
) = max

B∈{0,...,N}U
1

T

T∑
t=1

∑
u:tiu≤t≤teu

f(rub (t)) (4.2)

where we have abused the notation by using f for the per-slot performance
function and its form as a sum over all active users. The idea is that f(x) in the
right-hand of Eq. (4.2) should be concave in order to represent the diminishing
returns principle, although other ways of justifying this form are possible [72].
This utility function could be any desired fairness function the ones defined by the
α-fair family of functions. We will further develop on these functions in the next
sections, for now we consider log(1 + rv(t)) with rv(t) the rate for user v, and we
base this utility and reward formulation on [119].
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Observe that from [118], a discount factor γ close enough to 1 leads to finding
the same policy for the expected discounted cumulative reward and the expected
average reward:

argmax
π

E
[ 1
T

T∑
t=1

f((rub (t))u:tiu≤t≤teu
)
]
= argmax

π
E
[ T∑
t=1

γt
∑

u:tiu≤t≤teu

f(rub (t))
]
(4.3)

We have so far presented a per-time-slot function f , but different than in our
previous formulation, reward collection now occurs only on decision instants, and
not on a per-time-slot basis. We therefore define the instantaneous reward of
the system as the mean utility achieved for connected users between this decision
instant and the following, after taking action au.

Ru+1 =
1

tiu+1 − tiu

∑
v∈U/tfv>tu

∑
t∈[tiu,tiu+1]

log(1 + rv(t))

Similar to chapter 3, we want to find the policy that maximizes the expected
discounted cumulative reward, for which we use the Q-learning paradigm and the
Double DQN algorithm described in 1.

This set of definitions is sufficient to apply the GROWS framework. As in the
previous chapter, our objective is to learn a policy that maximizes the expected
discounted cumulative reward, which can be achieved using Algorithm 1. Unlike
the previous formulation, the modification of the action space entails a correspond-
ing change in the graph representation, which we describe in the next section. The
approximation to the Q-function will still be achieved through the use of GNN,
but also a classic Fully Connected Neural Network (FCNN) will be developed for
comparison purposes.

4.2 A fully distributed UA algorithm
In order to learn the parametrized Q-value function, classical deep reinforcement
learning approaches typically rely on multilayer perceptrons (MLPs), which are
known to be universal function approximators. Yet, this architectures usually
require aggregating information from the entire system into a fixed-size vector
representation, leading to centralized computation, and possibly involving costly
exchanges and high computation requirements. Moreover, if the policy is approx-
imated using a function with a vector input, such as a Fully-Connected Neural
Network, certain limitations arise. This approach requires a fixed ordering of the
nodes and becomes infeasible if the input vector’s dimensionality changes, for ex-
ample, when the number of nodes in the network varies or increases.

From the classic neural networks different flavors have arisen to leverage for
these difficulties, among which the GCN introduced in 3.1.2 propose a graph-based
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Figure 4.1: Graph representation of the system, where the star graph is constructed with the
rejection node at the center. The rest of nodes represent base stations and the signal of each
node is a composition of the base station and the user’s state.

representation that supports decentralized computation through local information
exchanges.

A key feature of the proposed user association and access control mechanism is
its distributed nature, meaning that the algorithm is designed to operate without
relying on a centralized decision-making entity for each incoming user. Instead,
upon arrival, each user acquires local state information from the base stations,
represented by the matrix X, and independently selects an action, namely the
base station to associate with or the rejection option.

The algorithm is executed by the incoming user. To build the graph represen-
tation, each incoming user constructs a graph where the base stations are nodes
and the signal is the base stations’ state. Instead of considering the whole network,
the user only includes those k base stations it receives with the highest quality.
Finally, and to allow the policy rejecting users, we also include an extra node rep-
resenting this decision. In this case, the graph is constructed as a star, with this
“reject node” at the center, see Figure 4.1.

This star graph has both drawbacks and virtues: although the center node
could be a bottleneck for learning, the eigenvectors of a star graph act like a
“map” that clearly marks the hub (central node) versus the leaves (other nodes),
letting the GNN distinguish nodes and better capture global structure that simple
neighbor-averaging would miss. In order to avoid these potential bottlenecks at
the rejection node, self-loops are added to the shift operator, a common approach
in graph convolutional networks.

This graph representation enables a fully distributed algorithm without re-
quiring any communication between base stations. Instead, the incoming user
independently gathers all necessary information. Notably, the time and energy
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required for the user to compute the optimal policy are minimal, as this process
involves only collecting the states of the base stations and performing a forward
pass through a pre-trained GNN. As an example of how the proposed approach
could be deployed in a 5G system, existing information exchanges between base
stations and users, such as those described in 2.3, can be leveraged to construct the
graph representation. These same exchanges could also be used in a straightfor-
ward manner by a fully connected neural network (FCNN) baseline, which would
take as input the concatenation of the node-level signals.

Furthermore, by leveraging a GNN to define the policy, the algorithm becomes
permutation equivariant: what is learned in a context can be transferred to unseen
situations with similar characteristics. This ensures that decisions remain consis-
tent regardless of how the nodes are reordered. The advantages of this property
will be highlighted and discussed in the following section.

4.3 Experiments
We conduct a series of experiments, focusing on two specific settings that high-
light the strengths of our proposal. First, we aim to demonstrate a key aspect
of our algorithm: its ability to adapt to unseen yet similar scenarios, leverag-
ing the permutation equivariance of the GCN. Second, we evaluate the algo-
rithm’s performance in a real-world 5G deployment in the city of Paris. All
examples and their selected parameters and hyper parameters can be found at
https://gitlab.fing.edu.uy/mrandall/growth.

To evaluate our proposal, we compare it against three different approaches: (a)
our previously considered baseline, selecting the base station with the strongest
SINR; (b) a random policy; and (c) the FCNN version of our algorithm. We
continue referring to our proposal as GROWS.

4.3.1 Permutation equivariance
We will now develop on the permutation equivariance property, a key advantage
of using GCN. Firstly, note that a GNN may be executed in a graph with any
given number of nodes (since it is characterized by its filter taps Hk). Secondly,
in the construction of the Graph Shift Operator (GSO) S we have also arbitrarily
chosen an order for the nodes.

However, unlike a vector-based representation of the problem, a GNN is inde-
pendent of the node ordering. To understand this, consider a permutation matrix
P, which is a binary matrix satisfying P1 = 1 and P⊤1 = 1. Since this per-
mutation matrix is orthonormal, reordering the nodes and then computing the
filter’s output, represented as (P⊤SP)(P⊤X), yields the same result as first com-
puting the output (SX) and then reordering it, represented as P⊤(SX). This
permutation-equivariant property is naturally inherited by a GNN, as it performs
point-wise operations on the output of the filter [120].

To illustrate the usefulness of this property in our context, we first consider
a simple setting of three base stations in a straight line, as shown in Figure 4.2.

42

https://gitlab.fing.edu.uy/mrandall/growth


4.3. Experiments

Figure 4.2: During training, users arrival is centered on the leftmost base station, whereas
during test, users’ arrival has shifted towards the base station to the right.

During training, users arrive according to a normal distribution centered around
the leftmost base station. We subsequently test two scenarios, referred to as Ex-
periments 1 and 2: one based on the initial setup and another where users cluster
around the rightmost base station.

Similar to past experiments, the incoming user’s characteristics (arrival, load
and normalized rate with each base station) are stochastic. Each time slot a user
arrives with probability p = 0.5, and the user’s normalized rate with each base
station is estimated according to the Friis equation as explained in earlier chap-
ters. As explained, users arrive following a normal distribution centered on one of
the outer base stations. This generates a scenario on which, on average, incoming
users see the leftmost base station providing high rates, the center base station
offering a medium rate, and the farthest base station most likely only supporting
QPSK (the lowest possible rate). To generate the load requests we define three
possible demand values: {80, 251, 503}, and randomly select the value according
to the probability weights {0.6, 0.2, 0.2}. This leads to an average demand request
of 99.4 Mbps, while the base stations have 10 physical resource blocks to dis-
tribute. The GROWS implementation relies on the pytorch geometric libraries,
and hyperparameter search is done through the use of random search over sweeps.
The GCN architecture is very simple, as in this setting there is only 1-hop, so we
enhance the expressiveness of the node embeddings by using a single layer of 32
features, while the FCNN demanded two 64 sized layers. Numerical results from
these experiments are presented in Table 4.1, in the columns marked as Exp 1
and Exp 2, and results for utility are reported in Figures 4.3(a) and 4.3(b).

As expected, the FCNN version performs well in scenarios similar to those it
was trained on; however, it struggles to adapt even to minor changes. In contrast,
the permutation equivariance property of the GNN allows GROWS to adjust ef-
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(a) Utility achieved, 1st scenario (Exp 1). (b) Utility achieved, 2nd scenario (Exp 2).

Figure 4.3: Comparison of both scenarios in the permutation experiment. When tested in
scenarios similar to those encountered during training, both versions of the DDQN perform
well (left figure). However, when the arrival patterns change and users come close to the
opposite base station, as GROWS maintains its performance, the fully connected version of
our algorithm struggles to adapt and performs poorly (right figure). Unsurprisingly, both
random and baseline achieve the same results for both scenarios.

Table 4.1: Summary of the results achieved for the two scenarios describing the permutation
experiment, and for the Paris experiment.

Mean Utility Mean # of Rejections
Exp 1 Exp 2 Paris Exp 1 Exp 2 Paris

Baseline 59.8 58.5 47.1 76 72 97.5
Random 61.9 63 44.3 61 56.2 90

Dense 64.9 53.4 40.9 59 60.6 107.4
GROWS 73.2 70.5 51.4 62 57.5 84.5

fectively, yielding results in experiment 2 comparable to those achieved with the
training realized in the first experiment. Naturally, both the random and the base-
line policy achieve similar results in both scenarios, but systematically inferior to
GROWS.

4.3.2 Performance on a 5G deployment derived from real base-
station layouts

Next, we consider an evaluation scenario characterized by high user density and
traffic load, which can significantly degrade system performance, particularly dur-
ing large gatherings. To illustrate this, we focus on Paris, the host city for the 2024
Olympic Games, as a case study for managing user association in crowded environ-
ments. We utilize the 5G deployment data from a selected operator to determine
the positions of the base stations, as shown in Figure 4.4, and we distribute users
following a gaussian distribution around the center of the selected area to simulate
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Figure 4.4: We select a densely populated area where large crowds gather, and select the 5G
base stations deployed by a specific mobile operator. We randomize mobile users with higher
density around the center of the figure, and random arrival times and demands.

a crowd gathering.1 The seven different base stations are individually identified
by an ID and a color, matching the results depicted in Figures 4.7.

The synthetic generation of users is very similar to the permutation experiment,
although now arrivals follow a normal distribution centered on the center of the
map shown in Fig. 4.4. Another substantial difference is that the map is bigger:
an incoming user does not see possible links with all of the base stations, although
we ensure any incoming user will see at least k = 3 base stations. As introduced at
the beginning of this section, we desire a saturated scenario, for which we generate
a higher resource demand than is available. Users arrive each time step with
probability p = 0.8, with rates estimated according to their position and the Friis
equation, and possible loads {50, 100, 200} Mb. We assign to each base station
up to 10 physical resource blocks. In order for our algorithm to scale, in this
experiment we consider only the k = 3 base stations with best SINR regarding
the incoming user to build our state. For this larger experiment, the GCN was
composed of two layers of 256 hidden features each. The results of this analysis
are summarized in Table 4.1, in the columns marked as Paris.

As can be seen in Fig. 4.5, the baseline approach leads to the fast saturation
of the base station capacities, starting with the most centrally located nodes and
filling them sequentially. In contrast, GROWS is able to effectively distribute users
among available candidates.

1Data was sourced from nperf.com, which provided information on the operator’s 5G
deployment, last visited on December 2024.
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(a) Baseline connection evolution. (b) GROWS connection evolution.

Figure 4.5: As expected, the baseline prioritizes base stations with stronger SINR (closer to the
center), filling them sequentially. In extreme cases, while the center base stations are completely
occupied, the resources of the farthest base stations remain entirely unused. Instead, GROWS
has all base stations actively serving users, reflecting a more evenly distributed approach that
optimizes resource utilization across the entire network.
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(a) Users’ position and connections, baseline.(b) Users’ position and connections, GROWS.

Figure 4.6: Arrival positions of users and connection to each base station under the Baseline
and GROWS. The baseline’s policy is close to a “closest neighbor” policy, although not exactly
due to random fading and base station saturation. GROWS policy is able to redirect incoming
users to farther base stations with available resources when the closest ones are already serving
a number of connections.

The users’ connection to each base station during an episode are presented for
the baseline and GROWS on Figure 4.5. Our proposal is able to use the farthest
base stations when the closer ones are saturated, meaning our problem formulation
is able to effectively improve fair rate utility, whereas the baseline performs poorly
in this overcrowded scenario.

As we analyze the delivered rates per base station in Figures 4.7, the advantages
of the GROWS policy become more evident. Unlike the baseline approach, which
tends to saturate the nearest base stations (i.e. those positioned centrally), the
GROWS policy ensures that all base stations are actively utilized. This broader
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Figure 4.7: For the Paris experiment, we compare the rates delivered per base station. In
this case, the baseline’s saturation effect makes it so that mainly BS 3-5 are used, achieving
higher rates for those but leaving unused resources in the rest of BS. In contrast, GROWS is
able to distribute resource through the whole system. Notice that for the closest BS (3-5),
GROWS delivered rates are slightly lower than for the baseline, but it still manages to achieve
higher rewards through distribution of users to other base stations achieving therefore a better
resource utilization.

engagement not only enhances overall system performance but also mitigates the
risk of congestion in high-demand areas. By distributing user connections more
evenly across the network, the GROWS policy maximizes rate efficiency and better
accommodates varying user densities.

In Figure 4.7 we can observe that over-utilization of a few base stations by the
baseline also leads to a great variance regarding delivered rates, while GROWS
promotes a more equitable achieved rate per user.

Similar to the experiments in the previous chapter, the GROWS policy not
only achieves higher utility, but also results in fewer user rejections compared to
all alternative approaches; cf. Table 4.1. It is important to note that while our
algorithm can explicitly take the ‘rejection’ action, the baseline and random poli-
cies do not have this capability, which could skew the comparison of rejection rates
in their favor. This discrepancy is particularly evident when users receive strong
signals from all base stations; in such cases, a random policy tends to distribute
connections uniformly across the available stations. While this uniformity may
lead to a lower rejection rate, it often results in sub-optimal utility due to poor
resource allocation.

While this chapter focused on a distributed formulation of user association
with a slot based fairness utility, its notion of fairness is inherently myopic. In the
following chapter, we shift the focus to a more careful definition of the utility func-
tion and the associated reward structure, with the goal of capturing fairness over
longer time horizons. To this end, we introduce a Markov Decision Process (MDP)
formulation that embeds fairness directly into the reward collection mechanism,
and we derive a partially observable MDP (POMDP) that integrates naturally
with the GROWS framework.
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Chapter 5

A comprehensive fairness formulation

In previous chapters, we have adopted the reinforcement learning framework to
derive user association policies, with the aim of maximizing achieved rates under
a fairness criterion. Up to this point, fairness has been modeled through a per-
slot utility function drawn from the α-fair family, with proportional fairness used
as a representative implementation. Although this choices are widely used in
literature, the actual effect of embedding such fairness definitions into learning-
based algorithms under different system dynamics has not been thoroughly studied.
In the next sections, we consider a careful inclusion of fairness utility functions into
our dynamic user association system.

5.1 Choosing a performance function for fairness inclu-
sion: the average a-posteriori

Let us begin by recalling our problem statement, in which we maximize a utility
function of the association decisions:

max
B∈{0,...,N}U

f(B)

Naturally, the obtained performance will depend heavily on the choice of func-
tion f . The tradeoff between system-wide performance and fairness among users
is controlled by this choice. However, and quite interestingly, the case of dynamic
users that may enter and leave the system has received little attention (or none at
all) when compared to the case where users are always the same and are present
throughout the complete observation window (i.e. lu =∞ and tiu = 0 ∀u).

To illustrate the necessity of considering this scenario separately, we will now
consider two popular forms of functions f which were designed for the dynamic
case where utilities may change (but still designed for static and infinitely long
users), and show simple examples where they fail under the dynamic users case.
We will end this section by presenting an effective performance function and the
rationale behind it.
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The first case was introduced in the last chapter and is the Slot Fairness [67],
where the goal is to ensure fairness at time-slot level. The function f will take as
argument the rates of a single time-slot t; and we maximize the average of a per
time-slot performance function; that is to say:

max
B∈{0,...,N}U

1

T

T∑
t=1

∑
v:tiu≤t≤tev

f(rvb (t)) = (5.1)

max
B∈{0,...,N}U

1

tiu+1 − tiu

∑
v∈U/tfv>tu

∑
t∈[tiu,tiu+1]

log(1 + rv(t)) (5.2)

Consider now a very simple example where users are very scarce and there
is typically at most a single user active in the time window [0, T ]. Assume that
f(x) = log(x) in (5.1) for clarity, although what follows is valid for any other
concave function. Furthermore, we consider that the SINR is constant throughout
the users’ transmission duration, so that rub (t) = rub is a constant once b is chosen.
We thus have that the incoming user will connect to the base station using the
following maximization:

max
b={0,...,B}

1

T

tue∑
t=tiu

log(rub (t)) = max
b={0,...,B}

1

T
(teu − tiu) log(r

u
b )

= max
b={0,...,B}

1

T

lu
rub

log(rub ),

where in the last equality we have substituted the user’s stay time ∆tu = teu−tiu
with its load lu divided by its rate rub . Since log(rub )/r

u
b is not a monotonously

increasing function (in fact it is decreasing for any rub ≥ e), we may end up choosing
the base station providing the least rate rub to the user, a clearly undesirable
situation.

Let us then consider the alternative proposed in [67], the so-called Horizon
Fairness. Instead of considering each time-slot separately, here the mean per-
formance throughout the observation window of each user is the argument of a
per-user function f , and the overall performance of the system is the sum over all
users. That is to say:

max
B∈{0,...,N}U

1

U

∑
u

f

(
1

T

T∑
t=1

rub (t)

)
. (5.3)

However, the same example as before shows that this performance function is
unsatisfactory too. In this case, the incoming user will connect to the base base
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station using the following criteria:

max
b={0,...,B}

log

 1

T

teu∑
t=tiu

rub (t)

 = max
b={0,...,B}

log

(
1

T
∆tur

u
b

)

= max
b={0,...,B}

log

(
1

T

lu
rub

rub

)
= max

b={0,...,B}
log

(
1

T
lu

)
,

meaning in this case that any base station may be chosen and the overall perfor-
mance will be considered the same, another undesirable situation.

The problem with the objective function above, and the reason why all base
stations were equally likely to be chosen, is that we are considering the average
over the complete observation window, even when the user was inactive. We should
instead consider averages over the lifespan of user u, in particular throughout its
complete session (i.e. once users have finished their transmission, or in other words
a posteriori).

We propose thus the following performance function, which we denote as Av-
erage a-posteriori Fairness:

max
B∈{0,...,N}U

1

U

∑
u:teu≤T

f

 1

teu − tiu

teu∑
t=tiu

rub (t)

 . (5.4)

In this case our ongoing example of a single user during the observation window
results in the following optimization criteria:

max
b={0,...,B}

log

 1

∆tu

tue∑
t=tui

rub (t)

 = max
b={0,...,B}

log

(
1

∆tu
(tue − tui )r

u
b

)
= max

b={0,...,B}
log (rub ) ,

which is clearly the desired solution.
This leads to a reward collection on decision instants which is the performance

function applied to the achieved rate for users v that have finished since the last
time we observed the system:

R =
∑

v:tiu−1<tfv<tiu

f

 1

∆tv

tev∑
t=tiv

rvb (t)

 =
∑

v:tiu−1<tfv<tiu

f

(
1

∆tv
lv

)
. (5.5)

Remark 3 (On stability) There is another important reason that justifies con-
sidering only finished users to measure performance. Fairness measures assume
a number of fixed users, and as such neglect the possibility of unstable systems
where the users’ arrival process is such that they accumulate in the system. For
instance, in a processor sharing queue with a total rate of r, if the the number of
new users per second is more than the inverse of the expected value of lu/r (the
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average number of users that finish their transmissions per second) it is easy to see
that the number of active users will grow indefinitely. By considering only con-
nections that have started and finished in the observation window, the proposed
performance function will avoid this situation by choosing to reject certain users
(i.e. choosing b = 0).

Remark 4 (On load fairness) It is important to note that the average a pos-
teriori fairness criteria does not take into account lu to weigh users. If for instance
we have a single resource to allocate to two users so that one has to be rejected,
we may prefer to assign it to the one that will use it the most (i.e. the one with
the largest lu). However, this resource-centric approach has been shown once and
again to be extremely unfair. Furthermore, if we consider each flow to be a user,
either choice will satisfy exactly one user. Our proposed performance measure
chooses the user that obtains the best average rate. Last but not least, choosing
users with a large lu may produce congestion (since users will remain longer in
the system) and force the decision algorithm to reject users. Again, including only
finished users in (5.4) should implicitly take this aspect into account.

On the utility function f

We have presented examples and will present results based on the choice of f(r) =
log(r) or variations (f(r) = log(1+r) for when r ≤ 1), which promote proportional
fairness. Our main target on this chapter is set on the MDP formulation: when
to collect the reward to ensure the desired fairness is being applied to our system.
This is independent of the selection of a particular utility function, and can be
applied to any function of the α-fair family, or others. For example, if a policy
prioritizing resource utilization is desired a smaller α is to be considered, and α
has to be larger if looking for a policy that prioritizes user acceptance [86].

We know now what our optimization goal is: fair rate maximization. We will
next introduce a complete MDP formulation consistent with the proposed average
a-posteriori formulation for the user association problem.

5.2 A Markov Decision Process formulation for fairness
inclusion

In order to implement the proposed average a-posteriori scheme for fairness inclu-
sion on dynamic systems, a first consideration arises: to compute the average rate
for a user we need to keep track of several variables, the user’s arriving time being
just one example. As we do not desire our state to grow unnecessarily, we next
introduce a complete description of the MDP underlying our system’s dynamics,
which we have so far omitted as we prioritized the algorithmic construction. We
now present it, from which we will derive a POMDP that we can solve by using
the already introduced GROWS framework.
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Markov Decision Process 101

A decision process is one in which there is a decision maker taking a sequence
of actions over an environment, which in turn returns some reward to the
system.
We say that a process is Markov if it is a stochastic process that follows the
Markov property.1This property, also referred as “memory-less”, indicates
that the probabilities of moving to the next state depend only on the present
state:

P (st+1|st, st−1, st−2, ...) = P (st+1|st)

If actions are involved, then:

P (st+1|st, st−1, st−2, ..., at, at−1, at−2, ...) = P (st+1|st, at)

An MDP is defined by the tuple M = (S,A, P,R, γ), in which S represents
the state space, A represents the action space, P indicates the transitions
probabilities, R is the reward and γ ∈ [0, 1) is the discount factor.
An MDP is said to be deterministic if the transitions are deterministic, and
stochastic if p is a probability, p(s′, r|s, a) being the probability of moving to
state s′ from state s given action a is taken and receiving reward r.
The use of MDP is very direct to describe sequential decision processes, and
there are several methods to find the policy π(a|s) = P (a|s) that maximizes
the expected reward, as the reinforcement learning framework introduced ear-
lier. This maximization is usually wanted on the discounted expected return:

Gt = E
[∑∞

k=0 γ
krt+k+1

]
, as in chapter 3; or as in last chapter for the average

expected reward: Gt = limt→∞
1
tE
[∑t−1

k=0 rk+1

]
.

Let us then state our problem under this framework. This means finding the
definition of s, r, a, P, γ so that the system’s evolution follows a Markovian
Decision Process.

Firstly, and as has been the norm in this thesis, time is discrete as we take
decisions (or actions in the MDP jargon) as users arrive; i.e. we will consider the
system at each tiu for u = 1, . . . , U .

An action is simply the chosen base station atiu = b ∈ B, and once we have

1Andrey Markov (June 14, 1856 – July 20, 1922), Russian mathematician. Among
other significant contributions, his study of stochastic processes (1906) gave rise to the
origin of Markov chains (a name coined in 1926). A professed atheist and activist, he
was called the “militant academic” by the press for rejecting honors from the Tsar and
for requesting his own excommunication from the Orthodox Church (to which he did not
belong), following the excommunication of Gorky, who was his friend [121]. In 1913,
when the government celebrated the 300th anniversary of the Romanov dynasty, Markov
organized a counter-celebration using the 200th anniversary of Bernoulli’s Law of Large
Numbers [122].
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taken a decision at time tiu we can interpret that the system responds by randomly
picking when the next user will arrive (i.e. a value for δu+1 so that t

i
u+1 = tiu+δu+1),

their load (lu+1) and the rate at which the user will be able to connect to each base
station. Note that the latter has to be normalized in order to make it independent
of the current and future state. We consider the bit-rate per physical resource

block, already introduced as ru+1
b .

As discussed earlier, at each decision time we will collect as reward the per-
formance function obtained from users v that have finished since the last time we
observed the system:

Rtiu
= R =

∑
v:tiu−1<tfv<tiu

f

 1

∆tv

tev∑
t=tiv

rvb (t)

 =
∑

v:tiu−1<tfv<tiu

f

(
1

∆tv
lv

)
. (5.6)

Let us then define the states and, given a certain action, the transition prob-
abilities between all possible state pairs. When the transition to the next state
depends only on the current state and selected action, the MDP is deterministic,
otherwise it is stochastic, which is our case: our next state will very much depend
on current state and action, but also on the (stochastic) next arrival. Note that
these transition probabilities do not have to be known or explicitly formulated to
solve problem (5.4) (for instance, through Reinforcement Learning as we presented
in past chapters), but they must be well-defined. That is to say, given a certain
state at time tiu, the decision b and a certain value of both δu+1 and the normal-
ized rates rub , we have to be able to compute the state at time tiu+1. This way, the

transition probabilities are given by the distributions of δu+1 and ru+1
b .

The requirement above is solved by keeping track of how much time remains for
each user v to finish its transmission with the current resource distribution (which
we will denote as ϵv(t)). Note that under the classical assumption of exponential
distributions for both the loads and the inter-arrivals times, and invoking the so-
called memory-less property of this distribution, we need to keep track of how many
users are present in each base station only (and the mean duration). However, in
the general case, we may need all the values of ϵv(t), or at least several more
statistics than just the size and its mean. For clarity, let us discuss a few examples
of how ϵv(t) is modified from time-slot tiu to the following tiu+1 given a certain
value of δu+1.

Example 1 (Base station not chosen) Consider a certain base station b with
a set of values ϵv(t

i
u) (with v indexing the users in that particular base station),

and assume the choice at tiu was not b. If ϵv(t
i
u) > δu+1 (all users had a longer

remaining time than the time to the next arrival), then all these variables are
simply updated to ϵv(t

i
u) − δu+1. If ϵv(tu) < δu+1 for at least one user v′, then v′

will have left the system. Note that at time tev′ , when this user leaves, we have
to down-scale all of the remaining ϵv(t

e
v′) since there are more resources for the

remaining users. It may well happen that because of the increased resources a
second user will also leave, even if its remaining time was longer than the time to
the next arrival at the beginning of the previous slot (i.e. ϵv(tu) > δu+1).
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Example 2 (Chosen base station) Assume now that action b > 0 was chosen
at tiu and let us discuss how the state corresponding to b changes at tiu+1. For
starters, given rub and the users already present in b, we may compute rub (t

i
u)

and, in conjunction with lu, also ϵu(t
i
u), which is added to the set of values that

characterize the state of this base station. Note that, similarly to the case when
a user leaves, the rest of the users in this base station will have their respective
ϵv(t

i
u) up-scaled due to having less resources per users. After this step, we proceed

as in the previous example to check whether a user leaves or not, and update the
values of ϵv(t) accordingly.

As our proposed reward definition considers the average rate achieved per user
rv = lv/τv(t

e
v)), in order to compute the collected reward we also need to keep

track of how much time each user has been on the base station, which we will
denote as τv(t), and the initial load lv. Updating this value between time-steps is
similar to the case of ϵv(t), but without the scaling due to users entering or leaving
the system. At the same time, the normalized rate rvb is no longer needed, as its

effect is already included in the remaining time ϵtv = ltv
rvb

= ltv×RB

rvb×Nb
, where Nb is the

number of active users and RB is the number of physical resource blocks.

Remark 5 (When the reward considers the instantaneous rate) Going back
to the time slot fairness we have considered in the previous chapters, observe that
in that such case storing the arrival times is unnecessary. By considering the
remaining time and normalized rate, if our performance function considers only
the delivered rate for the interval [tiu, t

i
u+1], the arrival time provides no useful

information. In this case our state is reduced to:

sb = {(rvb , ϵv(t
i
u))},

for all users v currently connected to base station b. We considered this reward
formulation in the past chapter. Our last state representation included statistics
summarizing ϵv, with the reward collection providing information related to the
connected users’ rates.

All in all, the system may be characterized by a set of triplets for each base sta-
tion, including for each active user v the values corresponding to (lv, τv(t

i
u), ϵv(t

i
u)),

and the arriving user rates and load. Let us then summarize our state:

s(tiu+1) = [lu+1, r
u+1
1 , . . . , ru+1

N , ∥Nb=1sb(t
i
u+1)]

sb = {(rvb , ϵv, τv)}

That is to say, for each use v connected to base station b, the initial load, how
long it has been on the system, and their remaining sojourn time if the resource
assignation remains the same. The user assignment algorithm observes this, the

new user’s load lu+1 and ru+1
b (for all b = 1, . . . , B) and has to decide to which

base station (if any) to connect the new user. These transitions are illustrated in
Fig. 5.1. We will refer to these values (the set of triplets, the new user’s load and
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State observation, user 4 arrives State observation, user 5 arrives:

Reward:

Transition if action a=1, user 2 leaves

Figure 5.1: To the left, a schematic of the user assignment problem and the associated MDP
representation. After observing the system’s state at tu = ti4, consisting of (lv, τv(tiu), ϵv(tiu))
for all active users, and the incoming user’s characteristics: arrival time ti4, the normalized rates
rub for b = 1, . . . , B and the load lu. We then have to decide to which base station (if any)
connect this new user. The system then draws a new value for δu+1, ru+1

b for b = 1, . . . , B
and lu+1. To the right, one possible evolution when action a = 1 is selected. As user 5 arrives,
base station 1 has accepted user 4, and user 2 has left the system. The system updates the
state for each base station accordingly: (lv, τv(t

i
u+1), ϵv(t

i
u+1)). The transition due to action

a4 yields the reward associated to the departure of user 2 R4 = r(s4, a4 = 1) = f
(

l2
∆2

)
.

normalized rate to each base station) as the system state, and denote it with s or
su when it refers to the system state when user u arrives to the system.

The MDP introduced fully describes our system’s dynamics, yet the state is
composed of triplets (lv, τv(t

i
u), ϵv(t

i
u)) for each connected user, plus the variables

depicting the incoming user (load, normalized rate with each base station, arrival
time). As discussed in past chapters, this fast growing state space quickly leads
to untractable solutions, a classic problem in learning commonly addressed as the
curse of dimensionality. In the next section, we introduce a Partially Observ-
able Markov Decision Process (POMDP) over which we can employ our proposed
reinforcement learning algorithms.

5.3 Integration with our Reinforcement Learning frame-
work

Let us now explain how the POMDP formulation integrates with the proposed
user-association algorithm. As discussed, and at the risk of sounding repetitive,
we will use Reinforcement Learning which acts and observes the system’s behavior
in order to learn an optimal policy. As a flash reminder, we are looking for a policy
π(s) which is a probability distribution over the possible actions b = {0, . . . , B}
given a state s. Recall that for decision instant tiu (corresponding to the arrival of
user u) we have that the reward is
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Rtiu
= Ru =

∑
v:tiu−1<tfv<tiu

f

(
1

∆tv
lv

)
. (5.7)

To obtain a deterministic optimization problem (i.e., non sample-path-dependent)
we will take an infinitely long observation period and the expectation of the re-
sulting average performance function:

π∗ = argmax
π

lim
U→∞

1

U
Eπ

[
U∑

u=0

Ru

]
(5.8)

= argmax
π

lim
U→∞

1

U
Eπ

 ∑
v:tfv<tiU

f

(
lv
∆tv

) . (5.9)

Reinforcement Learning algorithms typically maximize the expected discounted
cumulative reward:

π∗ = argmax
π

Eπ

[ ∞∑
u=0

γuRu

]
. (5.10)

As mentioned, a discount factor γ sufficiently close to 1 arbitrarily approximates
the solution of (5.8) [118], so we will consider both problems as equivalent.

This formulation enables our problem to be solved using Algorithm 1, updated
to account for the new POMDP definitions of the state, action, and reward. Com-
bined with the graph representation presented in Section 4.2, this approach allows
us to derive user association policies for the average a posteriori formulation.

So in order to find our desired allocation policy, we again learn an approxi-
mation to the action-value function Q̂(s, b; θ), where the optimal parameter θ∗ is
obtained via stochastic gradient descent so that Q̂(s, b; θ∗) ≈ Q∗(s, b).

Note that the number of connected users changes over time. However, the
GCN requires fixed size input signals, independently of the number of users. In
particular, we aggregate user information through statistics, in order to produce
this vector. This also enables the proposed algorithm to scale even when facing
more realistic scenarios in which we consider several base stations with dozens of
physical resource blocks and hundreds of users. Motivated by classical queuing-
theoretic considerations, for the metric ϵb(t

i
u) we consider the average, the variance

and the minimum of the remaining sojourn time of users connected to base sta-
tion b considering current allocation. Similarly, for lb (remaining load) and τb(t

i
u)

(sojourn time so far) we retain their mean and variance. These seven quantities,
together with the total number of users, the incoming user’s normalized rate rub
and load lu, form the 10-dimensional feature vector xb representing each node (i.e.
base station). The set of B such vectors is ŝ ∈ RB×10, resulting in the following
action-value approximation:
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Q∗(s, b) ≈ Q̂(ŝ, b; θ∗) (5.11)

ŝ = [x1, ..., xb, ..., xN ] (5.12)

xb = [rub , lu, var(lb), l̂b, var(τb), τ̂b, var(ϵb), ϵ̂b,min(ϵb)] (5.13)

This compact representation substantially reduces dimensionality while retain-
ing the essential information required for fair and stable decision making as we
show in the next section.

5.4 Experiments for the average a-posteriori formulation
5.4.1 Experimental Setup
We evaluate this proposed fairness-aware user-association framework through sim-
ulations encompassing multiple network conditions and traffic models. The ob-
jective is to assess the impact of embedding fairness into the decision process on
system-level efficiency, stability, and user-perceived performance.

We report several metrics, including the total achieved utility, number of re-
jections, number of finished jobs, per user rates and sojourn time statistics. Our
code is available at gitlab.fing.edu.uy/mrandall/grows-fairness.

As previously, we will refer to our proposal as GROWS. In this case, since the
approximator is not crucial and both the GNN and FCNN versions obtain similar
results, only the GNN version will be compared.

To contextualize performance, we compare GROWS against four representative
baselines:

• Argmax policy: The standard baseline we have used for comparison so
far.

• Random policy: Users select base stations uniformly at random.

• Processor sharing policy (PS): The load balancing policy for process
sharing proposed in [52]. The proposal is applicable under Poisson arrivals,
in scenarios with more available resources than required average load, with
a fixed normalized rate per base station. When meeting these conditions
and considering policies unaware of the queues size, this proposal achieves
optimal results. The obtained policy returns a matrix, rows being the incom-
ing user load class and columns the base stations rates, which are assumed
constant and discrete.

• Greedy shortest remaining time policy (greedy-SRT): Each user con-
nects to the base station that, given the current state, minimizes its expected
completion time disregarding fairness [123].
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5.4. Experiments for the average a-posteriori formulation

For our simulations, we present rate results normalized to the maximum achiev-
able rate for one Resource Block (RB), which we consider rub = 1, and time values
normalized by the duration of a time slot. Depending on the 5G configuration
(modulation and coding scheme, bandwidth, numerology, etc.) different time slot
durations and achievable rates are possible. For the next experiments, we consider
the physical layer configuration used in past chapters. We apply the through-
put formula from the 3GPP 5G NR standard [124] to estimate the resulting time
slot duration and rates for each user according to their position, as in previous
experiments.

The following subsections present results for three representative scenarios:
light-load conditions with Poisson arrivals, heavily loaded systems with bursty
arrivals, and a realistic deployment using empirical topology data.

5.4.2 Poisson arrivals and unloaded scenario
We first consider a lightly loaded system where user arrivals follow a Poisson pro-
cess with moderate intensity. In this regime, the network remains far from satura-
tion, allowing us to examine how each policy allocates resources when congestion
is not the dominant factor. This is important since the baselines only reject when
there is no more capacity left in the base stations. The main objective with this
experiment is to assess that, by embedding fairness in the reward function, our
approach does not compromise efficiency.

In particular we consider a simple setting with two base stations, each with
5 resource blocks. In this experiment, users arrive centered on one of the base
stations, with which the rate is ru1 = 1, while for the other base station the rate is
ru2 = 0.32. This fixed rate setting is necessary in order to implement the processor
sharing proposal under its hypothesis. Users’ load is also normalized to the peak
rate and is selected randomly between two values (l1 = 6 and l2 = 15.2), and
users have inter-arrival times following a Poisson distribution. The arrival rates
are µ1 = 0.15 users per time slot and µ2 = 0.1 users per time slot. The average
load requested for the system is l = 2.42 and is well below the available resources∑

b rb = 6.6.

Simulation results can be seen in Table 5.1. For each performance indicator we
show the mean as well as the lower and upper quartiles (q25 and q75). As expected,
our proposal obtains larger utilities. What is more interesting is the fact that in
this context the greedy-SRT policy should be optimal in terms of sojourn time, as
proven in [123] and confirmed by the simulation results. Note that the PS policy
also offers very competitive performance in this respect, although since it does not
observe the queues’ state it performs slightly worse. On the other hand, and as
further illustrated in Fig. 5.2, our proposal is able to learn a quasi-optimal policy,
achieving a slightly worse performance for sojourn time than both the greedy-SRT
and the PS baselines. However, our proposal is able to impose fairness in the sense
that the achieved sojourn times are more concentrated around the mean. This is
also true for the achieved rates, where our formulation is able to maximize the
achieved mean rate all while obtaining a smaller variance around it.
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Table 5.1: Results for the unloaded scenario. We present the mean and the lower and upper
quartiles (q0.25, q0.75) for the achieved utility, sojourn time and rates. There are no rejections
for all methods, and are thus not reported.

Random PS Argmax greedy-SRT GROWS

Utility
Ũ 0.265 0.346 0.347 0.348 0.353
[q25, q75] [0.25, 0.28] [0.33, 0.36] [0.33, 0.37] [0.33, 0.37] [0.34, 0.38]

Rate
r̃ 2.50 4.29 4.29 4.29 4.84
[q25, q75] [0.89, 5] [2.79, 5] [2.88, 5] [2.95, 5] [3.73, 5]

Sojourn
time

T̂ 3.75 2.75 2.94 2.68 3.04
[q25, q75] [1.4, 10] [1.2, 4.08] [1.2, 3.91] [1.2, 3.60] [1.2, 3.48]
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Figure 5.2: Histogram of the users’ sojourn time in the unloaded scenario for all the evaluated
methods. Our proposal provides a competitive mean with a smaller variance (i.e. more fair).

All in all, under light traffic, the proposed fairness-aware policy behavior is
similar to efficiency-driven policies as the greedy-SRT, argmax and PS. However,
as can be seen in Figure 5.2 the obtained rates and sojourn times are more concen-
trated, providing early evidence that fairness-embedded rewards do not bias the
policy toward overly conservative decisions. This behavior establishes a solid ref-
erence for subsequent experiments under higher load, where the fairness–stability
trade-off becomes more evident.

5.4.3 Heavily loaded scenario
We now analyze a heavily loaded regime in which the user-arrival rate approaches
or exceeds the network’s service capacity. This scenario highlights the policies’
ability to balance efficiency, fairness, and stability when congestion and user re-

60



5.4. Experiments for the average a-posteriori formulation

Table 5.2: Results for the heavily loaded scenario. All methods obtain a very similar percentage
of rejected users, but our fairness-aware policy is selective onto which users should not be
accepted, resulting in orders of magnitude improvements in rate and sojourn time.

Random Argmax greedy-SRT GROWS

Utility
Ũ 0.212 0.191 0.199 1.235
[q25, q75] [0.21, 0.22] [0.188, 0.193] [0.196, 0.202] [1.13, 1.25]

Rate
r̃ 1.009 1.006 1.006 43.52
[q25, q75] [0.32, 1.01] [0.32, 1.01] [0.32, 1.01] [16, 50]

Sojourn
time

T̂ 232.6 233.3 233.3 4.70
[q25, q75] [99, 505] [99, 507] [99, 507] [2, 6.25]

Rejected
Users (%)

R̂U 41.5 41.6 40.96 39.2
[q25, q75] [40.7, 42.1] [40.8, 42.5] [40.3, 42.0] [38.5, 39.7]

jections become significant. In particular, in this experiment base station position
is fixed with 50 resource blocks. User arrivals follow a Poisson distribution with
loads l1 = 100, l2 = 235, l3 = 511, arrival rates µ1 = .25, µ2 = 0.2, µ3 = 0.04, and
possible normalized rates r1 = 1, r2 = 0.32, r3 = 0.16. As we impose a saturated
system, in this case the average load is l = 92.44 and the available resources are∑

b rb = 74. Table 5.2 summarizes the results for this case. We omit the processor
sharing proposal since since it is not possible to compute the corresponding policy
in this overloaded scenario.

The first observation from Table 5.2 is that, by the end of the considered time
window, all algorithms reject a similar number of users. However, as illustrated in
Fig. 5.3, the rejection trend is clearly in favor of our method, and extending the
episode duration would further accentuate the performance gap.

Furthermore, even if the total number of rejected users is comparable, GROWS
learns a stable policy that selectively rejects those connections most detrimental
to overall resource utilization. Consequently, it achieves a significantly larger util-
ity, which in turn produces dramatically improved rates and sojourn times when
compared to the baselines (40 times larger and 50 times smaller respectively).

These results show that, under heavy load, GROWS concentrates available re-
sources on connections that maximize the fairness-aware utility, producing much
higher per-connection rates and markedly reduced time on system for accepted
users. This performance is also explained spatially. Figure 5.4 shows the number
of connected users per base station for two of the heuristics baselines and GROWS.
Note that under the argmax and greedy-SRT, base stations rapidly saturate (start-
ing by the one providing the strongest SINR) and then all new arrivals are rejected
until an existing transmission is completed. In contrast, GROWS converges to a
policy that keeps the system in a steadier operating regime: fewer users are simul-
taneously active, accepted users receive higher rates, and departures occur more
regularly. Interestingly, the best base-station (number 1) is maintained as a kind of
“fast lane”, serving only a few concurrent users, while the other two base stations
are more crowded.

These results confirm that, in congested conditions, the fairness-aware learn-
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Figure 5.3: While our proposal starts rejecting some users from the beginning, the greedy-
SRT first fills all three base stations and then starts rejecting incoming users. In this unstable
scenario our policy is able to keep a stable policy, lowering rejections and fastening departures.
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(b) Greedy-SRT.
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(c) GROWS.

Figure 5.4: Number of connected users to each base station in the heavily loaded scenario.
Both the argmax and greedy-SRT policies fill the base stations, starting by the one with higher
SINR. This ends up backfiring when the base stations are saturated and new users are accepted
only after an active user finishes. On the contrary, our proposal keeps a “fast lane” policy:
the base station with the strongest signal has very few users connected, and none of the base
stations is filled. This stable policy allows for higher rates, lower time spent on the system and
the same number of rejections (see Table 5.2).
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Table 5.3: Results for the real deployment scenario. Performance is consistently better in our
proposal, although by a smaller margin than in the overloaded scenario.

Random Argmax greedy-SRT GROWS

Utility
Ũ 0.41 0.47 0.49 0.52
[q25, q75] [0.38, 0.45] [0.42, 0.50] [0.45, 0.54] [0.49, 0.55]

Rate
r̃ 1.6 1.97 2.10 2.23
[q25, q75] [0.9, 3.2] [0.9, 3.2] [1.1, 3.2] [1.3, 3.2]

Sojourn
time

T̂ 12.0 10.0 9.63 8.63
[q25, q75] [5.6, 22] [5.3, 22] [5.3, 18] [5.3, 16]

Rejected
Users (%)

R̂U 0 0 0 0
[q25, q75] - - - -

ing framework enables policies that balance efficiency and stability by proactively
managing load across base stations and maintaining high-quality service for active
users.

5.4.4 Performance on a real deployment based experiment: Paris
We finish the experimental evaluation by repeating the experiment over the Paris
5G deployment seen in last chapter to achieve a more realistic scenario. We mimic
the base stations’ positions, and center the users’ arrivals on the “Île de la Cité”,
a very crowded area. We also change the arrival processes, using a Bernoulli
distribution for the users’ inter-arrival times, and using a normal distribution for
their position (therefore for their normalized rates with each base station). The
whole system consists of seven base stations, each with 20 resource blocks, and
for our algorithm we only consider the three base stations with the highest rub .
Users can carry two possible load demands (l1 = 17, l2 = 43) with arrival rates
µ1 = 0.5, µ2 = 0.1. The scenario is more balanced in terms of load, having many
base stations each with 50 resource blocks, although bad connection choices could
lead to occasional saturation for a particular incoming user.

As can be seen in table 5.3, although performance gains are not as dramatic
as in the overloaded scenario, results are still consistently better for GROWS (e.g.
by over 10% in the case of the sojourn time). In figures 5.5 we compare the users’
connection to the base stations, which are now 7 and not always with the same
availability (a user in the center may see all base stations while an outlier user
farther away may only see 2 or 3).

Perhaps the most noteworthy aspect of this scenario is that, as in the over-
loaded case, GROWS connects users to all base stations instead of filling them
by proximity (as observed with the Argmax or the greedy-SRT). This behavior is
clearly illustrated in Fig. 5.6 and Fig. 5.5, which compares the delivered rates per
base station for GROWS and the greedy-SRT policies.

It is interesting to point that although our problem statement is user-centered
(its the utility is focused on the users’ perceived performance), it implicitly pro-
motes balanced resource utilization across base stations. This emergent property
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(a) Users’ connections to base stations according to
the baseline.
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(b) Users’ connections to base stations according to
the greedy-SRT.
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(c) Users’ connections to base stations according to
our proposal.

Figure 5.5: As shown in the previous experiment, both the baseline and greedy -SRT policies
end up filling the base stations with higher SINR. In contrast, our proposal achieves a more
stable scenario, using all available resources to avoid bottlenecks in saturated base stations.
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Figure 5.6: Mean rate per base-station for GROWS and the greedy-SRT (the baseline has a
similar behavior and is thus omitted). Although our proposed framework is user-centric, the
resource usage is also significantly improved.
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reflects the advantage of a state-aware, fairness-driven policy: by pursuing equi-
table user outcomes, the system also attains higher overall efficiency.

5.5 Summary of our approaches to UA
We now share some considerations on our work over user association. As new com-
munication technologies multiply the possible services and devices, an ever more
complex and entangled system grows, leading to an increasing need for resource
optimization. We address a very simple problem, as old as wireless communica-
tions themselves, but from which there is still much to gain: user association, or
‘to which connectivity provider a user has to connect?’. We chose to tackle user
association as it embodies the first resource allocation decision.

As many resource allocation problems, user association can be seen as dis-
crete combinatorial optimization. Yet, as the possible connections grow in number
(users, base stations), this problem becomes untractable. We profit from the recent
wave of machine learning techniques to propose the combination of reinforcement
learning and graph neural networks to find user association policies. In the follow-
ing paragraphs, we summarize and compare our proposals and we discuss on our
implementation choices.

Along this first part, we have introduced several formulations, starting from a
simpler model-free approach to apply RL to a fair comprehensive proposal. For
all three implementations, our system’s state is constructed by combining the
arriving user’s characteristics and the current state of the system, given by the
base stations descriptors. As we want our system to be completely defined by the
node signals over a graph in which the base stations are the nodes, we combine the
base stations’ state and the incoming user’s load and rate with each base station
to form the node signal. Our first graph representation is built by establishing
the base stations as nodes, and an edge will connect two base stations if they are
able to communicate directly. For the 5G scenario, as we consider the backhaul
to provide cost free communications, it will result in a fully connected graph (in
other scenarios this could not be the case).

For our second approach, we propose a decentralized framework in which each
base station shares its belief state, and the user estimates the Q-function values
and selects the action. This implies only considering as decision instants those
time slots in which a user arrives. As time elapses between two actions, we now
keep track on the remaining sojourn time for connected users (or equivalently, their
remaining load). As rejection is included, we now build the graph as a star-graph
with a ‘rejection node’ as the center node and the available base stations as the
other nodes.

Finally, we propose a fairness oriented formulation, that by considering only the
reward from ending users, enables a more comprehensive definition of fairness. On
this last framework, we still consider decision instants only for those time slots in
which a user arrives, and the action space still consider rejection as a valid action.
As we now consider for our reward the average rate achieved by the users, our
state needs to keep track of the users’ history (initial load, arrival time, normalized

65



Chapter 5. A comprehensive fairness formulation

rate) and their remaining load (or sojourn time). We use expressive statistics to
aggregate this per-user metrics and achieved a fixed size state representation.

Each proposal has its advantages and drawbacks. Our first approach has many
‘fake’ decision instants, which makes difficult training and convergence for our RL
algorithms, and our state representation, although intentionally simple, hides what
may be useful information on the system’s state, as the evolution of connected
users.

Our second proposal considers only decision instants when an action can be
taken, which in turn forces the incorporation on the state of connected users’ de-
scriptors. We summarize these users’ information through statistics, so that our
state has a fixed size, independent on the number of connected users. The possibil-
ity of rejection enhances the action space, and entrails a new graph representation.
Yet, the reward is slot-time based, which may not be fair on the long run.

Finally, we focus our reward definition looking for a more comprehensive fair
formulation. To do so, we only consider for the reward collection those users ending
between decision instants. This forces to keep track of the users’ past information,
resulting in a larger state definition, which we summarize through statistics to a
fixed number of features per base station (10 in this case).

More interestingly, our considerations on the reward collection process in or-
der to ensure fairness are applicable to other (PO)MDP formulations, up to the
whole RL/MDP framework. We are emphatic in pointing out that without careful
thought over our maximization target, resource optimization can only go so far:
our learning algorithms are only as fair as we design them.

Discussion on the Selected Algorithms and Deep Learning Models

The rapid growth of machine learning, driven by its astonishing results on several
areas, has led to an intense focus on identifying the ‘best’ algorithms, often framed
as a race towards marginal performance gains. In this context, it is important to
clarify the scope and intent of our work and to justify our methodological choices
accordingly.

We begin by distinguishing between algorithm design and problem formula-
tion. This thesis primarily focuses on the latter: the construction of a POMDP
formulation that supports the application of reinforcement learning to the user as-
sociation problem. While a large body of literature is devoted to proposing novel
learning algorithms, our objective is instead to define a state and action repre-
sentation that is sufficiently expressive to capture the relevant system dynamics,
while remaining simple enough to scale to realistic network sizes.

From this perspective, the problem could alternatively be cast within a multi-
agent reinforcement learning framework or even under a game-theoretic paradigm,
as explored in several related works. Similarly, one may question the choice of
a Double DQN based algorithm, given its relative maturity, or the use of a clas-
sical graph convolutional network (GCN) instead of more recent attention-based
architectures. These alternatives are indeed viable, but they are deliberately not
pursued here.
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The rationale behind these choices is tied to the intended contribution of this
thesis. Our goal is not to demonstrate state-of-the-art performance under a care-
fully tuned, problem-specific learning architecture, but rather to advance the dis-
cussion on how learning frameworks interact with problem formulation. Specifi-
cally, we aim to show that a well-defined POMDP, together with a principled utility
function and a graph-based representation, is sufficient to enable effective policy
learning for UA, independently of the particular DRL or GNN variant employed.

In fact, once the (s, a, r, s′) tuple and the graph structure are established,
extending our framework to other DRL–GNN combinations can be done with
minimal effort. However, achieving, for instance, a 20% reduction in rejection rate
or a 50% increase in throughput through algorithmic fine-tuning would offer limited
scientific insight in this context. Such improvements are often driven by extensive
hyperparameter searches, longer training times, or highly specialized architectures,
and do not necessarily generalize beyond the specific setting considered.

Instead, our results demonstrate that incorporating learning-based decentral-
ized decision-making into dynamic resource optimization problems yields substan-
tial benefits, even when using relatively simple and well-known models. The pro-
posed POMDP formulation is generic enough to support a wide range of DRL
algorithms, and the graph representation is sufficiently robust to accommodate
different GNN architectures. The experimental results confirm that the resulting
policies align with the intended optimization objectives, adapt to varying system
conditions, and naturally extend to different fairness criteria. Moreover, the frame-
work is general enough to be integrated into other resource allocation problems
where fairness considerations are essential.
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Chapter 6

Introduction and Problem Statement

We now turn our attention to the intra-cell resource allocation policy. In the first
part of this thesis, we examined a proportionally shared spectrum policy among
user equipments, where we assumed a single class of users with different loads
and rates. One of the biggest innovations on 5G and beyond is the support of
three different services with particular delay and bandwidth requirements, such as
Massive Machine Type Communications (MMTC), enhanced Mobile Broad Band
(eMBB) and Ultra-Reliable Low Latency Communications (URLLC). The base
station’s intra-cell resource allocation policy has to take into account their different
needs, which is the subject of the next sections.

In order to achieve these multiple service requirements, all users have to share
resources over the 5G Orthogonal Frequency-Division Multiple Access (OFDMA)
frame. One of the strategies proposed by the 5G standard is puncturing, which
allows the scheduler to assign eMBB services, and on a shorter timescale to over-
write part of these assignments when a URLLC user arrives. The optimization of
puncturing poses a challenging problem: the optimal allocation depends on traffic
arriving over different timescales, which forces the scheduler to make allocation
decisions without knowledge of future users’ demands, all while having to satisfy
several strong constraints. This kind of multiple timescales optimization with re-
strictions is also to be found in many interesting problems. We propose a learning
mechanism where the system learns offline the optimal allocation according to the
network state. This learned estimation is then used online to determine the opti-
mal allocation. Through simulations, we verify that the proposed learning strategy
provides results close to the optimal policy, improving state of the art proposals
for puncturing schemes.

6.1 Introduction
Next generation wireless networks introduce many interesting challenges, as new
services and users multiply. In order to deal with these stringent and dynamic
scenarios, and as expressed in the previous part, recent standards as 5G and future
6G enable and promote the use of machine learning in order to optimize resources
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Figure 6.1: Puncturing scheme. The OFDMA grid is split in time (slots and minislots) and
frequency. While resources to eMBB users are assigned at the slot timescale, URRLC users’
resources are allocated at the minislot timescale, overwriting eMBB data and possibly resulting
in errors for the corresponding eMBB receiver.

and services [125, 126]. From beam selection in massive Multiple Input Multiple
Output schemes [127, 128] to Non-Orthogonal Multiple Access (NOMA) [129],
from cyber security [130] to user centered QoE [131, 132], the machine learning
revolution has set foot on open problems arising from new generation wireless
communications.

We focus here in the coexistence and resource sharing of two different types
of users in 5G and beyond: the classical high bandwidth user (eMBB) and the
innovative reliable and low latency new users (URLLC). Each of these services has
very different characteristics and requirements. While eMBB users demand high
data rates and thus an important set of resources of the OFDMA (Orthogonal
Frequency Division Modulation Access) grid, URLLC services require high relia-
bility and very low latency [133]. As far as the scheduler is concerned, the URLLC
service requires its queuing delay to be virtually null.

In order to satisfy the aforementioned requirements, the 5G New Radio (NR)
standard proposes different mechanisms [134], among them the so-called punctur-
ing scheduling. In this case both services are assigned resources on the OFDMA
grid at different timescales: slots for eMBB and (shorter) minislots for URLLC
(see Figure 6.1). The main idea behind puncturing is to assign with preemptive
priority URLLC traffic over eMBB resources. In this case, the scheduler assigns
resources to each eMBB user every time slot, but URLLC traffic are assigned on
a minislot timescale.

The resulting resource allocation problem is inherently complex given the cou-
pled nature of the two timescales involved (URLLC and eMBB scheduling), and the
uncertainty of future URLLC demand: the scheduler needs to assign resources to
eMBB users so as to maximize a chosen metric (e.g. throughput for eMBB users),
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resources that may be later overwritten in order to satisfy URLLC requirements,
unknown at the moment eMBB resource are scheduled.

Naturally, assigning an OFDMA resource during a minislot to a URLLC user
on a resource already assigned to an eMBB user implies that the latter will receive,
at least, part of the corresponding frame with errors. Let us review more carefully
the steps our double scheduler has to take.

First, the scheduler would need to allocate OFDMA resources regarding some
optimal criterion to eMBB users at the beginning of each time slot. An essential
variable to optimize this allocation is the effective rate each eMBB user would
obtain according to their wireless channel’s state (i.e. SINR). Nevertheless, that
effective rate depends on the number of minislots that would be eventually over-
written by URLLC users. This dependence means that such information will only
be available in the future and not at the beginning of the time slot when the
scheduler assigns the resource blocks to eMBB users. Additionally, it has to de-
cide which eMBB users to overwrite when assigning URLLC traffic within some
optimal criterion per minislot, and this typically depends on the resources assigned
to, and the SNR of, each eMBB user.

Thus the scheduler has to solve two optimization problems at different timescales
but highly coupled. Adding further difficulty, the scheduling decisions have to be
made in a very narrow time lapse.

6.2 Related works
This resource allocation problem arising from puncturing in 5G NR has received
significant research attention in recent years [135]. In particular, the performance
of specific assignment and scheduling policies has been extensively analyzed under
a variety of traffic and deployment scenarios [136–139].

Several works explicitly formulate the puncturing optimization problem and
propose heuristic solutions that perform well in selected scenarios [140,141]. Other
authors propose a Q-learning or deep-learning approach to derive adaptive punc-
turing policies [141, 142]. The use of reconfigurable intelligent surfaces (RIS)
has been proposed to improve the coexistence between eMBB and URLLC ser-
vices [143]. These works help us to visualize how puncturing behaves in certain
scenarios, and provide insight into the problem modeling.

We particularly remark the work of [119], where the puncturing optimization
problem is rigorously formalized and several practical relevant cases are analyzed.
An interesting observation in [119] is that when the problem’s functions (loss, con-
straints) are non-convex (e.g. threshold loss), the proposed methods increasingly
deviate from the optimal solution as the URLLC traffic load grows. This behavior
is especially relevant in light of the fact that, as discussed for instance in [144], the
bit error rate (BER) in OFDM systems exhibits a threshold-like dependence on
noise and interference. As puncturing increases, such behavior is expected, high-
lighting the relevance of finding policies that are well-adjusted to threshold losses.
We will further develop on the subject over the chapter.
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Highly coupled optimization problems with multiple time scales and hard con-
straints are not exclusive to wireless communications. Similar structures arise in
a variety of application domains. For instance, a two timescales problem aris-
ing from long term storage management is studied in [145]. Similar problems are
studied in the more general field of resource allocation [146], as in [147] where a
two timescales coupled optimization problem emerges from management of IoT
devices, or [148] where authors use supervised learning in order to solve wireless
IoT networks’ resource allocation problems. The authors of [149] study a two
timescales optimization problem arising from micro grid scheduling, and [150] an-
alyzes the optimization problem given by the need to make predictions over energy
consumption for electrical vehicles charging on two timescales.

6.2.1 Contributions
In order to decide now the best resource allocation without knowing future punc-
turing needs, we propose a supervised learning framework that learns to approxi-
mate both scheduling policies. The key observation is that, although the optimal
solution for our coupled optimization problem is unavailable at the scheduling in-
tervals, it can be found afterwards, once events have happened and we can consider
all necessary data from a certain time slot (and its corresponding minislots). If
the loss due to puncturing penalizes the eMBB user’s utility through a convex loss
function, the problem turns out to be a convex optimization problem, which has
led to numerous and well known solutions [119]. But if the loss penalty is not con-
vex (for example, a threshold penalty, a much more suitable model for the actual
wireless communication link [144]), as we mentioned before proposed solutions can
grow afar from optimal. In such cases, the optimal policy would have to be found
by trying all possible scheduling scenarios, making it impossible to find online.

Following the ideas of the ‘learning to optimize’ paradigm (as in [151] and [152]),
we propose a statistical learning method that enables the exploitation of signal’s
correlations in order to approximate optimal solutions. The proposed learning
framework separates the resource allocation problem over each timescale, although
incorporating significant statistical information. This is achieved by training two
learning machines (agents) that will be decision makers for each timescale resource
allocation. As we show in the simulations section, this method has shown to be
well suited for learning when faced with non-convex loss functions, allowing the
proposed learning formulation to surpass current state of the art policies for the
eMBB and URLLC coexistence dilemma. Crucially, since actual resources are
assigned in the inference phase of the learning algorithms (i.e. costly training is
peformed offline) the computational cost of the proposed method’s operation is
extremely lightweight.

All in all, the main contribution of this work is the general formulation we
propose to deal with a two timescales coupled optimization problem, following
the learning to optimize paradigm. We also provide a concrete application to the
5G NR problem of scheduling eMBB and URLLC users through puncturing. Our
adaptive learning framework allows us to find a close to optimal policy given any

74



6.2. Related works

Table 6.1: Comparative analysis of State-of-the-Art proposals.

Minislot Puncturing lossess

Proposal scheduling Linear Quadratic Threshold Other

Round Robin heuristic
[137–139]

✗ ✓ ✗ ✗ ✗

House Allocation
Policy heuristic [140]

✓ ✓ ✗ ✗ ✗

Mixed integer
linear programming-
deep reinforcement
learning [141]

✓ ✓ ✗ ✗ ✗

Q-learning [142] ✗ ✓ ✗ ✗ ✗

Alternating
optimization based
Heuristic [143]a

✗ ✓ ✓ ✓ ✗

Heuristic [143]b ✗ ✓ ✓ ✓ ✗

Gradient scheduler
based optimization [119]

✓ ✓ ✓2 ✓2 ✗

Ours: Learning
to Optimize paradigm

✓ ✓ ✓ ✓ ✓

2 For certain scenarios and specific URLLC traffic distributions they
approximate the optimal policies.

loss function. This distinguishes our practical approach from similar state-of-the-
art proposals, enabling more realistic scenarios. As succinctly presented in Table
6.1, when compared to other methods available in the literature, our proposal
is able to closely approximate optimal policies all while being computationally
amenable to an online operation.

In Section 6.3 we define a mathematical formulation for the puncturing prob-
lem and detail the proposed learning framework. This general problem, which
as we mentioned before appears in several other domains, is instantiated in the
URLLC and eMBB puncturing case in chapter 7, presenting it as a use case ex-
ample and proposing different system reward functions, formulating the offline
optimization problems with which we get the optimal solutions. As we present
in chapter 8 our proposal yields state of the art results for convex loss functions,
while allowing for a much closer approximation to the optimal solution than most
widely used algorithms in the non-convex case. Furthermore, we compare the
results of using several supervised learning algorithms, illustrating that the math-
ematical formulation of the learning problem is robust and generalizes well with
different techniques. This allows for a combination of total or partial handcrafted
algorithms (which are widely used in practical applications) with state of the art
learning techniques (which are widely used in scientific research).

75



Chapter 6. Introduction and Problem Statement

6.3 A two timescales optimization problem
Although this thesis focuses on AI for wireless systems, many optimization or
decision making problems of different fields share the same structure or face similar
difficulties, leading to adapting and migrating solutions across disciplines. In order
to facilitate this healthy exchange, we now define the coupled allocation problem
in a more general form, and defer to the next chapter the 5G use case.

Let us consider the following optimization problem. A finite and fixed amount
of a certain resource has to be distributed over time to different users, who will
in turn profit from the allocation by obtaining an utility. Consider two groups of
users: E primary users, and U secondary users that will be puncturing primary
users. In a more general formulation, instead of users there could be simply two
sets of resource consumers. The second group of resource recipients has strong
requirements with regard to the resource utility to be satisfied (a certain demand
to fulfill), which implies the utilization of resources already assigned to the first
group. A decision maker has to allocate resources to both groups, satisfying the
second group’s demands all the while trying not to harm the first group’s utility.

We will consider that time is slotted on two scales: a generic time slot t of
length T will contain M minislots indexed by τ . At each time slot t there is a
resource assignment decision to make, represented by the vector x[t] ∈ RE assign-
ing resources to each of the E primary users during time slot t. The vector x[t]
can be constructed, for example, by indicating in its e-th entry the amount of
resources assigned to user e. Similarly, for every minislot τ of time slot t, there
is a resource assignment matrix y[t, τ ] ∈ RU×E . In the same way as with x[t],
this second resource assignment variable indicates on its u, e entry the amount of
resources of each primary user e reassigned to the secondary user u. By summing
over row u of matrix y[t, τ ] we get the total number of resources assigned to user
u, while by summing over column e we get the total number of resources previ-
ously assigned to e and now reassigned to users of the U group. We will denote
as y[t] = [y[t, 0],y[t, 1] . . .y[t,M − 1]] ∈ RE×U×M the minislot based assignments
during time slot t.

We will consider two kinds of random variables. On the one hand a random vec-
tor R[t] ∈ RE+U , that will be drawn at the beginning of each time slot. This vec-
tor represents the user’s ability of exploiting the resources; for instance, maximum
attainable rate over a wireless channel for all users, or an electrical generation ca-
pacity. On the other hand, random vector D[t] = [D[t, 0],D[t, 1] . . .D[t,M − 1]] ∈
RM×U , with realizations for every minislot τ in time slot t. This vector represents
a certain requirement for secondary users; for example, a data rate demand to
be satisfied. As we mentioned, these requirements only correspond to secondary
users, and we consider primary users to be greedy towards resources (resources
are shared among them in order to maximize some utility). It is important to
note that random vector D has realizations on a minislot basis, thus not being
known when resource assignment to primary users happens. Suppose all random
vectors (D and R) and policy assignments (x and y) are coupled through a set
of H restrictions. Choosing both assignment policies in order to maximize a cer-
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tain function of the variables leads to a very general formulation as a constrained
stochastic optimization problem:

max
x[t],y[t]

f(x[t],y[t],R[t],D[t]) (6.1)

s.t.:

gi(x[t],y[t],R[t],D[t]) ≤ 0, i = 0, . . . , H − 1. (6.2)

These optimization problems depending on random variables with realizations
observed after the decision instant are very hard to solve. Note the difficulty of
making resource assignment decisions at the beginning of a time slot when resource
demands and resource assignment decisions for the same time period are unknown
and bound to affect all utilities.

Our proposed supervised learning framework on its most general form will try
to approximate the optimal solution (x∗,y∗) in the following manner. After a time
slot has elapsed, all random variables realizations are known and the optimal solu-
tion can be found offline. Therefore the approximate solution will be learned from
the combined data set of the random variables’ realizations and the optimal allo-
cation policy. The set of constrains has to be ensured after the supervised agents
make their assignments, which can be achieved through some projection over the
feasible space. The algorithm consists of the following steps during training:

1. Given K previous realizations of the random variables R and D, we solve
the optimization problem and find optimal assignments (x∗[t],y∗[t]) for every
t ∈ [0,K].

2. We train supervised learning agent 1 with available random variables real-
izations as features and the optimal assignments as targets for every t. The
features may include the last K1 realizations. As an example, for time slot
q, realizations R[t] with t ∈ [q−K1 . . . q] and D[t] with t ∈ [q−K1 . . . q− 1]
will be considered as features and x∗[q] will be choosen as target.

3. We train a second supervised learning agent on a minislot basis, considering
the last K2 ×M + p minislots’ realizations of random vectors D and R in
order to predict an approximation to the optimal policy for minislot p in
time slot q. In this case, features will be R[t] with t ∈ [q − K2 . . . q], D[t]
with t ∈ [q − K2 . . . q − 1], and D[q, τ ] with τ ∈ [0 . . . p]. Finally, another
feature that will be used is the inferred value of x∗[q]. Our target will be
the minislot assignment policy y∗[q, p].

Together, our learned agents will be able to forecast online resource assign-
ments (x̂∗[t], ŷ∗[t, τ ]). Note that the training phase is done offline, with no time
constrains, which enables step 1 to eventually solve non-convex optimization prob-
lems. Also observe that when using a time slot basis, mini slot features have to
be somehow summarized into a time slot basis (for example, as the aggregated
demand over the time slot); similarly, time slot based data has to be transformed
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into mini slot based realizations. Both learning agents offer the freedom to choose
architectures over the vast world of supervised learning, according to the problem’s
nature and/or domain knowledge over the problem and random variables R and
D.

When working online, the procedure is very simple:

1. At time slot t, features are available for supervised agent 1 to predict as-
signment x̂[t].

2. Projection of x̂[t] in order to satisfy restrictions over x.

3. For every minislot τ , features are available for the second agent to predict
assignment ŷ[t, τ ].

4. Projection of ŷ[t, τ ] in order to satisfy restrictions over y.

It is important to remark that the projection is needed in order to satisfy
restrictions and propose policies belonging to the feasible space of solutions. There
are different ways of projecting that can be used in order to ensure that restrictions
are complied, which we will further discuss in subsection 7.3. Observe that another
approach could be to try to learn the second group’s demand, as in learning to
predict D for the next time slot.

In the next chapter we introduce the coupled problem that arises from URLLC
and eMBB coexistence and employ our proposed learning framework in order to
find optimal allocation policies.
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Chapter 7

URLLC and eMBB coexistence in 5G
NR

As we have introduced, 5G NR establishes three types of users. Two of these users,
URLLC and eMBB, share resources of the OFDMA grid. But their coexistence
comes at a price: puncturing over eMBB assigned resource is done in order to
satisfy URLLC demand. This degrades performance for eMBB users, which poses
a challenge: to minimize puncturing effects on eMBB users, all the while satisfying
URLLC demand. We now develop on the utilization of the proposed learning
framework from the last chapter in order to find optimal resource assignment
policies for URLLC and eMBB coexistence.

7.1 Definitions and optimization problem
In the frequency domain, the OFDMA grid is divided into sub-channels, whereas in
the time domain it is split into slots and minislots (a set of OFDM symbol times).
The 5G NR standard defines the minimum set of OFDMA resources that can be
assigned to an eMBB user as a physical Resource Block, which as presented in the
previous part corresponds to what we call a time slot and a set of sub-channels.
Considering the complete OFDMA grid, the system disposes of a total of NRB

resource blocks.

At each slot t a first scheduler distributes among active eMBB users the set
of resource blocks. The system has a set of eMBB users in each time slot t:
e ∈ {1, .., E}. We will assume that eMBB users’ traffic follows a full buffer model
(i.e. eMBB users always have data to transmit). Differently from the first part,
we now consider that there is a fixed number of eMBB users, due to the very short
time scale of the puncturing mechanism. Figure 7.1 pictures actions from the first
scheduler with respect to eMBB users.

As seen in the previous section, and using the same notation for ease of exposi-
tion, we define a time slot t as divided into time minislots indexed by τ ∈ {1, ...,M}.
The system has a set of U URLLC users, u ∈ {1, .., U}. Each URLLC user u at
(t, τ) has a byte demand du(t, τ), which is the realization of a random variable Du,
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Figure 7.2: The second agent schedules resources to URLLC users on a minislot basis. These
resources were already assigned to eMBB users, and may thus inflict losses to eMBB commu-
nications.

known at the beginning of each minislot. In order to fulfill URLLC traffic demands,
a second scheduler assigns at each minislot resource blocks that share the same
set of sub-channels of an RB assigned to an eMBB user, but the time duration of
a minislot. Figure 7.2 allows readers to visualize the minislot based puncturing
action for URLLC users, overwriting assigned resources to eMBB users.

All users have a wireless channel with the base station that varies between time
slots depending on the channel’s fading and noise. We assume the base station
knows the SNR of each user at all times, which is constant over a time slot. Using
the 5G NR standard, as in previous chapters the system can find the maximum
reachable rate for any user by using the measured SNR and the corresponding
coding and modulation. This SNR evolution and its impact on the maximum
attainable rate introduces a time slot and user dependent random variable Re for
eMBB users and Ru for URLLC users, with realizations re(t) and ru(t) known at
the beginning of each time slot. We consider all users’ peak rates at time slot t
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on vector R[t] = [re(t), ru(t)]
e∈{0...E},u∈{0...U} and demands for URLLC users on

vector D[t] = [du(t)]
u∈{0...U}.

Typically these random vectors have correlations between them and temporal
correlations during consecutive time slots and minislots. These dependencies are
to be exploited in order to learn accurate predictions, as well as the impact of the
scheduling policies on the overall utility.

We consider the vector x[t] = {x1(t), ..., xE(t)}, where xe(t) represents the
total number of RBs assigned in slot t to eMBB user e (e.g. x[t] = [2, 1, 2] in
figure 7.1). We define as well the RB assignment to URLLC users as the vector
y[t] = {y1(t), ..., yE(t)}, where ye(t) is the sum over all minislots on slot t of the
number of punctured RBs being assigned to eMBB user e (e.g. y[t] = [0.6, 0.2, 0.6]
in figure 7.2). In a similar way, we represent by ye,u(t, τ) the number of RBs
reassigned from eMBB user e to URLLC user u at time slot t and minislot τ (e.g.
y2,1(t, 0) = 0.2 in figure 7.2), and thus yu(t, τ) =

∑
e ye,u(t, τ) is the total resource

block assignment for URLLC user u.
Please note that for a given URLLC user u, its byte demand du(t) has to

be satisfied over a minislot, meaning that assignment yu(t, τ) multiplied by the
time slot peak rate ru(t) has to equal the users demand. As puncturing of a
certain eMBB user cannot exceed its original total amount of resources, ye(t) ≤
Mxe(t), ∀e, t. Combining the aforementioned analysis, puncturing has to verify
the following equations:

ye(t) =

M∑
τ=1

U∑
u=1

ye,u(t, τ) (7.1)

du(t, τ) =

E∑
e=1

ye,u(t, τ)× ru(t) (7.2)

As we mentioned before, we want the resource allocation to eMBB and URLLC
users to be performed so that a certain utility function f is maximized. We will
consider this reward to be a function of random variables realizations: r[t], d[t] and
of course of assignments x[t], y[t]. In particular, the decision on y[t] will impact
on the performance as perceived by the eMBB users, as part of their transmission
is overwritten.

We assume that by knowing a time slot’s realizations (and past if needed), the
scheduler can find the optimal assignment in the present slot t:

x∗[t],y∗[t] = arg max
x[t],y[t]

f(x[t],y[t], r[t],d[t]) (7.3)

The total utility of our system f will be defined as the sum over eMBB users’
utility, which is in turn defined as a per user utility function U constructed as
some combination over eMBB users’ throughput. As an example, we could use as
global and per user utilities f =

∑
e U(the(t)) =

∑
e log(1 + the(t)). Throughput

the(t) for user e at slot t is defined as a running mean with averaging ratio α over
the effective rate (see eq. (7.5)), which is defined as a function of the assigned
resources xe(t), maximum attainable rate re(t) and, as we mentioned before, the
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rate loss due to puncturing of user’s e transmission (a function we will denote as
L(xe(t), ye(t))).

We consider throughput for all eMBB users at time t in vector th[t] ∈ RE .

f(x[t],y[t], r[t],d[t]) =
∑
e

U(the(t)) (7.4)

the(t) = αthe(t− 1) + (1− α)ce(t) (7.5)

ce(t) = xe(t)re(t)(1− L(xe(t), ye(t))) (7.6)

Remark 6 (On the inclusion of fairness) Observe that by applying the util-
ity function on the throughput, in turn a running mean over the rate, we are
implicitly taking into account a long-term fairness criteria. Given that eMBB
users’ timescale is much larger than the URLLC’s lifespan, we consider eMBB
as full buffer (i.e. they never leave the system). This results in a very different
scenario from the dynamic setting analyzed in the first part (i.e. considering the
proposed average a-posteriori makes no sense in this static problem).

All in all, the resulting optimization problem is as follows:

max
x[t],y[t]

E∑
e=1

U(the(t)) (7.7)

s.t.:

the(t) = αthe(t− 1) + (1− α)ce(t) (7.8)

ce(t) = re(t)(1− L (xe(t), ye(t))) (7.9)∑
e

xe(t) = NRB (7.10)∑
u

ye,u(t, τ) ≤ xe(t) ∀ t, e, τ (7.11)

ye(t) =
∑
τ

∑
u

ye,u(t, τ) ∀ t, e (7.12)

∑
e

ye,u(t, τ) =
du(t, τ)

ru(t)
∀t, τ, u (7.13)

ye,u(t, τ) ≥ 0 ∀ e, u, t, τ (7.14)

xe(t) ≥ 0 ∀ t, e (7.15)

Restrictions ensure that definitions hold to the puncturing model. For instance,
any resource allocation has to be positive, and there cannot be more resources
punctured to an eMBB user than the ones originally assigned. Constraints will be
further analyzed in subsection 7.3.

Let us further discuss the loss function L. As puncturing of eMBB and URLLC
in 5G is a hard to solve optimization problem, different scenarios have been pro-
posed in the literature, mainly using heuristics yielding good results for particular
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settings. Other approaches, as [119], formulate optimization problems very sim-
ilar to our own, and consider convex functions for U and L. They prove that
some policies are optimal under certain conditions, notably a proportional fair
assignment for eMBB resources and a random assignment for URLLC resources.
However, digital communications’ performance exhibit a non-convex response to
interference, that can be viewed as a threshold penalty: if interference is larger
than a certain value, then the message is completely lost [144].

We will thus test our framework using two kinds of loss functions: convex
(quadratic) and the more realistic non-convex threshold. This allows a comparison
with regard to optimal solutions with theoretical guarantees (as in the convex
scenarios), as well as with state of the art proposed solutions on the threshold
case, which is a much more realistic approach, and closer to application. Our
proposed learning method proves to be able to adapt to different scenarios all
while maintaining close to optimal mean utility for eMBB users.

The offline optimization phase may be performed using any chosen solver when
the loss and utility functions are convex. For the threshold scenario, even if this is
not a convex optimization problem, it can be transformed and solved by optimizing
2E convex optimization problems. Even though challenging, the computational
complexity of solving the threshold scenario only depends then on the number E
of EMBB users, and neither on the number of active URLLC users nor the number
of resource blocks the system disposes.

As stated, in a general non-convex scenario, the optimal policy has to be found
by trying all possible policies, which is highly time and resources consuming. Still,
in our framework this is feasible since solving the optimization problem and the
training phase are both done offline.

7.2 Learning formulations

An important consideration to be made over resource block assignments and punc-
turing is the strong time limitation a 5G scheduler meets. As an example to fix this
idea, a time minislot in 5G is on the order of the hundreds of nanoseconds. This
is why supervised learning is an appropriate choice in order to exploit statistical
information: once trained, execution is very quick.

Different supervised learning methods could be exploited. The chosen learning
machine will typically depend on domain knowledge, mainly on the nature of the
random variables, depending if and how much we know about them. The range
of possible choices goes from well known methods as Random Forest or Support
Vector Machines up to the newest deep learning architectures, including custom
made algorithms. In section 8 we show results with different learning agents.

Whichever learning method is chosen, with our proposed statistical learning
framework they will all share features and target. Our first scheduler makes the
prediction of x∗[t], for which we use the following features:
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featsx∗[t] = [r[t] . . . r[t−KR],d[t− 1] . . .d[t−KD],

th[t− 1] . . . th[t−Kth]] (7.16)

We include rate for all users (of both kinds) for this time slot and past KR time
slots. We also consider eMBB users’ throughput and URLLC demand for the past
KD and Kth time slots respectively; observe that neither eMBB’s throughputs
nor URLLC’s demands are available at the present time slot t. Demand from
URLLC users has a different timescale, so including the minislot demand has little
significance. Instead, we consider the aggregated sum of URLLC users’ demands
over each time slot. With regard to the more general formulation described in
section 6.3, note that we have introduced as a feature the throughput instead of
the assignment x, both being directly related: with the assignments and rates the
throughput can be easily obtained. We consider the throughput to be a more direct
feature than to introduce the past assignments for the present learning poblem.

Our second scheduler will be working on a minislot time basis. In order to
match dimensions over a minislot basis, timeslot features are extended to the M
minislots (e.g. rates). Besides past and present rates for all users and throughput
for eMBB users, we use URLLC users demands per minislot (past and present),
and resource assignment for eMBB users x∗[t]. This results in:

featsy∗[t,τ ] = [r[t],d[t, τ ] . . .d[t, τ −KD], th[t− 1],x∗[t]] (7.17)

7.3 Optimization constraints
The regression problem formulated in our approach must take into account the
constraints of the system. In the estimation of the eMBB assignments, we must
ensure the following constraints:∑

e

xe(t) = NRB (7.18)

xe(t) ≥ 0 ∀ e (7.19)

Regarding the estimation of the URLLC allocation we must ensure the follow-
ing constraints:

∑
u

ye,u(t, τ) ≤ xe(t) ∀ e, t, τ (7.20)

∑
e

ye,u(t, τ) =
du(t, τ)

ru(t, τ)
∀τ, u, t (7.21)

ye,u(t, τ) ≥ 0 ∀ e, u, t, τ (7.22)
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These constraints must be imposed on the learning regression system. There
are two types of constraints in the previous equations. The first type guarantees
that the output vector of the regression (x[t] or y[t, τ ]) has all terms greater or
equal than zero and the sum of its components must equal some fixed value: the
total amount of resources for x, and the demand satisfaction for y. This type of
constraints can be imposed using a well known method consisting of a logarithmic
transformation over the normalized target vector, as described in [153]. This
transformation ensures that the regression output satisfies fixed sum constraints.

The other type of constraint is:

∑
u

ye,u(t, τ) ≤ xe(t) ∀ e, τ (7.23)

This constraint must be imposed in the regression of the y values where the
xe values were calculated in the first regression. This type of constraint is more
difficult to impose together with the first type of constraints. In this case after the
regression with the log transformation, we assure that all the constraints for y are
verified by projecting the output values obtained y∗[t, τ ] to the constraint space.

min
y

∑
e

(ye,u(t, τ)− ŷe,u(t, τ))
2 (7.24)

s.t.:∑
e

ye,u(t, τ) =
du(t, τ)

r̂u(t)
∀u (7.25)∑

u

ye,u(t, τ) ≤ xe(t) ∀e (7.26)

ye,u(t, τ) ≥ 0 ∀e, u, t, τ. (7.27)

The projection is realized for each minislot τ .
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Chapter 8

Simulations and Results

In order to validate our system model and learning procedure, we compare our
results to the proposed solution of [119], which we will refer to as ‘baseline’ in
experiments and tables. In a nutshell, this heuristic consists of a proportional
fair assignment for eMBB users and a random assignment for URLLC puncturing.
This comparison might be unfair, given that the solution is only optimal in certain
specific scenarios (for example, for convex loss functions), but it is a state of the
art algorithm for puncturing optimization, and as such serves well as a baseline in
order to compare our proposed learning procedure behavior. We use well known
supervised learning methods such as the classic Support Vector Machines (SVM)
and the Recurrent Neural Network (RNN), and implement the learning algorithm
over different synthetic experiments.1

We selected three particularly interesting cases. On the first experiment we
apply our proposed framework to a convex problem (the loss function is convex and
the utility is concave). This type of ‘convex’ scenarios have well known solutions
(as shown in [119]), which enable us to test a simple setting in order to verify
the correct behavior of our learning agents. On the second and third scenarios
we use a threshold loss: if more than a certain amount of assigned resources are
punctured for an eMBB user, all communication will be considered lost (meaning
the rate for that user will be 0 for the whole time slot). On the other hand, if
that threshold is not surpassed, communications (and thus eMBB user rates) are
unaltered. This non-convex scenarios are studied by [119], and while their proposed
heuristic works reasonably well when URLLC demand is low, as traffic increases
the proposed solution grows afar from optimal policies. That is why we finally
introduce a synthetic scenario with larger URLLC traffic loads, maintaining the
threshold penalty as the loss function. As mentioned before, the system’s reward
is defined as f(t) =

∑
e U(the(t)) =

∑
e log(1 + the(t)).

Besides our proposal and the solution described in [119], we compare our results
with a ‘random agent’. This agent will assign a fixed number of resource blocks
to eMBB users (total number of resource blocks over number of eMBB users),
and a random number of resource blocks to URLLC users. The idea with this

1All code can be found at https://gitlab.fing.edu.uy/ai45g/puncturing-ai45g.

https://gitlab.fing.edu.uy/ai45g/puncturing-ai45g
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extremely simple agent is to obtain a minimum performance so as to quantify the
gain obtained by the other two methods. For all heuristics we ensure restrictions
are met by projecting the found resource assignments over the feasible space of
solutions.

Finally, we also compare against the optimal allocation, which can be easily
obtained when the problem is convex. When considering a threshold loss the
optimal assignment can also be found if we consider it as 2E convex optimization
problems, as described in the past chapter. For the presented experiments we
derived the optimal solution for comparison purposes, but at the price of costly
computation, unfeasible in real-time applications.

Simulation parameters can be found in table 8.1. The total number of resource
blocks is NRB = 270 for all simulations. Channel evolution for all users follows
a finite Markov process as proposed in [154]. The URLLC users’ traffic demand
follows a two state finite Markov process, being URLLC’s demand turned on and
off. All convex optimization problems were solved using cvxpy [155].

When using SVM, the regression for learning both policies is obtained by using
Scikit-learn Support Vector Regression (SVR) software [156]. Parameters C and
gamma of the Radial Basis Function (RBF) kernel are obtained via grid search.

Recurrent Neural Networks are well known deep learning architectures par-
ticularly suited to learn and capture sequential dependencies (e.g. temporal se-
quences), making them a natural choice for testing our proposed statistical learning
method. We used the keras [157] implementation of recurrent neural networks, ex-
perimenting with LSTM, GRU and vanilla RNN. We only present experiments
concerning the implementation achieving highest results, and we used a very sim-
ple architecture: an LSTM (or GRU) layer followed by a fully connected layer for
regression purposes. In all cases, the learning rate follows an exponential decay
and the loss function is computed by using mean squared error. The parameters
of the RNN (number of neurons, learning rate, normalization, sequence length)
were also chosen using grid search, and details for each experiment can be found
in table 8.1. When using neural networks, normalization was used prior to learning
in order to accelerate convergence and obtain better scores.

We first tried the proposed learning method using a quadratic loss function,
defined as L(xe, ye) =

( ye
xe×M

)2
. The predicted policy obtained is very close to

optimal as can be seen in figure 8.1, and the average utility is over 99% of the
optimal utility (see tables 8.2, 8.3). Observe that in this case all policies behave
really well; in a convex scenario the puncturing policy is not that important in
order to achieve good results, and an average distribution of resources over eMBB
users will be optimal in expectation. Results are good but also expected, because
by using a simple convex loss function the optimal policy should be easily learned.
This is caused because losses by puncturing are not so dependent on the punctured
eMBB user, as all eMBB users fare similarly and contribute proportionally to the
global utility. Also, on average a mean distribution of resources for eMBB users
will be optimal, meaning the random heuristic proposed should (and effectively
does) yield good results. Yet, results are encouraging, as our proposed learning
method fares as well as heuristics that are optimal on mean (as the Baseline).
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Table 8.1: Table of Parameters

Scenario 1 Scenario 2 Scenario 3
Loss model Quadratic Threshold Threshold
eMBB users 20 10 10
URLLC users 5 3 3
Minislots (M) 3 3 3
α 0.8 0.8 0.8
Threshold - 0.11 0.11
T {train} 7700 7700 19700
T {test} 300 300 300
SVM-C (x) 50× 103 1000 200
SVM-G (x) 1× 10−4 1× 10−6 5× 10−6

SVM-C (y) 100 5× 103 20× 103

SVM-G (y) 1× 10−7 5× 10−6 5× 10−7

Max Iterations 1× 104 1× 105 1× 105

RNN Cell GRU LSTM LSTM
Hidden Layer (x) 24 24 24
Hidden Layer (y) 128 32 32
Normalization No Scaler MinMax MinMax
Learning rate (x) 1× 10−3 1× 10−4 1× 10−4

Learning rate (y) 5× 10−4 5× 10−4 5× 10−4

Sequence length (x) 2 4 4
Sequence length (y) 6 12 12

We then applied the framework in a more complex scenario, using the threshold
loss function formulation (see figure 8.2). Results are even more encouraging, even
if they are not as near optimal as in the quadratic case, the utility achieved is
almost 90% of the utility the optimal policy would obtain. The difficulty when
using the threshold loss function is that when an eMBB user is punctured it may
result in a null rate (re(t) = 0), which means the discontinuities observable in the
figures and an evident larger impact on the utilities for different policies. For an
agent to learn these highly discontinuous patterns is not a trivial task, and yet our
proposed method is able to grasp statistical correlations and features’ relationships
in order to choose close to optimal policies.

In the work of [119], authors find greater differences between their proposed
heuristics and optimal solutions as the traffic load increases for URLLC users,
when using a non-convex loss function (for example a threshold loss). Even if the
discontinuities may appear more often (eMBB users with re = 0), this may actually
be beneficial for the learning agent. For instance, it will learn to puncture those
eMBB users with re = 0, since their limit threshold has already been surpassed.

89



Chapter 8. Simulations and Results

0 50 100 150 200 250 300
Time slot

80

85

90

95

100

105

M
ea

n 
U

til
ity

Optimal
Predicted SVM
Predicted RNN
Random
Baseline

Figure 8.1: Reward during online test for Scenario 1. All heuristics fare almost as well as the
optimal solution, given the convex setting for the trial: both loss function (quadratic) and
utility are convex. In this case the puncturing policy has a lesser effect on global utility, and a
mean distribution of resources for eMBB will have a good performance on expectation.
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Figure 8.2: Reward during online test for Scenario 2 (Threshold Loss). During test, URLLC
traffic demand is low, allowing agents to either allocate all puncturing without losses or to
puncture one eMBB user over the threshold limit. This scenario is harder to learn, having two
very distinct scenarios (either send all puncturing to a user of distribute it evenly among all
users).
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Figure 8.3: Reward during online test for Scenario 3 (Threshold Loss). In this case during test
URLLC traffic demand is higher, which induces more losses because of the threshold penalty.
Even if global utility is lower because of heavier puncturing, the learning problem is easier to
approximate.

Table 8.2: Mean reward (overall utility) for the compared algorithms over different scenarios.
Reward is calculated by applying a fairness utility function to the eMBB users’ throughput as
in eq. 7.4.

Mean Reward
Loss model Baseline Random SVM RNN Optimal
Quadratic 92.43 92.47 92.43 92.48 92.63
Threshold
(low demand)

45.30 40.13 45.32 47.62 53.94

Threshold
(high demand)

24.21 16.68 39.41 38.79 50.78

This is evidenced in the third scenario, where URLLC’s traffic load is larger (see
figure 8.3).

As expected, utilities are farther apart from optimal than in previous exper-
iments, although our framework fares much better than the rest of the proposed
solutions: while the other heuristics attain less than 50% of optimal utility (and
almost vanishing at certain time-slots), our proposed learning method achieves
over 75% of the optimal utility in all cases. Results are summarized in tables 8.2
and 8.3. Table 8.2 compares achieved utilities for the optimal policy, our proposed
algorithm, the baseline and the random policy. In table 8.3, the obtained rewards
are normalized with respect to the optimal value to derive a performance metric.
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Table 8.3: Performance with respect to the optimal policy’s utility for proposed and baseline
heuristics.

Performance (%)

Loss model Baseline Random SVM RNN
Quadratic 99.78 99.83 99.78 99.84
Threshold
(low demand)

83.98 74.40 84.02 88.28

Threshold
(high demand)

47.68 32.85 77.61 76.39

Other classic supervised learning tools (Random Forest, Fully Connected Neu-
ral Networks) can be easily used as a proof of concept of the versatility of the
proposed framework. Results are not included, but implementations can be found
in the project’s repository.

8.1 Summary
We have presented a framework for solving online two constrained optimization
problems coupled over two different timescales. Our approach uses the system’s
state and statistical correlations in order to train two supervised agents, one for
each timescale policy. Our framework consists of an offline learning phase, in which
we train the agents with the system state and the optimal assignments obtained
offline. The supervised agents then apply the estimated optimal assignments on-
line.

The proposed framework is instantiated on resource allocation with puncturing
in 5G networks. The optimization of 5G resources with puncturing is in challenging
to solve, if possible at all. URLLC and eMBB coexistence implies a downgrading
of eMBB communications by reassigning eMBB users’ resources to URLLC users
in order to satisfy URLLC’s demand. We solve the optimization problem arising
from the aforementioned coexistence, focusing on maximizing a throughput based
utility for eMBB users all while satisfying URLLC demands.

The effectiveness of the proposed approach was demonstrated through a variety
of simulations. We used different scenarios and established realistic settings to
prove the framework’s performance, achieving results above current state of the
art solutions. We were able to approximate online optimal solutions, even in non-
convex scenarios in which state of the art techniques do not approximate well
the optimal solution. On all scenarios our agents perform better than compared
heuristics, achieving up to a 50% increase on eMBB users’ utility with regards to
well known state of the art proposals.

In future works it would be interesting to try out other learning algorithms,
modifying restrictions and developing feature engineering, in order to find even
better policies approximations. It would also be interesting to explore on imple-
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menting a combined training of both learning agents, by introducing in the loss
function a utility divergence penalty. This may allow to exploit domain knowledge
in order to achieve better results. Finally, application of this statistical learning
method over a broader series of problems over several timescales involving con-
strains, as energy management, would be interesting in order to further validate
the proposal.
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Chapter 9

Conclusions and Future Work

This thesis presented our research on the integration of artificial intelligence into
next-generation communication networks. Although AI has achieved rapid expan-
sion across many disciplines, incorporating intelligent control into communication
systems remains a demanding challenge. The robustness of current network archi-
tectures and the need for reliability constrain the adoption of adaptive, AI-driven
algorithms for optimizing resource utilization in data and wireless communications.

However, as communication scenarios multiply and network complexity in-
creases, emerging technologies such as 5G and upcoming 6G standards are de-
signed to embrace AI-driven management. Their objectives include optimizing
the use of available resources and providing enhanced, context-aware services.

9.1 Main Contributions
This work addressed two central problems in resource allocation for modern com-
munication systems, focusing on the time and frequency dimensions fundamental
to wireless access.

9.1.1 User Association with Fairness-Aware Reinforcement Learn-
ing

Among the many challenges in resource optimization for wireless communications,
this thesis focuses on the user association problem, namely the decision of which
base station should serve an incoming user. For this purpose, we introduced a re-
inforcement learning framework for dynamic user association in wireless networks,
referred to as GROWS. By leveraging the ability of reinforcement learning to ad-
dress sequential decision-making problems, together with the capacity of graph
neural networks to represent relational structure, GROWS efficiently tackles the
UA problem and learns stable association policies.

Within this framework, we develop three problem formulations. The first is
a naive reinforcement learning approach, in which we introduce an RL+GNN
algorithm based on a simplified state representation. Simulation results show
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that, despite its simplicity, this formulation already leads to improved resource
utilization, achieving higher data rates and lower rejection probabilities.

As a second formulation under the GROWS umbrella, we consider a decentral-
ized computation scheme that incorporates slot-level fairness and explicitly models
user rejection as a valid action. This formulation accounts for connected users’ dy-
namics, including departures, which requires maintaining information about active
connections. To preserve scalability, the proposed POMDP state summarizes user-
level information through relevant statistics, such as remaining sojourn time.

Finally, we formalize the complete MDP underlying the UA problem and derive
a POMDP that incorporates fairness by accounting for the achieved reward of com-
pleted user sessions, referred to as average a-posteriori fairness. Unlike classical
approaches that rely on static or purely efficiency-driven objectives, this formu-
lation embeds fairness directly into the reward function. As a result, efficiency,
fairness, and stability can be addressed jointly by any reinforcement learning al-
gorithm, without ad hoc reward shaping or algorithm-specific adjustments.

Experiments across multiple scenarios demonstrate that the learned policies
outperform standard heuristics and existing fairness-based methods. In lightly
loaded conditions, GROWS performs on par with efficiency-oriented heuristics
while maintaining balanced resource usage. Under heavy congestion, it selectively
limits new admissions to prevent overload, achieving significantly higher per-user
rates and shorter service times. Finally, in the real deployment, the learned policy
produces both spatially balanced associations and improved resource usage. These
results confirm that fairness-oriented learning not only improves user-perceived
performance but also enhances overall resource utilization.

9.1.2 Intra-Cell Resource Allocation for Heterogeneous 5G Ser-
vices

We analyzed the coexistence of the three service types defined in 5G: enhanced
Mobile Broadband (eMBB), massive Machine-Type Communications (mMTC),
and Ultra-Reliable Low-Latency Communications (URLLC). These different users
share common time-frequency resources but operate on distinct temporal scales
and with different service requirements.

Our focus was on quantifying and mitigating the disruptive effect of URLLC
traffic on ongoing eMBB sessions. We modeled the interaction across time scales
and proposed a constrained optimization and supervised learning approach. Simu-
lations validated the model, showing that our method effectively limits the impact
of URLLC arrivals while preserving eMBB quality of service.

Together, these contributions illustrate that integrating AI-driven, fairness-
oriented decision-making into wireless networks can substantially enhance resource
efficiency and user experience. The proposed frameworks also support multi-
objective extensions, allowing the inclusion of energy consumption, interference,
or handover cost minimization as additional criteria.
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9.2 Considerations and Future Work
Our most recent efforts focused on the concept of fairness and its enforcement
within reinforcement learning frameworks. This direction holds strong potential:
in a world increasingly shaped by algorithmic decision-making, reflecting on what
(i.e. for whom) we optimize is crucial. The proposed MDP reward collection mod-
ification allows fairness to be enforced in resource allocation with minimal compu-
tational overhead, making it compatible with existing models and algorithms.

Future work can extend this research along several directions:

9.2.1 Learning the hidden MDP
In our last formulation we assume that through statistics the system will be able
to model the hidden dynamics that relate the three features per users needed
to have a complete MDP representation. An interesting enhancement would be
to learn embeddings for these per-user data, and not simply assume a statistical
representation that may not be sufficient in higher complexity settings.

9.2.2 Concept drift and continual learning
Our proposed solution has to be trained beforehand to be used online: although
it can be trained with a variety of trajectories and scenarios, it may represent an
interesting plus to have a continual learning set up in which our model is able
to keep learning from the data even when facing concept drift: changes in the
underlying statistical relationships (namely user arrivals).

9.2.3 Fairness in Real-World Implementations
Theoretical fairness metrics such as α-fairness or proportional fairness are much
too often adopted mechanically in optimization literature. Further studies should
validate whether the desired fairness outcomes are effectively achieved in real de-
ployments, and explore more adaptive, context-aware definitions of fairness. In
future work, we plan to deepen both the theoretical and experimental analysis of
the utility functions employed in the fairness-aware formulations. In particular,
exploring how different concave utilities influence convergence, stability, and long-
term fairness will help clarify the relationship between short-term reward shaping
and global system behavior. For instance, one can expect that using a very steep
positive sigmoid utility (e.g. f(x) = ReLU((1 − e−αx)/(1 + e−αx)) with large α)
would yield a policy that prioritizes user acceptance independently of the achieved
rate. Establishing properties of the resulting policy for a family of such functions
is the subject of our current research.

9.2.4 Cross-Domain Applications
Beyond telecommunications, the developed framework can be applied to other
domains involving dynamic resource allocation and fairness—such as healthcare.
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We initiated discussions with colleagues at the Hospital de Cĺınicas to explore the
optimization of emergency department operations, aiming to reduce waiting times.
The same modeling principles could guide infrastructure design, for example by
determining the optimal number and placement of triage points, analogous to base
stations in wireless networks.

9.2.5 Integration of Both Algorithms
A natural continuation involves combining the user association and intra-cell al-
location mechanisms into an end-to-end optimization pipeline. The internal al-
location policy at each base station would operate locally, while its effects would
be indirectly captured by the global user association through the reward struc-
ture. Analyzing how local fairness constraints influence global network behavior
represents an interesting and open research question.

9.2.6 Multi-Objective Optimization
Extending the proposed formulations to include multiple objectives as minimizing
energy consumption, handover costs, carbon footprint and interference would pro-
vide a more comprehensive optimization framework. These goals can be expressed
either as additional constraints or as terms in the overall objective function.

9.3 Final Remarks
Overall, this thesis contributes to a principled and scalable integration of AI into
wireless network design. By embedding fairness into reinforcement learning and
graph-based models, we provide a pathway towards intelligent decision-making
that can improve both network efficiency and user equity. This work contributes
to build future generations of communication systems that are not only adaptive
and resource-efficient but also fair and socially responsible.
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