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Abstract

Next-generation wireless networks have grown increasingly complex over the years due
to the continuous demand generated by newer services like Extended Reality (XR), en-
compassing Augmented Reality (AR), Mixed Reality (MR), and Virtual Reality (VR).

5" generation networks (5G) introduced three main network services to provide support
to new traffic types with diverse quality of service demands: Enhanced Mobile Broadband
(eMBB), Ultra-Reliable and Low Latency Communications (URLLC), and massive Ma-
chine Type Communications (mMTC). Despite the advancements achieved by 5G, there
is still much room for improvement when meeting the needs of more data-intensive, low-
latency, and ultra-high-reliability applications. In new generation Wi-Fi networks, Wi-Fi
6, 7, and the futuristic Wi-Fi 8, the race has been dedicated to providing extremely high
throughput required by throughput-hungry services such as XR. Despite the success of
the changes introduced in such amendments, Wi-Fi still falls short of providing ultra-high
throughput with ultra-low latency and high reliability for applications such as cooperative
mobile robots and others [1].

To suffice such complexity and myriad of requirements, Machine Learning (ML)-based
solutions have stepped up and provided elegant and efficient solutions for many challenging
wireless communications problems [2|. Several advances in ML in the field of computer
vision, natural language processing, game playing, and robotics have allowed the migration
of many of these applications to the field of wireless communications. More specifically, we
foresee the immense application potential that Reinforcement Learning (RL), a subfield of
ML, can provide due to its capacity to learn, as humans do, complex systems by interacting
with an unknown environment.

In this work, we aim to apply advanced state-of-the-art RL techniques on wireless access
networks to optimize network performance. As case studies, we selected load balancing,
handover in multi-RAT networks, XR codec selection, resource management in 4%, 5%,
and beyond networks. We propose centralized and hierarchical RL-based solutions and
explore the advantages of team learning and multi-agent reinforcement learning (MARL)
in the proposed use cases. Our novel MARL algorithms demonstrate their capabilities to
overperform centralized ones when the problem can be modeled as cooperative or com-
petitive. Similarly, we study advanced state-of-the-art RL techniques in Wi-Fi networks.
In this case, we explored spatial reuse, traffic allocation, and channel selection for IEEE
802.11ax and IEEE 802.11be networks.

The results of this investigation underscore the effectiveness of various reinforcement
learning (RL) techniques, especially in the multi-agent setting, across diverse application



domains and wireless access networks. Firstly, competitive multi-agent reinforcement learn-
ing (MARL) schemes yield better results than centralized ones, enabling agents to compete
more efficiently for resources in a load-balancing scenario. Secondly, hierarchical algorithms
offer more optimal solutions in dual connectivity handovers compared to centralized ones,
thanks to their unique capacity to handle sparse rewards. Thirdly, in Wi-Fi networks, co-
operative spatial reuse appears to enhance collaboration among agents, and transfer rein-
forcement learning (TRL) facilitates quick adaptation in dynamic environments. Fourthly,
additional methods need to be incorporated to address partially observable Markov deci-
sion process (POMDP) problems, a common characteristic in wireless networks, to enable
successful utilization of RL. Finally, parallel transfer reinforcement learning (PTRL) can
significantly improve convergence speed without the need for the classical teacher-student
paradigm in sequential transfer reinforcement learning (TRL).
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Chapter 1

Introduction

1.1 Motivations

In the era of Artificial Intelligence (AI)-based solutions, ML and its subfield RL have shown
enormous potential across a myriad of services in our daily lives. Their applications span
from industrial and robotics to healthcare and wireless communications. The complexity
of today’s systems has led to the usage of Al to provide solutions that were not possible to
achieve with the existing methods. ML utilizes existing data and learns from it, which is the
primary distinction from traditional algorithms based on rule lists [5]. ML can be classified
into three subfields: Supervised Learning (SL), Unsupervised Learning (UL), and RL. SL
necessitates that each training example has its corresponding label for proper functioning.
The training example corresponds to the input, while the label represents the output. This
method is primarily suitable for classification or prediction tasks. In contrast, UL does not
require labels and aims to infer inherent features of the data. This enables inference of
information such as grouping similar data points, detection of anomalous instances, or
dimensionality reduction, among others, in tasks where labels are not available [6]. Lastly,
RL is a learning method used in uncertain environments where the dynamics of the process
can be modeled as a Markov Decision Process (MDP). In this setting, an agent or learning
entity interacts with the environment using a defined action, receives a reward or penalty
for such action, and observes the current state of the environment. This corresponds to a
cyclic process, which aims to select, in the long term, such actions that provide the highest
reward |7].

Wireless access networks are characterized by their inherent uncertainty. Moreover,
adjusting the multiple parameters involved in any network decision can be challenging, and



in some cases, heuristic methods are utilized due to the absence of a closed-form solution
[8]. In multi-agent environments, such as in multi-base station and multi-user settings in
wireless networks, these challenges become even more pronounced [5]. Furthermore, many
network functions in wireless access networks require optimization of certain objectives. In
next-generation networks, such optimization often involves solving non-linear or polynomial
problems that cannot be addressed by classical optimization techniques. Consequently, less
expensive solutions, such as those provided by Machine Learning (ML), are necessitated [9].

For this reason, we intend to explore the application of several advanced RL techniques,
mostly in the multi-agent context, in wireless access networks: 5™ and 6" generation
cellular networks and Wi-Fi. In this thesis introduction, we present in more detail the
motivations behind this research.

1.1.1 Reinforcement Learning for Next Generation Cellular Net-
works

The fifth and sixth generation (5" and 6™) cellular networks extend their capabilities
to offer services with more demanding requirements. These include increased throughput,
reduced latency, enhanced reliability, higher connection density, improved energy efficiency,
and integrated intelligence with machine learning capabilities. Several studies have shown
the success of RL, a subfield of ML, in next-generation cellular networks. Several surveys
can be found throughout the literature where ML and 5G and 6G have been the main focus.
Such surveys span from general state of the art [10-15|, positioning [16], vehicular networks
[17], large scale 6G networks [18|, quantum ML, [19], QoS and Quality of Experience
(QoE) [20], non-terrestrial networks [21], distributed ML [22] and handover for 5G and
6G networks [23|. It can be seen, that most of the ML algorithms applied in radio access
network (RAN) need to be adapted, tweaked, or enhanced to perform properly in wireless
networks. This makes sense, since typically the ML community proposed their methods
in environments more related to robotics or game playing. Differently from the classical
RL research, we delve in this thesis, in specific areas of Radio Access Networks where RL
can provide improved solutions when compared with traditional mechanisms. Among the
plethora of applications of RL-enabled Wireless RAN, we study load balancing, handover,
and XR codec adaptation. In each of these studies, we intend to optimize Key Performance
Indicator (KPI)s of interest and comply with the newest stringent requirements imposed
by next-generation networks.

In recent years, RL-based load balancing solutions have been proposed throughout
the literature. The term load balancing in wireless networks is a broad concept and if



used, must be specified the context in which is employed. In this thesis, we refer to load
balancing as the balance and management of resource utilization across different network
components, such as base stations, to ensure efficient and optimal network performance.
The goal of load balancing is to prevent network congestion, enhance resource utilization,
and improve overall user experience. The term "traffic steering" can also be employed as
a form of load balancing since it deals with the distribution of data traffic; however, we do
not study load balancing in such a sense.

Load balancing within the RAN involves redistributing User Equipments (UEs) to less
congested base stations. The load on a base station is determined by the number of UEs
associated with it and the traffic demand generated by these UEs. To redistribute UEs,
handover mechanisms are used [24]. All the existing handover mechanisms use some met-
rics such as Reference Signal Received Quality (RSRQ) and Reference Signal Received
Power (RSRP) to trigger the handover and TTT, time to trigger, which sets the time in
which the handover mechanisms should wait to be triggered to avoid ping-pong scenarios.
Despite, the effectiveness of the existent algorithms, the increase User Equipment (UE)’s
density and diversity of traffic types’ quality of service requirements sets some challenges
in finding the optimal load distribution in RAN. Recent developments with Cloud RAN
(C-RAN) have enabled the proposal of centralized RL solutions where an agent can con-
trol the configuration parameters of several Base Stations (BSs). Existing literature about
this topic does not consider QoS parameters at the time of triggering handover. To this
end, in Chapter 3, we introduce in section 3.1 our proposed CDQL algorithm for load
balancing [25] that considers QoS metrics to improve KPI of interest. However, centralized
solutions are not pragmatic and decentralization is needed. In a decentralized scenario,
each Base Station (BS) tries to improve its own KPIs and trigger the handover based on
the optimized Handover (HO). Such scenario can be modeled as a multi-agent system,
that could present two characteristics according to the nature of the agents’ interactions.
Agents can act collaboratively or competitively nature. In the cooperative setting, agents
collaborate to optimize a common long-term goal, meanwhile, in the competitive setting,
the return of agents usually sums up to zero. Collaboration seems to contribute to better
performance in these settings but typically the cost of communication and ideal communi-
cation among these networked agents is often assumed. Thus, competition is preferred in
specific scenarios where the performance is reasonably maintained comparably to cooper-
ative agents. Thus, in section 3.2 we propose a novel state-of-the-art MARL competitive
algorithm named Multi-Agent Deep Deterministic Policy Gradient with Adaptive Policies
(MADDPG- AP) that is capable of overperforming the centralized our previous CDQL
algorithm [26].

Due to the evolution of the RAN from 4 to 5 generation, handover mechanisms



adapted to support different Radio Access Technology (RAT) users. Service to older ter-
minals was continuously offered and new terminals with multi-RAT capability needed to
seamlessly use both networks that have different radio characteristics. Some proposals
have been made for handover in multi-RAT networks [27]. In section 3.3, we address the
handover problem in an LTE-NR network with dual connectivity using a hierarchical algo-
rithm named Hierarchical Deep Reinforcement Learning (HiDQL) 28] that is capable of
offering better performance than CDQL and the existent algorithmic solutions.

In the context of the new generation RAN, O-RAN emerges as a novel and promising
architectural paradigm. Among its many characteristics, it features community collabo-
ration, interoperability, a multi-vendor ecosystem, and the decomposition of network ele-
ments, essentially embodying the concept of openness. To enable these exciting features,
O-RAN incorporates applications referred to as xApps and rApps. These applications are
specifically designed to enhance the functionality and capabilities of the open architecture,
with their main differentiation lying in their location and requirements within this new
framework. In Chapter 4, we present a pioneering study supporting the implementation of
team learning in O-RAN. In this context, two distinct xApps—power allocation and radio
resource allocation—can significantly improve network performance when team learning is
employed instead of individual learning agents [29].

1.1.2 Reinforcement Learning for Wi-Fi Networks

The upcoming generations of Wi-Fi networks, including IEEE 802.11be (commercially
known as Wi-Fi 7) and the future IEEE 802.11bn (potentially named Wi-Fi 8), address
extremely high and ultra-high throughput services with stringent latency requirements,
respectively. Such services demand high reliability and coordination, necessitating intelli-
gent management capable of adapting to dense and crowded environments. The success of
machine learning (ML) in cellular networks can be analogously claimed in Wi-Fi. Several
studies have demonstrated the success of reinforcement learning (RL), a subfield of ML, in
next-generation Wi-Fi. Despite Wi-Fi and ML works are not abundant as its competitor
5G and 6G some studies can be found with the topic of general state of the art [30-32],
Indoor Localization [33-36], QoS [37], sensing [38], human recognition [39,40] and intrusion
detection [41]. As for 5G and 6G, the same conclusion can be drawn for Wi-Fi: the ma-
jority of ML algorithms used in Wi-Fi require adaptation, adjustments, or enhancements
to achieve optimal performance.

Amidst the numerous applications of Wi-Fi empowered by ML, we explore coordinated
spatial reuse, traffic allocation, and channel selection. Spatial reuse in Wi-Fi involves



efficiently utilizing available frequency channels, enabling multiple devices to transmit and
receive data simultaneously without interference. Optimizing this task becomes challenging
in densely populated areas like airports and shopping malls. Motivated by these challenges,
we present several contributions to coordinated spatial reuse in Chapter 5.1, including the
Contextual Multi-Agent Multi-Armed Bandit (MA-CMAB) algorithm and the proposal
of Transfer Reinforcement Learning (TRL) to expedite its adaptation [42]. In Section
5.2, we focus on adaptability and propose a meta-learning algorithm based on Multi-Agent
Multi-Armed Bandit (MA-MAB). Meta-learning demonstrates its immense potential when
access to several tasks is possible, surpassing TRL techniques with the advantage of not
experiencing negative transfer learning [43].

The arrival of the new IEEE 802.11be (Wi-Fi 7) amendment brought radical changes
such as Multi-Link Operation (MLO). MLO in Wi-Fi refers to a device’s capability to
establish and manage connections with multiple channels simultaneously with one Ac-
cess Point (AP), enhancing network performance and reliability. Consequently, this new
feature affects traffic allocation and channel selection for those MLO-capable devices. De-
spite state-of-the-art algorithmic methods showing good performance, in Section 5.4, we
demonstrate that RL is capable of taking better actions. To do so, in our first work, we
propose the usage of Multi-Headed Recurrent Soft-Actor Critic (MH-RSAC) algorithm to
address several challenges imposed by this new feature on traffic allocation [44]. Later
on, we present our Parallel Transfer Reinforcement Learning (PTRL) Optimistic-Weighted
Value Decomposition Networks algorithm to improve intelligent channel selection in IEEE
802.11be MLO-capable networks [45]. We observe that PTRL is a feasible alternative to
classical sequential TRL.

1.2 Thesis Contributions and Organization

This thesis applies advanced single and multi-agent state-of-the-art RL algorithms to wire-
less access networks such as Wi-Fi and 4" and 5* Generation Radio Access Networks. We
explore diverse algorithms from CDQL, MADDPG, Mixture of Q-Functions (QMIX) and
address common challenges in RL such as convergence time using diverse techniques such as
TRL, meta-learning, and PTRL. Our playground corresponds to the latest Wi-Fi standards
as IEEE 802.11be and IEEE 802.11ax and 5G RAN. The organization is centered around
the idea of addressing current challenges in wireless networks using reinforcement learning
(RL) optimization techniques. Starting with load balancing and handover in 4G/5G, we
proceed with an analysis of team learning in Open RAN architecture. Then, we continue
with a chapter dedicated to Wi-Fi capacity and conclude with a study on application codec



optimization in 6G. All works share a common focus: the integration of RL and wireless
networks.

As a closing remark, this thesis proves the promising applications of RL methods for
optimization into modern wireless access networks and what could be done to make them
a reality. More details are summarized as follows.

1.2.1 Reinforcement Learning based Load Balancing and Han-
dover in 4G and 5G Networks

In chapter 3, we study load balancing in 4G and 5G networks using two state-of-the-art al-
gorithms CDQL and MADDPG |[25,46]. We address the load balancing problem where we
seek to balance resource block utilization and QoS metrics such as latency and throughput.
To do so, in subsection 3.1 we use Cllipped Double Q-learning which tackles the overesti-
mation issues presented by previous deterministic action space RL algorithms. We consider
a centralized approach where our agent can choose the best cell individual offset (CIO)
per BSs that maximizes the key performance indicators of the network. Such centralized
learning can be utilized in Cloud RAN (C-RAN). We compare our results with the classical
A3 Handover algorithm and a simplistic resource block utilization-based baseline handover
algorithm. Although single-agent RL has shown successful performance in many prob-
lems, they might not be sufficient to fulfill the expectation in terms of reliability, latency,
and efficiency, especially in wireless networks where either competition for a resource or
coordination among a set of agents is essential [5]. Therefore a more realistic approach re-
quires considering the interaction between multiple agents with the environment such as in
MARL [47]. Consequently, we proposed a MARL algorithm named Multi-Agent Deep De-
terministic Policy Gradient with Adaptive Policies (MADDPG-AP) in subsection 3.2 that
represented a more realistic scenario and offered better performance than the centralized
approach.

Furthermore, we address the optimization of handover latency in dual-connectivity ar-
chitectures using a novel hierarchical Reinforcement Learning (hRL) method in subsection
3.3. We propose two reinforcement learning algorithms: a single agent RL algorithm named
Clipped Double Q-Learning (CDQL) and a hierarchical Deep Q-Learning (HIDQL) to im-
prove Multiple Radio Access Technology (multi-RAT') dual-connectivity handover [28]. We
compare our proposal with two algorithmic existent baselines: a fixed parameter and a dy-
namic parameter solution. We obtained that both RL solutions improved algorithmic
baselines and realized that HIDQL presented a slower convergence time concerning CDQL,
but offered a more optimal solution than CDQL. Additionally, we foresee the advantages



of utilizing context-information as geo-location of the UEs to reduce the beam exploration
sector, thus improving further multi-RAT handover latency results.

1.2.2 Multi-Agent Team Learning in Virtualized Open Radio Ac-
cess Networks (O-RAN)

In chapter 4, we presented a novel work about the possible uses, open issues, and future
directions of team learning in O-RAN. Starting from the concept of the Cloud Radio
Access Network (C-RAN), continuing with the virtual Radio Access Network (vVRAN),
and most recently with the Open RAN (O-RAN) initiative, Radio Access Network (RAN)
architectures have significantly evolved in the past decade. In the last few years, the
wireless industry has witnessed a strong trend towards disaggregated, virtualized, and
open RANs, with numerous tests and deployments worldwide. One unique aspect that
motivates this paper is the availability of new opportunities that arise from using machine
learning, more specifically multi-agent team learning (MATL), to optimize the RAN in a
closed-loop where the complexity of disaggregation and virtualization makes well-known
Self-Organized Networking (SON) solutions inadequate. In our view, Multi-Agent Systems
(MASs) with MATL can play an essential role in the orchestration of O-RAN controllers,
i.e., near-real-time and non-real-time RAN Intelligent Controllers (RIC). In this article,
we first provide an overview of the landscape in RAN disaggregation, virtualization, and
O-RAN, and then we present the state-of-the-art research in multi-agent systems and team
learning as well as their application to O-RAN. We present a case study for team learning
where agents are two distinct xApps: power allocation and radio resource allocation. We
demonstrate how team learning can enhance network performance when team learning is
used instead of individual learning agents. Finally, we identify challenges and open issues
to provide a roadmap for researchers in the area of MATL-based O-RAN optimization.

1.2.3 Multi-agent Deep Reinforcement Learning for Next Gener-
ation Wi-Fi Networks

The exponential increase in the demand for high-performance services such as streaming
video and gaming by wireless devices has posed several challenges for Wireless Local Area
Networks (WLANSs). In chapter 5, we study several topics that affect the newest Wi-Fi
standards IEEE 802.11ax and IEEE 802.11be. Among them, we find spatial reuse, traffic
allocation, and channel selection for Multi-Link Operation-capable Wi-Fi devices.



The newest standards, IEEE 802.11ax, and 802.11be, bring high data rates in dense
user deployments. Additionally, they introduce new flexible features in the physical layer,
such as dynamic Clear Channel-Assessment (CCA) thresholds, intending to improve spa-
tial reuse (SR) in response to radio spectrum scarcity in dense scenarios. We formulate
the Transmission Power (TP) and CCA configuration problem to maximize fairness and
minimize station starvation. In the first section of this chapter, we present five main con-
tributions to distributed SR optimization using Multi-Agent Multi-Armed Bandits (MA-
MABES). First, we provide regret analysis for the distributed Multi-Agent Contextual MABs
(MA-CMABSs) proposed in this work. Second, we propose reducing the action space given
the large cardinality of action combinations of TP and CCA threshold values per Access
Point (AP). Third, we present two deep MA-CMAB algorithms, named Sample Average
Uncertainty (SAU)-Coop and SAU-NonCoop, as cooperative and non-cooperative versions
to improve SR. Additionally, we analyze the viability of using MA-MABs solutions based
on the -greedy, Upper Bound Confidence (UCB), and Thompson (TS) techniques. Finally,
we propose a deep reinforcement transfer learning technique to improve adaptability in
dynamic environments. However, transfer learning techniques can sometimes suffer from
negative transfer, where knowledge from the source task hinders performance on the target
task. Thus, to mitigate Quality of Service (QoS) degradation, we introduce a solution that
builds on meta-learning and multi-arm bandits in the second section of this chapter. Sim-
ulation results show that the proposed solution can adapt with an average Meta-learning
techniques often incorporate mechanisms to minimize negative transfer effects.

In the second section of this chapter, we delve into Multi-Link Operation and its im-
plications for traffic allocation in IEEE 802.11be networks. ITEEE 802.11be -Extremely
High Throughput- is the newest IEEE 802.11 amendment that comes to address the in-
creasingly throughput-hungry services such as Ultra High Definition (4K/8K) Video and
Virtual/Augmented Reality (VR/AR). To achieve this, IEEE 802.11be presents a set of
novel features that will push Wi-Fi technology to its limits. Among them, MLO devices
are anticipated to become a reality, surpassing Single-Link Operation (SLO) Wi-Fi of the
past. To achieve superior throughput and very low latency, a careful design approach must
be taken regarding how incoming traffic is distributed in MLO-capable devices. We present
a Reinforcement Learning (RL) algorithm named MH-RSAC to distribute incoming traffic
in 802.11be MLO capable networks. Moreover, we compare our results with two non-RL
baselines previously proposed in the literature named: Single Link Less Congested Interface
(SLCI) and Multi-Link Congestion-aware Load balancing at flow arrivals (MCAA).

At the end of this chapter, we address channel selection in IEEE 802.11be MLO. Among
others, this new feature will increase the complexity of channel selection due to the novel
multiple interfaces proposal. In this section, we present a Parallel Transfer Reinforce-



ment Learning (PTRL)-based cooperative Multi-Agent Reinforcement Learning (MARL)
algorithm named Parallel Transfer Reinforcement Learning Optimistic-Weighted Value De-
composition Networks (oVDN) to improve intelligent channel selection in IEEE 802.11be
MLO-capable networks. Additionally, we compare the impact of different parallel transfer
learning alternatives and a centralized non-transfer MARL baseline. Two PTRL meth-
ods are presented: Multi-Agent System (MAS) Joint Q-function Transfer, where the joint
Q-function is transferred, and MAS Best/Worst Experience Transfer where the best and
worst experiences are transferred among MASs.

1.2.4 Multi-Agent Reinforcement Learning-based XR Codec Adap-
tation

Extended Reality (XR) services are set to bring revolutionizing applications over 5 and 6"
generation wireless networks by delivering seamless and immersive virtual and augmented
reality interactions to users. However, the stringent requirements of the new applications
in several areas of industry and healthcare impose great challenges to the network infras-
tructure. Consequently, machine learning algorithms are considered promising techniques
due to their adaptability and responsiveness in dynamic and complex environments. In
chapter 6, we present a Multi-Agent Reinforcement Learning (MARL) solution capable
of realizing codec parameter cross-optimization of XR traffic. Additionally, we compare
our proposal with an existent state-of-the-art baseline named algorithm. Our proposal
consists of a cooperative multi-agent system based on an Optimistic Mixture of Q-Values
(0QMIX), where two agents handle one type of XR traffic: Augmented Reality (AR) and
Virtual Reality (VR), and a third handles Cloud Gaming (CG) traffic. Furthermore, we
leverage an attention mechanism and slate-Markov Decision Process (MDP) to improve the
oQMIX algorithm’s action selection. We observed that presented a more aggressive be-
havior with the tendency of higher throughput in all XR flows, increasing packet collisions
and packet losses when the distance between the UE and the gNB increases. Conversely,
oQMIX presented a more conservative behavior reducing PLR and maintaining a similar
behavior in terms of goodput to while achieving lower PLR, delay, and jitter.

1.3 Publications

In this thesis, the research considered exclusively pertains to first authorship. When ac-
counting for research with second and third authorship, the total number of compiled works



amounts to 6 patents, 4 journal articles, 13 conference proceedings, and 3 studies currently
under submission.

1.3.1 Patents

[PO1] P. E. Iturria Rivera, M. Erol-Kantarci, M. Bavand, R. Gaigalas, M. Elsayed, S.
Furr, “Dual Connectivity Handover Optimization using Reinforcement Learning”, US
provisional patent filed on 13 April 2023.

[P0O2] P. E. Iturria Rivera, M. Erol-Kantarci, M. Bavand, R. Gaigalas, M. Elsayed,
Y.Ozcan, “XR Codec Adaptation using Multi-Agent Reinforcement Learning with

Attention Action Selection in 5G Networks”, US provisional patent application on 9
November, 2023.

1.3.2 Journals

[JO1] P. E. Iturria-Rivera, H. Zhang, H. Zhou, S. Mollahasani, and M. Erol-Kantarci,
“Multi-Agent Team Learning in Virtualized Open Radio Access Networks (O-RAN),”
Sensors, vol.22, no.14, pp.1-13, Jul. 2022.

[JO2] P. E. Iturria-Rivera, M. Chenier, B. Herscovici, B. Kantarci and M. Erol-Kantarci,
“Meta-Bandit: Spatial Reuse Adaptation via Meta-Learning in Distributed Wi-Fi
802.11ax”, in IEEE Networking Letters, vol. 5, no. 4, pp. 179-183, 2023, doi:
10.1109/LNET.2023.3268648.

[JO3] P. E. Iturria-Rivera, M. Chenier, B. Herscovici, B. Kantarci and M. Erol-Kantarci,
“Cooperate or Not Cooperate: Transfer Learning With Multi-Armed Bandit for Spa-
tial Reuse in Wi-Fi”, in IEEFE Transactions on Machine Learning in Communications
and Networking, vol. 2, pp. 351-369, 2024, doi: 10.1109/ TMLCN.2024.3371929.

1.3.3 Conference Papers

[CO1] P. E. Iturria-Rivera and M. Erol-Kantarci, “QoS-Aware Load Balancing in Wireless
Networks using Clipped Double Q-Learning”, IEEE 18th International Conference on
Mobile Ad Hoc and Smart Systems (MASS), Denver, CO, USA, 2021, pp. 10-16, doi:
10.1109/MASS52906.2021.00011.
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[C02]

[Co3]

[Co4]

[CO5]

[CO6]

P. E. Iturria-Rivera and M. Erol-Kantarci, “Competitive Multi-Agent