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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).

5th 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 4th, 5th,
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
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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 AI 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
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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: 5th and 6th 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 (5th and 6th) 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
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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 4th to 5th generation, handover mechanisms
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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
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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 4th and 5th 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
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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

6



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 (vRAN),
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 (WLANs). 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.
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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-
MABs). First, we provide regret analysis for the distributed Multi-Agent Contextual MABs
(MA-CMABs) 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. IEEE 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-
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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 5th and 6th
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
(oQMIX), 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
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amounts to 6 patents, 4 journal articles, 13 conference proceedings, and 3 studies currently
under submission.

1.3.1 Patents

[P01] 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.

[P02] 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

[J01] 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.

[J02] 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.

[J03] 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 IEEE 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

[C01] 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] P. E. Iturria-Rivera and M. Erol-Kantarci, “Competitive Multi-Agent Load Bal-
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Chapter 2

Background and Literature Review

This chapter first introduces the research background, especially reinforcement learning
techniques such as RL, Deep Reinforcement Learning (DRL), MARL, TRL, PTRL, and
so on. Then, we investigate existing studies on load balancing and handover, XR codec
optimization in 5G networks, spatial reuse, and channel selection in Wi-Fi and summarize
related works in the literature review.

2.1 Background

Reinforcement Learning

Reinforcement learning (RL) is a framework for sequential decision-making where agents
learn to take actions in an environment to maximize received rewards. To illustrate, con-
sider an RL algorithm guiding the movements (actions) of a robot (the agent) in a factory
(the environment), to succeed in moving boxes from one place to another (the reward).
The RL algorithm could govern the motions (actions) of the robot within the world (the
environment) to accomplish a specific task (earning a reward). In other words, RL maps
observations of an environment to actions, aiming to maximize a numerical quantity that
is connected to the rewards received. After this procedure, a policy that maximizes the
expected return in a Markov Decision Process MDP is learned by the agent. But, what is
an MDP? Let us define it.

In a Markov process, it is assumed that the world consistently occupies one of several
possible states. The term “Markov” signifies that the likelihood of being in a particular
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state relies solely on the preceding state and is independent of the states preceding it.
The transitions between these states are encapsulated by transition probabilities, denoted
as Pr(st+1|st), representing the probability of moving from the current state, st, to the
subsequent state, st+1, at a given time step, indexed by t. Additionally, we define a
Markov reward process. A Markov reward process also includes a distribution Pr(rt+1|st)
over the possible rewards rt+1 received at the next time step, given that we are in state st.
The reward return is calculated as a discounted future reward Gt at time t as follows:

Gt =
∞∑
k=0

γkrt+k+1 (2.1)

where γ ∈ (0, 1] is the discount factor. When the discount factor is less than one, rewards
that are closer in time carry a higher value than more distant rewards.

Agent

Policy: 

Environment

gNB 1

gNB 2

gNB 3

eNB

State transition:

Reward transition:

State

Reward

ActionState

Figure 2.1: Reinforcement learning cycle.

In Figure 2.1 we show the Reinforcement learning cycle representing a Markov Decision
Process (MDP). In this figure, a set of possible actions is introduced at each time step.
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The action taken at a given time influences the transition probabilities, now expressed as
Pr(st+1|st, at). Additionally, rewards may be contingent on the action, and this relationship
is represented as Pr(rt+1|st, at). Consequently, an MDP generates a sequential series of
states, actions, and rewards defined by the tuple < S,A, Pr,R > where S is the state
set, A is the action set, Pr is the transition probability, and R is the reward function,
respectively.

Finally, three main challenges are faced by any RL algorithm. The sparse nature of
the reward, the balance between exploration and exploitation or exploration-exploitation
trade-off, and the offset rewards due to the temporal nature of an MDP [7].

Multi-Armed Bandits

Multi-Armed Bandits (MABs) are a widely used RL approach that addresses the exploration-
exploitation trade-off problem. Their implementation is usually simpler when compared
with full RL off-policy or on-policy algorithms. It is important to note that there is some
overlap between bandit algorithms and RL algorithms. Multi-armed bandit problems can
be seen as a simpler case of RL problems. One of the main differences that can be found
is related to the exploration-exploitation dilemma. Indeed, both deal with this problem,
but bandits typically focus solely on this tradeoff, whereas RL algorithms often deal with
more complex environments where the agent can learn from the consequences of its ac-
tions. Another important characteristic is the sequential decision-making nature of both
algorithms. Bandit algorithms typically rely on independent, one-shot decisions, without
taking into account long-term consequences. This is a quite convenient feature in scenarios
where learning must be performed rapidly. In RL, the agent’s decisions can have long-
term consequences and influence the subsequent states and rewards it encounters. Finally,
bandit algorithms are simpler complexity-wise, which makes them appealing in scenarios
where computational resources are scarce, as considered in our work. However, simplicity
often comes with the cost of obtaining suboptimal solutions [48].

The basic model of MABs corresponds to the stochastic bandit, where the agent has
K possible actions to choose, called arms, and receives a certain reward R as a conse-
quence of pulling the kth arm over T environment steps [49]. The rewards can be modeled
as independent and identically distributed (i.i.d), adversarial, constrained adversary, or
random-process rewards [50]. Of the four models previously mentioned, two are more com-
monly found in the literature: the i.i.d and the adversarial models. In the i.i.d model,
each pulled arm’s reward is drawn independently from a fixed but unknown distribution
Dk with an unknown mean µ∗k. On the other hand, in the adversarial model, each pulled
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arm’s reward is randomly sampled from an adversary or alien to the agent (such as the
environment) and not necessarily sampled from any distribution [51].

The performance of MABs is measured in terms of cumulative regret R(T ) or total
expected regret over the T steps. Regret quantifies the missed opportunity in a multi-
armed bandit problem, computed as the difference between the expected reward attainable
by an oracle that selects the optimal arm at each time step and the actual reward obtained
by a given policy. Thus, the regret for an Multi-Armed Bandit (MAB) can be formally
defined as:

R(T ) = µ∗T −
K∑
k>1

µkE[nk(T )], (2.2)

where µk is the mean of the Dk random reward distribution, µ∗ = max{µ1, . . . , µK},
and nk(t) is the number of times the kth arm has been chosen at time t. The utmost goal
of the agent is to minimize R(T ) over the T steps, such that limT→∞R(T )/T = 0, which
means the agent will identify the action with the highest reward in such a limit.

ϵ-greedy, Upper-Confidence-Bound, and Thompson Sampling MAB

The ϵ-greedy MAB is one of the simplest MABs, and as the name suggests, it is based
on the ϵ-greedy policy. In this method, the agent selects greedily the best arm most of
the time, and once in a while, with a predefined small probability (ϵ), it selects a random
arm [7].

The UCB MAB tackles some of the disadvantages of the ϵ-greedy policy at the moment
of selecting non-greedy arms. Instead of drawing randomly, the UCB policy measures how
promising non-greedy arms are close to optimal. In addition, it takes into consideration
the rewards’ uncertainty in the selection process. The selected arm is obtained by drawing
the action from argmaxa

[
Qt(a) + c

√
ln t/Nt(a)

]
, where Nt(a) corresponds to the number

of times that action a via the kth arm has been chosen, and Qt(a) is the Q-value of action
a [7, 52].

Finally, Thompson Sampling MAB action selection is based on the Thompson Sam-
pling algorithm. Thompson sampling or posterior sampling is a Bayesian algorithm that
constantly constructs and updates the distribution of the observed rewards given a previ-
ously selected action. This allows the MAB to select arms based on the probability of how
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Figure 2.2: MAB vs. contextual MAB

optimal the chosen arm is. The parameters of the distribution are updated depending on
the selection of the distribution class [53].

Deep Contextual Multi-Armed Bandits

Contextual Multi-Armed Bandit (CMAB) is a variant of MABs that, before selecting an
arm, observes a series of features commonly named context [48]. Fig. 2.2 depicts the
difference between the stateless MAB and CMAB. Different from the stateless MAB, a
CMAB is expected to relate the observed context with the feedback or reward gathered
from the environment in T episodes and consequently predict the best arm given the
received features [51]. In other words, the context plays a crucial role in contextual bandits
because it provides valuable information that can help the algorithm make more informed
decisions and ultimately lead to better rewards.

Deep Reinforcement Learning

In this section, we introduce Tabular Q-learning which is the basic method of the Q-learning
family in RL. It belongs to the family of Tabular RL methods which do not require any
function approximators such as neural networks. Two main classifications can be found
for Tabular RL algorithms: model-based and model-free. In model-based algorithms, the
MDP structure is known and it can be exploited using classical dynamic programming. On
the other hand, model-free algorithms are classified into two groups: value estimation and
policy estimation. The first estimates the optimal state-action function and then selects
the action based on the highest value of the set of available actions. The second estimates
the optimal policy by using gradient descent which can be used to select the action given
the current state. The RL taxonomy does not stop there and within each group, three
methods subgroups are found: Monte Carlo, Temporal difference (TD), and Dynamic
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Programming (DP). Monte Carlo methods simulate several trajectories over the MDP for
a given policy and improve it. However, in most practical scenarios this is unfeasible and
the policy needs to be updated while the agent transverses the MDP. DP methods consider
complete knowledge of the transition and reward structure, which is the most noticeable
difference between other methods that need to receive indirect values of the transition
probability and reward. Finally, TD combines elements of both dynamic programming and
Monte Carlo methods. TD methods update value estimates based on observed transitions
between states, without requiring a model of the environment dynamics, as in dynamic
programming. The key idea behind TD methods is to estimate the value function by
bootstrapping from the current estimate, incorporating both the observed reward and the
estimated value of the next state. This allows for online learning, meaning the agent can
update its value estimates after each time step, using the new experience gained.

Additionally, RL methods can be classified into two broad groups according to the way
they learn: on-policy and off-policy. For instance, on-policy methods focus on improving
the current strategy, learning from the agent’s own experiences while off-policy methods
allow for learning from a broader range of data, potentially making better use of past
experiences generated by different policies. Among on-policy methods, SARSA (State-
Action-Reward-State-Action) is one of the most famous algorithms and it is characterized
by the following update rule of its Q-function:

Q(st, at)← Q(st, at) + α(r(st, at) + γ ·Q(st+1, at+1)−Q(st, at)), (2.3)

where α is the learning rate. In Eq. 2.3 can be seen the Temporal Difference (TD)
that tries to capture the error between the estimated q-value and the future estimate in
r(st, at) + γ · Q(st+1, at+1). On the other hand, Q-Learning is a model-free reinforcement
learning algorithm used to find the optimal action-selection policy for a given finite Markov
decision process. It involves estimating the quality of different actions in a given state
and updating these estimates iteratively through exploration and exploitation. Tabular
Q-learning proposes an update rule as follows:

Q(st, at)← Q(st, at) + α(r(st, at) + γ ·max
a
Q(st+1, a)−Q(st, at)). (2.4)

Despite the success of Q-learning, it faced some challenges when learning optimal poli-
cies in environments with large and complex state spaces [54]. Thus, the family of deep
RL was proposed to tackle some of the previously mentioned challenges and we intend to
introduce them in the next subsection.

17



Note that, a large number of algorithms exist in the literature that fit in each of
the classifications mentioned above. However, the description of each of them and the
techniques they use are considered out of the scope of this thesis.

2.1.1 Clipped Deep Double Q-learning

Clipped Deep Double Q-learning (CDQL) builds upon the successful algorithm Deep Q-
learning [54]. To better understand CDQL, we introduce some preliminaries of Deep Q-
Network (DQN). Deep Q-Learning (DQN) is a powerful reinforcement learning algorithm
that combines Q-Learning, a traditional reinforcement learning technique, with deep neural
networks.

DQN incorporates deep neural networks, typically convolutional neural networks (CNNs),
to approximate the Q-function. The neural network takes the environment state as input
and outputs Q-values for each possible action.

Q(st, at; θ) ≈ Q∗(st, at), (2.5)

where θ corresponds to the main neural network that parameterizes the Q-function. To
improve stability and sample efficiency, DQN uses experience replay. It stores and randomly
samples experiences from a replay buffer, breaking the temporal correlation of consecutive
experiences. The experience replay buffer stores experiences (s, a, r, s′) and samples a
random batch during training. The update rule becomes:

Q(st, at; θ)← (1− α) ·Q(st, at; θ) + α ·
(
rt + γ ·max

a
Q(st+1, at; θ

−)
)

(2.6)

This helps in mitigating the risk of overfitting to recent experiences. DQN employs a target
Q-network to stabilize the learning process. The target network is a delayed copy of the
online Q-network, and its parameters are periodically updated via Polyak averaging. This
helps in reducing the correlation between the target and current Q-values.

θ− ← τ · θ + (1− τ) · θ−, (2.7)

where θ− corresponds to the target neural network.

Finally, to control the scale of rewards and improve learning stability, DQN often in-
corporates reward clipping. This involves constraining the magnitude of the rewards and
preventing excessively large gradients during training.

r
′

t = clip(rt, rmin, rmax) (2.8)
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Figure 2.3: (a) Deep Q-learning, (b) Double Deep Q-learning and (c) Clipped Double Q-
Learning schemes

Figure 2.3(a) illustrates a summary of the Deep Q-Network (DQN). In the current state
s, the primary network initially chooses the action a, which is subsequently executed in
the environment. The agent then obtains a new state s and receives a reward r from the
environment. The tuple < s, a, r, s′ > is saved in the experience replay buffer, which will
be used for the network training as shown by equation (2.6). Finally, a delayed copy of
the main Q-function will be used as the target Q-function.

Double Deep Q-Learning (DDQN) [55] in figure 2.3(b) is an extension of Deep Q-
Learning (DQN) that addresses certain issues related to overestimation of Q-values, which
can occur in standard DQN due the use of a delayed copy of its Q-function in the evaluation
process. One of the changes corresponds to having an independent target Q-function,
different from the delayed target Q-function of DQN. Then, the update rule changes as:

Q(st, at; θ)← (1− α) ·Q(st, at; θ) + α ·
(
rt + γ ·Q

(
st+1, argmax

a′
Q(st+1, a

′; θonline); θtarget

))
,

(2.9)

where θonline are the parameters of the online Q-network, θtarget are the parameters of
the target Q-network, argmaxa′ Q(st+1, a

′; θonline) represents the action that maximizes the
Q-value for the next state according to the online Q-network.

Finally, we can present the algorithm Clipped Double Q-Learning [56]. As observed in
Figure 2.3(c), this algorithm may be seen as a continuation of the work of [55] with DDQN.
It was introduced as part of TD3 (Twin Delayed Deep Deterministic Policy Gradient Algo-
rithm), which builds on the Deep Deterministic Policy Gradient algorithm (DDPG) [57].
The aforementioned algorithms suffered from Q-value overestimation due to the usage of
the argmax operator for selecting the maximum Q-value. CDQL tackles overestimation
issues by following the strategy of having two neural networks that learn at the same time
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meanwhile the reward is calculated based on the minimum Q-value of such networks hence,
reducing overestimation.

2.1.2 Hierarchical Reinforcement Learning

Typically, an RL agent optimizes its action based on a customized reward or objective
function. The design of a reward function will aim to maximize or minimize certain metrics
of interest. In addition, a reward function could also be used in scenarios where our agent’s
goal is known. However, in goal-directed problems as in the majority of RL problems,
sparse rewards are a significant challenge that affects the learning of robust value functions
and thus, optimal action selection. Hierarchical reinforcement learning (hRL) [58] helps to
solve the aforementioned problem by splitting the value function into two levels: a meta-
controller and a controller. Given the simpler scenario where the value function has been
divided into two levels, the agent will be able to act over two timescales which in some
applications is needed given the sparcity of rewards.

In hierarchical reinforcement learning, the MDP is redefined as < S,A, Pr,R,G >,
where G represents the set of goals. Given the current state s ∈ S, the meta-controller
generates high-level goals g ∈ c for the controllers. As a result, the controller selects low-
level actions a ∈ A based on high-level policies and receives an intrinsic reward rin. Finally,
the meta-controller obtains an extrinsic reward rex from the environment and chooses new
goals g′ for the controller. The extrinsic reward is typically computed as the sum of all
inner steps of the controller’s rewards.

The concept behind involves incorporating a hierarchical architecture into RL. Specif-
ically, the meta-controller formulates high-level policies to guide the controller’s selection
of low-level actions. Compared to traditional RL, hRL is acknowledged as a more effi-
cient learning method, leveraging its hierarchical structure for improved task management
through the division of sub-goals.

2.1.3 Multi-Agent Systems and Team Learning in Reinforcement
Learning

Multi-Agent Systems (MAS) is composed of a group of autonomous and intelligent agents
that act in an environment to accomplish a common goal or individual goals. In the
following, we introduce different types of MAS, team learning in MAS, and finally how
MAS with team learning can be employed in O-RAN architecture.
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A recent survey on open virtualized networks [59], gives a comprehensive overview of
the state-of-the-art in modern RANs. Following, we introduce the existent types of MAS.

Types of MAS

There can be several types of MAS, such as homogeneous/heterogeneous, communicat-
ing/non-communicating, and cooperative(collaborative)/competitive.

Homogeneous/Heterogeneous: The homogeneous multi-agent system consists of
agents with a similar internal structure, which means that all agents have the same local
goals, capabilities, actions, and inference models. In homogeneous architecture, the main
difference among agents is based on the place where their actions are applied over the
environment. By contrast, in the heterogeneous MAS, agents may have different goals,
capabilities, actions, and inference models. From the O-RAN perspective, homogeneous
agents would be instances of the same xApp instantiated for different slices, while different
xApps would be heterogeneous agents.

Communicating/non-communicating: A group of agents can be designed to com-
municate with each other or not. When there is no communication, agents act indepen-
dently without receiving any feedback from other agents. However, since they are working
in the same environment, indirect feedback on the actions of the other agents will be
observed by the individual agent. In the case of communicating agents, there is explicit
feedback among agents. This is more suitable for many O-RAN ML algorithms. Note that,
the way agents communicate will impact the required bandwidth on the O-RAN interfaces.
It is also important to note that in a multi-vendor environment, some agents controlling
different vendor functions might not communicate with each other.

Cooperative/Competitive: In a MAS, agents can be cooperative, competitive, or
mixed. In a cooperative setting, the agents need to take collaborative actions to achieve
a shared goal, or in other words, agents must jointly optimize a single reward signal. On
the other hand, in a competitive setting, each agent tries to maximize its received reward
under the worst-case assumption; meanwhile, the other agents always try to minimize the
reward of others. It is also possible to have groups with mixed behavior agents where some
are cooperative while others are competitive. In the O-RAN architecture, this kind of
behavioral differences may be needed for various use cases, where certain xApps might be
cooperating while others are competing due to the nature of shared resources. Although
many machine learning techniques have been considered for MAS, team learning could have
particular significance in the future since it can have applications in O-RAN by organizing

21



xApps as teams of teams in hierarchies. In the chapter 4, we focus on MATL and its
potential use in O-RAN.

Background on Disaggregated, Virtualized RAN and O-RAN

Traditional RAN solutions offer an architecture where BBUs and RUs are co-located. This
brought limitations in terms of not being able to pool BBU resources. Therefore the
following generation of RAN architectures considered BBU resources that are pooled close
to the radios but not co-located, where geographical proximity is necessary due to latency
limitations. The pool of BBUs is called a Distributed Unit (DU), and the radios constitute
the Radio Unit (RU). Within O-RAN specifications, another level of processors is also
defined, which is called as O-RAN Central Unit (O-CU) 1.

The most appealing reason behind RAN disaggregation was to reduce costs and bring
more versatility to the technological market. An earlier version of RAN disaggregation
was seen in C-RAN where some hardware functions are implemented as software functions,
and BBU functionality is collected at the centralized cloud. C-RAN offers improvements
in network capacity, handling cooperative processing, mobility, coverage, energy-efficient
network operation, and reduced deployment costs [60].

On the evolution path of RAN architectures, the most recent development comes with
O-RAN, in which interfaces between O-RU and O-DU and between O-DU and O-CU are
based on open specifications [61]. This paves the way for interoperability between vendor
products and the possibility of selecting the best set of products by Mobile Network Oper-
ators (MNOs). In addition, O-RAN embraces intelligence in every layer of its architecture
and aims to leverage new machine learning-based technologies [62]. As seen in Fig. 2.4, the
RAN Intelligent Controller (RIC) is composed of the non-Real Time RIC (non RT-RIC)
and the near-Real Time RIC (near RT-RIC), which have been considered as fundamen-
tal platforms to enable intelligence [63]. The primary objective of the non RT-RIC is to
support applications that operate in non-real-time or above the one-second time frame.
In the non-RT RIC, we employ the rApps that aim at non-real-time parameter optimiza-
tion, RAN analytics, and management, as well as model training for the lower layer of
the RIC. On the other hand, the near RT-RIC supports applications that are executed
in near-real-time, such as between 10ms and 1ms. The near-RT RIC has two interfaces
with a centralized unit user plane (O-CU-UP) and control plane (O-CU-CP) used for data
transmission and signaling, and configuration, respectively. In the case of near RT-RIC,

1In O-RAN specs, the radio unit is called O-RU, and the distributed computational unit is called
(O-DU).
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Figure 2.4: O-RAN interfaces, closed-loop latency requirements, and intelligence at dif-
ferent layers of O-RAN. O1 corresponds to the interface between the SMO and O-RAN
managed elements. A1 interfaces the SMO and RAN. E2 interfaces the control and op-
timization of the O-CU and O-DU nodes (E2 nodes) resources by the Near RT-RIC. F1
interfaces the O-DU and O-CU. E1 interface interconnects O-CU-CP and O-CU-UP. The
Open Fronthaul refers to the interface that connects the O-RU with the O-DU. R1 inter-
faces rApps and the Non-RT RIC. Finally, xApps are capable of accessing to E2 nodes’
real-time information and general-purpose data in a central database using a service bus
implemented by a peer-to-peer low latency (∼0.02 ms) library named RIC Message Router
(RMR) [4].
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xApps enable intelligence by enforcing policies from the non RT-RIC and are capable but
not restricted to executing Radio Resource Management (RRM) tasks such as cell load
prediction, anomaly detection, traffic steering and data collection from E2 Nodes (O-DU,
O-CU and O-RU). Access from the near RT-RIC and non RT-RIC to xApps and rApps is
provided through Application Programming Interfaces (APIs) with software updates and
data gathering purposes. The introduction of xApps and rApps increases the interoperabil-
ity and the openness of the O-RAN architecture by allowing developers from third-party
software providers to share, publish, and provide access to their applications. The figure
above illustrates that the O-DU is connected to the O-CU and uses O-RUs to provide
services to UEs.

The Role of Intelligence in O-RAN

O-RAN defines certain guidelines to employ AI in its architecture. Offline and online
learning are expected to coexist with a modular design as best practice to follow. This
will enable service providers to decide the location of intelligence in the network functions
according to their best interests. As a recommendation, xApps and rApps are expected to
fall in certain control loops [64, 65] according to the time budget needed for such applica-
tions (see Figure. 2.4). Furthermore, open-source solutions, such as Acumos AI, emerge
as a potential development platform for ML models. Several AI/ML use cases are already
identified by the O-RAN community, such as QoE (Quality of Experience) optimization,
traffic steering [66], user access control [67] and V2X handover management [62]. It is
important to highlight that although some ML applications are described in O-RAN re-
ports, the huge potential of applying MATL in O-RAN is not covered in any of the use
cases. On the other hand, MAS has been studied in the context of wireless networks in
a few studies. Most of these prior works consider multiple uncoordinated agents working
within the same environment, driven by the same reward or goal. However, when multiple
agents interact with the environment independently, they change the environment of each
other. Additionally, when agents have different goals, the problem cannot be simplified to
deploying independent agents. Therefore, using teams of agents in O-RAN emerges as a
promising approach.

In section IV, we present a case study where a team of two xApps exchange information
to enhance performance and avoid conflict among team members. Note that, the organi-
zation of xApps in teams will incur communication overhead. Before we elaborate more
on such opportunities and challenges, in the following section, we provide background on
MAS and team learning.
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2.1.4 Multi-agent Reinforcement Learning: MADDPG, VDN and
QMIX

In this subsection, we introduce the MARL technique, which is an important variant of
RL. Compared with RL, the main difference of MARL is that multiple agents are involved
simultaneously.

Several MARL algorithms can be found throughout the literature. According to [68]
MARL can be classified either as Independent Learning (IL), Centralized-Training De-
centralized Execution (CTDE), or Centralized Learning (CL) depending on how action
selection and training are performed among agents. In some challenges, IL has shown
good performance such as in [69], however, instability is typically observed due to the con-
current exploration/training of the agents [47]. On the other side, CL assumes complete
access to the agents’ information and hence, it becomes a single-agent problem. However,
CL approaches are not realistic and can present several issues in terms of increasing action
and state space. Finally, CTDE approaches allow for have middle ground between the two
previously described techniques with an independent action selection and a centralized
training step.

Multi-agent Deep Deterministic Policy Gradient (MADDPG)

In this work, we use a state-of-the-art policy gradient algorithm. This algorithm is pre-
sented in [47] and builds on the generalization for the multi-agent domain of Deep Deter-
ministic Policy Gradient algorithm (DDPG) [57]. MADDPG is a multi-agent off-policy
and continuous action space algorithm constrained to three main assumptions: (1) the
learned policy per agent uses local observations, (2) the environment is non-deterministic,
thus a differentiable model is not assumed and (3) a communication structure is not as-
sumed among agents. Furthermore, this algorithm belongs to the centralized training with
a decentralized execution family.

Value Decomposition Networks (VDN)

Value Decomposition Networks (VDN) is proposed in [70] and can be classified as a fully
cooperative CTDE algorithm that lies between Independent Q-Learning and Centralized
Q-Learning. VDN builds upon the assumption that the multiagent system joint action-
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value function can be decomposed into individual agent’s value functions as:

Qtot({h1, ...,hn}, {a1, ...,an}) ≈
|N |∑
n=1

Q̄n(hn, an), (2.10)

where Q̄n corresponds to the Q-function of the nth agent, n ∈ N where each agent’s
policy only depends on its individual observation history. In addition, {h1, ...,hn} and
{a1, ...,an} corresponds to the tuple of histories and actions of the nth agent, respectively.
As mentioned previously, VDN assumes full cooperation among agents which allows the
definition of a team reward. Thus, the team reward can be decomposed as:

rtot =

|N |∑
n=1

rn(hn, an) (2.11)

Then, from the perspective of one agent (say n = 1), the additive joint Q-function can be
defined as:

Qtot(s,a) = E[
∞∑
t=1

γt−1rtot(st,at)|s1 = s,a1 = a]

= E[
∞∑
t=1

γt−1r1(h1t , a
1
t )|s1 = s,a1 = a]+

|N |∑
n=2

E[
∞∑
t=1

γt−1rn(hnt , a
n
t )|s1 = s,a1 = a]

=: Q̃1(s,a) +

|N |∑
n=2

Q̃n(s,a)

≈ Q̄1(h1, a1) +

|N |∑
n=2

Q̄n(hn, an),

(2.12)

where γ corresponds to the discount factor, Q̃n(s,a) the Q-function dependable on the
state s and action a. Notice that the term Q̄n(hn, an) is used to differentiate a Q-function
that depends on h from the previous term that depends on s. Finally, it can be seen that
the last equation on (2.12) corresponds to (2.10).
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QMIX: Monotonic Value Function Factorisation

Despite VDN having proven to be quite successful in many RL tasks and some recently
in wireless access networks [45], QMIX has demonstrated its capacity to propose richer
action-value functions without full factorization of decentralized policies.

Optimistic Weighted QMIX

In [71], the authors introduce two distinct weighting schemes for the QMIX algorithm.
QMIX, much like VDN, operates as a fully cooperative algorithm, involving a factorization
of the value function among the participating agents. Instead of employing an additive
approach for mixing strategies, QMIX leverages hypernetworks to enforce a monotonic
behavior in its Q-function. However, a limitation of QMIX lies in its presumption of equal
importance across actions, which can result in suboptimal policy outcomes. To address
this shortcoming, the authors present the Optimistic Weighted QMIX, which allows for the
assignment of individual weights to each Q-function, thereby facilitating better collective
action decisions. The weighting parameter w : S ×U → (0, 1] is defined as follows:

w(s,u) =

{
1 Qtot(τ , s,u; θ

′) < yi,

α otherwise,
(2.13)

where yi = ri+γQtot(s, o; θ). Additionally, τ , u, s, o, θ, θ′ and α ∈ (0, 1] corresponds to the
action-observation history, the agents’ joint action, the observation state, the single agent’s
action, the target policy, the evaluation policy, and a predefined weight, respectively. As
observed in equation 2.13 the contribution of actions considered suboptimal is reduced.

2.1.5 Meta-Learning, Sequential and Parallel Transfer Reinforce-
ment Learning

In this section, we present an overview of Meta-learning, Sequential, and Parallel Transfer
Reinforcement Learning. Most RL methods applied in Wireless Networks do not consider
the necessity of accelerating learning. Among the diverse techniques that allow improving
the learning rate of common RL algorithms, we can find Meta-Learning and Transfer
Learning (TL).
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Meta-Learning

Spatial Reuse adaptability in dynamic scenarios is an open challenge. One of the possible
solutions to this problem is to employ Meta-Reinforcement Learning (meta-RL) methods.
However, convergence of the learning process remains a challenge. Ideally, the exploration
performed by RL agents should be completed promptly to further exploit the best action.
However, a premature exploration could lead to a policy that ends up at a local minima or
to the agent’s total failure [72]. Meta-learning has been conceptualized as “learning to learn”
to tackle the learning convergence challenge with just a few learning instances [73]. Meta-
learning has been previously applied in the wireless communications domain. In [74], the
authors propose a meta-learning and recurrent neural network (RNN) approach to predict
mmWave/THz link blockages. In the Wi-Fi context, the authors in [75] propose using
meta-learning to adapt quickly in the presence of new types of impersonation attacks.

To the best of our knowledge, we proposed in this thesis the first study that addresses
adaptability via meta-learning and contextual multi-armed bandits in the 802.11ax SR
context. More specifically, a Deep Contextual MAB based proposed in [76], namely Sam-
ple Average Uncertainty (SAU)-Sampling is leveraged to apply a Model Agnostic Meta-
Learning (MAML) algorithm [77]. Figure 5.7 illustrates a high-level overview of the meta-
learning strategy in Open-WiFi settings [78]. In the proposed MA-CMAB scheme, each
Contextual Multi-Armed Bandit (CMAB) agent experiences a set of TN scenarios that
experience mobility-induced fluctuation of the user demand. The acquired knowledge is
stored in the Open-WiFi controller for posterior meta-training in an offline fashion. Fi-
nally, the meta-agent named “meta-bandit” is used to further few-shot adaptation in the
unseen TN+1 scenario. The main goal of this work is to propose a method capable of ac-
celerating the learning convergence of SR-based RL in highly dense Wi-Fi networks while
maintaining comparable Key Performance Indicators (KPIs) with state-of-the-art methods
such as transfer learning. Moreover, our results show that the Meta-Bandit exhibits at
convergence time a considerable improvement in terms of network fairness when compared
with the presented baseline.

Sequential Transfer Learning

Transfer learning or knowledge transfer techniques improve learning time efficiency by
utilizing prior knowledge. Typically, this is done by extracting the knowledge from one
or more source tasks and then applying such knowledge in a target task [79]. If the tasks
are related in nature and the target task benefits positively from the acquired knowledge
from the source, then it is called inductive transfer learning [80]. This type of learning is
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Figure 2.5: Network-based transfer learning: the neural network source task’s hidden layers
are reutilized in the target network

not uncommon and it is used by the human brain daily. However, a phenomenon called
negative transfer can occur if, after knowledge transfer, the target task performance is
negatively affected [81].

In the realm of transfer learning, we can find Deep Transfer Learning (DTL). DTL is a
subset of transfer learning that studies how to utilize knowledge in deep neural networks.
In the context of classification/prediction tasks, a large amount of data is required to
properly train the model of interest [82]. In many practical applications where training
time is essential to respond to new domains [83], retraining using a large amount of data is
not always feasible and possibly catastrophic in terms of performance. “What to transfer”
corresponds to one of the main research topics in transfer learning. Specifically, in the
case of deep transfer learning, four categories have been broadly identified: instance-based
transfer, where data instances from a source task are utilized; mapping-based transfer,
where a mapping of two tasks is used on a new target task; network-based transfer, where
the network pre-trained model is transferred to the target task; and adversarial-based
transfer, where an adversarial model is employed to find which features from diverse source
tasks can be transferred to the target task [84].

In this work, we utilize the DTL form called network-based transfer learning to adapt
efficiently TP and CCA parameters in dynamic scenarios. An example of network-based
transfer learning technique is presented in Fig. 2.5. Such a technique is utilized in deep
transfer reinforcement learning as part of a transfer learning type called policy transfer [85].
In particular, policy transfer takes a set of source policies πS1 , ..., πSK

that is trained on
a set of source tasks and uses them in a target policy πT in a way that can leverage the
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former knowledge from the source policies to learn its own. More specifically, the weights
and biases that comprise each of the hidden layers of the source policies are the elements
transferred to the target policies. Note that in practice policies are modeled as neural
networks. Furthermore, we take advantage of the design of a contextual multi-armed
bandit presented in [76] and apply policy transfer to improve the agent’s SR adaptability
in dynamic environments. The results and observations of applying DTRL are discussed
in section 5.1.5.

Parallel Transfer Learning

As presented in the previous subsection, Transfer Reinforcement Learning is a technique
employed to accelerate convergence and improve learning in RL. The idea comes from
human psychology where learned actions or concepts can be utilized to speed up the acqui-
sition of new knowledge [86]. In the context of multi-agent RL, transfer learning typically
happens in a sequential and unidirectional flow, from agents defined as source or teacher
agents towards agents with some or minimal knowledge named target or student agents.
Evidently, in some scenarios, the assumption of the existence of a source-target-agent re-
lationship is not known; in other words, there is no hint of which agent is the source or
the target. To address the previously mentioned issue, Parallel Transfer Reinforcement
Learning (PTRL) in intra-multi-agent systems is introduced in [87] where source and tar-
get agents run concurrently. Thus, knowledge transfer occurs in a parallel and bidirectional
way. Consequently, it removes the need to have a set of previously trained source agents,
as required by sequential RL.

2.2 Literature Review

In this section, we provide an overview of this thesis-related work. Subsection 2.2.1 presents
background information on Load Balancing (LB) and Handover ML-based on 4G and 5G
Networks. Subsection 2.2.2 introduces team learning in the O-RAN architecture. Addi-
tionally, subsections 2.2.3 to 2.2.5 introduce some works on Spatial Reuse and Channel
Selection ML-methods, and finally, subsection 2.2.6 depicts existent research on XR codec
optimization in 5G networks.
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2.2.1 ML-based Load Balancing and Handover

Several works in the literature relate to load balancing and handover in RANs due to their
significant impact on saving resources and maximizing network performance. In most cases,
the latter problem is tackled by modifying the existing handover (HO) strategies either by
changing some HO parameters or by constantly tracking the network Key Performance
Indicators (KPIs) [88,89].

Recently, machine learning has been used for load balancing as well. In [90], the au-
thors proposed a 5G handover algorithm based on Q-learning for optimizing the handover
mechanism by the selection of data link beams and access beams in 5G cellular networks.
In [91] the authors presented a supervised learning solution based on deep learning by
considering the variation of the signal-to-interference-plus-noise ratio (SINR) to calculate
the probability of Radio Link Failure (RLF) and based on this metric, they performed
handover to the cell that is less prone to experience RLF. In [92] the authors presented
an RL-based mobility load balancing (MLB) algorithm addressed to deal with ultra-dense
networks. The proposal consisted of a two-layer architecture with the first layer in charge of
building small clusters and the second layer where in each intra-cluster, an MLB algorithm
is executed to obtain the optimal HO parameters by minimizing the resource block utiliza-
tion. In [93] the authors presented an RL-based load balancing algorithm for LTE where
maximizing the instantaneous throughput of the overall network is the main objective.

In summary, previous works do not consider end-to-end delay and channel quality in
the optimization process of HO parameters. Different than other research, we consider
additional QoS metrics alongside the resource block utilization seeking to balance both
while maximizing the network performance.

In the realm of multi-agent systems, to the best of our knowledge, there is no previous
work that has dealt with load balancing in RAN from the competitive multi-agent off-
policy learning perspective. However, multi-agent settings have been studied in other
load-balancing approaches. Additionally, several single and centralized RL load balancing
studies can be found in the literature where HO parameters are modified based on network
KPIs. These studies are summarized below.

In [94], the authors describe a message-passing-based cooperative multi-agent Q-learning
algorithm to obtain the optimal bias offset in dense HetNets (Heterogeneous Networks).
In [95], the authors study load balancing in a wired network topology to evenly distribute
traffic among the nodes without incurring congestion. To do so, the authors propose a
multi-agent actor-critic to address traffic optimization. Additionally, in [96], the authors
propose an RL-load balancing algorithm based on the exploration of the BS’s transmission
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power and the CIO parameter. In this work, the authors use Double Deep Q-Learning to
maximize the reward function based on throughput. Finally, in [25], we have performed
load balancing by considering resource block utilization, delay, and metrics in its reward
objective function. This work is different than our previous work in terms of the consid-
eration of a multi-agent domain with an adaptive and continuous reinforcement learning
scheme and a new formulation of the Markov Decision Process (MDP).

Concerning the AI-based dual connectivity handover proposal we list some of the related
works. We must note, that to the best of our knowledge, there was no previous work where
hRL has been utilized to optimize handover key parameters such as TTT and SINR cell
outage in a 5G dual connectivity scenario. The aforementioned parameters are defined in
detail in section V. However, dual connectivity (DC) has been studied thoroughly in the
literature. These studies are summarized below. In [97], the authors give an overview of
the 4G LTE-NR DC based on the new specifications given by 3GPP. A study case showed
that DC is capable of providing coverage and capacity improvements when compared to
standalone LTE-NR deployed individually. More recently, in [98] the authors perform an
analysis of the dual connectivity proposal in the 3GPP release 15 [99]. In addition to the
existent specification, the authors remarked on the possibility of including a Secondary
Cell controller to manage the multi-radio DC signaling. Furthermore, in [100], the authors
present a survey on recent developments of 4G/5G DC, as well as 4G/5G internetworking
performance and future research challenges and open issues.

Besides, the body of works in DC, the concept of hRL has not been explored much
in the the wireless community. In [101], the authors study outage avoidance in a two-
hop cooperative relay network by utilizing hRL in optimizing relay selection and both
source and relay transmission power. In [102], the authors propose a hierarchical deep
Q-network to perform dynamic multi-channel spectrum sensing in cognitive networks. In
this work, the actions correspond to the selection of a channel and the reward to the
channel status (busy/idle). Finally, in [103] the authors leverage a hierarchical architecture
using Deep Deterministic Policy Gradient for the optimization of the spectrum slice and
computing/storing resource allocation in a MEC-based vehicular network. In the following
sections, we will introduce the dual connectivity architecture utilized in this work and
explain how RL emerges as an effective solution in the optimization of the handover in DC
scenarios. Additionally, we foresee the advantage of embedding context-awareness in the
DC architecture.

32



2.2.2 ML-based Multi-agent Team Learning

As shown in Fig. 2.6, in team learning, teams of distributed agents cooperate to achieve a
common goal. They usually share complete information on observations. More specifically,
team learning tries to maximize a team’s objective function comprised of its agents’ con-
tributions. Consequently, this learning approach could be useful in O-RAN architecture
where a team of xApps (scheduler, power adaptation, beamforming, etc.) needs to find
the best arrangement for their members to improve the overall network performance. Such
tasks could be comprised of several individual subtasks corresponding to each team mem-
ber. Hence, team learning shows itself as a promising approach for the decentralized and
granular architecture of O-RAN. Although the application of team learning to O-RAN is
new, team learning has been studied and applied for a wide range of applications. For in-
stance, team learning has been used to address complex problems; from multi-robot teams
(e.g., robot soccer), multi-player games (e.g., Dota, StarCraft), predator-prey pursuit and
capture problems, to search and rescue missions, as well as mitigating traffic congestion.

For instance, [104] presents an interesting work related to team learning in urban net-
work traffic congestion. The authors proposed a Dynamic Traffic Assignment (DTA) al-
gorithm based on a collaborative, decentralized heterogeneous reinforcement learning ap-
proach to mitigate the effects of the randomness of urban traffic scenarios. To this end,
two-agent teams are defined as advisers and deciders. The decider team task consists of as-
signing traffic flows to a specific traffic network. Meanwhile, the adviser team is responsible
for supporting the deciders with additional information on the environment.

In particular, the adviser-decider type of team learning can be used in O-RAN consider-
ing the different time granularities of non-real-time RIC (non-RT RIC) and near-Real-Time
RIC (near-RT RIC). For instance, a team of agents at non-RT RIC can advise another
team at near-RT RIC on long-term policies. In section, we explore more on how MATL
can be useful for O-RAN.

Finally, it is also important to highlight the differences between team learning and
distributed or federated learning. Federated learning indicates how the data is used to
train/update local models using the information from heterogeneous/homogeneous agents
[105] and does not cover the specific dynamics of agent interactions such as in a team.
Team learning is not constrained to a specific data model; agents learn by interacting with
the environment and they converge on a policy.
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Figure 2.6: Multi-agent team Learning: The figure shows two teams comprised of more
than one xApp where each xApp is a DQN agent that interacts with the environment.
Teams can form different communication structures to share information: (a) flat, (b)
hierarchical, and (c) coalition.

2.2.3 ML-based Spatial Reuse in Wi-Fi

Machine Learning (ML) has been considered a viable instrument for the optimization of SR
in the context of Wi-Fi 802.11ax. More specifically, Reinforcement learning-based spatial
reuse has been of interest in recent literature. The studies have focused on distributed
solutions with no cooperation or centralized schemes of multi-armed bandits. These studies
are summarized below.

In [106] presents a centralized MAB consisting of an optimizer based on a modified
Thompson Sampling (TS) algorithm and a sampler based on the Gaussian Mixture (GM)
algorithm to improve spatial reuse in 802.11ax Wi-Fi. More specifically, the authors pro-
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pose dealing with the large action space comprised of TP and Overlapping BSS/Preamble-
Detection (OBSS/PD) thresholds by utilizing a MAB variant called the Infinitely Many-
Armed Bandit (IMAB). Furthermore, a distributed solution based on Bayesian optimiza-
tions of Gaussian processes to improve spatial reuse is proposed in [107]. In [108], the
authors present a comparison among well-known MABs such as ϵ-greedy, UCB, Exp3, and
Thompson sampling in the context of decentralized spatial reuse via Dynamic Channel Al-
location (DCA) and Transmission Power Control (TPC) in WLANs. The results showed
that “selfish learning” in a sequential manner presents better performance than “concurrent
learning” among the agents. The authors in [109] propose a federated learning-based solu-
tion in a multi-Basic Service Set (multi-BSS) scenario to improve SR. Furthermore, in [42],
the authors present a comparison among cooperative and non-cooperative algorithms to
improve SR in decentralized settings. Moreover, they propose to model the problem as a
Multi-Agent Contextual Multi-Armed Bandit (MA-CMAB), and for the first time, set the
grounds for the application of transfer learning to deal with dynamic environments in the
SR context. Despite the advantages of transfer learning techniques in RL, they are suscep-
tible to negative transfer in which the target task underperforms after receiving knowledge
from the source task [110]. To address the aforementioned issue, newer techniques such
as meta-learning allow us to quickly adapt to unseen tasks given sufficient source tasks
expertise [77].

Other solutions not related to reinforcement learning can be found in the literature to
improve spatial reuse in WLANs. For instance, in [111], the authors propose a distributed
algorithm where the APs decide their Transmission Power based on their Received Signal
Strength Indicator (RSSI). Moreover, in [112], the authors present an algorithm to improve
spatial reuse by utilizing diverse metrics such as SINR, proximity information, RSSI, and
Basic Service Set (BSS) color and compare it with the legacy existing algorithms. The
ultimate goal of the previous algorithm is the selection of the channel state (IDLE or
BUSY) at the moment of an incoming frame given the previous metrics. In all the above
works, the authors employ either centralized or decentralized schemes with no cooperation
to address SR optimization in Wi-Fi.

2.2.4 ML-based Traffic Allocation in Multi-Link Operation Wi-Fi
7

To the best of our knowledge, Reinforcement Learning-based traffic allocation policy in
802.11be Multi-Link Operation was non-existent throughout the literature. However,
802.11be MLO has been recently of great interest among researchers. Some of these works
are referred to below.
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In [113], the authors present a study of MLO in Wi-Fi 802.11be in the context of a sub-
standard of 802.1, Time Sensitive Networking (TSN). Results show that MLO can improve
latency over a single link, however, the usage of uncorrelated channels is recommended
to increase the average SNR perceived by the stations. In addition, the authors in [114]
perform an experimental study using a real dataset measurement; a dataset containing 5
GHz spectrum occupancy measurements. In the previously mentioned study, it is proved
that when MLO is available in symmetrical occupied channels, latency can be reduced by
one order of magnitude over a single link operation. Interestingly, it is observed that when
the channels do not fulfill the symmetry condition, the latency performance worsens. The
authors solve the previous issue by adding a backoff counter in each interface to avoid
packet collision. Related to our current work, the authors in [115] propose three non-
dynamic flow traffic allocation policies in Wi-Fi 802.11be: SLCI, MCAA, and Multi Link
Same Load to All interfaces (MLSA), respectively. They prove that MLO performance is
tightly related to the efficiency of the flow distribution over the available interfaces in a
Multi-Link Device. The authors present in [116], a dynamic flow traffic allocation policy
that can adapt its traffic policy not only upon the arrival of the traffic flow but every
1 second. Finally, some surveys can be found throughout the literature that study the
challenges and perspectives of 802.11be and MLO such as in [117,118].

2.2.5 ML-based Channel Selection in Multi-Link Operation Wi-Fi
7

Channel selection algorithms in Wi-Fi have been of great interest in the recent literature.
However, channel selection in IEEE 802.11be MLO has not been studied due to its novelty.
In addition, to the best of our knowledge, this is the first work that tackles Parallel Trans-
fer Reinforcement Learning among MASs and applies such a technique in the context of
channel selection in IEEE 802.11be. Below, we list some of the works related to parallel
transfer learning and channel selection.

In [87] the authors utilized parallel transfer learning among intelligent agents to coor-
dinate electrical vehicle charging to prevent transformer overload in smart grid scenarios.
This work introduces, for the first time, parallel transfer learning and discusses the advan-
tages over sequential transfer learning techniques. Moreover, the same authors present in
a later work [119] a survey study where possible alternatives to employ parallel transfer
learning are considered. On the other hand, channel selection has been studied in the
previous Wi-Fi standards where only Single Link Operation is considered. For instance,
in [120], the authors study channel selection for a single user utilizing a Deep Q-Network
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agent. In this work, at the beginning of each time slot, the user selects a channel and
receives a reward based on how successful the transmission was. Additionally, in [121], a
Q-Learning-based algorithm is utilized in the selection of the channel/subframe in LTE-Wi-
Fi scenarios. In the previous work, the authors measured the effectiveness of the algorithm
based on channel utilization and channel utilization fairness among the APs.

2.2.6 ML-based XR Codec Adaptation in 5G Networks

In recent years, XR traffic has attracted the interest of academia and industry due to its
stringent requirements that have posed great challenges to 5G and beyond networks. XR,
together with Cloud Gaming (CG) is currently one of the most important 5G media ap-
plications under consideration in the industry [122]. XR is focused on creating immersive
experiences that blend the digital and physical worlds. Cloud gaming, on the other hand,
is specifically about delivering gaming content via the cloud, reducing the need for powerful
hardware on the user’s end. XR involves VR, AR, and Mixed Reality (MR) technologies,
requiring specific hardware like VR headsets or AR glasses. Cloud gaming leverages cloud
computing and high-speed internet to deliver gaming experiences. XR can be used in var-
ious fields such as entertainment, education, healthcare, and more, while cloud gaming is
primarily focused on gaming. Recently, some studies have proposed adaptive mechanisms
to improve KPIs for XR. For instance in the works [123, 124], the authors study novel
Quality of Service (QoS) control procedures to handle the peculiarities of XR traffic. In
addition, it presents three traffic adaptation mechanisms at the application layer (named
XR loopback) to improve performance between XR applications and the 5G Radio Ac-
cess Network (RAN). Each mechanism consists either of adjusting in real-time XR codec
parameters such as data rate or frame per second (FPS) or adjusting both of them con-
currently. In conjunction with the previous mechanism, the authors propose a QoS-based
scheduler and conclude that even though the scheduler improves the classical resource allo-
cation schedulers such as Proportional Fairness (PF) the loopback mechanisms contribute
the most to improving QoS metrics. However, some unwanted behavior can be seen in the
proposed adaptive mechanisms such as unfairness among flows and increasing packet loss
rate when the channel conditions worsen.

On the other hand, several works in the literature focus their interest on codec adapta-
tion in the context of video streaming and RL. For instance, in [125] the authors optimize
video streaming bitrate using an Actor-Critic RL architecture while considering users’ pref-
erences. In addition, in [126] the authors study video streaming chunk representation by
using a two-layer deep-RL framework: at the physical layer adjusting beamforming param-
eters and at the application layer the video chunk representation. Finally [127] proposes
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GreenABR, an energy-aware adaptive bitrate (ABR) algorithm based on deep RL. The
authors in the former work utilize real cellphone terminal energy consumption data to
decide on the best bitrate without jeopardizing user QoE.

In the realm of 5G, 6G, and Wi-Fi, previous works have consistently asserted and
demonstrated that ML, particularly its subfield RL, offers effective solutions to intricate
optimization problems within a reasonable convergence time, surpassing more conventional
solvers like convex optimization. Through the application of RL and the innovative tech-
niques proposed in this thesis, we present various applications of RL in both single and
multi-agent contexts within wireless networks. Our focus extends beyond achieving supe-
rior results compared to traditional methods and existing RL baselines; we are also keen
on enhancing adaptation and convergence speed. To this end, we employ techniques that
concentrate on reducing the action state space, including TRL, PTRL, meta-learning, and
attention mechanisms.
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Chapter 3

RL based Load balancing and Handover
in 4G and 5G Networks

Load balancing in next-generation wireless networks remains a challenging problem. Re-
source orchestration in wireless networks with multiple BSs requires an intelligent solution.
In the first work of this chapter, we propose a centralized RL algorithm named CDQL that
considers QoS metrics for load balancing. Our results show that CDQL outperforms exist-
ing baselines considerably. Concerned about convergence time, we propose MADDPG-AP,
a competitive distributed algorithm that improves convergence time by 70% when com-
pared to the CDQL algorithm. Finally, we study handover in multi-RAT networks. We
compare a hierarchical RL algorithm named Hierarchical Deep Q-Learning (HiDQL) with a
centralized deep Q-Learning algorithm and existing algorithmic baselines. The results show
that both RL solutions improve existing algorithms’ KPIs, with HiDQL demonstrating the
best performance among the intelligent solutions.

3.1 QoS-Aware Load Balancing in Wireless Networks
using Clipped Double Q-Learning

The exponential increase in mobile network usage alongside the growing data consumption
demand by several use cases such as AR/VR (Augmented Reality/Virtual Reality) and
video streaming, have led wireless networks to evolve to satisfy the pressing requirements.
More specifically, video-dominated applications related to video streaming, video confer-
encing, and high-quality buffered media have faced a great spike due to the recent impact
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of the COVID-19 pandemic. Some studies showed that after the lockdown, an increase
of 215-285% in VoIP and videoconferencing traffic and a 20-40% increment in streaming
and web video consumption have been observed [128]. Besides, the bandwidth requirement
of the aforementioned use cases, they also have tight delay requirements. The trend for
multimedia usage is expected to continue after the pandemic and mobile network operators
will shoulder a majority of the load. This calls for optimized use of resources at the RAN,
the transport network, and the core.

LTE (Long Term Evolution) and its successor 5G (5th Generation) NR (New Radio)
can support self-optimization functionalities that 3GPP has identified in the context of
SON. These also include load balancing. Load balancing for the RAN involves handing
over UEs to less-occupied base stations. Naturally, a base station’s load would be for the
number of UEs that are associated with it and the traffic demand of these UEs.

As part of the handover mechanism, each UE in the network will send periodical mea-
surement reports to its respective serving cell. In practical terms, the serving cell will send
via a Radio Resource Control (RRC) message the indication of what type of measurements
each connected UE must gather and consequently report of the vicinity cells and of itself.
Then, BSs will look for handover opportunities by verifying some possible events to trigger
or not the handover procedure. Some of the events described by 3GPP are [24]:

• A2: Serving cell Reference Signal Received Quality (RSRQ) becomes worse than
threshold

• A3: Neighbour Reference Signal Received Power (RSRP) becomes better than serving
cell

• A4: Neighbour cell RSRQ becomes better than threshold

In the context of handover, there are two well-known mechanisms. These are A2-A4
handover where two conditions must be satisfied corresponding to the events A2 and A4:
i) to trigger handover the serving cell of the UE must fall below a certain RSRQ serving
cell threshold and ii) the handover is only performed if the difference between the best
neighbor and the serving cell RSRQ is greater than certain predefined neighbor cell offset.
The A3 handover algorithm or “strongest cell handover algorithm” is a simpler approach
where handover is triggered for the UE to the best cell in the measurement report. When
the best cell in terms of RSRP is selected, this value must be greater than the current
serving cell by a hysteresis value and must be maintained for a time (TTT, time to trigger)
to avoid ping-pong effect. Handover using the previous mechanism is illustrated in Fig.
3.1.
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Figure 3.1: Illustration of A3 handover algorithm.
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3.1.1 System model

We consider a network consisting of a set Γ of size MT of base stations (BS). The network
serves a set of Ψ of size NT stationary mobile users deployed randomly around the BSs.

According to the Downlink (DL) bandwidth configuration chosen, B MHz, let us define
NDL
RB as the number of resource blocks available to be assigned by the Media Access Control

(MAC) scheduler. The Channel and QoS Aware (CQA) scheduler is chosen as MAC
scheduler. This scheduler assigns resource blocks by prioritizing users with greater Head of
Line (HOL) delay and maximizing MAC layer throughput [129]. In this study, we consider
one Resource Block Group (RBG) (RBG = NDL

RB /K) as the smallest resource unit where
K ∈ [1, 2, 3, 4] according to the DL bandwidth used. In addition, a centralized approach is
assumed where a central agent can monitor the BSs and UEs’ Key Performance Indicators
(KPIs). This can be conveniently applicable to C-RANs, as mentioned before. The agent
can alter the CIO of each i cell based on the proposed machine-learning algorithm. The
CIO of each cell is denoted as ϕi ∈ [ϕmin, ϕmax] dB and is modified to trigger the handover
algorithm among cells. For A3 handover algorithm, if a user is served by some cell i, it
will start a handover to cell j request through the X2 interface if the following condition
holds:

RSRPj + ϕj→i > Hys+RSRPi + ϕi→j, (3.1)

where RSRPj and RSRPi are the measured RSRP values in dB of the serving cell and
the neighbor cell. Hys is the hysteresis value used to avoid ping-pong scenarios. ϕj→i and
ϕi→j are the cell individual offsets. The values are independent for each cell.

3.1.2 Clipped Double Q-Learning Based Load Balancing

In the proposed approach described in Algorithm 3.1, an agent observes the environment
parameters, such as CQI, packet delay, and resource block utilization per BS. The agent’s
actions consist of modifying the BS’s individual CIO values to maximize the agent’s reward.
Note that in this case, we employ a decaying epsilon (ϵ) approach for exploration purposes.
This exploration strategy involves encouraging the agent to select random actions at the
beginning of the training phase and to act more greedily as it progresses through later
steps in the environment.
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Action space selection

The actions of our agent are defined as a vector with the CIO values assigned to each BS.
For CDQL the set of actions will be deterministicly predefined by the possible permutations
of the set of predefined values.

For the CDQL algorithm, the size of the action space will be lPk =
l!

(l−k)! , where l is the
size of the set of the possible CIO values that can take each BS and k will be equivalent
to MT or the amount of BSs in the network. Thus,

A(t) =
[
ϕ1(t) ϕ2(t) . . . ϕMT

(t)
]

(3.2)

The individual CIO value defined as ϕi will be lower and upper bounded by two pre-
defined values ϕmin and ϕmax as described as follows: ϕi(t) ∈ [ϕmin, ϕmax].

Algorithm 3.1 Clipped Double Q-Learning (CDQL)
1: Initialize Qθ1 ,Qθ2 and target networks with random weights, replay buffer J , ϵ, ϵdecay

and ϵmin
2: for environment step do
3: Observe state st
4: Select at ∼ π(at, st) if ϵ ≥ x ∼ U(0, 1) otherwise select random action at
5: Execute at and observe next state st+1 and reward rt = R(st, at)
6: Store (st, at, rt, st+1) in replay buffer J
7: for each update do
8: Sample (st, at, rt, st+1) ∼ J
9: Compute Y CDQL

t = rt + γmini=1,2Qθi(st+1, argmaxa′ Qθi(ss+1, a
′))

10: Perform gradient descent step on (Y CDQL
t −Qθi(st, at))

2

11: Update target networks parameters: θ′i ← τ ∗ θi + (1− τ) ∗ θ′i
12: Update ϵ if ϵ > ϵmin
13: ϵ = ϵ ∗ ϵdecay
14: end for
15: end for

State space selection

The state space is composed of two terms. The first one corresponds to the attached
UEs’ ratio in each BS and the second term is the Resource Block Utilization (RBU) vec-
tor comprised by the RBU of each BS. Thus, the state S(t) will be represented by the
concatenation of both metrics as:
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S(t) =
[
U(t),P(t)

]
(3.3)

where U(t) corresponds to a MT -length vector comprised by the ratio of UEs attached to
each cell i.

U(t) =
[
u1(t) , . . . , uMT

(t)
]

(3.4)

where ΨΓi
is the total of UEs attached to cell i and ui =

ΨΓi

NT

Additionally, P(t) corresponds to a MT -length vector conformed by the RBU for each
BS at time t as:

P(t) =
[
p1(t) , . . . , pM(t)

]
(3.5)

Given the fact that resource allocation in each cell is reported every TTI, which is
a smaller time frame compared with the observable time interval of our agent (1s), we
consider the resource block utilization in each TTI as a discrete random variable. Thus,
we can model the resource block utilization during the observation time pi as the expected
value of the resource block utilization for each TTI ptti.

pi = E[ptti] (3.6)

Reward

The total reward function is calculated based on Quality of Service (QoS) parameters and
the load of each BS in terms of resource block utilization as follows:

RT (t) = w1 ∗RD(t) + w2 ∗RRB(t) + w3 ∗RCQI(t) (3.7)

Here RD ∈ [−1, 1] is the reward related to delay constraints, RRB ∈ [−1, 1] is the reward
related to resource allocation usage, and RCQI ∈ [−1, 1] corresponds to a reward measuring
the quality of the modulation used by the users in the network. Finally, w1, w2, w3 are the
weights for each reward.

The first component of the proposed reward can be defined as:

RD(t) ≜
1

NT

NT∑
i=1

1 · δi(t) (3.8)
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Figure 3.2: Reward design: (a) Sigmoid function for the delay reward; an average delay
above 2/3PDB is penalized (b) Sigmoid function for the resource block utilization reward;
a resource block utilization above 95% is penalized.

and,

δi(t) =

{
−1 if ∃Ψi /∈ ΨC ,
ℸ(Davg) otherwise

(3.9)

where Ψi represents the ith UE and ΨC , ΨC ⊂ Ψ is the set of connected UEs to any BS
∈ Γ. On the other hand, ℸ(Davg) is a sigmoid function defined as follows:

ℸ(Davg) = 1 +
c

1 + e−o(Davg−F) (3.10)

Here c establishes the upper bound of the slope, o adjusts the slope of the sigmoid, and
F = 2/3 ∗PDB controls the target packet delay. PDB is the Packet Delay Budget which
is according to the type of traffic used in the network.

The objective of the first term is to reward each UE’s average latency based on the PDB
of a defined packet type. As can be seen, we penalize the cases if a UE gets disconnected
from the network as a result of the load balancing decision.

The second component of the proposed reward can be defined as:

RRB(t) ≜ 1 +
c

1 + e−a(max(P (t))−D) (3.11)

where P (t) corresponds to a MT -length vector composed of the resource block utilization
of each BS at time t. The term max(P (t)) allows selecting the most loaded BS to either
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penalize or reward based on a predefined threshold defined as γRB. As the maximum value
of P (t) decreases, a higher reward is obtained. c establishes the upper bound of the slope, a
adjusts the slope of the sigmoid as in (3.11) and D controls the target data utilization. For
both RD and RRB objectives, the sigmoid function allows to penalize with -1 the average
delay and RBU if the thresholds F and D are not satisfied. If satisfied the agent receives
a positive feedback of 1. The behavior for both rewards can be observed in Fig. 3.2.

Finally, the third component is defined by:

RCQI(t) ≜
1

NT

NT∑
i=1

1 · Ωi(t), (3.12)

where,

Ωi(t) =


−1 if ΨiCQI

(t) < 6,
0 if 7 ≤ ΨiCQI

(t) ≤ 9 ,
1 otherwise,

(3.13)

where ΨiCQI
corresponds to the CQI measurement of the ith UE. The objective of this

term is to reward or penalize each UE’s CQI based on the fact that higher CQI will be
translated in a higher modulation scheme and thus a more efficient usage of the resource
block allocation.

3.1.3 Baseline: Resource Block Utilization based Handover Algo-
rithm (ReBUHA)

In this work, we consider a baseline algorithm named ReBUHA in addition to the classi-
cal A3 handover algorithm to perform a comparison of our results. ReBUHA algorithm
replaces the A3 handover which mainly relies on received power (see equation 3.1) with
a resource allocation awareness method to trigger the handover procedure. As seen in
Algorithm 13, P(t) is MT -size vector where each element corresponds to the ratio of RBs
used in the mth BS at the time t. Every t = 1s, the algorithm will use P(t) information
and look for handover opportunities in a centralized way. γRB corresponds to a resource
block utilization threshold defined as the ratio of usage in which the handover algorithm
will look for opportunities for handover.
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Algorithm 3.2 ReBUHA algorithm
1: Data: RBU information of all BSs
2: Result: Resource allocation based handover
3: if all pi(t) ∈ P(t) : pi(t) > γRB then
4: break
5: end if
6: for pj ̸=i(t) ∈ P(t) do
7: Check if UE Ψi is attached to an overloaded BS
8: if pj(t) < γRB then
9: Trigger handover to cell j ∈ Γ

10: else
11: break
12: end if
13: end for

3.1.4 Performance Evaluation

Simulation Setting

The simulations are performed by using the discrete network simulator ns-3 [130]. In Table
3.1 and Table 3.2 we provide the settings utilized in our simulations and the RL parameters,
respectively. Each BS is positioned with an inter-site distance of 720 meters. Five different
scenarios are tested under the proposed algorithms with 30, 35, 40, 45, and 50 UEs. Each
scenario is designed by distributing a percentage of the total users on the edge of each cell
in a random disc and the rest is uniformly allocated throughout the coverage of the middle
BS. We initialize the simulations by attaching all UEs to the BS that sits in between 2
BSs and then according to the policy of each strategy, whether handover is triggered or
not. The traffic is a mixture of 20 UEs using CBR, and the rest following Poisson arrivals.
For the case of Poisson traffic, we use a small payload of 32 bytes with a traffic load of
0.1 Mbps, meanwhile, for the CBR which emulates video traffic we use a larger payload
of 250 bytes with an interval of 10 ms. Simulation results are collected by averaging 15
simulations per scenario. Each simulation consists of 150 episodes with 50 iterations per
episode. OpenAI Gym is used as the interface between ns-3 and our agent [131]. Lastly, we
consider each parameter of our reward of equal importance, thus the weights of equation
3.7 are equal to 1.
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Table 3.1: Network settings

Parameter Value

Inter-site Distance 720 m

MT 3

NT 30,35,40,45,50

Center Frequency 2 GHz

System Bandwidth 5 MHz (25 resource blocks)

Pathloss Model Log Distance Propagation
Loss Model

95 + 27 log10(distance[km])

BS antenna height 30 m

UE antenna height 1.5 m

Max Tx power 20 dBm

MAC scheduler CQA scheduler

User distribution Stationary and uniformly
distributed

Traffic Model Conversational video (live
streaming) and Poisson

Packet payload size = 250
Bytes

Interval = 10 ms

Packet delay budget = 150
ms

Handover algorithm A3-event based

Time to trigger = 8 ms

Hysteresis = 2 dBm

3.1.5 Simulation Results

To assess the performance of our proposed scheme, we present throughput, delay, jitter,
and Packet Loss Ratio (PLR) with a 90% confidence interval as well as the convergence of
the machine learning algorithm.
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Figure 3.3: Learning performance for a varying number of UEs and the CDQL algorithm.

Figure 3.3 shows the learning performance achieved by CDQL for the simulated sce-
narios. The trend shows how the reward value per episode converges in all cases and the
converged reward value becomes lower as the number of UE increases. This is due that
some of the KPIs that are tracked by our agent are affected by the increment of the number
of users. Figure 3.4 presents throughput, end-to-end delay, jitter, and PLR. In Fig. 3.4 (a)
it can be seen that our algorithm achieves an average improvement of 6.1% and 9.5% in
throughput in comparison with the A3 and ReBUHA algorithms, respectively. Similarly,
the other figures (b, c, d, and e) show a noticeable improvement to the baselines with
a gain of 49.8% and 52.9% in terms of delay, 55%, and 51% in terms of jitter and 34%
and 55.2% in terms of PLR for the cases of the A3 and ReBUHA algorithms, respectively.
Note that, the delay results of ReBUHA algorithm decreases at 45 UEs in comparison
with A3. This is because, after 45 UEs the algorithm triggers its handover procedure as
the middle BS surpasses the resource block utilization threshold predefined by the value
of γRB. However, metrics such as PLR continue to worsen reassuring our thesis that in
high-traffic scenarios, a closed track of QoS metrics is needed. In addition to the previous
results, an unexpected behavior is noticeable in the delay and jitter metrics for 45 and
50 UEs, where these metrics decrease when they are expected to increase. This behavior
corresponds to a mere statistical calculation by the network simulator and would not be
possible to explain without the PLR graph. As the number of UEs increases, the PLR, BS
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Table 3.2: RL environment settings

Parameter Value

Number of iterations/episode 50

Number of episodes 150

Gym environment step time 1s

Batch size 32

CDQL ϕ set {−9,−6,−3, 0, 3, 6, 9}
dBm

w1, w2, w3 = 1

F = 2/3 ∗ PDB where
PDB = 150 ms, c = −2,

o = 75

γRB = 0.6, a = 20

Optimizer : Adam (1e-3)

Number of hidden layers
(Nh) : 2

Loss function : Huber Loss
(clip delta = 1.0)

Update target model type:
Polyak averaging

γ = 0.95, ϵ = 1.0, ϵmin =
0.001, ϵdecay = 0.995

load, and packet collisions also increase, resulting in more UEs being left without service.
Since the simulator only calculates its statistics based on the connected UEs, it may appear
that jitter and delay have improved. However, this improvement is only partial because,
although these metrics have improved, many users are left without service.

Figure 3.5 presents the components of the vectors P and U at the end of the simulated
scenarios. It can be seen how the A3 handover algorithm does not trigger in any of the
scenarios by keeping all the UEs attached in the middle BS. The latter occurs because none
of the UEs comply with the event trigger condition of the A3 algorithm. Furthermore, it is
noticeable that in Fig. 3.5 (d) the ReBUHA algorithm starts distributing the load in agree-
ment with the behavior described in the previous figure. For our proposed algorithm it is
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observable that it distributes the UEs over the BSs based on choosing the “best” CIO value
per BS that will maximize our agent’s reward objective function. Note that the proposed
algorithm for (d) and (e) does not meet the target resource block utilization goal which
is established by γRB. This behavior can be explained based on the needed minimization
of not only the resource block utilization in the network but also the improvement of QoS
metrics as well.

Additionally, we present the performance of our scheme under mobility. We consider
30 UEs where 10%, 20%, and 30% of the total UEs in the network are mobile and they
use random walk with a speed of 20 m/s. Figure 3.6 shows that similar to the non-
mobility scenario (represented as 0%), our scheme similarly converges for mobile scenarios.
Furthermore, we show in Fig. 3.7 throughput, end-to-end delay, jitter, and PLR for non-
mobile and mobile scenarios. Note that we only presented the A3 Algorithm and CDQL
since for such a number of users the ReBUHA algorithm behaves identically as the A3. In
terms of throughput and PLR, both CDQL and A3 algorithms perform similarly. For delay,
the proposed CDQL offers slightly lower latency than the A3 algorithm. More specifically,
our scheme can achieve an improvement of 64% respecting delay with no considerable
difference in the other KPIs.

Finally, it is worth mentioning that our scheme shows its real potential when the number
of users increases, in other words, when the scarcity of resources increases. We chose the
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Figure 3.7: Different performance metrics of CDQL and A3 algorithms for different mobility
percentages and UE’s speed of 20 m/s. (a) Throughput, (b) Delay, (c) Jitter and (d) PLR

A3 best performance scenario (30 UEs) to show the steady behavior of our scheme.

3.2 Competitive Multi-Agent Load Balancing with Adap-
tive Policies in Wireless Networks

An undeniable growth of connected devices is experienced in the era of 5th Generation (5G),
which is expected to continue in the future 5G and beyond networks. Besides, tremendous
volume and vast diversity in high data traffic applications with stringent QoS (Quality of
Service) requirements are posing a challenge for these next-generation wireless networks.

Machine learning techniques, such as Reinforcement Learning (RL), have raised a strong
interest among the research community and the industry for their use in performance
enhancement of wireless networks. The similarity of RL techniques with the “trial and
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error” human-like behavior conveys perfectly their usage in dynamic environments that
seek “near” optimal control. Two main RL taxonomies are present in the literature: single-
agent RL and multi-agent RL. In single-agent domains, an agent is the decision instance
that oversees and controls the state of the environment [68].

AI-driven intelligent self-optimization functionalities are supported by 5G in which load
balancing falls under the umbrella of applications considered in Self-Organizing Networks
(SON). Load balancing in the context of radio access refers to the handover of UEs of
high-loaded BSs (Base Stations) to less-loaded BSs. To perform such action, the resource
block utilization (RBU) per BS is observed. The amount of RBU will be related not solely
to the amount of UEs attached to a specific BS but also to the traffic characteristics. One
of the most known and used handover algorithms named A3 is defined in [24]. This release
specifies the required events in the BS that must occur to perform a handover procedure.
More specifically, it requires that neighbor BS Reference Signal Received Power (RSRP)
becomes better than serving BS and this condition must hold during a predefined time
named Time to Trigger (TTT) to avoid ping-pong scenarios.

3.2.1 System model

We consider a network consisting of MT base stations (BS) where for each ith BS, i ∈ Λ.
The network serves a set of Ψ of size NT stationary mobile users randomly deployed around
the BSs. The Channel and QoS Aware (CQA) scheduler is chosen as MAC scheduler. In
this work, we consider one Resource Block Group (RBG) (RBG = NDL

RB /K) as the smallest
resource unit where K ∈ [1, 2, 3, 4] according to the DL bandwidth used. Additionally, each
BS is considered an agent of our environment. Each agent is capable of modifying their
own CIO value based on the exploration performed by our RL scheme. The CIO value is
utilized as part of the A3 handover algorithm that will indicate handover between BS i
and BS j if the following condition holds: RSPRj+ϕj→i > Hys+RSPRi+ϕi→j. RSPRj

and RSPRi are the measured RSRP (Reference Signal Received Power) values in dB of
the serving BS and the neighbor BS, respectively. Hys is the hysteresis value used to avoid
ping-pong scenarios.

3.2.2 Multi-Agent Deep Deterministic Policy Gradient with Adap-
tive Policies

In the proposed approach, each agent observes the attached UEs’ ratio, the resource block
utilization, and the currently chosen CIO value and receives its reward based on feedback
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Figure 3.8: Multi-Agent Deep Deterministic Policy Gradient with Adaptive Policies scheme
applied for load balancing in RAN. Each BS uses a sequence of past observations from the
environment (state space) and utilizes it as input of the policy predictor that outputs a
policy and consequently, the action to take. In this context, observations correspond to the
attached UE’s ratio, the resource block utilization and the CIO currently applied whereas
the action yields the CIO value to apply.
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from the environment in terms of throughput, packet delay, and resource block utilization.
The agent’s actions consist of modifying the BS’s individual CIO values to maximize the
agent’s reward. In the following subsection, we present an overview of MADDPG-AP and
then formally define our solution.

Addressing non-stationarity among competitive agents in MADDPG

Non-stationarity, mainly caused by the joint interaction of the agents with the environment,
is one of the primary issues presented by the MARL setting. When the environment
experiments a non-stationary behavior it becomes a moving target problem where each
agent’s best policy changes as individual policies change [132]. The authors in [47] called
attention to the previously mentioned issue in the particular case of competitive agents
due to the natural overfitting of a single agent’s behavior over its competitors. To address
this problem, it was proposed to train an ensemble of K sub-policies per agent where
each agent had to choose a random k sub-policy per episode. Another proposed solution
was M3DDPG (MiniMax Multi-agent Deep Deterministic Policy Gradient) [133], inspired
by MADDPG, where the authors consider a minimax approach to train robust agents
even when the opponent agent’s performance is considered not good. Finally, in [134] the
authors consider that by having K learned subpolicies per agent under the same constraints
as MADDPG, the agent would be able to choose a corresponding policy according to the
state observed. Our algorithm is mainly based on [134] saving some particular differences
that will be addressed in the next subsection.

Adaptive policies and ranked buffer

The curse of dimensionality and collecting data during training are the main reasons why
a slow exploration is experienced in off-policy MARL algorithms [135]. For instance, in the
context of the RIC (RAN Intelligent Controller) in the O-RAN architecture (Open RAN)
there are some close loop requirements in terms of latency that algorithms must comply [25].
Thus, a reasonable time must be considered for executing any models. To accelerate such
convergence time and inspired by [136], we introduce a self-supervised technique using a
ranked buffer in the policy predictors’ training stage. As a main difference, we rank state
sequences, instead of local observations, by the sum of the reward observed during such
sequence and discard those sequences with low reward (see Algorithm 3.3) to form a new
buffer that is used to train the policy predictor as seen in Fig. 3.9. By doing the latter,
we select the best subpolicy given an observed sequence.
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Algorithm 3.3 Ranked buffer
1: for agent i to N do
2: Create sequences from B wi = ⟨(o1, . . . , oW )1, . . . , (o1, . . . , oW )Ns⟩ using a sliding

window of size W
3: Rank sequences in wh based on r̂Ns =

∑W
i=0 ri and obtain a new buffer B̂ and

Bs = Ns/K.
4: if |B̂|> Bs then
5: Discard sequences with low reward in r̂Ns .
6: end if
7: end for

The pseudo-code for MADDPG-AP with ranked buffer is presented in Algorithm 3.4
whereas the training stage of MADDPG-AP is depicted in Algorithm 3.5.

Action space selection

The action value of each agent corresponds to the CIO value selected in each timestep and
is defined as a continuous variable limited by a predefined exploration bound. Thus,

Aj(t) = ϕj(t) (3.14)
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Algorithm 3.4 Training and execution stages for MADDPG-AP algorithm
1: # Training stage:
2: for agent i to N do
3: Init set of policies ΠK

i = ⟨µ1
i , . . . , µ

K
i ⟩ and predictors ρi

4: for k ← 0 subpolicy to K do
5: Learn Πk

i and ρi
6: end for
7: end for
8: # Execution stage:
9: Load predictors ρi and set of policies ΠK

i per agent, respectively.
10: for environment step t← 1 to T do
11: for agent i to N do
12: oti ← receive observation and append it to wt

i

13: µki ← predict policy by ρi(wt
i);

14: |wt
i |= W ati ← select action by µki

15: end for
16: Execute actions a = (at1, ..., a

t
N)

17: Collect rewards r = (rt1, ..., r
t
N)

18: end for

The individual CIO value is lower and upper bounded by two predefined values ϕmin
and ϕmax, respectively, as described as follows: ϕi(t) ∈ [ϕmin, ϕmax]. Furthermore, Orn-
stein–Uhlenbeck noise is used to encourage exploration among the agents.

State space selection

Each BS state space is composed of three terms. The first term corresponds to the attached
UEs’ ratio, the second term is the Resource Block Utilization (RBU), and lastly, the current
CIO value. Thus, the state S(t) will be defined by the concatenation of such metrics as:

Sj(t) =
[
uj(t) pj(t) ϕj(t)

]
, (3.15)

where uj =
ΨΓi

NT

and ΨΓj
is the total of UEs attached to BS j.

Additionally, p(t) corresponds to the RBU for BS j at time t. Resource block allocation
for each BS is gathered from every agent’s observation time (0.2s) which is greater than
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Algorithm 3.5 Multi-Agent Deep Deterministic Policy Gradient with Adaptive Policies
and Ranked Buffer
1: Learning stage: Init N predictors networks ρi
2: for all K subpolicy do
3: Initialize N actors and target networks µi and µ′i respectively, the centralized critic

Qµ
i and target critic network with bounded random weights and replay buffer B

4: for all episode step do
5: Initialize N Ornstein–Uhlenbeck random processes for action exploration
6: for all environment step do
7: for each agent i, select action ai = µθi +Nt w.r.t the current policy and explo-

ration
8: Execute actions a = (a1, ..., aN)
9: Store (x, a, r,x′) in replay buffer B

10: x← x′

11: for agent i to N do
12: Sample a random minibatch of S samples (xj,aj, rj,xj′) from B
13: Set yj = rji + γQµ′

i (xj
′
, a

′
1, . . . , a

′
N)|a′k=µ

′
k(o

j
k)

14: Update actor i by using the sampled policy gradient:
15: ∇θiJ ≈ 1

S

∑S
s=1∇θiµi(o

j
i )

16: ∇aiQ
µ
i (xj, a

j
i , ..., ai, ..., a

j
N)|ai=µi(o

j
i )

17: Update critic by minimizing the loss: L(θi) = 1
S

∑S
s=1(y

j−Qµ
i (xj, a

j
i , ..., a

j
N))

2

18: end for
19: Update target networks parameters: θ′i ← τ ∗ θi + (1− τ) ∗ θ′i
20: end for
21: end for
22: Sample training dataK from B̂ and train LSTM predictor ρi networks with sequences

as input and the corresponding subpolicy as output by minimizing the following
negative log-likelihood loss:

23: for agent i to N do
24: ∇ρiJ(ρi) ≈ 1

K

∑K
k=1

∑
µ′k
−yµ′ilog(pi(µ′i))

25: end for
26: end for

the TTI. Thus, we model the resource block utilization during the observation time pi as
the expected value of the resource block utilization for each TTI as ptti.

pj = E[ptti] (3.16)
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Reward

The total reward function is calculated based on Quality of Service (QoS) parameters and
the load of each BS in terms of resource block utilization. Let us start with a well-known
reward based on throughput [96]:

Rj =
Uc∑
i=0

ri, (3.17)

where Uc is the number of UEs connected to BS j and ri corresponds to the throughput
measured at time t by UE i. This reward does not consider RBU, latency, and any
information related to the UE’s connection status (For example, given a certain value of
CIO, UE i can be attached to BS j but not achieve connectivity, in other words, the
delay is infinite or throughput is equal to 0). Our approach consists of adding an extra
parameter that will either punish or reward the utility function defined in equation 3.17.
The mean throughput is chosen as defined in equation 3.18. The idea behind it is to
use an approximation of the average throughput and to penalize if there are disconnected
UEs. The second term in the sum of equation 3.18 will penalize or reward the equation
3.17 depending on ω1 where ω1, is a latency-based parameter as defined later in equation
3.21 that will oversee penalizing or rewarding according to the latency requirements for a
specific application.

Rj =
Uc∑
i=0

ri +

[
ω1i

Uc

Uc∑
i=0

ri

]
(3.18)

After some algebraic modification equation 3.19. is obtained.

Rj =

[
Uc +

∑Uc

i=0 ω1i

Uc

]
Uc∑
i=0

ri (3.19)

The current reward formulation in equation 3.19 is composed of two KPIs that are UE-
dependent. However, the RBU-based reward tries to minimize the number of resources
that an individual BS is managing. Since our Rj is calculated based on BS, the reward
based on RBU ω2 depicted in equation 3.24 is multiplied by the term in equation 3.19
obtaining:

Rj = ω2j

[
Uc +

∑Uc

i=0 ω1i

Uc

]
Uc∑
i=0

ri (3.20)

ω1 ∈ [−1, 1] can be defined as:
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ω1(t) ≜
1

NT

NT∑
i=1

1 · δi(t) (3.21)

and,

δi(t) =

{
−1 if ∃Ψi /∈ ΨC ,
ℸ(Davg) otherwise

(3.22)

where Ψi represents the ith UE and ΨC , ΨC ⊂ Ψ is the set of connected UEs to any BS
∈ Γ. On the other hand, ℸ(Davg) is a sigmoid function defined as follows:

ℸ(Davg) = 1 +
c

1 + e−o(Davg−F) (3.23)

Here c establishes the upper bound of the slope, o adjusts the slope of the sigmoid, and
F = 2/3 ∗ PDB controls the target packet delay. PDB is the Packet Delay Budget
according to the type of traffic used in the network.

The objective of ω1 itself is to reward each UE’s average latency based on the Packet
Delay Budget (PDB) of a defined packet type. A penalization is applied if a UE is found
disconnected from the network due to a load-balancing decision.

Finally, ω2 ∈ [0, 1] can be defined as:

ω2(t) ≜ 1 +
c

2 + 2e−a(p(t)−D)
(3.24)

where p(t) corresponds to the resource block utilization measured value by the BS at time
t, as p(t) decreases, a higher reward is obtained. c establishes the upper bound of the slope,
a adjusts the slope of the sigmoid as in equation 3.24 and D controls the target resource
block utilization.

3.2.3 Baseline: Clipped Double Q-Learning (CDQL)

For the present work, as a baseline, we consider a single and centralized reinforcement
learning algorithm named CDQL that was proposed in [25]. This technique showed an
improvement in throughput, latency, jitter, and PLR when compared to traditional han-
dover algorithms. The CDQL presents two main differences with our current work: i) It
considers a single and centralized agent with a deterministic action space and ii) It does
not consider maximizing throughput in its reward design.
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Table 3.3: Network settings

Parameter Value

BS Inter-site Distance 720 m

MT 3

NT 30,35,40,45,50

Center Frequency 2 GHz

System Bandwidth 5 MHz (25 resource blocks)

Pathloss Model Log Distance Propagation
Loss Model

95 + 27 log10(distance[km])

BS antenna height 30 m

UE antenna height 1.5 m

Max Tx power 20 dBm

MAC scheduler CQA scheduler

User distribution Stationary and uniformly
distributed

Traffic Model Conversational video (live
streaming) and Poisson

Packet payload size = 250
Bytes

Interval = 10 ms

Packet delay budget = 150
ms

Handover algorithm A3-event based

Time to trigger = 8 ms

Hysteresis = 2 dBm

3.2.4 Performance Evaluation

Simulations are implemented using the discrete network simulator ns-3. Additionally, Ope-
nAI Gym is utilized to interface the ns-3 wireless environment and our proposed algorithm.
In Table 3.3 and Table 3.4 the settings used in our simulations and the RL parameters are
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Table 3.4: Learning parameters

Parameter Value

Training stage (Number of
iterations/episode)

50

Number of episodes 300

Execution stage (Number of
iterations/episode)

50

Number of episodes 150

Gym environment step time 0.2s

Batch size 100

MADDPG-AP ϕ∈[−9, 9] dBm

K = 3

F = 2/3 ∗ PDB where PDB = 150 ms,
c = −2, o = 75

γRB = 0.8, a = 20

Optimizer : Actor: Adam (1e-4), Critic:
Adam (1e-3)

Number of hidden layers (Nh) : 2

Number of neurons/layer (nl) : 128

Update target model type: Polyak
averaging

γ = 0.95, ϵ = 1.0, ϵmin = 0.001, ϵdecay =
0.995

given, respectively. The inter-site distance between BS is set to 720 meters. Five different
scenarios are tested under the proposed algorithms with 30, 35, 40, 45, and 50 UEs. The
UEs are distributed on the edge of each BS in a random disc and the rest is uniformly
allocated throughout the coverage of the middle BS.

3.2.5 Simulation Results

We present the performance results of our proposed scheme in terms of throughput, delay,
and packet loss ratio (PLR) with a 90% confidence interval. Figures 3.10 (b and c) show
a positive change for the baseline with a gain of 20.89% in terms of delay and 32.1% in
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Table 3.5: Convergence comparison

RL Scheme Avg. Convergence in
Episodes

Avg. Improvement

CDQL 61 (12.2s) -

MADDPG-AP 18 (3.6s) 70.49%

terms of PLR. No evident improvement was observed in terms of throughput, as seen in
Fig. 3.10 (a).

Figure 6.3 presents a convergence comparison for the 30 UEs scenario for the MADDPG-
AP and CDQL algorithms where an improvement of up to 60 episodes is achieved. Finally,
Table 3.5 shows an average convergence time over all scenarios with an improvement of
70.49% for MADDPG-AP concerning the CDQL scheme.
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Figure 3.11: Convergence performance for the 30 UEs scenario for the CDQL and
MADDPG-AP schemes.

66



3.3 Hierarchical Deep Q-Learning Based Handover in
Wireless Networks with Dual Connectivity

With the deployment of 5th Generation New Radio (5G) and the existing 4th Generation
LTE (4G) technologies, mobile users with LTE or 5G capabilities must be able to seamlessly
adapt to the dual existent infrastructure. Back in 2013, the 3rd Generation Partnership
Project (3GPP) proposed dual connectivity (DC) architectures in [137] that allowed mas-
ter eNodeBs (eNBs) and secondary eNodeBs to share partially their IP layer in a dual
connection manner to maximize network performance. A more recent technical report [99]
proposed a generalization of multi-radio dual connectivity architectures to support LTE
and 5G users. Dual connection architectures take advantage of the technologies involved
to improve KPI of interest. Concurrently, the stringent requirements of diverse services
in terms of latency and throughput, such as URLLC and eMBB have demanded a more
optimized parameter tuning in any wireless mechanism utilized.

Reinforcement Learning (RL) techniques have been widely recognized for their effec-
tiveness in the autonomous learning context. More specifically, RL has sparked the wireless
network community’s attention [9] since optimized parameter learning has become a chal-
lenge in such dynamic environments.

In this work, we address the handover problem in an LTE-NR network with dual con-
nectivity using a hierarchical and a non-hierarchical architecture. Additionally, we consider
the context information to further improve the DC algorithm performance. To do so, we
use a novel hierarchical Deep Q-learning algorithm named hierarchical Deep Q-Learning
(HiDQL) and a non-hierarchical RL approach named CDQL to improve handover latency
in a DC architecture. HiDQL presents an architecture comprised of a meta-controller and
a controller. Two parameters are adjusted in this problem: Threshold to Time (TTT)
and signal-to-interference-plus noise ratio (SINR) outage. TTT is defined as the time to
hold the condition of triggering the handover algorithm named Secondary Cell Handover
(SCH), discussed in subsection 3.3.1. On the other hand, an SINR outage is defined as the
SINR threshold in which we consider a cell being in an outage from the User Equipment
(UE). The controller will propose actions in terms of TTT and SINR outage aided by
the proposed goals by the meta-controller to minimize handover latency. We compare our
results with an algorithm presented in [25] named CDQL that proved its efficiency in load
balancing problems. Our results show an improvement in terms of latency with a gain
of 47.6% and 26.1% for Digital-Analog beamforming (BF), 17.1% and 21.6% for Hybrid-
Analog BF, and 24.7% and 39% for Analog-Analog BF when comparing the RL-schemes
with the baseline’s best results. Additionally, we observed faster convergence when uti-
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Figure 3.12: Overview of the scenario: a UE uses GPS context information and dual
connectivity to improve handover latency in an urban scenario.
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Technology (multi-RAT) LTE-NR scenario. The HiDQL agent located in the coordinator
will optimize TTT and SINR outage metrics to reduce multi-RAT handover latency.

lizing the CDQL algorithm, meanwhile, the HiDQL showed improved results in terms of
handover latency. Finally, we obtained an improvement regarding handover latency un-
der line-of-sight assumptions when considering context information in comparison with no
context available.

3.3.1 System model

In this work, we use a DC architecture presented in [27] inspired by 3GPP’s previous DC
proposal [137]. In [27], the authors leverage the usage of a DC framework to improve,
among others, handover latency by using an algorithm named Secondary Cell Handover
(SCH). SCH enables fast switching between the LTE and 5G RATs and is managed by
a defined entity named the coordinator. In this architecture, the eNB takes the role of
coordinator and controls the multi-RAT switch. Two main parameters are controlled by
the coordinator: TTT and SINR cell outage. As part of the SCH algorithm, the coordinator
will trigger the SCH when any of the RATs involved report a better SINR and neither of
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the RATs is in an outage. Additionally, it will check the condition to trigger the SCH
algorithm for TTT seconds to avoid ping-pong scenarios. This algorithm resembles the
classical LTE and 5G handover with the exception that no initial access is necessary and
no interaction with the Mobility Management Entity (MME) is required thanks to the
nature of the DC architecture. As mentioned, the handover will be triggered based on
SINR and specifically using a table named the Complete Report Table (CRT) comprised
of the UE’s SINR report tables from each gNodeB (gNB). Each gNB will perform a sweep
over a number of predefined directions and will sense the Sounding Reference Signals from
the UE’s to obtain SINR measurements. The collected data will be sent via X2 interface to
the coordinator. The delay incurred to perform the measurement sweeps is directly related
to the beamforming (BF) technology used by the UEs and gNBs. The aforementioned
delay, D, is calculated as:

D =
NgNBNUETper

L
, (3.25)

where NgNB and NUE correspond to the number of required sweep directions needed for
measurement collection by the gNBs and UEs, respectively. Tper is the Sounding Reference
Signal (SRS) periodicity and L corresponds to the BF capabilities that will present different
values if the transceiver is fully digital or analog. The relationship between D and L can
be calculated using typical values as depicted in Table 3.6 (Modified from [27]).

Table 3.6: Relationship between L and D

gNB-UE BF L (gNB/UE) D*(ms)

Analog-Analog 1/1 25.6

Hybrid-Analog 2/1 16.8

Digital-Analog NgNB/1 1.6
* D in (3.25) is calculated with Tper = 200µs, NgNB = 16 and NUE = 8

We consider an LTE-NR network with dual connectivity and consisting of MT gNBs.
Additionally, an eNB will act as a coordinator thus, serving the MT gNBs. A mobile user is
dual-connected to one gNB and one eNB at the same time. We consider an urban scenario
with two buildings as shown in Fig. 3.12. The channel considered for the eNB is the 3GPP
Channel Model, meanwhile, the 3GPP building channel type and losses based on the 3GPP
UMi Street Canyon propagation model are used for the gNBs.
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3.3.2 Hierarchical Deep Q-Learning (HiDQL)

In this work, we use a state-of-the-art hierarchical Deep Q-learning (HiDQL) algorithm.
This algorithm is presented in [58], where the goal-directed behavior is studied under some
specific sparse reward problems such as the Montezuma Revenge and a complex discrete
stochastic decision process.

As shown in Fig. 3.13, a hierarchical agent located in the coordinator observes the
user’s SINR report table and receives the extrinsic reward based on the feedback from the
environment in terms of handover latency. This agent will adjust key parameters such
as TTT and SINR outage to maximize the agent’s extrinsic reward. In the following
subsection, we will present an overview of HiDQL and then formally define our solution.

Meta-controller and controller action space selection

In the proposed hierarchical approach described in Algorithm 3.6, the meta-controller
proposes goals or high-level actions when the maximum c steps, cmax is achieved or when
the similarity between the goal and low-level action, Sκ falls under a predefined threshold
index κ as defined in the function Done. Meanwhile, the controller’s low-level actions are
executed c inner steps. For both levels, the actions are defined in the same fashion as:

A(t) =
[
aout(t), attt(t)

]
, (3.26)

where aout and attt are the SINR outage and TTT values, respectively. Such values are
discretized into Ko and KTTT levels according to the maximum and minimum defined
values. The possible values for aout and attt are defined as:

Aout = {Omin, Omin +
Omax −Omin

Ko − 1
, ..., Omax}, (3.27)

Attt = {TTTmin,TTTmin+
TTTmax − TTTmin

KTTT − 1
, · · · , TTTmax},

(3.28)

where Omin, Omax, and TTTmin, TTTmax are predefined maximum and minimum values
of SINR outage and TTT values, respectively. Finally, the size of the meta-controller and
controller action spaces become S = |Aout|∗|Attt|.
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Algorithm 3.6 Hierarchical Deep Q-Learning (HiDQL)
1: Initialize cmax, κ, experience replay buffers {Bmc, Bc}, policy networks {µmc, µc}, for

the meta-controller and controller, respectively.
2: Function Done (c, cmax, Sκ, κ):
3: if (c = cmax or Sκ < κ) then
4: return True
5: else
6: return False
7: end if
8: End Function
9: for environment step t← 1 to T do

10: c← 0
11: Init environment and initial state
12: Execute goal from meta-controller: g = µmc(s)
13: while cmax not reached do
14: R← 0; s0 ← s; Sκ = false
15: while not Done do
16: Execute action from controller: a = µc(s, g)
17: Get next state s′ and similarity condition Sκ
18: Calculate intrinsic reward r and receive extrinsic reward rg
19: Store ([s, g], a, r, [s′, g], Done) in replay buffer Bc

20: Update µc
21: c := c+ 1; R := R + rg; s := s′

22: end while
23: Store (s0, g, R, s, Done) in replay buffer Bc;
24: Update µmc;
25: if not Done then
26: Execute goal from meta-controller: g = µmc(s)
27: end if
28: end while
29: end for

State space selection

The state space is comprised of the Complete Report Table (CRT), which contains the
relationship in terms of the SINR of each user and the perceived gNB SINR. The SINR
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Figure 3.14: (a) CDQL convergence performance. (b) HiDQL convergence performance.
contain. (c) Latency performance of the baselines Dynamic TTT and Fixed TTT and the
proposed RL schemes CDQL and HiDQL.

between an ith gNB and nth UE is calculated as follows:

SINRi,n =

PTX

PLi,n
Gi,n∑

k ̸=i
PTX

PLk,n
Gk,n +Wtot ×N0

, (3.29)

where Gi,n and PLi,n are the beamforming gain and the pathlosss obtained between ith

gNB and nth UE. PTX is the transmit power and Wtot × N0 is the thermal noise power.
Thus, the state space is defined as follows:

S(t) =
[
C(t)

]
, (3.30)

where C(t) corresponds to the CRT with a size of MT = |C(t)|.

Intrinsic and extrinsic reward

The intrinsic reward function is calculated by the controller by taking into account the
goal selected by the meta-controller in c inner steps. Such a reward is defined as:

r(t) = ri(t) + rl2(t), (3.31)

where ri corresponds to the immediate reward obtained from the environment and rl2
corresponds to the reward based on the l2-norm between the controller’s action and the
meta-controller’s goal. Such rewards are defined as follows:
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ri(t) =

{
−f−1(−Du

avg) if Du
avg < DBF

tol ,

0 otherwise
(3.32)

where f−1(·) : [−e−1, 0) → [−1,−∞) is the lower branch of the Lambert function y =
f−1(yey) [138]. DBF

tol is the maximum tolerable delay corresponding to the value of the best
latency results per BF technology in the non-RL approaches. Du

avg is the average latency
of the UE. Additionally, we scale linearly Du

avg → [e−1, 0].

rl2(t) =

{
1 if Sκ < κ,
−1 otherwise,

(3.33)

where Sκ = |a− g|2 and κ is the similarity threshold between the action and goal. Finally,
we can express the extrinsic reward as:

RT =
c∑

j=t−c
r(j), (3.34)

where the extrinsic reward is defined as the sum of the intrinsic reward during the c inner
steps.

3.3.3 Clipped Double Q-Learning: RL scheme

In addition to HiDQL, we utilized an RL solution named CDQL [29]. For the CDQL
algorithm, the state and action space correspond to the ones used in the lower level by the
HiDQL algorithm in (3.26) and (3.30) respectively, meanwhile, the reward corresponds to
the intrinsic reward defined in (3.32).

3.3.4 Baselines: Fixed TTT and Dynamic TTT

For the present work, as baselines, we take a fixed and a dynamic solution into considera-
tion. The fixed and dynamic solutions were proposed in [27], where the fixed solution has
a fixed value of TTT and in the dynamic solution TTT is calculated as follows:

fTTT (∆) = TTTmax −
∆−∆min

∆max −∆min

(TTTmax − TTTmin), (3.35)

where ∆ corresponds to the difference between the serving cell and the best gNB in terms
of SINR.
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3.3.5 Performance Evaluation

Simulation Settings

We implement our proposed solution using the discrete network simulator ns-3 and its
module mmWave [139]. Additionally, ns3-ai module [140] is used to interface the simulation
environment to our RL algorithm written in Python 3.9. Simulation settings and RL
parameters are depicted in Table 3.7 and Table 3.8, respectively.

3.3.6 Simulation Results

We present the performance results of our proposed scheme in terms of convergence and
handover latency. Figure 3.14 (a), (b) depicts the convergence behavior for the CDQL
and HiDQL algorithms for different BF mechanisms, respectively. It can be observed that
CDQL presents a faster convergence when compared with HiDQL. However, converged re-
ward values are not achieved equally among the tested BF architectures. HiDQL presents
a slower convergence time than CDQL however with a similar maximum convergence re-
ward value among BF methods. The intuition behind the previous results corresponds to
the inner nature of hierarchical learning. HiDQL performs an iterative search through the
meta-controller’s proposal of goals to the controller and thus, obtaining optimum action
selection in challenging scenarios as described in [58]. The difference between reward scales
between HiDQL and CDQL corresponds to how the reward is defined in both algorithms,
thus a comparison in terms of the value of the reward is not relevant.

In Fig. 3.14 (c), we present the latency performance of our techniques and the base-
lines: fixed TTT (F-TTT), and dynamic TTT (D-TTT). From the two baselines, the best
performance in terms of latency is achieved by the dynamic TTT parameter selection. On
the other hand, we obtained an average 9% improvement when comparing HiDQL and
CDQL in terms of latency results. However, based on more detailed look into results, we
further focus in Table 3.9 on the latency results improvements over the previous solutions
F-TTT and D-TTT.

As shown in Table 3.9, when compared with the dynamic TTT results, a gain of 47.6%
and 26.1%, for Digital-Analog BF, 17.1% and 21.6%, for Hybrid-Analog BF, and 24.7%
and 39% for Analog-Analog BF were obtained for HiDQL and CDQL, respectively.
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Table 3.7: Network settings

Parameter Value

MT 3

Number of UEs 1

gNB center frequency 28 GHz

gNB system bandwidth 200 MHz

gNB numerology 2

gNB Pathloss Model 3GPP Umi-Street Canyon

gNB Channel condition model Buildings

gNB antenna height 10 m

gNB number of antennas 64

eNB Center Frequency 2 GHz

eNB System Bandwidth 100 MHz

eNB Pathloss Model 3GPP

Max Tx power 30 dBm

UE number of antennas 16

UE antenna height 1.6 m

UE speed 13 m/s

UE Tx power 10 dBm

Traffic Model On-Off UDP application

Packet payload size = 512 Bytes

Packet window size = 256

Interval = 20 µs
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Table 3.8: Learning parameters

Parameter Value

Handover algorithm Threshold to time: TTTmax = 150 ms;
TTTmin = 25 ms

SINR Outage: Omax = −3 dBm;
Omin = −8 dBm

DBF
tol = min(DBF

f , DBF
d ) *

Gym environment step time Event-based

Batch size 32

Number of hidden layers (Nh) : 2

Number of neurons/layer (nl) : 64

HiDQL κ = 0.25

Optimizer : Meta-Controller: Adam
(1e-4),

Controller: Adam (1e-4)

c_max 50 steps

CDQL Update target model type: Polyak
averaging

γ = 0.95, ϵ = 1.0, ϵmin = 0.001, ϵdecay =
0.995

Optimizer : Adam (1e-4)

*DBF
f and DBF

d correspond to the latency performance per BF technology of the fixed
TTT and dynamic TTT solutions, respectively.

Context information aware DC handover

In addition to the SCH algorithm used as part of the proposed DC architecture, we foresee
the possible advantages of using context information to improve handover time. In [141],
the authors give an overview of the typical initial access (IA) cell search algorithms where
contrary to LTE, 5G NR provides mechanisms to determine suitable initial directions of
transmission to avoid high isotropic losses. Among the IA algorithms, context information
(CI)-based algorithms allow users to be aware of the location of the surrounded 5G NR
antennas through an LTE link and GPS. In this work, we leverage GPS information as
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Table 3.9: RL vs non-RL latency comparison

Latency improvement (%)
Digital-Analog BF Hybrid-Analog BF Analog-Analog BF

RL Scheme F-TTT D-TTT F-TTT D-TTT F-TTT D-TTT
HiDQL 76.1 47.6 83.5 21.6 87.0 39.0
CDQL 66.2 26.1 82.5 17.1 83.8 24.7

Table 3.10: CI vs. non-CI latency comparison

Latency improvement (%)
Digital-Analog BF Hybrid-Analog BF Analog-Analog BF

CI Non-CI
F-TTT 74.9 2.57 28.5
D-TTT 40.1 8.7 29.7

context and reduce the sector in which a gNB should sense the space towards a UE. Figure
3.15 depicts the beforementioned mechanism, where given the user position P1 the gNB
can calculate a reduced sector to obtain the periodic SRS signals from the surrounded
UEs. We also assume that each UE has a line of sight both with the coordinator and
the gNBs. The proposed mechanism is described in Algorithm 3.7. As shown in Table
3.10, context awareness directly improves the DC handover mechanism with a considerable
latency improvement.
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Algorithm 3.7 CI-aware sector sweep selection algorithm
1: Result: Sector’s angle to perform measurement sweeps.
2: Given P1(x1, y1) and (X, Y ), the UE’s and gNB geolocations, respectively.
3: Additionally, δ = arcsin d⃗2

d⃗1
and ΘgNB = 2π

N
; where

4: d⃗2 =
−−→
P1P

′
1 and d⃗1 =

−−−−→
P1gNB

5: # Step 1: Detect UE’s relative quadrant q ∈ {1, 2, 3, 4}. Calculate angle ϕ respect
gNB quadrant one.

6: if y1 > Y and x1 > X then
7: #UE in 1st quadrant
8: ϕ = δ
9: else if y1 > Y and x1 < X then

10: #UE in 2nd quadrant
11: ϕ = π

2
+ δ

12: else if y1 < Y and x1 < X then
13: #UE in 3rd quadrant
14: ϕ = π + δ
15: else
16: #UE in 4th quadrant
17: ϕ = 3π

2
+ δ

18: end if
19: # Step 2: Calculate sector angle (SA)
20: SA ∈ [ϕ− 2Θ, ϕ+ 2Θ]
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Chapter 4

Multi-Agent Team Learning in
Virtualized Open Radio Access
Networks (O-RAN)

The demand for mobile connectivity has been growing over the past decades, including
a parallel increase in the demand for better Quality of Service (QoS). On top of that,
5G and the next generations of mobile networks will not only serve smartphone users but
also verticals like self-driving cars, healthcare, manufacturing, gaming, marketing, Internet
of Things (IoT) and many more [142]. Almost in all generations of mobile networks,
resource optimization has been a challenge, yet with 5G, despite new spectrum allocations
in the mmWave band, the spectrum is still scarce due to increasing demand for wireless
connectivity due to emerging new applications such as virtual reality, remote surgery, and
so on [143]. Moreover, starting from Long-Term Evolution (LTE), the densification trend
continues with 5G, at the cost of increased investments. It is well-known that densification
is essential due to the limited coverage of mmWave bands. Hence, the increasing complexity
of mobile networks is reaching the limits of model-based optimization approaches and
yielding to data-driven approaches, also known as AI-enabled wireless networks [9]. In this
context, the interest in self-optimizing networks that use machine learning is growing [144].
In the meanwhile, an interesting nexus is emerging between AI-enabled networks and RAN
disaggregation, virtualization, and open interfaces.

In the 2010s, Cloud RAN (C-RAN) introduced a disaggregated architecture that al-
lowed the grouping of Baseband Units (BBUs) into a centralized BBU pool, potentially
reducing deployment costs in the long term and improving network capacity. Other ar-
chitectures have continued from the path of C-RAN, such as virtualized RAN (vRAN)
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which adds the concept of hardware functions being softwarized. RAN disaggregation and
virtualization offer many advantages over traditional RAN solutions, such as reduced net-
work deployment time, improved energy efficiency, and enhanced mobility support. Most
recently, the Open Radio Access Network (O-RAN) Alliance has brought together those
prior efforts around a new RAN architecture with open interfaces, aiming to replace some
of the interfaces that have become proprietary over time due to vendor-specific implemen-
tations of standards. Open interfaces are considered to be important for equipment from
multiple vendors to be stacked together and for the selection of best-of-breed solutions.

The timing of O-RAN coincides with new advances in Software Defined Networking,
Network Function Virtualization, dynamic function splitting, high-capacity data centers,
and cloud and edge computing, all of which have set the stage for O-RAN [145]. Meanwhile,
the increased complexity and the flexible architecture of the O-RAN specifications call for
the use of machine learning techniques more than ever.

As of 2021, there are many implementations of open RAN around the globe. For
instance, in Japan, Rakuten has deployed distributed data centers hosting both Distributed
Unit (DU) and Central Unit (CU) functions. The Spanish operator Telefónica has invested
in the integration of its open RAN solution with its multi-access edge computing (MEC)
solution. In addition, some operators such as Dish, Sprint, and T-Mobile in the US and
Etisalat in the middle-east are in the testing phase of open RAN. There are many other
emerging vendors, system integrators, and operators who are experimenting with open
RAN, in addition to the above-mentioned players in the market. It is worth noting that,
some of these implementations are not necessarily following O-RAN specifications defined
by O-RAN Alliance.

The multitude of layers, functions, splits, and the consequent complexity in O-RAN,
position machine learning techniques that involve multiple agents and team learning as
potential solutions. In recent years, MASs have been used to address complex problems in
robotics and other self-driving systems therefore they can be promising alternatives for the
self-driving (or self-optimizing) capability of O-RAN. In team learning, distributed agents
form teams that cooperate to reach a common goal. The utmost goal of this aggregation
is to maximize the team’s objective function. The network function softwarization capa-
bilities of O-RAN present an excellent opportunity to utilize teams of distributed agents
as cooperating xApps to improve main key performance indicators while sharing partial
or complete information on observations. To the best of our knowledge, this work is the
first to elaborate on multi-agent team learning (MATL) and its use in O-RAN. Note that,
providing a survey on MAS or a description of O-RAN specifications is beyond the scope
of this study. In the literature, there are several comprehensive surveys on MAS [146]
and O-RAN specifications [147–149]. This work focuses on the application of MATL in

82



O-RAN. In subsection 4.0.1 we continue with an introduction to MAS and team learning.
In subsection 4.0.2, we discuss a case study where MATL is employed in O-RAN. More
specifically, we study three schemes for team learning where each team is comprised of two
xApps for optimizing power allocation and resource allocation. Finally, in subsection 4.0.5
we provide a detailed discussion of the challenges of MATL in O-RAN and identify open
issues in the field.

4.0.1 Embedding Intelligence in O-RAN

Multi-agent team learning presents itself as an exciting technique where agents can join
forces to achieve a common goal. Modular disaggregation and feedback availability through-
out the O-RAN architecture intuitively leads us to the applicability and integration of team
learning in O-RAN. To integrate MATL into O-RAN and develop an AI-enabled RIC, some
steps need to be taken.

In the first step, model capabilities and its required resources, including the accessibility
of data (observation level), availability of processing power, interaction time, and maxi-
mum tolerable latency (processing time and communication time), need to be examined.
This evaluation can be executed by the service management and orchestration (SMO) plat-
form. The corresponding RAN counters from O-CUs and O-DUs are gathered in the data
collector, which is placed in the SMO. Based on the SMO platform type, various entities
can perform the data collection. For instance, if an open network automation platform
(ONAP) is employed to play the role of SMO, the virtual event streaming (VES), which is
a subsystem in the ONAP will take care of collecting data collection, analytics, and events
(DCAE). After collecting analytics, the SMO shares the collected data through a data bus
with non-RT RIC. Selecting a proper model and training the model is the next step, where
AI agents run and train a model at non-RT RIC, near-RIC, or even O-DU based on the
NF resource and latency requirements.

Based on the model’s outcome, agents apply the corresponding actions. Depending
on the AI model, type of actions, and location in O-RAN architecture, various interfaces,
including A1, O1, and E2, can be used. A1 interface can be used for policy-based data
format, ML/AI model management, and delivering information to the near-RT RIC to
apply RAN optimization. Similarly, the E2 interface is located between O-CU, O-DU, and
near-RT RIC. Additionally, the O1 interface is responsible for delivering management and
operational information on O-DU, O-CU, near-RT RIC, and radio unit (O-RU), including
performance, configuration, and fault management, to the SMO. It can also be used for
the configuration of O-DU, O-CU, near-RT RIC, and O-RU to the application.
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When intelligence is implemented in O-RAN, using a team learning approach, it is
important to select a common goal and the sub-goals properly. In addition, the overhead
of sharing feedback needs to be considered. In the next section, we present a study case
showing the advantages of MATL in the O-RAN architecture.

4.0.2 A Case Study on Multi-agent Team Learning in O-RAN

As a case study, we investigate the advantages of using MATL for optimizing resource block
and power allocation in O-RAN. Prior studies have shown reinforcement learning-based
resource block and power allocation outperform traditional approaches [150]. Therefore,
we focus on only machine learning approaches and extend them with the notion of team
learning. In our case study, for simplicity, we consider a team of two heterogeneous xApps:
one optimizing power allocation and another xApp optimizing resource block allocation.

Figure 4.1: Sequential multi-agent deep reinforcement learning (SMADRL), Concurrent
multi-agent deep reinforcement learning (CMADRL), and Team multi-agent deep rein-
forcement learning (TMADRL) schemes.

The core idea is to let xApps take into account the actions of other team members. This
is achieved by changing the state of the xApps to a combination of both environmental
information and action information from other team members. In addition, xApps also
inform other team members about the actions they decide to take. By exchanging informa-
tion, team members consider the actions of others and hence improve the team member’s
coordination as well as the overall performance of the RAN. We define our performance
metrics as system throughput and energy efficiency. As shown in Fig. 4.1, we propose
three schemes to study the interactions among agents and the repercussions of exchanging
information. We define our schemes as follows:
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Figure 4.2: Average energy efficiency (Ee) and throughput performance metrics for the
TMADRL, CMADRL, and SMADRL schemes.

• SMADRL: Team members act sequentially in sequential multi-agent deep reinforce-
ment learning (SMADRL). xApp 1 first observes the environment and takes action,
then xApp 2 acts.

• CMADRL: In the concurrent multi-agent deep reinforcement learning (CMADRL),
team members act concurrently, allowing in such arrangement, the simultaneous
observation and the reward gathering for both xApps.

• TMADRL: In the team multi-agent deep reinforcement learning (TMADRL), team
members exchange the action information with each other, and make their own de-
cisions accordingly. Specifically, xApp 1 and xApp 2 will take their actions in each
time slot based on the team member’s previous action and the environmental states.
After sharing such feedback in terms of actions, the agents apply their actions to the
system. Finally, they update their models with a single-team reward.

4.0.3 Team Learning xApps Markov Decision Process (MDP)

In our case study, both xApps are implemented using deep Q-learning (DQL) [151]. The
MDP of two of the xApps in the proposed TMADRL scheme are defined as follows:
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Table 4.1: Simulation settings

Parameter Value

Networking Environment 4 Base Stations with 1 kilometre inter-site
distance, 30 user equipments.

Propagation 120.9+37.6 log10(distance) dB,
Log-Normal shadowing: 8 dB.

Carrier configuration
20MHz bandwidth, 100 resource blocks,
12 subcarriers per resource block,
12 resource block groups (RBGs).

PHY configuration
Maximum transmission power of 38 dBm,
minimum transmission power of 1 dBm,
Additive white Gaussian noise = -114 dBm.

Traffic model Poisson distribution
with varying load between 4-7 Mbps.

Network
settings

Simulation time 20,000 time slots. 1 time slot is 100 ms.
Network structure Number of hidden layers: 2

Number of neurons xApp 1: N1
h = 256 and N2

h = 128,
xApp 2: N1

h = 512 and N2
h = 256.

Discount factor γ = 0.2
Learning rate αl = 0.001

Machine
learning
settings Reward importance ratio β = 0.35

1. Power allocation xApp:

• State space is defined as:

Slt = {Γl,mt , Rl,m
t , pl,mt ,Γl

′,m′

t , Rl′,m′

t , pl
′,m′

t , Bl,m
t |m ∈M} (4.1)

where Γl,mt denotes the signal-to-interference-plus-noise ratio (SINR) of the transmission
link of the lth RBG of the mth base station (BS), Rl,m

t denotes the current transmission
rate and pl,mt denotes the current transmission power assigned to that resource block.
The subscript t indicates the time step and Bl,m

t is the length of queued data in the
buffer. Additionally, l′, and m′ are respectively the index of the resource block that will
be allocated to the nth user and the index of BS that the nth user will be associated with
in the next time slot. This is given as:

l′,m′ ∈ {l′ ∈ L,m′ ∈M,αl
′,m′,n
t+1 = 1|n ∈ {αl,m,nt = 1}} (4.2)
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where αl,m,nt is a binary indicator to indicate whether the lth RBG of the mth BS is al-
located to the nth user equipment. L corresponds to the number of RBGs of a BS and
M corresponds to the number of BSs in the environment. The binary RBG allocation
indicator of the next time slot is indicated by the action of resource block allocation xApp.
In this way, the chosen action of resource block allocation xApp will be included in the
state of power allocation xApp.

• Action space is defined as:

Al,mt = {Pmin, Pmin +
Pmax − Pmin
B − 1

, ..., Pmax} (4.3)

The transmission power values are discretized into B levels according to the maximum and
the minimum defined values to be assigned to each RBG.

• Reward: The reward is defined as the total throughput minus the sum transmission
power, which is given as:

rt = Σm∈MΣl∈L(R
l,m
t − βP l,m

t ) (4.4)

where β is a factor used to balance the reward of throughput and transmission efficiency.

2. Radio Resource block allocation xApp:

• State space is given as:

Smt = {αl,m,nt Γl,mt , αl,m,nt Rl,m
t , αl,m,nt pl,mt , αl,m,nt Ll,mt , pl

′,m′

t , |l ∈ L, n ∈ N}, (4.5)

where pl
′,m′

t is obtained from the power allocation xApp.

• Action space is defined as:

The action of BS n is to choose a user by

Al,mt = {n0, n1, ..., nN−1|nd ∈ Hm
t } (4.6)

where Hm
t denotes the set of all the user equipment attached to the mth BS.
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• Reward: The reward of resource block allocation xApp is defined likewise the power
allocation xApp.

Both xApps learn and act in the same system with four BSs and 30 user equipment.
We use a self-made Python network environment that includes the communication models
needed to simulate a mobile network. Finally, the deep reinforcement learning algorithm
is implemented with the TensorFlow library. We set up and train the xApps models
independently as it is done typically in the Near RT-RIC of the O-RAN architecture. The
simulation settings are shown in Table 4.1.

Figure 4.3: Learning convergence for the TMADRL, CMADRL, and SMADRL schemes.

4.0.4 Performance Evaluation

Figure 4.3 shows the convergence curves of the three different algorithms for five trials. It
can be observed that the TMADRL algorithm receives a higher reward from the environ-
ment compared with the two baselines. Furthermore, in Fig. 4.2, we present the energy
efficiency and throughput results of the three schemes under study. The figure indicates
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that TMADRL achieves a more efficient energy utilization with a gain of 29.7% and 59.04%
when compared with CMADRL and SMADRL. Additionally, it can be seen that TMADRL
can achieve an improvement in throughput with a gain of 1% and 4.56%. It is important
to mention that despite the throughput improvement is not relevant, TMADRL achieves a
significant improvement in terms of energy efficiency while maintaining throughput rates.
The throughput is measured by the average amount of useful data rate per unit of time and
the energy efficiency is defined as the ratio of the throughput and the power consumed by
the BSs. The reason behind this performance enhancement is related to the capabilities of
our team members to exchange information in terms of actions which avoids non-Markovian
environment behavior and thus, allows team convergence. Lastly, in Fig. 4.4, we present
four simulation results, each one representing the MATL and baseline behavior under four
different traffic loads per user. We can observe a clear positive trend in terms of throughput
for the presented algorithms, TMADRL being the best performer among all. Furthermore,
an interesting uptrend behavior is observed in the energy efficiency metric that has its
roots in the user traffic and the BS resource capacity. When low user traffic is employed,
the transmission capacity is underutilized, meanwhile when the traffic increases, the BS
is capable of more efficient utilization of the resources. Under all the traffic loads, the
TMADRL scheme outperforms the baselines presented in this work with a more evident
gain in higher loads such as 6 and 7 Mbps. To sum up, MATL shows promising results in
the O-RAN architecture with additional improvements when feedback exchange is consid-
ered. Note that, despite our use cases’ focusing on xApps, the employed MATL schemes
and techniques are extensible to reps as well. It is also worth mentioning that under this
cooperative setting, the overhead and required processing memory will grow as a trade-off
of the increased throughput and efficiency. Specifically, the processing memory will rise by
an order of 2NxApps and the communication cost between the two xApps will increase by
an order of 2NxApps where NxApps corresponds to the number of xApps.

In the next subsection, we elaborate on open issues, as well as the opportunities of
MATL in O-RAN.

4.0.5 Open Issues and Future Directions for Multi-Agent Team
Learning in O-RAN

Despite the many potential benefits of MATL in O-RAN, several challenges need to be
addressed before it can be dominantly used in O-RAN control and optimization. In this
section, we identify the challenges, open issues, and opportunities in MATL for O-RAN.
It should be noted that some challenges are already fundamental in learning in the MAS
environment, while others are only specific to O-RAN.
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Figure 4.4: Average energy efficiency (Ee) and throughput performance metrics for the
TMADRL, CMADRL, and CMADRL schemes for 4,5,6 and 7 Mbps traffic load per user.

• Convergence: Similar to all other machine learning-based techniques in wireless,
MATL for the O-RAN should converge fast. Divergent behavior will cause instability
and slow convergence might hinder decision capability in real-time. However, con-
vergence guarantee in decentralized learning for stochastic teams is known to be a
challenging problem [152]. For fast convergence, bootstrapping techniques or offline
training can be considered.

• Scalability: Dimensionality issues have been a recurrent issue when the number of
agents (so as the states and actions) in a MAS tends to increase. As more xApps
become intelligent agents in O-RAN, the scalability of learning, inter-agent commu-
nication, and environment feedback need to be addressed.

• Lack of full observability: As xApps act in an environment, they will be simul-
taneously modifying the environment of other agents. Therefore, to take optimal
action, each agent will need to predict other agents’ actions unless all agents can
fully observe the environment, which is unlikely in O-RAN. Hence, decisions need to
be made based on the agents’ partial observations. This can result in a sub-optimal
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solution. To this end, learning models that are robust under partial observability
need to be explored.

• Information sharing: It is essential to decide how much of the available local
information should be shared among agents for enhancing the modeling of an envi-
ronment. This should be jointly considered with fronthaul and midhaul capacity and
the functional split decisions in O-RAN.

• Selecting the optimal team size: In MATL, choosing the optimal team size can
affect learning and system performance. Although a larger team can provide more
comprehensive visibility over the environment and access more relevant information,
each agent’s incorporation and learning experience can be affected. Meanwhile, one
can obtain faster learning within a smaller team size, but a sub-optimal performance
may be achieved due to the limited system view. Therefore, optimal team organiza-
tion will be fundamental to MATL in O-RAN.

• Goal selection: In the O-RAN environment, conflicting actions of agents may de-
grade the network performance, even though each agent intends to maximize the
performance. The goal of MATL should be minimizing conflicts and focusing on
overall performance enhancement.

• Impact of delayed feedback and jitter: Most MAS studies consider that the
feedback from the environment is immediate, and if agents are communicating, their
feedback is instant. However, in disaggregated RANs, feedback can be delayed.
Delayed feedback may cause agents to interact with different observations of the
environment and lead to degraded RAN performance.

• Security and trust: Most MAS rely on the truthfulness of information shared
among agents. Although there are studies on uncertainty or partial observability,
intentional wrong reporting and adversarial behavior should also be addressed. This
is particularly important when embedding intelligence in O-RAN.
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Chapter 5

Multi-agent Deep Reinforcement
Learning for Next-Generation Wi-Fi
Networks

Next-generation Wi-Fi networks bring several novel features to provide high reliability in
dense environments. Among them, coordinated spatial reuse and MLO-capable devices
correspond to some of the new additions to the newest amendments IEEE 802.11ax and
802.11be. Due to the high complexity of Wi-Fi scenarios, in the first work of this chapter,
we study RL-based solutions to provide spatial reuse through coordination and present a
comparison with the absence of it. Additionally, we leverage TRL to provide reliability in
such dynamic scenarios. In the second work of this chapter, we focus on the adaptability
of RL and propose a meta-learning algorithm capable of diminishing some negative factors
such as negative transfer learning presented in the previous work about spatial reuse. The
third study of this chapter delves into traffic allocation in MLO-capable devices. For the
first time, we propose a RL-based algorithm that distributes incoming XR traffic in de-
vices with concurrent and multiple operational interfaces. Finally, the fourth study focuses
on channel allocation in MLO-capable networks. We propose a cooperative and parallel
transfer learning algorithm that can outperform existing baselines by improving conver-
gence speed and reducing the complexity of multi-agent reinforcement learning problem
formulation.
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5.1 Cooperate or not Cooperate: Transfer Learning with
Multi-Armed Bandit for Spatial Reuse in Wi-Fi

Wireless connectivity has become an irreplaceable commodity in our modern society. The
exponential trend expected in wireless technology usage has led analysts to predict that by
the end of 2023, 71% of the global population will enjoy some kind of wireless service. In
the group of Wireless Local Area Networks (WLANs), Wireless Fidelity (Wi-Fi) technology
presents a growth of up to 4-fold over 5 years from 2018 to 2023 [153]. The current Wi-Fi
standard, IEEE-802.11ax, also known as Wi-Fi 6 and its “Extended” version Wi-Fi 6E,
are expected to constitute 75% of all Wi-Fi chipset shipments by the beginning of 2024.
Moreover, Wi-Fi 6E is forecasted to represent the 32% of all Wi-Fi chipset shipments
by 2025 [154]. Additionally, the IEEE standardization body has recently been working
on a new standard named IEEE 802.11be or Wi-Fi 7, scheduled to be released by May
2024 [155]. This standard will replace IEEE 802.11ax in the coming years.

CH1

CH1

CH1

CH1

CH1

CH1

Transmission Power

CCA Threshold

Figure 5.1: Typical operational scenario: Access Points (APs) adjust their Transmission
Power and CCA threshold towards an efficient spatial reuse.

Spatial reuse (SR) has been of interest for more than 20 years in the wireless commu-
nity, as it contributes to the reduction of collisions among stations and the determination
of channel access rights [156]. As the number of dense WLAN deployments increases,
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SR becomes more challenging in the context of Carrier Sense Multiple Access (CSMA)
technology, as used in Wi-Fi [157]. Firstly, Wi-Fi 6 was introduced to address diverse
challenges, such as the increasing number of Wi-Fi users, dense hotspot deployments, and
the high demand for services like Augmented, Mixed, and Virtual Reality. It included
additional features, such as dynamic adjustment of the Clear Channel Assessment (CCA)
threshold and Transmission Power (TP). Before Wi-Fi 6, the CCA threshold configuration
was a static value per Access Point (AP), causing inefficient channel utilization in dense
Wi-Fi deployments [158]. Additionally, adjusting TP allows the reduction of interference
among the APs and consequently maximizes network performance [159]. Thus, SR and
network performance can be positively improved by adjusting CCA and TP. However, the
complex interactions between CCA and TP call for intelligent configuration of both. As
part of the forthcoming IEEE 802.11be standard, Coordinated Spatial Reuse (CSR) be-
comes one of several proposals to improve the current 802.11ax. Unlike the uncoordinated
version introduced in 802.11ax, CSR requires inter-AP feedback to combat interference
with neighboring APs [160]. Additionally, Wi-Fi 7 will include a widening of the channel
bandwidth to a substantial 320 MHz, elevating the modulation rate to an impressive 4096
QAM, Multi-Link Operation (MLO), and Multiple Resource Units (MRU) capabilities.

To this end, data scarcity and data access are key for any Machine Learning (ML)
method [161]. Recently, AI-based wireless networks have garnered remarkable interest
among researchers in both the Wi-Fi domain [30,44,162] and the 5G domain [9]. However,
the proposed solutions usually require complete availability of the data. In reality, data
access is not always feasible due to privacy restrictions. Recent wireless network architec-
tures have started to shift towards a more open and flexible design. In 5G networks, as well
as in the O-RAN Alliance architecture, support is provided for the utilization of artificial
intelligence to orchestrate main network functions [29]. In the context of Wi-Fi, a novel
project named OpenWiFi [78], released by the Telecom Infra Project, intends to disaggre-
gate the Wi-Fi technology stack by utilizing open-source software for the cloud controller
and AP firmware operating system. These paradigm changes allow for the development of
many applications in the area of ML, and more specifically, in RL applications, to become
a reality.

In this research, we intend to optimize TP and CCA thresholds to improve SR and
overall network Key Performance Indicators (KPIs). More importantly, we aim to study
whether cooperation significantly impacts SR, demonstrating if the newly proposed fea-
tures, like CSR, are indeed a necessity in Wi-Fi networks. To do so, we formulate the
TP and CCA configuration problem to maximize product network fairness and minimize
station starvation. We model our solution as a distributed multi-agent decision-making
problem and use a Multi-Agent Multi-Armed Bandit (MA-MAB) approach to solve it.
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The contributions of this work, different from those found in the literature, can be sum-
marized in the following points:

1. We present the regret analysis for the distributed non-cooperative contextual MA-
MAB (MA-CMAB) version of Sample Average Uncertainty-Sampling (SAU). SAU is
based on a deep Contextual MAB.

2. We propose a solution for reducing the inherently huge action space given the possible
combinations of TP and CCA threshold values per AP. We derive our solution via
worst-case interference analysis.

3. We analyze the performance of the network KPIs of well-known distributed MA-
MAB implementations such as ϵ-greedy, UCB, and Thompson on the selection of the
TP and CCA values in cooperative and non-cooperative settings.

4. We introduce an MA-CMAB in its cooperative and non-cooperative settings and
analyze its performance.

5. We propose, for the first time to the best of our knowledge, a deep transfer learning
solution to adapt TP and CCA parameters efficiently in dynamic scenarios.

In this work, when referring to dynamic scenarios, we mean scenarios where there are
changes in the user load per AP. This way, we aim to mimic real-life situations. With
these contributions, our simulation results show that the ϵ-greedy MAB solution improves
throughput by at least 44.4%, provides a 12.2% improvement in terms of fairness, and
achieves a 94.5% reduction in Packet Loss Ratio (PLR) over typical configurations when
a reduced set of actions is known. Additionally, we show that the SAU-Coop algorithm
improves throughput by 14.7% and PLR by 32.5% when compared with non-cooperative
approaches with a full set of actions. Moreover, our proposed transfer learning-based
approach reduces service drops by at least 60%.

The rest of the subsections are organized as follows. Subsection 5.1.1 covers the basics
of Multi-Armed Bandits and subsection 5.1.2 an analysis of the regret of the proposed
algorithm. In subsection 5.1.3, we present our system model along with an analysis to
reduce the action space via worst-case interference. Subsection 5.1.4 presents the proposed
schemes, and the results are discussed in subsection 5.1.5.
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5.1.1 Multi-Agent Multi-Armed Bandits (MA-MABs)

In this subsection, we intend to formally introduce the Multi-Agent Multi-Armed Bandit
(MA-MAB) problem. An MA-MAB is the multi-agent variant of an MAB where several
agents pull their arms and obtain feedback from the environment [163]. MA-MABs can
be modeled as centralized or distributed. In centralized settings, the agents’ actions are
taken by a centralized controller, and in distributed settings, each agent will independently
choose their actions. Distributed decision-making settings scale more effectively [164] and
naturally deal easily with a large set of arms (K) when compared with centralized settings
that suffer from K arms’ cardinality explosion.

In this work, we consider a distributed scenario defined as follows. Let us consider a
contextual K-armed bandit with N players or agents that form a team. Notice that in this
work we use M to denote the number of APs, and consequently N =M . However, in this
subsection, we reserve N to describe the number of agents in any multi-agent multi-armed
bandit problem. Denote Xn,k(t) the reward obtained by the nth agent by pulling its kth
arm. Additionally, let µn,k denote the mean of Xn,k(t). If only one agent is considered, we
can assume that the yielded reward is Xn,k(t) = Yn,k(t), where Yn,k(t) is a random variable
that models the reward of the environment. We assume a non-collision scheme [165–167]
where if more than two agents play the same arm k at time t the yielded reward is not
affected by that specific condition. Differently from [168], where channel access is studied,
our problem becomes non-trivial since agents can select the same spatial reuse parameters
and still have good performance. Thus, we assume agents’ decisions can generate conflict
or not and the perceived reward can change according to the team’s action decision. Thus,
Xn,k(t) = Ŷn,k(t), where Ŷn,k(t) is a random variable that models the reward obtained
from the environment when more than one agent interacts with it. All agents choose their
arms concurrently in this setting. Let us define the action taken by agent n at time t by
kn(t) ∈ A := {1, .., K}. In addition, the context of each agent observed by agent n at time
t is defined by cn(t) ∈ C := {C1, .., CQ}, where Q is the number of contextual information
used in the CMAB. Consequently, the history seen by agent n at time t corresponds to
Hn(t) = {kn(1), cn(1), Xn,kn(1)

(1), ..., kn(t), cn(t), Xn,kn(t)
(t)}. The final policy for agent n

corresponds to πn : Hn(t)→ A where πn = (kn(t))
∞
t=1. Finally, the action system vector can

be defined as bipartite matching k∗ = {(k1, ..., kN) : kn ∈ A}. The end goal is to maximize
the system reward in two distributed approaches: non-cooperative and cooperative. The
expected sum of rewards corresponds to Eπ[

∑T
t=1Xπ(t)(t)]. If the means µn,k are known,

the set of actions can be selected via picking a bipartite matching as:
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k∗∗ ∈ argmax
k∈k∗

N∑
n=1

µn,kn , (5.1)

where k∗∗ is the optimal and not unique bipartite matching. The solution to the proposed
problem would be finding a maximum weight matching on a labeled bipartite graph between
agents’ actions and the number of agents. A bipartite matching in this context refers to
a set of edges in the bipartite graph such that no two edges share a common vertex. In
this case, actions are chosen by selecting a specific arm in each of the N agents comprising
the Multi-Agent MAB. Since each action is taken concurrently by all agents, the condition
of bipartite matching is always fulfilled. The selection of the bipartite matching can be
represented as a combinatorics problem where the permutation of each arm in a multi-agent
scenario is mapped as:

k∗(t) ∈ [1, P (K,N)], (5.2)
where k∗(t) is the bipartite matching selected at time t and P (K,N) corresponds to the
number of permutations given K arms and N agents. Finally, the expected regret of a
multi-agent multi-armed bandit can be defined as:

R(T ) = Tµk∗∗ − Eπ

[
T∑
t=1

Xπ(t)(t)

]
, (5.3)

where µk∗∗ corresponds to the optimal team policy to select k∗∗ bipartite matching.

5.1.2 Analysis of Regret

The expected regret of a single agent obtained with the SAU-Sampling algorithm has a
logarithmic nature (Proof: See [76, Appendix A.8]) as its counterparts TS and UCB, and
shows an improvement in comparison to the linear regret nature of the ϵ-greedy MAB [50].
Building on and extending the work of [76,168] along with the considerations in [169,170],
we can obtain the expected regret for our distributed SAU-Sampling MA-CMAB algorithm
as follows:

Theorem 5.1. If SAU-Sampling MA-CMAB is run on a distributed K-armed N-agents
bandit problem (K ≥ 2, N ≥ 1) having an arbitrary reward distribution X1,1, · · · , XN,K

with support in [0, 1], then its expected regret after n number of plays is at most1:

R(T ) ≤ N2K∆k∗∗

(
96 log n

∆2
k∗∗

+
1

1 +N

)
, (5.4)

1A proof of Theorem 5.1 is provided in Appendix A.1.1
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Table 5.1: Notations

Notation Definition
s and S Index and set of stations
m and M Index and set and the number of APs

x|S| and y|M| Stations’ positions and AP’s positions
NS Total number of nodes
Pm
cs CCA threshold of mth AP
Pm
tx Transmission Power of mth AP

R
(s,m)
T Throughput of sth STA of mth AP
R

(s,a)
A Achievable throughput of sth STA of mth AP

D
(m,s)
l Adaptive data link rate of sth STA of mth AP

u
(s,m)
IDLE Binary function, u(s,m)

IDLE = 1 if STA s is idle with respect to its mth BSS and u(s,m)
IDLE = 0,

otherwise
u
(s,m)
SUCC Binary function, u(s,m)

SUCC = 1 if STA s successfully transmits a packet to its mth AP and
u
(s,m)
SUCC = 0, otherwise

ϕ
(s,m)
p Corresponds to the set of binary variables that define each sth STA transmission properties

to their mth AP, where ϕs,mp := {u(s,m)
IDLE , u

(s,m)
SUCC , ξ

(s,m)
CCA , ξ

(s,m)
ED }

ξ
(s,m)
CCA Binary function, ξ(s,m)

CCA = 1 if the sensed energy signal of a packet sent by the sth STA to
the mth AP is below the CCA threshold (Pm

cs ), and ξ(s,m)
CCA = 0, otherwise

ξ
(s,m)
ED Binary function, ξ(s,m)

ED = 1 if the sensed energy signal of a packet sent by the sth STA to
the mth AP is below the Energy Detection (ED) threshold (Pm

ed), and ξ(s,m)
ED = 0, otherwise

ξ
(s,m)
STA Binary function, ξ(s,m)

STA = 1 if sth station’s throughput is greater than ωR(s,a)
A and

ξ
(s,m)
STA = 0, otherwise

E(T (s,m)
g ) and

E(I(s,m)
g )

Expected length of general time-slot and expected information transmitted by the sth STA
of mth AP

TTXOP , TEDCA Packet transmission duration and time required for a successful Enhanced Distributed
Channel Access (EDCA) transmission

δ(s,m) Packet transmission duration and time required for a successful Enhanced Distributed
Channel Access (EDCA) transmission

P̄ fair and Ū Average linear product-based network fairness and average station starvation
ω, g(s,m) and σ2 Fraction of R(s,a)

A in which STAs are considered in starvation, the channel power gain and
the power noise

Pm
tx and P r

tx The transmission power at the mth transmitter (AP) and the received signal strength at
the rth receiver

dr,m and θ Distance between the mth transmitter and rth receiver and path loss exponent
Fm

+ and Fm
− Subset of interferers and non-AP interferers

γ(r,m), C(r,m) and CT Worst-case SINR and Shannon’s maximum capacity of mth transmitter and rth receiver
and cumulative maximum network capacity
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where n is the number of times each agent in SAU-Sampling MA-CMAB chooses an
action. Finally, ∆k∗∗ is defined as ∆k∗∗ = µn,k∗∗n − µn,kn .

Corollary 5.1. The upper bound of the regret in the distributed and non-cooperative solu-
tion is polynomial in K and N , respectively, and exhibits logarithmic behavior in the time
domain.

According to Corollary 5.1, the regret will suffer a polynomial and logarithmic increase,
which is highly problematic, especially if K or N grows. This motivates subsection 5.1.3,
where we reduce the P (K,N) by analytically finding a reduced set of arms to alleviate
the poor performance of such regret. On the other hand, we can proceed to define the
expected regret for the cooperative scenario:

R(T ) = TXk − Eπ

[
T∑
t=1

Xπ(t)(t)

]
+ E[Cost], (5.5)

where E[Cost] is the expected cost of communication among agents. To further obtain
the upper bounds in the cooperative case, a similar procedure should be followed as in
[164, 171], where agents can communicate an estimate of their reward. However, we leave
the derivation of this regret outside the scope of this work due to its lengthy characteristic
and empirically prove cooperation superiority when compared with the non-cooperative
case. The goal in both scenarios is to find the set of policies for each agent in the distributed
algorithm to minimize the regrets presented in (5.3) and (5.5). In this work, we consider two
main approaches: distributed non-cooperative and cooperative MA-MABs with adversarial
rewards. Next, we will discuss the details of the system model and present an analysis of
reducing the cardinality of the action space in the proposed SR formulation.

5.1.3 System model and Problem Formulation

In this work, we consider an infrastructure mode Wi-Fi 802.11ax network N with NS =
|S|+|M| nodes where S is the set of stations with {x1,x2, ...,x|S|} ∈ R2 positions and
M is the set of APs with {y1,y2, ...,y|M|} ∈ R2 positions. We can assume that |M| APs
positions correspond to cluster centers and the stations will attach to their closest AP. In
addition, the list of notations utilized in this work can be found in Table 5.1.

In this study, we improve SR via maximization of the linear product-based fairness
and minimization of the number of stations under starvation by configuring TP and CCA
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parameters.

Max
(

fairness
avg. station starvation complement

)
(5.6a)

s.t. Throughput, (5.6b)
var. Transmission power and CCA threshold,

Idle and success transmission indicators,
EDCA Idle and success transmission duration. (5.6c)

Each sth STA is defined by a set of binary variables of transmission properties to their
mth AP, where ϕs,mp := {u(s,m)

IDLE, u
(s,m)
SUCC , ξ

(s,m)
CCA , ξ

(s,m)
ED }. Let us define the binary variable

u
(s,m)
IDLE of an STA being idle in a BSS as:∑

m∈M
u
(s,m)
IDLE = 1 ∀s ∈ S, (5.7)

where u(s,m)
IDLE = 1 if sth STA is idle with respect to its AP and u

(s,m)
IDLE = 0, otherwise. In

addition, we proceed to define the binary variable u(s,m)
SUCC in which an STA will successfully

transmit a packet as,∑
s∈S

u
(s,m)
SUCCu

(s,m)
IDLEξ

(s,m)
CCA ξ

(s,m)
ED ≤ 1 ∀m ∈M, (5.8)

∑
m∈M

ξ
(s,m)
CCA = 1 ∀s ∈ S, (5.9)

∑
m∈M

ξ
(s,m)
ED = 1 ∀s ∈ S, (5.10)

where ξ(s,m)
CCA = 1 if the sensed energy signal of a packet sent by the sth STA to the mth AP

is below the CCA threshold (Pm
cs ), otherwise becomes zero. Here, ξ(s,m)

ED = 1 if the sensed
energy signal of a packet sent by the sth STA to the mth AP is below the Energy Detection
(ED) threshold (Pm

ed), otherwise becomes zero. Additionally, we consider Pm
cs = Pm

ed .

The CCA threshold is a predefined signal strength level that a channel must fall below
for a device to consider the channel clear and decide to transmit. Pragmatically speaking,
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if the signal strength on a channel is above the CCA threshold, a device assumes that
the channel is busy, and it refrains from transmitting to avoid interference with ongoing
transmissions. On the other hand, if the signal strength falls below the CCA threshold,
the device assumes that the channel is clear and proceeds with transmission. The rationale
for this threshold is to help avoid collisions and interference by ensuring that a device does
not transmit when it detects ongoing transmissions on the channel.

While CCA is primarily used to assess whether the channel is clear for the initiation
of Wi-Fi transmissions, the ED threshold is used to detect the overall energy level on a
channel, including both Wi-Fi and non Wi-Fi signals. Devices use energy detection to
determine if a channel is busy or idle. If the energy level is above the ED threshold, the
channel is assumed to be busy, and devices may defer their transmissions. If the energy
level is below the ED threshold, the channel is assumed to be clear, and devices may
proceed with transmissions. In dynamic channel selection scenarios, where Wi-Fi networks
may change channels dynamically to avoid interference, the ED threshold is used to make
decisions about channel switching. Even though ED and CS thresholds are different in
terms of what type of energy they track, both minimize interference, avoid collisions, and
improve the overall reliability and performance of wireless communication by managing
channel access and transmission.

Pm
ed by definition has a higher value than Pm

cs since it is firstly checked by the AP to set
an STA on IDLE status when compared to the received power. Afterwards, the AP checks
Pm
cs . Thus, we could assume that for all APs at least the condition Pm

cs ≤ Pm
ed holds and

consequently we can simplify our analysis with equality.
As indicated in [172], two procedures can be defined when stations are using ECDA.

The first one indicates the duration of a successful EDCA transmission whereas the second
one indicates the duration of a collision. The first procedure can be generally described as:

T sEDCA = TTXOP + SIFS + TP + ACK + AIFS, (5.11)

where TTXOP defines the transmission duration, SIFS corresponds to the short inter-frame
space, ACK denotes the time to send an acknowledgment signal, AIFS represents the
arbitration inter-frame space, and TP stands for the propagation delay. On the other
hand, we can define the second procedure as the duration of a collision. The previous
event can be calculated as:

T cEDCA = TTXOP + TP + AIFS. (5.12)

All of the variables in Eqs. (5.11) and (5.12) are in the µs order with exception of TTXOP
which falls in the order of ms. Thus, with the following approximation, T cEDCA ≈ T sEDCA,
we can denote both values as TEDCA.
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As indicated by [173], the expected conditional length of the general time-slot E(Tg)
and the expected conditional transmitted information E(Ig) by the sth STA to mth AP can
be expressed as:

E(T (s,m)
g |u(s,m)

IDLE) = δ(s,m)u
(s,m)
IDLE+

u
(s,m)
IDLETECDA ∀m ∈M, s ∈ S,

(5.13)

E(I(s,m)
g |u(s,m)

SUCC) = u
(s,m)
SUCCD

(s,m)
l TTXOP ∀m ∈M, s ∈ S, (5.14)

where D(s,m)
l denotes the link data rate, TEDCA is a variable that corresponds to the time

required for a successful Enhanced Distributed Channel Access (EDCA) transmission and
δ(s,m) represents the duration of an idle time slot. The link data rate adaptively depends
on SNR [174] and is mapped based on the SNR/BER curves [175]. The received SNR can
be defined as Pm

tx g
(s,m)/σ2 where Pm

tx is the transmission power, g(s,m) is the channel power
gain and σ2 is the power noise.

According to Bianchi’s work that is commonly used as a reference study [176], the value
of the throughput R can be calculated as follows:

R =
E[payload information transmitted in a slot time]

E[length of a slot time]
. (5.15)

Analogously, we can define the throughput of the sth station attached to the mth AP
as:

R
(s,m)
T =

E(I(s,m)
g |u(s,m)

IDLE)

E(T (s,m)
g |u(s,m)

SUCC)
(5.16)

=
u
(s,m)
SUCCD

(s,m)
l TTXOP

δ(s,m)u
(s,m)
IDLE + u

(s,m)
IDLETEDCA

.

Additionally, let us define the average linear product-based network fairness and average
station starvation in a distributed setting by,

P̄ fair(t) ≤ 1, (5.17)
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∑
s∈S

ξ
(s,m)
STA (t) = 1 ∀m ∈M, (5.18)

P̄ fair(t) =
1

|M|
∑
m∈M

∏
s∈S

R
(s,m)
T (t)

R
(s,a)
A

, (5.19)

Ū(t) =
1

|M|
∑
m∈M

1

|S|
∑
s∈S

ξ
(s,m)
STA (t), (5.20)

where R(s,a)
A is the achievable throughput of the sth station attached to the mth AP. In

practice, the value of R(s,a)
A is set by running simulations with one STA and gathering the

corresponding throughput upper bound. Additionally, ξ(s,m)
STA = 1 if sth station’s throughput

is greater than ωR
(s,a)
A where the station starvation ratio, ω ∈ (0, 1], otherwise becomes

zero, in which case the station is considered in starvation. ξSTA measures the number of
starving stations at t time. It uses throughput that behaves as a random variable due to
many factors such as congestion, packet loss, and varying levels of network activity. Due
to the property of induced randomness, ξSTA takes the form of a random variable as well.

The considered problem is a multi-objective problem and can be addressed with the
weighted sum approach. Thus, in each time step, the problem can be formulated as,

max
Ptx,Pcs

B1P̄
fair(t) +B2(1− Ū(t)) (5.21)

s.t.
(5.7)-(5.18), (5.22)
Pm
tx ∈ [Pmin

tx , Pmax
tx ], Pm

cs ∈ [Pmin
cs , Pmax

cs ] ∀m ∈M, (5.23)

where B1 and B2 are the importance coefficients associated to the variables P̄ fair and the
complement of Ū(t), respectively.

As specified in equation (22), Problem 1 requires resolution in each time slot t. The
parameters chosen in a given time slot and their outcomes are contingent not only on the
selected transmission power and CCA threshold at time t but also on decisions made in
the past and uncertain future events. Consequently, we can conceptualize this problem as
a sequential decision problem, wherein actions optimizing performance are taken across a
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sequence of steps. This behavior is dictated by our setup, where each AP independently
selects its parameters, sharing varying degrees of information or no information at all.
Due to the dynamic nature of the scenario, the binary variables of each STA ϕ

(s,m)
p have a

probabilistic nature, requiring an additional step to map them to EDCA parameters [173].
Instead, we simplify our analysis by utilizing a network simulator to model such dynamics.
We propose to solve the previous mixed fractional and stochastic polynomial problem by
using an MA-CMAB solution, as described in subsection 5.1.4.

Optimal action set via worst-case interference

Motivated by subsection 5.1.2, we aim to find a reduced action set via worst-case in-
terference analysis. Wi-Fi typical scenarios consist of APs and stations distributed non-
uniformly. Contrary to the analysis presented in [177], we aim to obtain an optimal subset
of TP and CCA threshold values to further reduce the action space size that is utilized in
the optimization of SR. In this analysis, we only consider the Carrier Sense (CS) threshold
term as a form of the CCA threshold.

First, let us consider the worst-case interference scenario in an arrangement with NS ≥
2. For the sake of simplicity, we use the path-loss radio propagation model:

P r
rx =

Pm
tx

dr,m
θ
, (5.24)

where Pm
tx and P r

rx are the TP at the mth transmitter (AP) and the received signal strength
at the rth receiver, respectively. In addition, dr,m is the distance between the transmitter
and receiver. Finally, θ ∈ [2, 4] corresponds to the path loss exponent. Thus, from the
perspective of the mth AP, the worst-case interference Im is defined as:

Im =
∑
v∈Fm

+

P v
tx

X(m,v)θ
+ P sta

tx

∑
w∈Fm

−

1

X(m,w)θ
, (5.25)

where Fm+ is the subset of interference sources |Fm+ |= |M|−1, corresponding to APs inter-
fering with the mth AP, and Fm− is the subset of non-AP interference sources |Fm− |= |S|,
corresponding to the stations interfering with themth AP. Furthermore, P v

tx is the TP of the
vth interference source, and P sta

tx is a constant corresponding to the fixed power assigned to
all the stations, based on the fact that typically stations are not capable of modifying their
TP. Additionally, X(m,v) and X(m,w) correspond to the distance from the mth AP to the
vth AP interference source and mth AP to the wth station interference source, respectively.
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X(m,.) is calculated as,

X(m,.) =

√
(Dm

CCA + x(m,.))2 + d2r,m −
2(Dm

CCA + x(m,.))

(dr,m cos ςr,.)−1
, (5.26)

where (.) refers either to the AP or non-AP interference source, Dm
CCA is the CCA threshold

range of the mth AP, ςr,. is the distance between the receiver to the interference source (.)
and x(m,.) corresponds to the distance between any (.) interference source and Dm

CCA.

The corresponding worst-case SINR γ(r,m) at the receiver is defined as:

γ(r,m) =
Pm
tx

dr,m
θ(Im +N0)

. (5.27)

Let us assume that N0 << Im, thus the equation is reduced to:

γ(r,m) =
Pm
tx

dr,m
θIm

. (5.28)

By substituting equations (5.25) and (5.26) in (5.28), we obtain equation (5.29). The
previous mentioned equation describes γ(r,m) in function of Dm

CCA and dr,m. Additionally,
we substitute Dm

CCA = (Pm
tx /T

m
cs )

1/θ in equation (5.29) obtaining,

γ(r,m) =

Pm
tx

dr,m
θ∑

v∈Fm
+

Pm
tx(√

(Dm
CCA+xm,v)2+d2m,r−

2(Dm
CCA

+xm,v)

(dr,m cos ςr,.)−1

)θ + P sta
tx

∑
w∈Fm

−

1(√
(Dm

CCA+xm,w)2+d2r,m−
2(Dm

CCA
+xm,w)

(dr,m cos ςr,w)−1

)θ

(5.29)

γ(r,m) =

Pm
tx

dr,m
θ∑

v∈F+
m

Pm
tx

Γm+P sta
tx

∑K−
m

w=1 ι
(m,w)

, (5.30)

where,

Γm =


√√√√[(Pm

tx

Tmcs

) 1
θ

+ xm,v

]2
+ d2r,m −H1


θ

,
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H1 = 2

[(
Pm
tx

Tmcs

) 1
θ

+ xm,v

]
dr,m cos ςr,v,

ι(m,w) =

(√
(Ωsta + xm,w)2 + d2r,m −

2(Ωsta + xm,w)

(dr,m cos ςr,w)−1

)−θ
,

Ωsta =

(
P sta
tx

T stacs

) 1
θ

.

Hereafter, we proceed to define the maximum channel capacity in terms of TP and
Carrier Sense (CS) threshold (Tcs). Given a certain value of SINR, the Shannon maximum
capacity is expressed as:

C(r,m) = W log2(1 + γ(r,m)), (5.31)

whereW is the channel bandwidth in Hz. Then, the cumulative maximum network capacity
can be calculated as:

CT =

|M|−1∑
m=1

N∑
r=1

C(r,m). (5.32)

In Fig. 5.2, a graph of the network maximum capacity is shown as a function of TP
and CS threshold. As observed, the network capacity achieves its higher values when a
combination of high TP and low CS threshold is utilized. Note that, prior knowledge of
the locations is required.

5.1.4 Proposed Multi-Agent Multi-Armed Bandit Algorithms

In this subsection, we present the action space, context definition, and reward function for
the MA-MAB algorithms utilized in this work.
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Action space

In this work, we consider a discrete action space that corresponds to the number of com-
binations of Pcs and Ptx. In the context of MABs, this translates into the number of arms
for each MAB agent. The action space is defined as,

Acs = {Pmin
cs , Pmin

cs +
Pmax
cs − Pmin

cs

Lcs − 1
, ..., Pmax

cs }, (5.33)

Atx = {Pmin
tx , Pmin

tx +
Pmax
tx − Pmin

tx

Ltx − 1
, ..., Pmax

cs }, (5.34)

where Pmin
cs , Pmax

cs , Pmin
tx , and Pmax

tx are the minimum and maximum values of the CCA
threshold and TP values, respectively. Lcs and Ltx denote the number of levels used to
discretize the CCA threshold and TP values, respectively. Finally, the number of arms
corresponding to the action space for the mth agent, KAP

m , is given by |Amcs|·|Amtx|.

Reward function in distributed non-cooperative settings

The reward is defined following the optimization problem 5.1.3. Such problem statement
presents a general framework of the presented reward function whose objectives are max-
imizing fairness and minimizing starvation. Defined in a distributed manner, it resembles
the reward presented in [106], which includes a linear product-based fairness and the star-
vation term of a station [106, 112]. A station is considered to be in starvation when its
performance is below a predefined percentage of its achievable throughput. The reward is
defined as,

rmAP =
|Ψm

AP |
∏

s∈Ψm
AP

R
(s,m)
T

ωR
(s,m)
A

Nm
AP (N

m
AP + 1)︸ ︷︷ ︸

maximize starving stations

+
|Nm

AP \Ψm
AP |

Nm
AP + 1︸ ︷︷ ︸

maximize non-starving stations

+
|Nm

AP \Ψm
AP |
∏

s∈Ψm
AP

R
(s,m)
T

R
(s,m)
A

Nm
AP (N

m
AP + 1)︸ ︷︷ ︸

maximize fairness

(5.35)

Equation (5.35) can be reduced to,

rmAP =
|Ψm

AP |
∏

s∈Ψm
AP

R
(s,m)
T

ωR
(s,m)
A

+H2

Nm
AP (N

m
AP + 1)

, (5.36)
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H2 = |Nm
AP \Ψm

AP |

Nm
AP +

∏
s∈Nm

AP \Ψm
AP

R
(s,m)
T

R
(s,m)
A

 ,

where Ψm
AP is the set of starving stations attached to the mth AP, Nm

AP the set of stations
attached to the mth AP. We can also observe that rmAP ∝ C(r,m) as defined in (5.31). The
term Nm

AP (N
m
AP + 1) is a normalizing factor that ensures that as more users are added,

the reward is adjusted more granularly than just linearly. In practice, this is equivalent to
having an interval-based reward that adapts to the number of users. The term related to
user starvation, as referred to in (5.1.3), is derived using a form of fairness that employs
the ω parameter to control what is considered a starving station. This method practically
derives a binary variable, such as ξSTA, based on throughput. Note that the term related
to station starvation is divided into two parts: one that seeks to maximize the performance
of starving stations through fairness, and the other that addresses the performance of non-
starving stations via a ratio of the total stations. The third term tries to maximize the
fairness of the non-starving stations.

In the next subsection, we present the definition of the context considered in our MA-
CMAB solution.

Distributed Sample Average Uncertainty-Sampling MA-CMAB

In [76], the authors present an efficient contextual multi-arm bandit based on a "frequentist
approach" to compute uncertainty instead of using Bayesian solutions such as Thompson
Sampling. The frequentist approach consists of measuring the uncertainty of the action-
values based on the sample average rewards just computed, rather than relying on the
posterior distribution given the past rewards. In this work, we introduce multi-agent
cooperative and non-cooperative variants of the previously mentioned RL algorithm.

Our problem definition describes the context with only the local observations of the
APs:

1. Number of starving stations, |Ψm
AP |, where m corresponds to the mth AP under ω

fraction of their attainable throughput during episode t.

2. Average RSSI, SmAP , where m is the mth AP during episode t.

3. Average Noise, Υm

AP , where m denotes the mth AP during episode t.
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Figure 5.2: Network capacity as a function of TP and CS threshold.

Additionally, the context is normalized as,

ψmAP = |Ψm
AP |/Nm

AP , (5.37)

smAP =



0, −50 dBm ≤ S
m

AP ≤ −60 dBm,
0.25, −60 dBm ≤ S

m

AP ≤ −70 dBm,
0.5, −70 dBm ≤ S

m

AP ≤ −80 dBm,
0.75, −80 dBm ≤ S

m

AP ≤ −90 dBm,
1, −90 dBm ≥ S

m

AP ,

(5.38)

Υ̂m
AP = Υ

m

AP/100. (5.39)

The SAU-Sampling MA-CMAB algorithm, in its non-cooperative version (SAU-NonCoop),
is described in Algorithm 14. The algorithm begins with the initialization of action-value
functions µ(xm|θ̂m) as deep neural networks and the exploration parameters J2

m,k and
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nm,k for each mth AP. Here, nm,k represents the number of times action a was selected in
the mth AP, and J2

m,k is defined as an exploration bonus. In each environmental step (Al-
gorithm 14, line 2), each agent observes its local context and computes the selected arm
based on the reward prediction. In (Algorithm 5.1, line 11), each CMAB agent updates
θ̂m,k using stochastic gradient descent on the loss between the predicted reward and the
real observed reward. Finally, the exploration parameters are updated accordingly, given
the prediction error, as depicted in (Algorithm 5.1, line 12).

Algorithm 5.1 SAU-Sampling MA-CMAB
1: Initialize network θ̂m, exploration parameters J2

m(t = 0) = 1 and nm(t = 0) = 0 for
all actions k ∈ Km.

2: for environment step t← 1 to T do
3: for agent m do
4: Observe context xm(t) = [ψmAP (t), s

m
AP (t), Υ̂

m
AP (t)]

5: for k = 1, ..., Km do
6: Calculate reward prediction µ̂i,t(t) = µ(xm|θ̂m) and τ 2m,k(t) = J2

m,k/nm,k
7: µ̃m,k ∼ N (µ̂m,k, n

−1
m,kτ

2
m,k)

8: end for
9: Compute am(t) = argmaxa({µ̃m,k(t)}a∈Km}) if t > Km, otherwise am(t) ∼ U(0, K);

10: Select action am(t), observe reward rmAP ;
11: Update θ̂m,k using SGD with gradients ∂lm/∂θ where lm = 0.5(rmAP − µ̂m,k(t)) ;
12: Update J2

m,k ← J2
m,k+e

2
m using prediction error em = rmAP (t)− µ̂m,k(t) and nm,k ←

nm,k + 1;
13: end for
14: end for

Cooperative Sample Average Uncertainty-Sampling MA-CMAB

In this subsection, we present a cooperative version of SAU-Sampling MA-CMAB named
SAU-Coop, which differs from the non-cooperative version by having the total reward rmC
consider the network Jain’s fairness index in addition to their local reward rmAP as:

rmC = rmAP + rJ , (5.40)
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where rJ as the overall network Jain’s fairness index is defined as,

rJ = J (R1, ..., RM) =
(
∑|M|

m=1R
m)2

|M|·∑|M|m=1(R
m)2

, (5.41)

where Rm =
∑|Sm|

s=1 R
(s,m)
T is the total throughput of all |Sm| stations of the mth AP.

Reward-cooperative ϵ-greedy MA-MAB

In addition to the previous cooperative algorithm, we propose a cooperative approach
based on the classical ϵ-greedy strategy [7] that takes into account in the action’s reward
update a percentage of the average reward of other agents. This algorithm is described in
Algorithm 5.2.

Algorithm 5.2 Reward-cooperative ϵ-greedy MA-MAB
1: Initialize ϵm(t = 0) = ϵ0, Qm,k(t = 0)← 0, Nm,k(t = 0)← 0 and β.
2: for environment step t← 1 to T do
3: for each agent m do
4: Execute action am(t):

am(t) =

{
argmaxk=1,...,Krk,i(t) with probability1− ϵm(t)
k ∼ U(0, K) o.w

5: Calculate reward rmAP (t) based on feedback of the environment
6: Update Qm,k(t+ 1) = Qm,k(t) +

1
Nm(t)

[(rmAP + β · 1
M−1

∑M−i

m=1 r
m
AP )−Qm,k(t)]

7: Update Nm ← Nm(t) + 1;
8: Update ϵm ← ϵm(t)√

t
9: end for

10: end for

Finally, in the next subsection, we present the details of the deep transfer reinforcement
learning (DTRL) scheme to improve SR adaptation in dynamic environments.

Sample Average Uncertainty-Sampling MA-CMAB based Deep Transfer Rein-
forcement Learning

Typically, RL agents learn their best policy based on the feedback received from the envi-
ronment in a T horizon time. However, in real-world scenarios, the environment conditions
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Figure 5.3: Convergence performance of ϵ-greedy (Eg-NonCoop), Thompson Sampling (Th-
NonCoop) and UCB (Ucb-NonCoop) MA-MABs under non-cooperative and distributed
regimen. (A) indicates the usage of the full set of actions.

can change at T +1, and thus, adapting to the updated environment is necessary [178]. In
such cases, the “outdated” agent’s policy might not be optimal to address the new condi-
tions efficiently. For instance, a modification in the stations’ distribution over the APs can
cause the SR-related parameters chosen by the “outdated” agent’s policy to affect network
performance.

To address the previous situation, we propose two main solutions: 1. If the agent
detects a change in the environment indicated by a singularity, it will decide to correct its
configuration by forgetting the policy already learned (forget) or 2. adapting the agent’s
policy to the new conditions via a transfer learning technique. A singularity is defined as
an anomalous behavior of the KPIs of interest after the policy of each CMAB agent has
converged. In this work, we don’t delve into how to detect a singularity, and we assume
the existence of an anomaly detector in our system [179]. In Algorithm 5.3, we present
the transfer learning algorithm depicting the second proposed solution. At t = 0, each
SAU-Sampling MA-CMAB agent will reset their weights and biases and start learning as
part of Algorithm 14. At t = S1, where S1 corresponds to the time when an anomaly is
detected and the transfer procedure is activated (Algorithm 5.3, line 7). In our setup,
we transfer l = 2 and reset l = 1 (Algorithm 5.3, line 11), where l corresponds to the
layer of the neural network utilized in the SAU-Sampling MA-CMAB agent. However, as
indicated (Algorithm 5.3, line 13), the transfer is not constrained to one layer but more
generally to a set of layers. The set of transferred layers is considered a hyperparameter
to be tuned. The partial transfer of a model avoids negative transfer by giving the agent
room to adapt to the new context since it mitigates model overfitting.
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Algorithm 5.3 SAU-Sampling MA-CMAB Transfer Learning
1: Function Detect_Singularity(K) # returns True if anomaly is detected in network

KPIs data K at time t, and False otherwise.
2: Let L = {l|l ∈ N, l > 0} the set of layers of model θ̂lm,k and M ⊂ L the subset of

layers to be transferred.
3: Run algorithm SAU-Sampling MA-CMAB (Algorithm 14)
4: while environment step t < T do
5: if ¬Detect_Singularity then
6: continue
7: else
8: Reset exploration parameters S2

m,k, nm,k

9: Reinitialize weights w and biases b of the lth layer of θ̂l ̸∈Mm,k via:

10: νl =

(√
|θ̂l ̸∈Mm,k |

)−1
11: θ̂l ̸∈Mm,k (w, b)→ wl ∼ U(−νl, νl), bl ∼ U(−νl, νl)
12: Transfer weights and biases via:

θ̂l∈Mm,k (w, b)→ θ̂l∈M
′

m,k (w, b)
13: end if
14: end while
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5.1.5 Performance Evaluation

In this subsection, we intend to demonstrate the positive impact on network KPIs of the
reduced action set derived in subsection 5.1.3, as presented in Subsections 5.1.5 and 5.1.5.
In addition, we show a comparison among the cooperative and non-cooperative versions of
our proposed algorithm and compare with two baselines in Subsection 5.1.5. Furthermore,
we leverage a transfer learning approach to avoid starvation in dynamic environments in
Subsection 5.1.5. Finally, in subsection 5.1.5, we present a complexity analysis of the
MA-CMAB algorithm.

Simulation Settings

We consider two scenarios in our simulations. The first one considers stationary users,
while the second scenario considers mobile users to model dynamic scenarios (see subsection
5.1.5). In addition, stations and APs are two-antenna devices supporting up to two spatial
streams in transmission and reception. In this work, we assume a frequency of 5 GHz
with an 80 MHz channel bandwidth in a Line of Sight (LOS) setting. The propagation
loss model is the Log Distance propagation loss model with a constant speed propagation
delay. Additionally, an adaptive rate data mode is considered with UDP downlink traffic.
The number of runs using different seeds corresponds to 10. We implement our proposed
solutions using ns-3, and we also use OpenAI Gym to interface between ns-3 and the MA-
MAB solution [131]. In Table 5.2 and Table 5.3, we present the learning hyperparameters
and network settings parameters, respectively.

Reduced set of actions vs. all actions

In subsection 5.1.3, we presented a mathematical analysis to obtain a reduced set of op-
timal actions to decrease exploration time and consequently improve convergence time.
As concluded in Fig. 5.2, high TP and low CCA threshold values maximize the network
capacity in the simulation scenario under study. Therefore, we selected a fixed value of
CCA threshold (Pcs = −82.0 dBm) and a reduced set of TP (Ptx ∈ 15, 16, 17, 18, 19, 20, 21
dBm) and observed the performance against the full set of possible actions described in
5.1.4.

In Fig. 5.3, we present the convergence performance of three MA-MAB algorithms
under UDP traffic of 0.056 Gbps in non-cooperative and cooperative settings (indicated
with “Non-coop”). The algorithms correspond to ϵ-greedy (Eg-NonCoop), UCB (Ucb-
NonCoop), and Thompson Sampling (Th-NonCoop) MA-MABs. For each algorithm, we
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Table 5.2: Learning hyperparameters

Parameter Value
ϵ-greedy MAB Annealing ϵ:

√
T

Thompson Sampling MAB Prior distribution: Beta
Upper Confidence Bound MAB Level of exploration, c = 1

SAU-Sampling Number of hidden layers, Nhl = 2
Number of neurons per hidden layer,

Nh = 100
Number of inputs, |xm(t)|= 3 and

number of outputs, No = K
Batch size, Bs = 64

Optimizer : RMSProp (8e-3)
Weight decay : 5e-4

Activation function : ReLU
Gym environment step time 0.05 s

plotted three convergence graphs in terms of fairness, cumulative throughput, and station
starvation representing the behavior when a reduced set of actions and the full action
set, indicated with (A) are used, respectively. For the case of the set of optimal actions,
we can observe that the performance is similar with a slight improvement when utilizing
MAB-Thompson Sampling. On the other hand, when utilizing the full action set, the
behavior shows a noticeable improvement with the MAB ϵ-greedy algorithm concerning
the others. In [181], the authors study the unreasonable behavior of greedy algorithms
when K is sufficiently large. They concluded that when K increases above 27 arms,
intelligent algorithms are greatly affected by the exploration stage. The former results
validate ours based on the fact that K = |Acs|·|Atx|= 212. Finally, it can be noted that
the impact of utilizing reduced optimal actions in terms of convergence time and KPI
maximization. The set of optimal tasks allows reducing station starvation when compared
with the best performer Eg-NonCoop by an average of two starving users. However, to
obtain such a set, prior knowledge of stations and APs’ geographical locations is required.
In the following subsection, we compare the results of ϵ-greedy MA-MAB and a default
typical configuration without machine learning.

2We assume that all APs are configured to use one channel out of the available 11. This is a practical
selection to create dense deployment scenarios.
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Table 5.3: Network settings

Parameter Value
Number of APs 6

Number of Stations 15
Number of antennas (AP) 2

Max Supported Tx Spatial Streams 2
Max Supported Tx Spatial Streams 2

Channel Number 2 1
Propagation Loss Model Log Distance Propagation Loss Model

Wi-Fi standard 802.11 ax
Frequency 5 GHz

Channel Bandwidth 80 MHz
Traffic Model - UDP application [0.011, 0.056, 0.11 [180], 0.16] Gbps

Maximum & minimum Transmission
Power

Pmax
tx = 21.0 dBm & Pmin

tx = 1.0 dBm

Maximum & minimum CCA threshold Pmax
cs = −62.0 dbm & Pmin

cs = −82.0
dbm

Kcs = 1 and Ktx = 1

Distributed ϵ-greedy MA-MAB vs. default configuration performance results

In this subsection, we present the comparative results and advantages of utilizing a dis-
tributed intelligent solution such as MAB ϵ-greedy over the default CCA threshold and TP
configuration with no ML. In Fig. 5.4, we show the performance under four different UDP
data traffic regimes: {0.011, 0.056, 0.11, 0.16} Gbps. We considered two typical configura-
tions of the CCA threshold: −82.0 dBm and −62.0 dBm. In both cases, the AP’s TP is
16.0 dBm. It can be observed that MAB ϵ-greedy achieves a significant improvement over
the default configuration (Pcs = −82.0 dBm) with an average gain over all the considered
traffic of 44.4% in terms of cumulative throughput, 70.9% in terms of station starvation,
12.2% in terms of fairness, 138.0% in terms of latency, and 94.5% in terms of packet loss
ratio (PLR), respectively. Additionally, a gain over the default configuration (Pcs = −62.0
dBm) with an average gain over all the considered traffics of 53.9% in terms of cumulative
throughput, 138.4% in terms of station starvation, 43.0% in terms of fairness, 84.0% in
terms of latency, and 105.4% in terms of packet loss ratio (PLR) is shown, respectively.

116



0.011 0.056 0.11 0.16

Data Rate (Gbps)

0

100

200

300

400

500

C
u

m
u

la
ti

ve
T

h
ro

u
gh

p
u

t
(M

b
p

s)

0.011 0.056 0.11 0.16

Data Rate (Gbps)

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

L
at

en
cy

(s
)

0.011 0.056 0.11 0.16

Data Rate (Gbps)

0

2

4

6

8

10

12

S
ta

rv
at

io
n

s

0.011 0.056 0.11 0.16

Data Rate (Gbps)

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

F
ai

rn
es

s

0.011 0.056 0.11 0.16

Data Rate (Gbps)

0

10

20

30

40

P
L

R
(%

)

Default(−62.0)CCA

Default(−82.0)CCA

Eg-NonCoop

Figure 5.4: Performance results: ϵ-greedy MAB w/ optimal set vs. default configuration
with Pcs ∈ {−62.0,−82.0} dBm.

Cooperation vs. non-cooperation performance results

In the two past subsections, we have shown the results considering the set of optimal
actions. In this subsection, we assume the non-existence of stations and APs location in-
formation and thus, we must rely on the full set of actions. Consequently, we investigate
if cooperation can improve the KPIs of interest by utilizing the cooperative (indicated by
“Coop”) proposal of the MAB ϵ-greedy algorithm (Rew-Coop) and the SAU-Sampling MA-
CMAB algorithm (SAU-Coop). Additionally, we present two non-cooperative algorithms:
SAU-NonCoop, which corresponds to the non-cooperative version of the SAU-Sampling MA-
CMAB, and Eg-NonCoop, which refers to the MAB ϵ-greedy algorithm utilized in the pre-
vious section.

As observed in Fig. 5.5, simulations show that SAU-Coop improves Eg-NonCoop over all
the data traffic with an average of 14.7% in terms of cumulative throughput, 21.3% in terms
of station starvation, 4.64% in terms of network fairness, 36.7% in terms of latency, and
32.5% in terms of PLR. Similarly, SAU-NonCoop presents a better performance over Eg-
NonCoop, indicating that context is beneficial to solving the current optimization problem.
Additionally, SAU-Coop presents a better performance over its non-cooperative version,
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Figure 5.5: Performance results of cooperative algorithms: ϵ-greedy MA-MAB (Rew-
Coop), SAU-Sampling MA-CMAB (SAU-Coop) and non-cooperative versions of the pre-
vious algorithms SAU-NonCoop and Eg-NonCoop under full-set of actions.

especially when the data rate increases up to 0.16 Gbps where it is observed a gain of
14.1% in terms of cumulative throughput, 32.1% in terms of station starvation, 18.2% in
terms of network fairness, 16.5% in terms of latency, and 4% in terms of PLR. To sum
up, cooperative approaches contribute positively to the improvement of SR in Wi-Fi over
non-cooperative approaches. In addition, in cases where cooperation is not possible, it is
advisable to utilize contextual multi-armed bandits over stateless multi-armed bandits.

Deep Transfer Learning in Adaptive SR in Dynamic scenarios results

To model a dynamic scenario, we design a simulation where the users move across the
simulation area and attach to the AP that offers the best signal quality. Consequently, the
user load in each AP will change, reflecting the dynamics of the environment. We model
this scenario with 3 APs and 15 users, where the load will change twice throughout the
simulation. As depicted in Table 5.4, the user load of the mth AP, denoted as Lm, will
change at two instances in time: 3 and 6 minutes, respectively.

In Fig. 5.6, we present the network behavior in terms of fairness and station starvation
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Table 5.4: Dynamic scenario load distribution

t = 0 min t = 3 min t = 6 min
L1 8 5 2
L2 5 5 2
L3 2 5 11
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Figure 5.6: Network response in terms of fairness and station starvation when utilizing the
forget, full transfer (ftransfer), and transfer strategies.

under the scenario depicted in Table 5.4. In addition to the two methods previously
mentioned (forget and transfer), we introduce the performance of a third approach called
full transfer (ftransfer), where the complete transfer of the model is considered. During
the first interval (0−3 min), the performance is similar for all three methods, as expected.
However, after the two changes in the network load, singularities in each graph become
visible in terms of fairness and starvation.

Specifically, the forget method exhibits the worst behavior, with a 54.3% decrease in
station starvation and an 11.7% decrease in fairness compared to the transfer method.
The forget method shows peaks at the moments of singularities, representing 60% of the
total users with a service drop. This behavior is inherently related to the agents’ process
of restarting learning and cannot be avoided. From a quality of service perspective, such
disturbances are highly undesirable.

Meanwhile, the full transfer method underperforms the transfer method, showing
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an 18.7% decrease in station starvation and a 6% decrease in fairness. Interestingly, in
the second interval under study (3 − 6 min), the forget method can outperform the full
transfer method by the end of the period. This is due to negative transfer resulting
from transferring the entire model. Partial transfer learning not only significantly reduces
the peaks in performance of the forget method but also achieves better adaptation than
the full transfer method. In all methods, the cumulative throughput is similar, but as
observed in Fig. 5.6, station starvation, and consequently fairness, are affected.

Complexity analysis

The SAU-Sampling MA-CMAB variants (Coop and NonCoop) are built upon [76], where it
has demonstrated an empirical reduction in running time and comparable complexity with
other MAB techniques such as TS [182]. More specifically, the SAU metric τ 2k introduced
in this work resembles TS according to Proposition 2, page 5 in [76] with an empirical
behavior similar to TS as well. This might not be an improvement when compared with
the TS MAB from the regret theoretical analysis, but this approach can be adapted to any
action-value function since it does not require access to the uncertainty of the expected
reward as TS does.

Each agent in the SAU-Sampling MA-CMAB is comprised of a neural network that pre-
dicts the reward given the observed context. Such a predictor is composed of 2 hidden
layers, the input, and the output layer. Consequently, three matrices are needed to rep-
resent the weight relationships of the four layers: Wab,Wca,Wdc, where a, b, c, d are the
number of nodes of each layer. The propagation from layer a to b can be written in the
following fashion:

Sat = Wab ∗ Zbt # Propagation from layer a to b (5.42)
Zat = f(Sat) # Activation function (5.43)

The operation complexity in (5.42) corresponds to O(a ∗ b ∗ t), meanwhile (5.43) is
O(a ∗ t), which gives a total complexity of O(a ∗ b ∗ t). Analogously, we can proceed with
matrices Wca and Wdc and obtain a total time complexity of O(n∗ t∗ (ab+ ca+dc)), which
can be further reduced to O(ab+ca+dc) since n = t = 1 in our MA-CMAB proposal. This
corresponds to a low time complexity, thus, having no implications for the performance of
the algorithm.
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5.2 Meta-Bandit: Spatial Reuse Adaptation via Meta-
Learning in Distributed Wi-Fi 802.11ax

Wi-Fi technology has evolved dramatically in the last 10 years with a 16x factor increase
in terms of throughput from 802.11n to 802.11ax standards. Moreover, in 2022 the number
of global Wi-Fi devices in use remounts to nearly 18 billion [183]. This experienced growth
altogether with the variety of use cases such as cloud computing, multigigabit streaming,
augmented and virtual reality (AR/VR), and telepresence in combination with high dense
user deployments has imposed several challenges to Wi-Fi technology [184]. IEEE 802.11ax
[185] reduces the impact of the aforementioned issues with an interest in spatial reuse
(SR). Improving SR decreases packet collisions among stations and it allows determination
of channel access rights. In addition, SR enables a dynamic Clear Channel Assessment
(CCA) threshold and Transmission Power (TP) of the Access Point (AP) equipment to
improve adaptability. However, dynamic adjustment of such a setting remains an open
issue. Furthermore, highly populated areas with mobile end users such as shopping malls,
stadiums, public institutions or transportation hubs require effective mechanisms to select
TP and CCA thresholds rapidly to maintain Quality of Service (QoS) while improving SR.

Despite the advantages of transfer learning techniques in RL, they are susceptible to
negative transfer in which the target task underperforms after receiving knowledge from
the source task [110]. To address the aforementioned issue, newer techniques such as meta-
learning allow us to quickly adapt to unseen tasks given sufficient source tasks expertise [77].

The rest of this work is organized as follows. Subsection 5.2.1 introduces the sys-
tem model followed by the proposed MA-CMAB. Subsection 5.2.2 describes the meta-
reinforcement learning algorithm, which is followed by the performance evaluation of the
meta-learning approach along with discussions in subsection 5.2.3. Finally, subsection 5.2.4
concludes this work.

5.2.1 Multi-Agent Contextual Multi-Armed Bandit algorithm

In this subsection, we start with the introduction of the system model followed by the
context definition, action space, and reward function for the MA-CMAB algorithm utilized
in this work. In Table 5.5 we present the list of notations.
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Figure 5.7: Meta-Agent training and deployment workflow in an Open-WiFi architecture.

System Model

We consider a Wi-Fi 802.11ax scenario composed of M APs and S stations that are ran-
domly positioned. In each AP, a CMAB agent resides and can communicate back and forth
with the Open-WiFi Cloud Controller. In addition, each station and AP are equipped with
two antennas supporting up to two spatial streams in transmission and reception. In this
work, we assume 5 GHz frequency with a 80 MHz channel bandwidth in a Line of Sight
(LOS) setting. The propagation loss is modeled based on the Log Distance propagation
loss model with a constant speed propagation delay. Finally, an SINR-based adaptive rate
data model is considered with downlink UDP traffic.

Context definition

Our MA-CMAB solution is based on a contextual multi-arm bandit algorithm introduced
in [76]. More specifically, we employ a cooperative multi-agent version of the previous algo-
rithm named Cooperative Sample Average Uncertainty-Sampling (SAU-Coop) [42]. Note
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Table 5.5: Notations and definitions.

Notation Definition

s and S Index and set of stations

m andM Index and set of APs

Pm
cs CCA threshold of mth AP

Pm
tx TP of mth AP

Lcs and Ltx Number of levels to be quantized the CCA
threshold and TP values

Rm
s Throughput of sth STA of mth AP

Rm
s,A Achievable throughput of sth STA of mth AP

|ΨAP
m |, NAP

m and ω Number of starving stations, number of stations
attached to the mth AP and a fraction of Rm

s,A

in which STAs are considered in starvation

I
AP
m Average RSSI of mth AP

Υ
AP
m Average Noise of mth AP

that the methods presented in this work are extensible to non-cooperative implementations.
The context is composed of the local observations of APs, as such:

1. Number of starving stations, |ΨAP
m | where m stands for the index of an AP under ω

fraction of their attainable throughput during the t-th episode.

2. Average RSSI, IAPm where m denotes the index of an AP during the t-th episode.

3. Average Noise, ΥAP

m where m represents the index of an AP during the t-th episode.

Furthermore, each context element is normalized as follows:

ψAPm = |ΨAP
m |/NAP

m , (5.44)
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where NAP
m corresponds to the total of STAs attached to the mth AP. Here, τAPm is:

τAPm =



0, −50 dBm ≤ I
AP

m ≤ −60 dBm,
0.25, −60 dBm ≤ I

AP

m ≤ −70 dBm,
0.5, −70 dBm ≤ I

AP

m ≤ −80 dBm,
0.75, −80 dBm ≤ I

AP

m ≤ −90 dBm,
1, −90 dBm ≥ I

AP

m

(5.45)

Υ̂AP
m = Υ

AP

m /100 (5.46)

where normalized values of the average RSSI and Noise, τAPm and Υ̂AP
m are chosen based on

the discretization of their maximum values presented in [186]. Finally, the context of each
CMAB agent is defined as:

xm(t) = [ψAPm (t), τAPm (t), Υ̂AP
m (t)] (5.47)

Action space

The action space per mth AP corresponds to the number of combinations of CCA threshold
(Pm

cs ) and TP values (Pm
tx ) which in the context of MABs translates to the number of arms

for each MAB agent. The action space is defined as shown in Eq. 5.48.

Acs = {Pmin
cs , Pmin

cs +
Pmax
cs − Pmin

cs

Lcs − 1
, ..., Pmax

cs }, (5.48)

Atx = {Pmin
tx , Pmin

tx +
Pmax
tx − Pmin

tx

Ltx − 1
, ..., Pmax

cs }, (5.49)

where Pmin
cs , Pmax

cs and Pmin
tx , Pmax

tx are the maximum and minimum values of CCA thresh-
old and TP values, respectively. Lcs and Ltx correspond to the number of levels to be
quantized the CCA threshold and TP values, respectively. Finally, the number of arms
corresponding to the action space for the mth agent KAP

m becomes |A(m)
cs |·|A(m)

tx |. Note that
the quantization value has an impact on the convergence speed and the agent’s capability
of achieving the optimal policy. For instance, a small set of actions can truly provide faster
convergence but can potentially lead to suboptimal decisions. On the other hand, a large
set of actions due to the quantization could produce long training time and suboptimal
decisions due to the exploration stage. In our future work, we plan to investigate the
impact of quantization.
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Reward definition

The following two terms contribute to the reward function: a local reward per AP, rAPm
and the Jain’s fairness of the network, rJ :

rCm = rAPm + rJ , (5.50)

rAPm =
|ΨAP

m |
∏

j∈ΨAP
m

Rs
m

ωRm
s,A

+ |NAP
m \ΨAP

m |(NAP
m +

∏
j∈NAP

m \ΨAP
m

Rs
m

Rm
s,A

)

NAP
m (NAP

m + 1)
, (5.51)

rJ = J (rAP1 , ..., rAPM ) =
(
∑M

m=1 r
AP
m )2

M ·∑M
m=1(r

AP
m )2

, (5.52)

where ΨAP
m is the set of starving stations attached to the mth AP, rJ stands for the

overall network’s Jain’s fairness index, and NAP
m denotes the set of stations attached to

the mth AP. Finally, Rm
s and Rm

s,A are the effective and achievable throughput of the sth
station attached to the mth AP, respectively. The cooperative multi-agent SAU-Sampling
algorithm is described as follows in Algorithm 14.

Algorithm 5.4 Cooperative Sample Average Uncertainty-Sampling MA-CMAB (SAU-
Coop)

1: Initialize network θ̂i,a, S2
i,a and ni,a(t = 0) = 0 for all actions a ∈ Km.

2: for environment step t← 1 to T do
3: for each agent i do
4: Observe context xm(t) = [ψAPm (t), sAPm (t), Υ̂AP

m (t)]
5: for a = 1, ..., Km do
6: Calculate reward prediction µ̂i,t(t) = µ(xm|θ̂i) and τ 2i,a(t) = S2

i,a/ni,a
7: µ̃i,a ∼ N (µ̂i,a, n

−
i,aτ

2
i,a)

8: end for
9: Compute ai(t) = argmaxa({µ̃i,a(t)}a∈Km}) if t > Km, otherwise ai(t) ∼ U(0, K);

10: Select action am(t), observe reward rCm;
11: Update θ̂i,a using SGD with gradients ∂lm/∂θ where lm = 0.5(rCm − µ̂i,a(t)) ;
12: Update S2

i,a ← S2
i,a + e2m using prediction error em = rAPm (t) − µ̂i,a(t) and ni,a ←

ni,a + 1;
13: end for
14: end for
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Figure 5.8: Network Key Performance Indicators for 0.001, 0.056, 0.11, 0.16 Gbps traffic
regimes in terms of a) Cumulative Throughput, b) Fairness, and c) User starvation. Each
figure shows the performance of one-shot, 5-shot, 20-shot, and 50-shot for the meta-bandit
and the transfer learning baseline.

5.2.2 Meta-Reinforcement Learning Algorithm

In this section, we introduce our Meta-Bandit scheme that leverages the previously pre-
sented MA-CMAB and MAML. The proposed algorithm consists of two offline and one
online stage: 1. Meta-Task datasets generation, 2. Meta-Training and 3. Meta-Adaptation.

Meta-Task dataset generation

Meta-learning requires a large number of meta-tasks to train the meta-agent [77]. In our
case study, the Open-cloud controller should gather enough experience based on the nu-
merous independent learning environments to become ready for the Meta-Training stage.
In this work, the meta-tasks are involved in scenarios that face different station distribu-
tions and thus, different loads in terms of attached stations to each AP. We leverage the
internal structure of the SAU-Sampling CMAB and store the context xt = (x1,t, ...,xM,t),
action selected at = (a1,t, ...,aM,t) and predicted reward µ̃t = (µ(x1,t|θ̂1) + SAU1),...,
µ(xM,t|θ̂M) + SAUM) per agent in each simulated load. The internal structure is comprised
of a neural network that receives an environment context xM,t and maps such context
to a reward via µ(xM,t|θ̂M). Three datasets per agent are utilized in the Meta-Training
stage: train defined as D(m)

train = {D(m)
1 , ...,D(m)

Tr }|D
(m)
train ⊂ D, T r = |D(m)

train|, test D(m)
test =

{D(m)
1 , ...,D(m)

Te }|D
(m)
test ⊂ D, T e = |D(m)

test| and validation D(m)
val = {D(m)

1 , ...,D(m)
V al}|D

(m)
val ⊂

D, V al = |D(m)
val | where D is the database of all datasets. Such datasets are assumed to be

available at the Open-WiFi controller for further training in the second stage.
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1250 episodes

64%

Figure 5.9: Network Key Performance Indicators for 0.001 Gbps traffic regimen for the
meta-agent and transfer learning baseline: a) Fairness convergence graph, b) Empirical
Cumulative Distribution Function (ECDF) for the Modulation Coding Scheme (MCS)
index c) ECDF for the Delay. The red double arrow in a) indicates the improvement in
terms of convergence time of the meta-agents over the transfer learning.

Meta-Training

The SAU-Sampling CMAB maps its context onto the rewards via NNs. In addition, it
considers the action taken by the m-th agent and uses it as a one-hot vector at training
time. The network structure utilized for the meta-agent is defined as follows:

fψm(x) = houtψm
◦ hψm,K

◦ · · · ◦ hψm,2 ◦ hψm,1(x) (5.53)

where f : Rn → Rp, hψm,K
: Rnm → Rpm , hψm,K

(x) = ReLU(wix + bi). hψm,1(x)
stands for the input layer, n denotes the dimension of the context x, p the dimension
corresponding to the number of each agent’s K arms.

In this case, a supervised multi-output regression is still in effect. Thus, the general
form of the loss function is defined as the mean-squared error taking the form of:

L(fθ) =
∑

x,a,µ̃∼Dd

||afθ(x)− µ̂||22, (5.54)

where x,a, µ̃ are the context, action, and predicted output sampled from the dth dataset
andmth agent. The output of the algorithm corresponds to a meta-agent represented by the
parameterized function ψ(m,i) and θ (see Algorithm 5.5, line 10) capable of adapting with
few examples. The meta-learning algorithm named Meta-Bandit is described in Algorithm
5.5.
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Algorithm 5.5 Meta-Bandit Algorithm
1: Require: Database D, Tr, Te, V al meta batch sizes, step sizes α, αmeta
2: Initialize: θ → wl ∼ U(−νl, νl), bl ∼ U(−νl, νl), l number of layers
3: while not done do
4: Draw train, test and validation meta-batches: D(m)

train ∼ D of Tr datasets, D(m)
test ∼ D

of Te datasets and D(m)
val ∼ D of V al datasets

5: for D(m,i)
train in D(m)

train do
6: Sample P datapoints D̂train from D(m,i)

train

7: Evaluate ▽θLD(m,i)
train

(fθ) using P and D̂train
8: Compute ψ(m,i) = θ − α▽θLD(m,i)

train
(fθ)

9: end for
10: Update θ ← θ − αmeta▽θ

∑D(m)
test

i

∑
P ′∼D(m,i)

test
LD(m)

test
(ψ(m,i))

11: end while
12: # Evaluate the loss against the validation dataset
13: for D(m,i)

val in D(m)
val do

14: Sample P ′′ datapoints D̂val from D(m,i)
val

15: Evaluate ▽θLD(m,i)
val

(fθ) using P ′′ and D̂val
16: end for
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Meta-Adaptation

The third stage of the algorithm, named Meta-Adaptation, is performed in an online man-
ner. After each agent of the MA-CMAB scheme experiences F samples, a k-shot sampling
procedure will follow to be further utilized in the meta-adaptation. Finally, each meta-
agent will adapt its model as follows:

θ ← θ − αmeta▽θ

∑
k∼F(m)

LF(m)(ψ(m,i)), (5.55)

where F (m) is the set of F samples from the m-th AP.

Complexity analysis

The complexity analysis must be performed separately for the different stages of our pro-
posal. In addition, we will consider regret, as the standard metric to compare bandits. As
mentioned before, our SAU-Coop algorithm is built upon [76] where it has been proved
an empirical reduction in running time and comparable complexity with other MAB tech-
niques such as TS [182]. More specifically, the SAU metric τ 2a introduced in this work,
resembles TS according to (Proposition 2, page 5) [76] with an empirical behavior sim-
ilar to TS as well. This might not be an improvement when compared with the TS MAB
from the regret theoretical analysis but this approach can be adapted to any action-value
function since does not require access to the uncertainty of the expected reward as TS
does. The expected regret is logarithmically bounded as:

∑
a:µa<µ∗

∆a

(
96 log n

∆2
a

+ 6

)
, (5.56)

where µa and µ∗ corresponds the expected reward for action a and µ∗ = max{µ1, ..., µK},
respectively. a ∈ K refers to the action taken among the possible K arms and n the
number of times where the SAU chooses an action. Finally, ∆a is defined as ∆a = µ∗−µa.

On the other hand, the MAML’s time complexity corresponds to O(d2) where d is the
problem dimension. The quadratic term indicates the outer and inner loop updates of the
MAML algorithm which can be quite costly if the set of the model’s parameter dimension
is large. However, the MAML training is performed offline, thus we can ignore it. On
the other hand, in the online stage described in subsection 5.2.2, the meta-adaptation is
performed via gradient descent with a complexity of O(knd) where k, n and d corresponds
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to the number of iterations, number of samples and number of features, respectively. If
d increases the complexity will become an issue, however, this is not the case and conse-
quently, performance is not affected. Finally, the time complexity analysis of our proposed
SAU-Coop scheme can be found in the Complexity Analysis subsection of 5.1.5.

5.2.3 Performance Evaluation

In this subsection, we present the simulation settings and baseline model under consider-
ation.

Simulation Settings

The dataset is generated by simulating S random scenarios with different user loads per
AP via the discrete network simulator, ns-3. OpenAI Gym [131] is used to interface
between ns-3 and the MA-CMAB solution. In Table 5.6 and Table 5.7, we present the
learning hyperparameters and network settings for the dataset generation and online meta-
adaptation.

Baseline Model

We consider a transfer learning-based baseline model that is already proposed in [42].
Specifically, we utilize partial transfer learning where specific layers of the CMAB agents
are transferred from task TN to TN+1 instead of transferring the full model. The selection
of the CMAB neural network hidden layers lt to be transferred is considered as an addi-
tional hyperparameter. The previous approach reduced the model overfitting allowing an
improved adaptive behavior.

5.2.4 Simulation results

In this subsection, we evaluate the main network KPIs for the meta-bandit under different
k-shot sampling strategies to select the optimal k-shot configuration and the transfer learn-
ing baseline while k ∈ {1, 5, 20, 50}. Each meta-bandit is trained with S = 200 random
tasks where the train, test, and validation split is 0.6 : 0.2 : 0.2. In the online stage, 50 runs
per traffic mode are performed with 10 random unseen scenarios per run to observe the
performance of the trained meta-bandit. Similarly, the transfer learning strategy uses the
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Table 5.6: Network settings

Parameter Value

Number of APs 6

Number of Stations Variable - Max 20 users

Number of antennas
(AP)

2

Max Supported Tx
Spatial Streams

2

Max Supported Rx
Spatial Streams

2

Channel Number 1

Propagation Loss
Model

Log Distance Propagation Loss Model

Wi-Fi standard 802.11 ax

Frequency 5 GHz

Channel Bandwidth 80 MHz

Traffic Model - UDP
application

[0.011, 0.056, 0.11, 0.16] Gbps

Maximum & minimum
TP

Pmax
tx = 21.0 dBm & Pmax

tx = 1.0 dBm

Maximum & minimum
CCA threshold

Pmax
cs = −62.0 dbm & Pmax

cs = −82.0 dbm

Kcs = 1 and Ktx = 1
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Table 5.7: Learning hyperparameters (determined based on hyperparameter search)

Parameter Value

SAU-Sampling Number of hidden layers, Nh = 2

Number of neurons per hidden layer, nh = 100

Number of inputs, Nm = 3 and number of
outputs, No = K

Batch size, Bs = 64

Optimizer : Adam (8e-3)

Weight decay : 5e-4

Activation function : ReLU

Transfer learning Transferred layers, lh ∈ {2}
Meta-learning Number of training tasks, S = 200

Total samples before meta-adaptation, F = 100

Inner learning rate αin = 1

Meta-learning rate αmeta = 0.001

Gym environment step time 0.05 s

Number of runs in the online
stage

50

Number of simulation/run 10
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first trained policy per run as the transfer policy to the rest of the nine unseen scenarios.
In Fig. 5.8, we present the results for the meta-bandit and the transfer learning baseline
in the online stage under different traffic modes regimen at 95% confidence level.

Figure 5.8(a) depicts the network fairness performance of the techniques under study.
One-shot is outperformed in all cases whereas the best performance can be achieved under
50-shot or the transfer learning technique. It is worth noting that the transfer learning
technique achieves better throughput performance for two reasons: 1) it does not modify
the internal NN structure of the CMAB agents, and 2)it has longer fine-tuning steps.
A slightly different behavior is observed in Fig. 5.8(b) and 5.8(c) for fairness and user
starvation, respectively. For traffic load of 0.011 and 0.056 Gbps, the transfer learning
exhibits the worst performance, especially in terms of starvation, as a product of negative
transfer learning. As previously mentioned, negative transfer occurs following the transfer
of a source policy to a target policy resulting in degraded performance of the target policy.
Apparently, the selection of the source policy has a significant impact on the transfer
learning algorithm. In this work, we select a random policy to be transferred which may
lead to the negative transfer phenomena under some scenarios. Selection of the best source
policy remains an open issue that can be tackled with intelligent RL solutions [187].

Figure 5.9 presents the impact of the meta-learning approach against the transfer learn-
ing baseline in terms of fairness convergence, MCS index and delay at 95% confidence level
and 0.001 Gbps data traffic. In Fig. 5.9(a), it can be seen that the one-shot sampling
strategy is not capable of adapting successfully. On the other hand, for k ∈ {5, 20, 50},
successful adaptation can be observed. In addition to the previous results, we show a red
and a blue arrow indicating the improvement in terms of convergence and adaptability
over the transfer learning baseline, respectively. We observe that in terms of convergence,
an average of less than 1,250 environment steps are needed, for the proposed techniques.
Furthermore, in terms of fairness and starvation, 64% and 80% improvement over the
transfer learning baseline is achieved, respectively. In Fig. 5.9(b) the ECDF of the MCS
index indicates that the best performance is obtained with a 50-shot sampling strategy. In
the same fashion, Fig. 5.9(c) depicts the behavior of the ECDF delay overall strategies,
with 50-shot standing out as the best strategy. Other convergence graphs under different
traffic regimes are not presented; however, their behavior is similar, with the caveat that
the impact of negative transfer can be observed.
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5.3 RL meets Multi-Link Operation in IEEE 802.11be:
Multi-Headed Recurrent Soft-Actor Critic-based Traf-
fic Allocation

Wireless Fidelity (Wi-Fi) technology has experienced a rapid evolution in the last four
years with the introduction of Wi-Fi 6 and Wi-Fi 6E in 2019 and 2021, respectively.
This technological development momentum seems to keep going and IEEE 802.11be —
Extremely High Throughput (EHT)— known commercially as Wi-Fi 7 is expected to
become reality by 2024. Even more, IEEE 802.11 has started in 2022 the first conversations
about devising the next generation of Wi-Fi (named Wi-Fi 8) believed to be released by
2028 [188]. The still-under-development IEEE 802.11be amendment is considered with the
goal of dealing with highly congested network environments with stringent requirements in
terms of high throughput and low latency. To do so, the amendment proposes to increase
the channel bandwidth up to 320 MHz, a higher modulation rate up to 4096 QAM and
different than all other Wi-Fi generations, Wi-Fi 7 introduces Multi-Link Operation (MLO)
and Multiple Resource Units (MRU) capabilities.

In this work, we focus our interest on MLO in 802.11be. Specifically, MLO allows
Multi-Link Devices (MLD)s to concurrently use their available interfaces for multi-link
communications. In this context, we intend to optimize the traffic allocation policy over
the available interfaces with the aid of RL. RL has proven its effectiveness in dealing with
challenging problems in wireless networks [46]. Thus, in this work, we propose to utilize
a Soft-Actor Critic (SAC) algorithm named Multi-Headed Recurrent SAC (MH-RSAC).
We choose the SAC algorithm over other Actor-Critic methods such as Advantage Actor
Critic (A2C) or Proximal Policy Optimization (PPO) due to its consistent performance in
many RL challenging tasks [189]. Differently from others, the SAC algorithm maximizes
its rewards altogether with the entropy which benefits the agent’s exploration. We propose
for the first time, to the best of our knowledge, a novel SAC-based traffic-to-link allocation
policy in 802.11be MLO capable networks. In Fig. 5.10, we show the scenario and system
overview of our proposed scheme. Here, each agent residing in the Access Point (AP)
equipment, decides the incoming traffic distribution percentage (a1, a2, a3) according
to the MLO capabilities. For instance, if the number of interfaces of the end station
corresponds to nf > 1, the agent will propose a set of actions for the case of two and three
interfaces, respectively. Finally, the function U(nf ) selects the final action based on the
actual interface number. Note that, when nf = 1 the agent is not involved since all the
traffic is passed to the only available interface. This design allows to have one agent per AP
instead of two. In addition, we consider the non-Markovian behavior of the scenario and
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include a recurrent neural network in the model design. Moreover, we improve even further
the performance of our agent by utilizing a modified reward function named rewards with
hindsight that considers the goals of the baselines. Finally, we utilize in our simulations,
three traffic flow types: Web Browsing (WB), High Definition (HD)/ Ultra High Definition
(4K), and Virtual Reality (VR). For the latter, we derive the VR CDFs based on [190] and
present the given equations to be utilized in any wireless simulator.

We compare our results with two non-machine learning type baselines presented in [115]
named Single Link Less Congested Interface (SLCI), Multi Link Congestion-aware Load
balancing at flow arrivals (MCAA), respectively. Our results show an improvement in terms
of Throughput Drop Ratio (TDR) with a gain of up to 35.2% and 6% when compared with
SLCI, MCAA non-RL baselines, respectively. TDR is defined as the percentage of traffic
in terms of throughput dropped after a traffic allocation decision. Finally, we observed
that our scheme can respond more efficiently to high throughput and dynamic traffic such
as VR and Web Browsing (WB) with an improvement in terms of Flow Satisfaction (FS)
up to 25.6% and 6% for the SCLI and MCAA, respectively.

The rest of this work is organized as follows. The system model is demonstrated in
subsection 5.3.1. subsection 5.3.2 describes the MH-RSAC scheme and the considerations
taken on its design, including the Markov Decision Process (MDP) and the description
of the baselines. Subsection 5.3.3 depicts the traffic considerations in this work. Finally,
subsection 5.3.4 presents our proposed scheme’s performance evaluation and comparison
with the baselines.

U(nf)

nf
>1

New incoming flow
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Soft-Actor Critic-based agent

ECDA ECDA ECDA
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Figure 5.10: Overview of the MH-RSAC based traffic allocation policy in IEEE 802.11be
MLO: Upon an incoming flow the agent will decide the percentage (a1, a2, a3) of traffic
flow allocated to each available interface (l1, l2, l3) based on the observed state.

5.3.1 System Model

In this work, we utilize an IEEE 802.11be network with a predefined set of M APs and
N stations attached per AP. In addition, we consider all APs to be MLO-capable with
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a number of available interfaces nf = 3 whereas in the case of the stations, the MLO
capability can vary. This design decision is taken based on the fact that single-device and
multi-device terminals will coexist in real scenarios due to terminal manufacturer diversity.
Furthermore, stations are positioned in two ways to their attached AP: 80% of the users
are positioned randomly in a radius r ∼ [1 − 8] m and the rest with a radius r ∼ [1 − 3]
m. All APs and stations support up to a maximum of 16-SU multiple-input multiple-
output (MIMO) spatial streams. The path loss model corresponds to the enterprise model
described in [191]. In addition, we consider an adaptive control rate based on Signal to
Noise Ratio (SNR) with a maximum 4096 QAM modulation rate.

5.3.2 Multi-Headed Recurrent Soft-Actor Critic

In the current subsection, we discuss the details and considerations taken in the design of
the Multi-Headed Recurrent Soft-Actor Critic (MH-RSAC) agent.

Soft-Actor Critic

The SAC agent introduced initially in [189] is a maximum entropy, model-free, and off-
policy actor-critic method that outperformed most of the state-of-the-art RL algorithms
such as Twin Delayed Deep Deterministic Policy Gradient (TD3) and PPO. The success of
SAC relies on the inclusion of a policy entropy term into the reward function to encourage
exploration. In addition, it reutilizes the successful experience of the minimum operator in
the selection of the double Q-Functions that comprise the critic in the Deep Deterministic
Policy Gradient (DDPG) algorithm [56].

In this work, we utilize a discrete SAC agent presented in [192] that provides an adap-
tation of the original SAC agent to the discrete action space. Moreover, we take into
consideration the results obtained recently in [193]. In such work, the authors study the
discrete SAC and find that such an algorithm is affected by Q-value underestimation due
to the usage of the minimum operator. In consequence, they propose to substitute the
minimum operator with an average operator which allows the reduction of the bias of the
lower bound of the double critics. In addition to the previous considerations, we modify
the structure of the critic and the actor of the discrete SAC to allow multi-output. To
do so, we diverge the model into two heads as indicated by Fig. 5.11: one head (Head
1) producing the actions when two interfaces are available at the station end and another
(Head 2) when three are available. A detailed description of the algorithm is found in
Algorithm 5.6. The reason behind this design decision corresponds to the practical as-
sumption, briefly mentioned in the introduction of this section, that terminals with diverse
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MLO capabilities will coexist. Thus, instead of utilizing two agents handling each case, we
propose to utilize one agent capable of deciding in both circumstances. In such a way, we
can reduce the computational load required to train and run two agents simultaneously.

Dealing with Non-Markovian environments in RL

Reinforcement Learning faces some challenges when dealing with non-Markovian environ-
ments. The reason is that RL main goal is to maximize the reward Rt+1 given a certain
state St and action At as R = E[Rt+1|St, At]. When the previous relationship is not fulfilled
due to partial observability of the Markovian state, the observation state should include
more than one input and utilize a portion of the interaction history [194,195].

Linear Layer 1

LSTM Layer

Linear Layer 2

Head 1 Head 2

(2 interfaces) (3 interfaces)

Inputs

C
om

m
on

 la
ye

rs

Figure 5.11: Network structure used in the Multi-Headed Recurrent Soft-Actor Critic
agent.

In Fig. 5.12, we show an example of the non-Markovian behavior of our environment.
For instance, the reward obtained upon the arrival of Flow 1, r1 is affected by the arrival of
Flow 2. That means that the reward obtained given the action taken upon Flow 1 arrival
is affected as well by the action taken upon Flow 2 arrival as well. Such behavior violates
the assumption of being in the presence of an MDP. To solve the aforementioned issue,
we include as the first layer of the model’s structure of the MH-RSAC a Long Short-Term
Memory (LSTM) neural network as shown in Fig. 5.11. In addition, we add two more
linear layers after the LSTM layer.
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Algorithm 5.6 Multi-Headed Recurrent Soft-Actor Critic
1: Initialize actor’s policy ϕ, critic’s Q-function parameters θ1, θ2 and experience replay

buffer D. Set critic’s Q-target function equal to main parameters θ̂1 ← θ1 and θ̂2 ← θ2.
op ∈ {min, avg} corresponds to the operator, Lper the update periodicity, nup number
of updates per learning step and ρ ∈ [0, 1] is the Polyak factor.

2: for environment step t← 1 to T do
3: Observe state s = [Co

1 , C
o
2 , C

o
3 , Of , Tid] and select action for each head ah1,2 ∼

π
h1,2
ϕ (·|s)

4: Execute a in the environment
5: Observe next state s′ and reward r
6: Store (s, a, r, s′) in experience replay buffer D
7: if t mod Lper = 0 then
8: for n← 1 to nup do
9: Randomly sample a batch of transitions with size B from D

10: Compute targets for the Q-functions (Critic) for each head h1,2:
y1,2(r, s

′) = r + γ
(
opk=1,2Q

h1,2

θ̂1,2
(s′, ã

′h1,2)− α log π
h1,2
ϕ (ã

′h1,2|s′)
)

where ã′h1,2 ∼
π
h1,2
ϕ (·|s′)

11: Update Q-functions (Critic) considering each head h1,2:
L
h1,2
1 (θ1,D) = E(s,a,r,s′)∈B[(Q

h1,2
θ1

(s, ah1,2)− y1(r, s′))2]
L
h1,2
2 (θ2,D) = E(s,a,r,s′)∈B[(Q

h1,2
θ2

(s, ah1,2)− y2(r, s′))2]
12: L(θh1,2 ,D) = L

h1,2
1 (θ1,D) + L

h1,2
2 (θ2,D)

13: Update policy (Actor) considering each head h1,2:
L
h1,2
1 (ϕh1 ,D) = E(s)∈B[opk=1,2Q

h1,2

θ̂1,k
(s, ã

′h1,2)− α log π
h1,2
ϕ (ã

′h1,2|s′)]
L
h1,2
2 (ϕh2 ,D) = E(s)∈B[opk=1,2Q

h1,2

θ̂1,k
(s, ã

′h1,2)− α log π
h1,2
ϕ (ã

′h1,2|s′)]
14: L(ϕh1,2 ,D) = L

h1,2
1 (ϕh1 ,D) + L

h1,2
2 (ϕh2 ,D)

15: Finally, update Q-functions target networks with Polyak averaging:
θ̂i ← ρθ̂i + (1− ρ)θi for i = 1, 2

16: end for
17: end if
18: end for
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Figure 5.12: Non-Markovian nature of the scenario: Rewards are not only dependent on
the current state but affected by other arrival flows.

State space selection

As discussed in previous subsections, the environment is modeled as a Partially Observable
Markov Decision Process (POMDP), thus a sequence of the observation space is considered
instead of one instance. The state space is defined as:

st = [{Co
1,t−W , C

o
2,t−W , C

o
3,t−W , Of,t−W , Tid,t−W},

{Co
1,t−W−1, C

o
2,t−W−1, C

o
3,t−W−1, Of,t−W−1,

Tid,t−W−1}, ..., {Co
1,t, C

o
2,t, C

o
3,t, Of,t, Tid,t}],

(5.57)

where W corresponds to the size of the interaction window, Co
1 , C

o
2 , C3 the occupancy

of 2.4 GHz, 5 GHz and 6 GHz interface, respectively, Of the ratio of active flows and
Tid corresponds to the type of the upcoming flow. Furthermore, we define Of and Tid,
respectively as:

Of = Af/NA, (5.58)

where Af corresponds to the number of stations receiving traffic flows andNA is the number
of stations attached to the corresponding AP.

Tid =


0.33 if UHD/4K traffic,
0.66 if VR traffic,
1 else WB traffic

(5.59)
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Action space selection

In this subsection, we proceed to describe the action space of the MH-RSAC scheme. As
discussed in subsection 5.3.2, the MH-RSAC structure is comprised of two heads: one
providing the action output when two interfaces are available and another for the case
when three are. Thus, the action space can be defined as:

at =



ah1,t = [{a1,t−W , a2,t−W},
{a1,t−W−1, a2,t−W−1}
, ..., {a1,t, a2,t}], if nf = 2,

ah2,t = [{a1,t−W , a2,t−W , a3,t−W},
{a1,t−W−1, a2,t−W−1, a3,t−W−1}
, ..., {a1,t, a2,t, a3,t}], if nf = 3

(5.60)

where ak∈{1,2,3} refers to the fraction of the total flow traffic to be allocated to each available
interface.

Consequently, the action space size of each head is calculated as the number of permu-
tations of the possible fractions that sum to one. The previous number is obtained using
the well-known combinatronics “stars and bars” technique [196]. The size of each head can
be calculated as:

|A|h2=
(n+ 1)!

n!
, (5.61)

|A|h3=
(n+ 2)!

2!n!
, (5.62)

where n = 10. The previous n value is chosen based on the discretization of the maximum
flow traffic distribution value using a 0.1 interval. After the substitution of n, we obtain
|A|h2= 11 and |A|h3= 66.

Reward function

The reward function in the t-th episode is defined as:

Rt = 1−Davg
t , (5.63)

where Davg
i corresponds to the average throughput drop ratio observed by the mth AP. In

addition, we scale the reward to [−1, 1].
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Reward function with hindsight

In [197], the authors present a buffer technique called Hindsight Experience Replay (HER)
that allows the successful application of model-free RL algorithms in environments charac-
terized by sparse rewards. The idea involves the usage of goals states to improve the sample
efficiency and convergence. Differently from the previous work, we propose to utilize goals
not in the state space but in the reward function itself. Thus, we define the term goal
reward as the threshold in which given a reward from the environment a penalization is
applied to the composite reward function as described as follows:

Rh
t =

{
Rt if Davg

t < DTOL,

−1 otherwise,
(5.64)

where DTOL corresponds to a hindsight reward based on baseline results or expert knowl-
edge. The intuition behind the before mentioned formulation relies on the more number
of times the agent obtains a reward worse than the goal reward given an action a, the
stronger the indication that the action taken was not positive given an observed state.
Eventually, the agent will be able to learn from those undesired actions and start learning
from the desired ones.

Complexity Analysis

The complexity of our proposed MH-RSAC scheme corresponds to the complexity of the
neural network comprising the SAC base algorithm. Thus, the training complexity is
O(H · W · |D|

B
· T ), where H represents the learning update periodicity, W the number

of updates per session, |D| the buffer size, B the batch size and O(T ) denotes the time
complexity of a single iteration. This means that increasing the frequency of updates
(decreasing H) or the number of updates per sessionW increases the overall complexity. A
larger buffer |D| increases complexity linearly, while larger batch sizes B reduce complexity
proportionally. More training steps T increase the complexity linearly.

Baselines: SLCI and MCAA

In this work, we compare our proposed scheme with two non-RL approaches described
in [115].

Single Link Less Congested Interface (SLCI): The traffic is allocated to the less
congested interface.

141



7.5 10.0 12.5 15.0 17.5

Identified frame inter-arrival time (ms)

0.0

0.2

0.4

0.6

0.8

1.0

C
D

F
CDF Burr Normal: α = 10.56,
c = 19.21, k =0.13

CDF Burr 54 Mbps: α = 10.38,
c = 26.11, k =0.12

CDF Burr 40.5 Mbps: α = 9.82,
c = 28.88, k =0.13

CDF Burr 27 Mbps: α = 9.78,
c = 29.49, k =0.13

Figure 5.13: Identified frame inter-arrival time CDF

Multi-Link Congestion-aware Load balancing at flow arrivals (MCAA): The
traffic is distributed among the available interfaces given the observed occupancy per in-
terface at the AP.

Note that, in a recent letter [116] the authors have presented a dynamic traffic allocation
proposal. However, different than the baselines and our proposed approach, such a policy
could modify the flow distribution over the available interfaces periodically without the
constraint of only doing so upon an incoming flow.

5.3.3 Traffic considerations

As previously mentioned, IEEE 802.11be aims to respond to the increasing demand for
high-throughput services. Among them, we encounter Virtual Reality (VR). In [190], the
authors present an empirical model based on two campaigns of VR gaming data measure-
ments. The first campaign is run using a VR game (“Beat Saber”) on a local server and
the second on a cloud server, respectively. In both cases, the frame size and frame inter-
arrival time are measured using Wireshark. Results showed that the frame size behaved as
a log-logistic distribution and the frame inter-arrival time as a Burr distribution. In this
work, we utilize the cloud server model and derive the Cumulative Distribution Functions
(CDF) to be utilized as one of our simulation traffic flows. The derivation of the inverse
of the CDF for the frame inter-arrival time and frame size is described below:
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Ffs(x) =

∫ ∞
0

e
ln(x)−µ

σ

σx(1 + e
ln x−µ

σ )2
dx = − 1

e
ln(x)−µ

σ + 1
+ C, (5.65)

where Ffs corresponds to the frame size CDF, µ and σ are the statistical model parame-
ters of the loglogistic distribution and C a constant related to the mathematical integration.
Finally, the inverse of the CDF in bytes is:

F−1fs (y) = eµ(− y

y − 1
)σ[bytes]. (5.66)

The frame inter-arrival time can be described as follows:

Fft(x) =

∫ ∞
0

kc
a
(x
a
)c−1(

1 + (x
a
)c
)k+1

dx = − 1(
(x
a
)c + 1

)k + C, (5.67)

where Fft corresponds to the frame inter-arrival time CDF, k, a and c are the statistical
model parameters of the Burr distribution. The inverse of the CDF in ms is:

F−1ft (y) = a
c

√
k

√
1

1− y − 1[ms]. (5.68)

Finally, the VR flow size in Mbps can be calculated as:

fV R(y) =
F−1fs (y)

F−1ft (y)
[Mbps], (5.69)

143



0 50 100 150 200

Episodes

0.25

0.30

0.35

0.40

0.45

Th
ro

ug
hp

ut
  D

ro
p 

Ra
tio

MH-RSAC (Qavg, Rh)

MH-RSAC (Qmin, Rh)

MH-RSAC (Qavg, Rnh)

MH-RSAC (Qmin, Rnh)

0 50 100 150 200

Episodes

0.2

0.3

0.4

0.5

0.6

R
ew

ar
d

0 50 100 150 200

Episodes

−0.8

−0.6

−0.4

−0.2

0.0

0.2

R
ew

ar
d

(a) (b) (c)

Figure 5.15: Reward and TDR convergence for the “avg”, “min” operator of the MH-
RSAC’s variants in the U2 scenario: (a) Reward with hindsight (Rh), (b) Reward without
hindsight (Rnh) and (c) TDR convergence.

where y is randomly sampled as y ∼ U(0, 1]. In Fig. 5.13 and 5.14, we present the VR
CDFs for the frame inter-arrival and frame size considering AP bandwidth throttling of 54
Mbps, 40.5 Mbps and 27 Mbps and no AP throttling (Normal), respectively. Note that
only downlink traffic is considered and all traffic flows are modeled as a single Constant
Bit Ratio (CBR) flow. For this work purpose, the VR traffic generated corresponds to
the non-throttling case (Normal). Besides the VR traffic, we assume the coexistence of
two more traffic flows. One depicting an HD/4K flow with a size of f4K ∼ U(7, 25) Mbps
and a web browsing traffic with a size of fWB ∼ U(1, 3) Mbps. At the beginning of each
simulation, the data flow types are distributed among the stations attached to their AP as
follows: {WB: 0.8, V4K: 0.1, VR: 0.1}.

5.3.4 Performance evaluation

Simulations are performed using the flow-level simulator Neko 802.11be [115] and Pytorch-
based RL agents. The communication between the simulator and the RL agents is done
using the ZMQ broker library.

Simulation Settings

Simulation settings and RL parameters utilized in this work are depicted in Table 5.8
and 5.9, respectively. Furthermore, we consider two load distribution scenarios: U1 with
number of users attached to its corresponding AP, NA ∼ U(15, 20) and U2 with NA ∼
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Table 5.8: Network settings

Parameter Value

IEEE protocol 802.11be

Channel Bandwidth 20 MHz/40 MHz/80 MHz/160 MHz

Carrier Frequency (fc) 2.437 GHz/5.230 GHz/6.295 GHz

Max Modulation/Max
Modulation Coding Scheme

4096 QAM/MCS 13

Number of APs 5

Number of Stations per AP U1 : NA ∼ U(15, 20), U2 : NA ∼ U(20, 25)
Max Spatial Streams 16

Propagation Loss Model Pl(d) = 40.05 + 20log(fc/2.4) + 20log(min(d, 10))+

(d > 10) ∗ 35log(d/10) + 7W

Data Flow Types Web browsing (WB), Video 4K (V4K), Virtual Reality
(VR)

Data Flow User Distribution WB: 0.8, V4K: 0.1, VR: 0.1

AP/STA Noise Figure 7 dB

AP/STA Transmission Power 20/15 dBm

CCA threshold -82 dBm

Packet Error Rate 10%

U(20, 25). In the next subsection, we will discuss the performance results of the proposed
scheme.

Simulation Results

We present the performance results of our proposed scheme in terms of convergence, FS
per interface, and TDR. Figure 5.15 shows the convergence behavior of the U2 scenario for
the SAC variants proposed in this work. The figures that depict the scenario U1 are not
shown in this work, as they show similar information. Figure 5.15 (a) shows how the “avg”
operator outperforms the “min” operator when the reward with hindsight is considered.
Conversely, the previous behavior does not repeat when the rewards without hindsight are
utilized as shown in Fig. 5.15 (b). Finally, we show the convergence in terms of TDR
for the four variants in Fig. 5.15 (c) where the best convergence is achieved when the
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Figure 5.16: (a) Throughput Drop Ratio (TDR) per load distribution U1 and U2 and
Flow Satisfaction (FS) per traffic for Video HD/4K (V4K), Virtual Reality (VR) and Web
Browsing (WB) per load distribution (b) U1 and (c) U2

“avg” operator with rewards with hindsight is used. The previous results confirm that
the goal rewards strategy proposed in this work affects positively the learning process in
non-Markovian scenarios.

Furthermore, in Fig. 5.16 we present the results in terms of TDR and FS per traffic type
for U1 and U2 scenarios, respectively. In Fig. 5.16 (a), we show the TDR performance
of the MH-RSAC scheme with “avg” operator and rewards with hindsight and the two
baselines: SLCI and MCAA. Consequently, we observe that the MH-RSAC scheme offers
a gain of 34.2% and 35.2% when compared with the SLCI algorithm and 2.5% and 6%
when compared with the MCAA algorithm for the U1 and U2 scenarios, respectively.
Additionally, we present a comparison in terms of FS per traffic type in Fig. 5.16(b) and
(c). For instance, in Fig. 5.16 (b) we can see that the MH-RSAC scheme’s gains for the
V4K traffic around 1% but when it comes to the VR traffic which is a more throughput-
hungry service SLCI is not capable to perform positively with a reduction of 25.6% in terms
of FS. Moreover, for the dynamic WB traffic, the MH-RSAC scheme shows an improvement
of 2.5% and 4% over the SLCI and MCAA algorithms. In a similar fashion in Fig. 5.16
(c), we obtain a gain of 21% and 3% for the VR traffic and 3.2% and 6% for the WB
traffic of the MH-RSAC algorithm over the two baselines SLCI and MCAA, respectively.
To sum up, we can see that MH-RSAC is capable of distributing high throughout traffic
over multiple links and also responding efficiently to more dynamic traffic types like Web
Browsing.
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Table 5.9: Reinforcement Learning settings

Parameter Value

Actor learning rate 1e−4
Actor final layer activation

function
Softmax

Critic learning rate 1e−3
Critic final layer activation

function
None

Linear hidden layers [64, 64]

Window (W ) 10

Tau (τ) 5e−3
Discount rate 0.99

Gradient clipping norm 1

Weight initializer Xavier

Batch size 512

Learning updates periodicity
(H)

50 steps

Learning updates per
learning session (W)

10

Automatic entropy tuning Enabled
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5.4 Channel Selection for Wi-Fi 7 Multi-Link Operation
via Optimistic-Weighted VDN and Parallel Transfer
Reinforcement Learning

Recent IEEE 802.11 Wireless Fidelity (Wi-Fi) documentation introduces a new standard
named 802.11be EHT –Extremely High Throughput– or Wi-Fi 7, which will become the
replacement for the former 802.11ax amendment. The release of the final draft is expected
by May 2024 [155] adding to the new set of modifications a modulation rate increase of
up to 4096 QAM, channel bandwidth up to 320 MHz, and more importantly the addition
of Multi-Link Operation (MLO) and Multiple Resource Units (MRU) capabilities [198].
These new features will allow Wi-Fi technology to adapt to the continuously increasing
demand in terms of throughput and low-latency services such as Virtual Reality, Live
Streaming, and Ultra-High Definition video in dense deployments.

6 GHz

5 GHz

2.4 GHz

Channel selection 
for 2.4 , 5,  6 GHz? Channel selection 

for 6 GHz?

Channel selection 
for 5 GHz?

Channel selection 
for 2.4 GHz?

Figure 5.17: Instead of utilizing one Multi-Agent System (MAS) where each agent provides
a joint action selection for all interfaces, in the context of MLO, we divide it into three
MASs. Each MAS provides an action selection per interface and parallel transfer learning
is leveraged to improve learning.

In this work, with the aid of Fig. 5.17 we raise the following question: Is it beneficial
to transfer knowledge in a parallel fashion among MASs? To do so, we propose dividing
a complex problem into less complex ones to enable the utilization of Parallel Transfer
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Reinforcement Learning (PTRL) methods. Thus, we study PTRL to improve channel
selection in the context of MLO in IEEE 802.11be. MLO adds an extra dimension to chan-
nel selection in IEEE 802.11 networks since it permits Multi-Link Devices (MLD)s such as
terminals and Access Points (APs) to use their available interfaces for multi-link commu-
nications. This means that not only channel selection should be performed concurrently in
one interface, say 2.4 GHz; but this procedure needs to be repeated for the rest of the in-
terfaces. Specifically, we propose leveraging Multi-Agent Reinforcement Learning (MARL)
and PTRL to optimize channel selection in IEEE 802.11be MLO-capable networks. MARL
has been brought to the attention of the wireless networks research community due to its
realistic approach [29]. In addition, transfer learning has also proven its applicability and
positive implications in improving learning convergence and Key Importance Indicators
(KPIs) in wireless networks based on RL multi-agent solution [44]. However, in this work,
we utilize a less explored area of transfer learning called parallel transfer learning that pro-
poses concurrent knowledge transfer without the source/target paradigm of the well-known
sequential transfer learning. More specifically we put our interests on parallel transfer re-
inforcement learning among Multi-Agent Systems (MASs). To enable Machine Learning
(ML)-based technology in Wi-Fi, a project named OpenWiFi [78] proposes disaggregating
the Wi-Fi technology stack by utilizing open-source software for the Access Point (AP)
firmware operating system. Such technology enables the integration of diverse cloud-based
services in ML-based applications like the one proposed in this work.

In subsection 5.4.1 a brief system model is described. Subsection 5.4.2 introduces
the proposed scheme Parallel Transfer Reinforcement Learning Optimistic-Weighted VDN
(referred to as oVDN) and its design considerations, including the PTRL methods and the
Markov Decision Process (MDP). Finally, subsection 5.4.3 presents a study of the proposed
scheme’s performance.

5.4.1 System Model

In this work, we utilize an IEEE 802.11be network with a predefined set of M APs and N
stations attached per AP. All APs are MLO-capable with a number of available interfaces
nf . All APs and stations support up to a maximum of 16-SU multiple-input multiple-
output (MIMO) spatial streams. The path loss model corresponds to the enterprise model
described in [191]. In addition, we consider an adaptive control rate based on Signal-to-
Interference-Noise Ratio (SINR) with a maximum 4096 QAM modulation rate.
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Figure 5.18: Overview of the oVDN algorithm

5.4.2 Parallel Transfer Reinforcement Learning Optimistic Weighted
VDN (oVDN)

In this subsection, we discuss the details and considerations taken in the design of the
Parallel Transfer Reinforcement Optimistic Weighted VDN (oVDN) architecture.

Optimistic Weighted VDN

In their paper, Rashid et al. [71] propose two weighting schemes to improve the QMIX
algorithm, which was originally introduced in [199]. QMIX is a fully cooperative algorithm
that performs value function factorization among agents, similar to VDN. However, in-
stead of using an additive approach for mixing strategies, QMIX employs hypernetworks
that enforce monotonic Q-function behavior. One limitation of QMIX is that it assumes
equal importance among actions, which can lead to suboptimal policies. To address this
issue, the authors introduce Optimistically-Weighted QMIX, which assigns weights to each
Q-function, allowing for better joint actions. Based on this idea, we modify the VDN algo-
rithm to add importance among agents following the weighting as described in previously
in equation 2.13.
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Multi-Agent Parallel Transfer Reinforcement Learning (MA-PTRL)

In this work, to the best of our knowledge, we introduce for the first time PTRL for
cooperative inter-multi-agent systems. We identify two PTRL types: Intra-PTRL that
corresponds to the scenario where agents in a MAS concurrently transfer knowledge and
inter-PTRL where transfer learning occurs concurrently among MAS systems. Employing
this technique can have several benefits and direct implications on the definition of the RL
problem such as reduction of the action and state space as well as convergence and learning
improvement. However, the MASs involved in any PTRL application must have an inner
relationship to obtain the expected behavior as needed in sequential transfer learning.
Moreover, a careful design must be taken in the MDP definition to avoid negative transfer.
For example, we realize that scaling rewards among MAS systems does have an impact on
the effectiveness of Multi-Agent Parallel Transfer Reinforcement Learning (MA-PTRL). In
the next subsection, we introduce the PTRL methods used in this work.

Parallel Transfer Learning (PTRL) Methods

PTRL is a challenging technique due to its inherent online characteristics. Despite the
benefits previously mentioned, the lack of a source-target task relationship enforces a care-
ful transfer design. Differently from other works, we utilize PTRL to improve convergence
and alleviate the action/state space large dimensionality that a centralized multi-agent RL
problem definition could suffer.

Let’s consider the existence of M MASs that will concurrently transfer knowledge
among them. As observed in Figure 5.18 and Algorithm 5.7, we utilize two PTRL tech-
niques in the context of cooperative MARL: (1) MAS Joint Q-function Transfer and (2)
MAS Best/Worst Experience Transfer. Each of the previously mentioned techniques can
be summarized as follows:

MAS Joint Q-function Transfer: As the name indicates the average joint Q-
functions (Qtot) of the set {M \ m} are used in the training stage of each MAS. Thus,
the loss function for the mth MAS can be written as follows:

y = r + γ(Qm
tot + σ

1

|M \m|

M\m∑
i

Qi
tot), (5.70)

L = w(o, u)([Q̂m
tot + σ

1

|M \m|

M\m∑
i

Q̂i
tot]− y)2, (5.71)
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Algorithm 5.7 Parallel Transfer Reinforcement Learning Optimistic-Weighted VDN
(oVDN)
1: Let M be the set of multiagent VDN systems. For each mth ∈ M VDN, initialize the agents’ target and evaluation

recurrent policies θ and θ′, respectively. Set initial hyperparameters and set experience buffers D and Dep.
2: for environment step t← 1 to T do
3: ut = {}
4: for each VDN m do
5: for each agent i do
6: Observe state sm,i

t = {am,i
t , im} and append to τm,i,a

t = τm,i,a
t−1 ∪ {(sm,i

t , um,i
t−1)}

7: ϵm,i
t = ϵm,i

t − ϵd if ϵm,i
t − ϵd > ϵmin else ϵmin

8: Select joint action:

um,i,a
t =


argmax

u
m,i,a
t

[πm,i(τm,i
t , um,i,a

t ; θm,′ )] if ϵ ≥ N (0, 1),

random action from I(0, |U |m);

|U |m⊂ Z+ otherwise

9: end for
10: ut = ut ∪ um,a

t
11: end for
12: Execute ut in the environment
13: for each VDN m do
14: for each agent i do
15: Observe next state sm,i

t+1 and reward rm,i

16: end for
17: Dm = Dm ∪ {(om

t ,u
m,a
t , rmt ,om

t+1)}
18: Dm

ep = Dm
ep ∪ {(om

t ,u
m,a
t , rmt ,om

t+1)}
19: end for
20: if t mod nsteps = 0 then
21: for each VDN m do
22: # (1) Transfer Qtot among MAS.
23: yB = rB + γ(Qm

B,tot + σ 1
2

∑M\m
n Qn

B,tot)

24: L(θm) =
∑B

b=1(w(ob,ub)([Q̂
m
b,tot + σ 1

2

∑M\m
n Q̂n

b,tot]− yb)2

25: θm ← θm,′

26: for each VDN n ∈ {M \m} do
27: #(2) Transfer best and worst experiences among MAS.
28: {(smt ,um,a

t , rmt , smt+1)}g = sortg(Dn
ep, ng)

29: {(smt ,um,a
t , rmt , smt+1)}b = sortb(Dn

ep, nb)

30: Dm = Dm ∪ {(smt ,um,a
t , rmt , smt+1)}g ∪ {(smt ,u

m,a
t , rmt , smt+1)}b

31: end for
32: if Dm > Bs then
33: Randomly sample a batch of transitions B with size Bs from Dm

34: for each batch b ∈ B do
35: Qm

{1..|M|}b
= πm(τmb , umb ; θm,′ )

36: Qm
b,tot = µ(Qm

{1..|M|}b
)

37: Q̂m
{1..|M|}b

= πm(τmb , umb ; θm)

38: Q̂m
b,tot = µ(Q̂m

{1..|M|}b
)

39: end for
40: Reset all Dep buffers
41: end if
42: end for
43: end if
44: end for
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where σ is a tunable transfer weight, Qtot and Q̂tot are target and evaluation Q-functions,
respectively. Transferring the Q-function values can help to improve convergence since it
suggests a consensus on the set of actions that are being selected by the MASs comprising
the PTRL scheme.

MAS Best/Worst Experience Transfer: This approach relies on the nature of
offline RL algorithms that utilize an experience replay as part of their policy training.
Intuitively, the best and worst experiences contribute to the final agent’s action selection
policy because the best action will receive higher rewards than the worst ones. Specifically,
we gather during each episode, for each mth MAS, ne number of sample experiences and
store them in a temporal buffer Dep. As indicated in Equations (5.72)-(5.73), we sort
(ng, nb) < ne samples ranking the best and worst experiences based on the ones with
higher and lower rewards, respectively.

{(smt ,umt , rmt , smt+1)}g = sortg(Dmep, ng), (5.72)

{(smt ,umt , rmt , smt+1)}b = sortb(Dmep, nb), (5.73)

DM\m = DM\m ∪ {(smt ,um,at , rmt , s
m
t+1)}g ∪ {(smt ,um,at , rmt , s

s
t+1)}b, (5.74)

where smt , smt+1, rmt and umt corresponds to the state, next state, team reward, and joint
action, respectively. Finally, we append both experiences to the global buffer as indicated
by Equation (5.74).

State space selection

The state space is defined as follows:

sn(t,f) = {an(t−1),f , hn(t−2),f , AP n
id}, (5.75)

where an(t−1),f corresponds to the last action taken, hn(t−2),f the history action taken before
it and the APid corresponds to the ID of nth AP. The first two terms help to alleviate
partial observability via the utilization of the Gated Recurrent Unit (GRU) layer in the
Q-function as observed in Figure 5.18. The previous definition refers to the action space
of a single agent in any of the MASs of our algorithm.
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Figure 5.19: MCS ECDFs comparison per interface frequency of three variants of transfer:
oVDN, oVDNb and oVDNg, indicating transfer best and worst, only best and only worst
experiences, respectively.

Action space selection

In this subsection, we present the proposed general action space:

an(t,f) = {1, ..., c(max,f)}, (5.76)

where c(max,f) corresponds to the maximum number of channels per interface frequency
and f ∈ {2.4, 5, 6} GHz indicates the frequency of each of the MASs utilized in this work.
As specified before, the current definition indicates the action space of a single agent of
any of the defined MASs. Finally, the action space’s size corresponds to |at,f |!.

Reward function

The general reward function for the mth MAS can be defined as follows:

rmt = min(mcs1f , ..., mcs
|N |
f ), (5.77)

where mcs ∈ {0, 1, ..., 13} indicates the corresponding mapped Modulation Code Selection
(MCS) index given the measured SINR. The SINR comprises the effect of all APs and
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Figure 5.20: MCS ECDFs comparison per interface frequency of the non-PTRL and our
proposal using best experience transfer.

stations considered during the simulations. The mentioned mapping is done according
to IEEE 802.11be which employs a similar MCS-SINR mapping as IEEE 802.11ax. In
addition, we scale the reward to [−1, 1].

Special consideration is taken in the context of channel selection in IEEE 802.11be for
the MA-PTRL proposed scheme regarding the definition of the rewards. Evidently, Q-
functions depend on the rewards acquired during the interaction of the environment, and
as discussed in subsection 5.4.2, Q-functions are used as part of the information transferred.
Thus, different reward scales can provoke some of the MASs comprising the MA-PTRL
algorithm can impose their action selection policy. Specifically, we realize that MCS selec-
tion according to the SINR ranges varies depending on the interface frequency and channel
bandwidth. Thus, we scale the rewards received by each MASs. Notice that this consider-
ation must only be taken when there is a scaling difference between MASs’ rewards in any
PTRL use case.

5.4.3 Performance evaluation

Simulations are performed using the flow-level simulator Neko 802.11be [115]. The bidirec-
tional communication between the environment simulated in Neko and the Pytorch-based
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Figure 5.21: Gain Θ comparison per AP and interface frequency (a) oVDNg and VDN,
(b) oVDNg and VDN-nonQ, (c) oVDNg and non-PTRL. The blue and red area indicates
what technique offers the best performance.

RL scheme is performed via the ZMQ broker library.

Simulation Settings

RL parameters and simulation settings are described in Table 6.2 and 6.3, respectively.
Furthermore, we consider the scenario where there are |N |∼ U(25, 40) users attached to
each AP, and the AP’s locations are unknown, thus solely relying on RF feedback from the
environment. In addition, 80% of the users are positioned randomly in a radius r ∼ [1− 8]
m and 20% within a radius of r ∼ [1 − 3] m. In the next subsection, we will discuss the
performance results of the proposed scheme.

Simulation Results

We present the performance results of our proposed scheme in terms of MCS ECDF,
ECDF gain, and convergence, among the baselines and the best PTRL variant. Figure
5.19 shows the MCS ECDFs of three different variants based on what type of experiences
are being transferred. The results show that the ECDF of the scenario, where only the best
experiences are transferred (oVDNg), contributes more positively to the channel selection
and thus, higher MCS is obtained. Interestingly, only transferring the worst examples offers
better performance than transferring both types of experiences. The reason behind this
behavior could be explained by the fact that we utilize a fixed number of worst and bad
experiences and a weighted approach could be the best alternative to use. Additionally,
in Fig. 5.20, we present the results in terms of MCS ECDFs for the centralized baseline
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Table 5.10: Reinforcement Learning Settings.

Parameter Value

Training steps 1.5e4

Initial ϵ 1

ϵ decay steps 500 steps

ϵ minimum 5e−2
Buffer (D) size 2e3

Batch size 64

Learning rate 8e−3
Discount factor (γ) 0.99

Recurrent Layer hidden
dimension

64

MultiLayer Perceptron
hidden dimension

64

Weight initializer Orthogonal

Deep Q-Network structure Double Q-networks

Optimistic Weight α 0.1

Number of MASs 3, (2.4, 5, 6) GHz

Reduced buffer (Dep) size 50

Best/Worst transferred
experiences

20%|Dep|

Transfer weight (σ) 1
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Table 5.11: Network settings

Parameter Value

IEEE protocol 802.11be

Channel Bandwidth 20 MHz/40 MHz/80 MHz/160 MHz

Carrier Frequency (fc) 2.437 GHz/5.230 GHz/6.295 GHz

Max Modulation/Max Modulation
Coding Scheme

4096 QAM/MCS 13

Number of APs per MAS (N ) 5

Number of Stations per AP NA ∼ U(25, 40)
Max Spatial Streams 16

Propagation Loss Model Pl(d) =
40.05 + 20log(fc/2.4) + 20log(min(d, 10))+

(d > 10) ∗ 35log(d/10) + 7W

AP/STA Noise Figure 7 dB

AP/STA Transmission Power 20/15 dBm

CCA threshold -82 dBm

Packet Error Rate 10%
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Figure 5.22: Reward convergence for oVDN, oVDNg and oVDNb (a) 2.4 GHz, (b) 5 GHz
and (b) 6 GHz
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Figure 5.23: Reward convergence for oVDNg, VDN and non-PTRL (a) 2.4 GHz, (b) 5
GHz and (b) 6 GHz

and the best transfer variant (oVDNg). It can be seen that our parallel transfer solution
offers an important improvement in terms of MCS over the non-parallel baseline in two
interfaces (2.4 and 5 GHz) with MCS in the range of (10− 13) over (8− 11) and a slight
degradation in the 6 GHz interface.

In Fig. 5.21, we illustrate the obtained gain per AP and interface frequency of oVDNg

over three baselines: VDN, VDN-nonQ, and non-PTRL, indicating both types of experience
transfer, absence of Joint Q-function transfer, and the non-PTRL case, respectively. The
gain Θ(GX , GY ) corresponds to the area difference among ECDFs as follows:

Θ(GX , GY ) =

∫
{GY (x)−GX(x)}dx

=

∫
{[1−GY (x)]− [1−GX(x)]}dx

= µX − µY ,

(5.78)

159



where GY and GX correspond to the ECDFs of the compared variants and µX , µY are their
means. The upper blue colored area indicates where the oVDNg performs better than the
baselines and the red area otherwise. Consequently, we observe that the oVDNg offers a
gain up to 3%, 7.2%, and 11% when compared with (a) VDN, (b) VDN-nonQ and (c)
non-PTRL baselines, respectively.

Additionally, we present in Fig. 5.22 a comparison in terms of convergence per frequency
interface among oVDN’s PTRL variants. In (a) and (c) the behavior is similar among the
studied techniques, however in (b) where we show the reward convergence of the 5GHz
interface, we observe an improvement of 33.3% of oVDNg over oVDNb and oVDN, respec-
tively. Finally, in Fig. 5.23, we can see the convergence behavior of our best performer
PTRL algorithm oVDNg, VDN, and a non-PTRL alternative. Our proposal outperforms
the non-PTRL baseline in terms of convergence speed up to 40 episodes and rewards up
to 135%. The previous results can be explained by the non-PTRL or centralized variant’s
action space size. For instance, as discussed in subsection 6.1.2, the action space size of
each MASs in the PTRL algorithm corresponds to |af |N , f ∈ {2.4, 5, 6}, meanwhile the
centralized to |a2.4×a5×a6|N , where a indicates the set of possible actions, the × operator
corresponds to the Cartesian product and N the number of agents. Thus, if |af |= 3, PTRL
offers a reduction of action space in the order of 9N which is quite considerable, especially
when N increases.

To sum up, we can foresee the advantages that can potentially offer a PTRL approach
among MASs such as oVDNg. As observed in our presented results, faster convergence and
better action selection are some of the most immediate benefits. When the decomposition
of a MAS problem is feasible, we advise utilizing PTRL to accelerate and improve RL
performance since typically MARL suffers from slow convergence and non-optimal action
selection.
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Chapter 6

Multi-Agent Reinforcement
Learning-based XR Codec Adaptation

6.1 Extended Reality (XR) Codec Adaptation in 5G us-
ing Multi-Agent Reinforcement Learning with At-
tention Action Selection

The sixth generation (6G) wireless systems are anticipated to drive several new Internet of
Everything (IoE) applications. 6G will be identified mainly by two fundamental character-
istics: self-sustainability and proactiveness [200]. The previous terms refer to the capability
of 6G to perform efficient adaptability and fulfillment of the extreme requirements of the
emerging IoE services. Cloud Gaming (CG) and Extended Reality (XR), including Vir-
tual Reality (VR), Augmented Reality (AR), and Mixed Reality (MR) are considered new
emergent applications in 6G. XR technology has been around for some time, however, its
impact and potential applications have been extended in 6G from the well-known gaming
and smartphone applications to the healthcare industry and other verticals [201]. For this
reason, 3GPP and others have shown their interest in the standardization of XR in 5G since
2016. More specifically, 3GPP release-16 studies VR Quality of Experience (QoE) relevant
metrics for user experience [202]. Furthermore, 3GPP presents, in [203] an introductory
report concerning XR in 5G where 23 possible use cases are presented, altogether with a
standardized 5G QoS Identifier (5QI) mapping to Quality of Service (QoS). In this work,
as indicated in figure 6.1, we utilize a 5G network with User Equipments (UEs) receiving
diverse XR traffic (AR, VR) and CG in the downlink direction. The users report the Key
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Figure 6.1: An AI-powered application server exchanges aggregated KPIs from the BS
and UEs to decide on the proper XR and CG codec parameters to satisfy XR/CG QoE
requirements.

Performance Indicator (KPI) metrics to the base station (BS) to be further aggregated
with BS’s local KPIs and shared with an application server. Afterward, the application
server decides the new optimized codec parameters for the future XR traffic. We propose
the usage of Multi-Agent Reinforcement Learning (MARL) to optimize the codec selection
using cross-layer information. More specifically, we model this problem as a multi-agent
scenario where three agents (AR, VR) and CG will act as a team to maintain fairness and
quality of experience among the XR users. We choose the QMIX (Mixture of Q-Values) al-
gorithm over other centralized-training decentralized-execution (CTDE) methods due to its
proven excellent performance. More specifically, we utilized a modified QMIX algorithm
named Optimistic QMIX and leveraged an attention technique to improve the learning
performance of agents. We compare our attention-based QMIX and oQMIX algorithms
with a state-of-the-art XR loopback mechanism called Adjust Packet Size (APS) [124].
Our results show average gains of oQMIX and QMIX over APS of 30.1%, 15.6%, 16.5%
50.3%, and 17.6%, 13.2%, 11.2%, 7.86% with respect XR index, jitter, delay, and PLR,
respectively.

In subsection 6.1.1 a brief system model is described. Subsection 6.1.2 introduces some
background on Quality of Experience in XR and presents the MDP preliminaries of the
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proposed algorithm and attention mechanism. Additionally, subsection 6.1.4 presents the
simulation results of our proposed scheme as well as the presented baseline.

6.1.1 System Model

In this work, we utilize a 5G network with N XR users receiving downlink traffic from a
BS. The XR traffic is generated from an application server that receives every tw window
of time, feedback from the BS. The BS aggregates its own and users’ KPIs and exchanges
it with the application server. Upon the new feedback, the application server decides the
future XR codec parameters to maintain QoE metrics. Our scenario consists of 3 differ-
ent XR users attached to one BS. To simulate a loaded network, some parameters of the
simulation are adjusted such as the transmission Radio Link Control buffer’s (Unacknowl-
edged Mode) capacity and the available bandwidth. Furthermore, UEs are located within
three rings as in figure 6.2 (a). Finally, the modeled XR traffic complies with the 3GPP
release-17 study [122].

6.1.2 XR Codec Adaptation-based Multi-Agent Reinforcement Learn-
ing

In this subsection, we introduce the details and considerations in the design of the XR
Codec Adaptation Multi-Agent Reinforcement Learning algorithm. We begin by introduc-
ing some background on Quality of Experience in the context of XR and follow with the
specifics of the QMIX algorithm and attention action selection.

Quality of Experience in XR

Quality of Experience (QoE) is a well-known metric in multimedia-related topics. It is
subjective to the observer and thus, difficult to measure objectively. For instance, as
mentioned in [204, 205], QoE can be defined as “the degree of delight or annoyance of the
user of an application or service”.

The Mean Opinion Score (MOS) is one of the methods utilized in the literature to
measure QoE. This metric is calculated by showing different video streams to a group
of observers. The opinions are classified into a rank of five levels where 5 indicates an
excellent quality (imperceptible impairment) and 1 bad quality (very annoying). Despite
the subjectiveness of the metric, some efforts have been made to quantify QoE with Key
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Figure 6.2: (a) Illustration of user locations in three coverage. regions. When users
are located in outer rings the solution becomes harder due to the reduced action set that
satisfies QoE requirements. (b) Overview of the oQMIX algorithm with action prohibition.

Performance Metrics at the Radio Access Network (RAN) level. For instance, in [203]
3GPP identifies the QoS requirements for different XR services. Furthermore, according
to the agreements in 3GPP RAN1 meeting [202], some combinations of Packet Success
Ratio (PSR) and Packet Delay Budget (PDB) should be evaluated to measure QoE in
VR/AR traffic. Based on the previous proposals, in [3] the authors propose a coarse-
grained XR Quality Index (XQI) that consists of a mapping between a subjective metric
such as MOS and 3GPP’s latest documentation. In the following subsection, we introduce
the preliminaries of the attention-based CTDE algorithm oQMIX.

Attention action selection and Slate-Markov Decision Process in QMIX

Action space size corresponds to one of the main challenges at the exploration and ex-
ploitation stages in MARL. This well-known issue is more noticeable in fully-centralized
methods, yet it affects greatly CTDE methods as well. Some techniques have been dis-
cussed in the literature to reduce such dimensionality. Among them, attention mechanisms
offer the capacity to give different levels of importance to different parts of the state space
when deciding on the best action to take [206]. In addition, we model our problem as a
special type of Markov Decision Process (MDP) called Slate-MDP [207]. Such MDP allows
one to select the slate or a set of actions simultaneously rather than selecting a single action
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at a time. The combination of previous techniques allows us to formalize our proposal as:
Definition 1. LetM = ⟨S, U, P,R, Z,O, γ⟩ be an MDP that defines a fully cooperative

Decentralized Partially Observable Markov Decision Process (Dec-POMDP). Let κ : S ×
U l → U . At each environment step, each agent n ∈ N chooses an action un ∈ U l, forming
a joint action ul ∈ Ul. s ∈ S describes the state of the environment. After selecting all
actions, this causes a transition on the environment as P ′(s′|s,ul) : S ×Ul × S → [0, 1].
The team reward is calculated as R′(s,ul) : S × Ul → R and γ ∈ [0, 1) is a discount
factor. Each agent draws individual observations z ∈ Z according to observation function
O(s, a) : S ×N → Z. Now, the tuple

〈
S, U l, P ′, R′, Z,O, γ

〉
is called a slate dec-POMDP

with an underlying MDPM and action-execution κ.
We leverage the attention mechanism by selecting a portion of the agent’s observation to

provide an available slate of actions. This can be seen in Fig. 6.2 (b), where we incorporate
an attention filter after the mixing network of the oQMIX algorithm. More specifically,
the transmission RLC buffer capacity ratio (b) is utilized to create a mapping between
certain predefined buffer occupancy ranges and subsets of the action set An

t of the agent
nth at each time step t as follows:

f : An
t → bt (6.1)

This mapping is used in Algorithm 6.1, line 13 by the function Is_Action_Disabled.
This function looks in each time step for the set of disabled actions given the observed
RLC buffer capacity. If the chosen action by the policy is in such a set, then the action
selection procedure will repeat. The subsets are adaptively formed by the triggering of the
done condition. The done condition is a well-common Boolean variable that informs when
a game becomes unsolvable in RL. In our case, the done condition becomes true when any
of the XR flows’ throughput becomes zero upon the agent’s action selection.

State space selection

The state space of the nth agent of the multi-agent system is defined as follows:

snt = {a(t−1), b
RLC
t , pXRt }, (6.2)

where a(t−1) is a vector containing the team’s previous codec parameter selection, bRLCt

the RLC buffer occupancy at the BS and the pXRt corresponds to Packet Delivery Ratio
(PDR) of of any of the traffic flows where XR ∈ {AR, V R,CG}. The first term helps to
alleviate partial observability via the utilization of the Gated Recurrent Unit (GRU) layer
in the Q-function as observed in Figure 6.2. The previous definition refers to the action
space of a single agent in any of the MASs of our algorithm.
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Action space selection

In this subsection, we present the proposed general action space:

aXRt = {dXRmin, dXRmin +
dXRmax − dXRmin
Ko − 1

, ..., dXRmax}, (6.3)

where dXRmin and dXRmax are predefined maximum and minimum values of the codec data rate
values per XR traffic, respectively. The maximum and minimum values are defined in table
6.3.

Reward function

The reward function is carefully designed to satisfy QoE requirements. It is modeled as a
team reward and can be defined as follows:

rt = min(R̂XR
t ), (6.4)

where R̂XR
t is a vector comprising the reward of all the agents forming the team, XR ∈

{AR, V R,CG} corresponds to the three types of codec adaptation agents.

The individual reward of any of the XR codec agents can be defined in time t as:

RXR
t =

{
rXQIt if ∄x ∈ T̂t : x = 0

−1 otherwise,
(6.5)

rXQIt =



1 if pXRt ≥ 99% and dXRt ≤ 7

0.75 if pXRt ≥ 99% and 7 ≤ dXRt ≤ 10

0.5 if pXRt ≥ 95% and dXRt ≤ 13

0.25 if pXRt ≥ 95% and 13 ≤ dXRt ≤ 20

0 otherwise.

(6.6)

We present a reward that considers the XR Quality Index metric referred in [3] and
section 6.1.2. The previously mentioned values are summarized in Table 6.1.

In addition, as indicated in equation (6.5) we penalize the event when after a selected
combination of codec parameters by each agent any of the XR throughput flows (vector
T̂t) becomes 0. Furthermore, pXRt and dXRt represent the Packet Delivery Ratio and the
average delay in ms during the observation window of each XR flow.
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Table 6.1: KPI Mapping for XR [3]

XR Quality Index (XQI) PDR (%), PDB (ms)

5 (99, 7)

4 (99, 10)

3 (95, 13)

2 (95, 20)

1 PDR < 95 or PDB > 20

6.1.3 Baselines: Adjust Packet Size Algorithm (APS) and QMIX

In this work, we compare our proposed scheme with one analog XR loopback threshold-
based algorithm approach described in [124] and QMIX presented in [199].

As observed in algorithm 6.2, the codec parameter aXRt is adjusted by observing the
Packet Loss Ratio (PLR), pXRt . The configuration variables lsdec, l

q
dec, linc correspond to PLR

thresholds and amax, amin to the maximum and minimum value of the codec parameter
aXRt , respectively. In addition to the algorithmic baseline APS, we also include the results
obtained by the QMIX algorithm in [199]. QMIX differently from oQMIX does not consider
any Q-value function weighting strategy in the loss calculation.

6.1.4 Performance evaluation

Simulations are performed using the ns-3 New Radio (NR) module in its version 2.3 of
April, 2023 [208]. The previous module known also as NR-Lena is built on top of the
ns-3 simulator and provides simulation for 3GPP NR non-standalone cellular networks. In
addition, we use as an interface between the ns-3 and the Python-based agents the module
ns-3 gym [131].

Simulation Settings

RL parameters and simulation settings are described in Table 6.2 and 6.3, respectively. To
study the impact of distance on the proposed algorithm and existent baseline, the users
are randomly positioned in three different rings r ∈ {100 − 200, 200 − 300, 300 − 400} m
as observed in figure 6.2 (a). The users are randomly positioned within the inner radius of
each of the rings and they maintain random mobility during the length of the simulation
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Figure 6.3: Convergence performance for QMIX: (a) 200 m, (b) 300 m and (c) 400 m and
oQMIX: (d) 200 m, (e) 300 m and (f) 400 m

with a speed of 3 m/s. The transmission RLC buffer’s capacity is limited to 6e4 Bytes. It
is considered an Urban Macro (UMa) channel model with all the nodes in non-line-of-sight
and one bandwidth part with a central frequency of 4 GHz and bandwidth of 20 MHZ. In
the next subsection, we will discuss the performance results of the proposed scheme.

Simulation Results

We present the performance results of our proposed schemes in terms of RL convergence,
% of success, and KPIs as XR index, jitter, delay and PLR versus distance. For each
distance, the data of 10 runs is collected and a 95% confidence interval is considered. In
addition, we show flow-based graphs of the throughput and goodput. It is worth mention-
ing, that the proposed algorithm in [124], APS performs the best among all schemes in
that work. Interestingly, the results obtained in such previous research show that when
channel conditions are bad, the algorithm sends bigger frames. This behavior is undesired
and must be avoided since increasing the XR packet size when the channel conditions are
not favorable due to low Signal-to-Interference-Noise Ratio (SINR) is not the best strat-
egy. Figure 6.3 shows the convergence and % of success for three different distances for
algorithms QMIX and oQMIX, respectively. The success rate is defined as the percentage
of completion of the simulation without triggering the done condition as in algorithm 6.1.
As expected, when UEs are closer to the gNB as in figure 6.3 (a) and (d), the success rate
is almost maximum with a short number of episodes. Meaning, that solving the problem
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Table 6.2: Reinforcement Learning Settings.

Parameter Value

Maximum training steps 30e4

Initial ϵ 1

ϵ decay steps 15e3 steps

ϵ minimum 5e−2
Buffer (D) size 2e3

Batch size 64

Learning rate (α) 8e−3
Discount factor (γ) 0.99

Recurrent Layer hidden dimension 64

MultiLayer Perceptron hidden dimension 64

Weight initializer Orthogonal

Deep Q-Network structure Double Q-networks

Optimistic Weight (αopt) 0.1

The number of layers of hyper-network 2

The dimension of the hidden layer of the
hyper-network

64

Number of agents in the MAS 3

Transmission RLC buffer ranges (b) {0− 0.96, 0.96− 0.97, 0.97− 98

0.98− 0.99, 0.99− 1}
Observation window (tw) 0.5 s

169



Table 6.3: Network Settings

Parameter Value

Wireless network New Radio (NR)

Channel Bandwidth 40 MHz

Central Frequency (fc) 4 GHz

Number of UEs (N) 3

Number of gNB 1

Propagation Loss Model UMa nLos

Numerology 2

gNB Noise Figure 5 dB

gNB Transmission Power 43 dBm

gnB Antenna configuration 4x8

UE Noise Figure 7 dB

UE Transmission Power 26 dBm

UE Antenna configuration 1x1

Max Transmission Buffer Size 60 KBytes

XR and CG traffic
characteristics

AR (3 flows), VR (1 flow), CG (1 flow)

Codec data rate [min,max] AR: [0.5,10], VR: [10,30], CG: [10,30]
Mbps
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when the signal-to-interference and noise ratio (SINR) is low becomes easy for our scheme.
On the other hand, when the distance increases, the problem solution complexity also
grows. This is related to the fact that only a small set of actions will be the ones that
satisfy the requirements imposed by the reward function when stringent requirements are
set. In figure 6.3 (b,e) and (c,f) can be observed that the reward convergence time and
success rate increase considerably for both schemes. However, note that oQMIX offers a
faster convergence with respect to QMIX.

Furthermore, in figure 6.4 we present the results in terms of XR index, jitter, delay,
and PLR. We observe that when UEs are in the 200 and 300 m range, APS, QMIX,
and oQMIX perform similarly in terms of the XR index with a small gain of 1.7% of the
oQMIX algorithm. Conversely, oQMIX and QMIX offer an improvement when the distance
increases in terms of average XR index up to 30.1% and 17.6%, respectively. Concerning
other KPIs of interest, oQMIX and QMIX provide average gains over APS of 15.6%,
16.5% 50.3%, and 13.2%, 11.2%, 7.86% with respect jitter, delay, and PLR, respectively.
In addition, we show in figure 6.4 a detailed comparison of throughput and goodput per
XR flow versus distance. It can be seen in figure 6.4 (a) that the baseline APS, shows
a more aggressive behavior by increasing the throughput. On the contrary, oQMIX and
QMIX present a more conservative decision-making. Moreover, it can be observed in figure
6.4 (b) the performance in terms of goodput of the baseline APS and the proposed RL
schemes. Note that goodput is calculated at the application layer meanwhile, throughput
is calculated at the transport layer. APS shows a slightly better goodput performance,
however this is due to the aggressive behavior of APS increasing the data rate and causing
PLR performance degradation when distance increases. Evidently, the effects of increasing
data rate and the consequent growth of PLR will be more noticeable when the number of
XR users increases.
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Algorithm 6.1 Optimistic Weighted QMIX with attention action selection

1: Let Amb,t be a vector of the set of disabled actions per mth agent, size |b| in step t and T̂t
be the vector of the observable throughput of all the XR flows at step t. Let b be a vector
of predefined transmission RLC buffer’s capacity ranges. Initialize θ and θ′ indicating the
target and evaluation recurrent policies, the parameters of mixing network, agent networks,
and hypernetwork. Set the learning rate α and replay buffer D = {}

2: episode = 0, θ
′
= θ

3: for environment episode e← 1 to E do
4: t = 0, o0 = initial state
5: while done ̸= True and t < steps/episode limit do
6: for each agent m do
7: τmt = τmt−1 ∪ {(ot, ut−1)}
8: ϵ = epsilon-schedule(step)
9: if ϵ ≥ N (0, 1) then

10: randint(1, |U |m); |U |m⊂ Z+

11: end if

12: umt =

{
umt

Q(τmt , umt ) with probability (1− ϵ)

randint(1, |U |m); |U |m⊂ Z+ with probability ϵ

13: if Is_Action_Disabled(umt ,Amb,s) then
14: Go to line 9.
15: end if
16: end for
17: Get reward rt and next state st+1

18: D = D ∪ {(st,ut, rt, st+1)}
19: steps = steps + 1
20: if ∄x ∈ T̂t : x = 0 then
21: done = True
22: Update Amb,s; Amb,s = Amb,s ∪ umt
23: end if
24: end while
25: if |D|> batch-size then
26: b ← random batch of episodes from D
27: for each timestep t in each episode in batch b do
28: Qtot = Mixing-network (Q1(τ

1
t , u

1
t ), . . . , Qn(τ

n
t , u

n
t );

29: Hypernetwork(st; θ))
30: Calculate target Qtot using Mixing-network with Hypernetwork(st; θ

′
))

31: end for

32: L(θ) =
b∑
i=1

[
w (s,u)

(
ytoti −Qtot(τ ,u, s; θ)

)2]
33: ∆θ = ∇θ(L(θ))2
34: θ = θ − α∆θ
35: end if
36: if hard update steps have passed then
37: θ

′
= θ

38: end if
39: end for
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Algorithm 6.2 Adjust Packet Size algorithm
1: Inputs: pXRt and aXRt
2: if pXRt > lsdec and pXRt < lqdec then
3: aXRt = max(aXRt−1 ∗ αsdec, amin)
4: else if pXRt ≥ lqdec then
5: aXRt = max(aXRt−1 ∗ αqdec, amin)
6: else if pXRt < lqinc then
7: aXRt = min(aXRt−1 ∗ αinc, amax)
8: end if
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Figure 6.4: Key Performance Indicators of interest vs. Distance (a) XR index, (b) Jitter,
(c) Delay, and (d) Packet Loss Ratio
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Chapter 7

Conclusion

The ever-growing applications and advancements in Reinforcement Learning underscore its
enduring relevance as a dynamic and influential paradigm in artificial intelligence, promis-
ing continuous innovation and adaptation to address contemporary challenges. On that
note, we have presented in this thesis, the capabilities and opportunities of RL in the
optimization of complex systems such as Wireless Access Networks. Moreover, we have
proposed advanced state-of-the-art RL algorithms to improve processes in two main areas
of Wireless Networks: cellular networks and Wi-Fi. In each case, our algorithms improved
existing solutions and opened the door for new and interesting research areas. In the
following, we summarize the fundamental discoveries of our research.

7.1 RL-based Load balancing and Handover in 4G and
5G Networks

In chapter 3 and the first section, we presented a Clipped Double Q-Learning strategy
that performs load balancing with awareness of QoS metrics. As the main difference from
previous works, our RL method uses a state-of-the-art algorithm and a QoS-aware load
balancing approach enhancing the overall KPI metrics such as throughput, delay, jitter,
and packet delivery ratio. We compared our proposed scheme with two baselines: the tra-
ditional A3 handover algorithm and a resource block utilization-based handover scheme,
named ReBuHa. The results showed an average improvement up to 6.1% and 9.5% in
terms of throughput, 49.8% and 52.9% in terms of delay, 55% and 51% in terms of jitter,
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and 34% and 55.2% in terms of PLR, in comparison to the A3 and ReBuHa algorithms, re-
spectively. Additionally, we evaluated the performance of our scheme under mobility. The
results revealed the importance of performing load balancing while maintaining latency
and CQI metrics. Despite the performance of CDQL in load balancing, we introduced
a multi-agent alternative considering the competition among BSs. Thus, in section 2 we
presented a Multi-Agent Deep Deterministic Policy Gradient with Adaptive Policies and
ranked buffer strategy where BSs compete to achieve load balancing with awareness of QoS
metrics. Our work differentiates from previous approaches mainly with the proposal of a
state-of-the-art adaptive competitive MARL with a continuous action state scheme with
self-supervision capabilities. We compared our proposed method with a baseline (CDQL)
utilized in a previous work that has overcome the performance of traditional handover
algorithms. Although no evident improvement was obtained in terms of throughput, sig-
nificant gain was obtained in terms of average delay with 25.7% and PLR with 28.11%, in
comparison to CDQL scheme. Additionally, an average improvement was achieved in the
execution stage of 70.49% concerning the CDQL scheme.

Later, in section 3 we presented two Reinforcement Learning (RL)-based dual connec-
tivity (DC) solutions that further improve latency metrics in inter-RAT handover. Addi-
tionally, we propose leveraging an initial access cell search algorithm that utilizes context
information to reduce the latency in gNB-UE’s measurement collection. We compared
two RL solutions named Hierarchical Deep Q-Learning (HiDQL) and Clipped Double Q-
Learning (CDQL) with two previously proposed baselines, fixed Threshold to Time (TTT)
and dynamic TTT, obtaining a significant gain in both cases in terms of latency with a
47.6% and 26.1%, for Digital-Analog BF, 17.1% and 21.6%, for Hybrid-Analog BF and
24.7% and 39% for Analog-Analog BF when compared with the baselines’ best results.
Finally, we presented a context-aware mechanism under line-of-sight assumptions and ob-
tained a significant improvement in terms of latency when compared with the case of no
context. As future work, we foresee the integration of the presented context-aware mech-
anism and reinforcement learning to further improve the DC handover mechanism.

7.2 Multi-Agent Team Learning in Virtualized Open
Radio Access Networks (O-RAN)

In chapter 4, we discuss the potential of using MATL to organize intelligence in O-RAN.
We first give an overview of RAN evolution from C-RAN to vRAN to O-RAN, and then
we provide a summary of MAS and MATL and their applications in O-RAN. Addition-
ally, we present a case study on team learning in the O-RAN architecture by comparing
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three schemes, sequential multi-agent deep reinforcement learning (SMADRL), concurrent
multi-agent deep reinforcement learning (CMADRL), and team multi-agent deep reinforce-
ment learning (TMADRL). Simulation results show that team learning via the TMADRL
scheme offers a gain in terms of energy utilization of 29.7% and 59.04% when compared to
SMADRL and CMADRL, respectively. Additionally, TMADRL overperforms CMADRL
and SMADRL in terms of throughput with a gain of 1% and 4.56%, respectively. Finally,
we provide a detailed discussion on challenges, open issues, and future directions for MATL
in O-RAN. As future work, we intend to keep exploring the dynamics of team learning in
the O-RAN architecture and 6G.

7.3 Multi-agent Deep Reinforcement Learning for Next
Generation Wi-Fi Networks

New-generation Wi-Fi networks will serve user-dense and dynamic environments. To sup-
port this reality, the newest amendments include several novel features such as coordinated
spatial reuse and multi-link operation MLO. In chapter 5, we present several RL-based al-
ternatives for the optimization of spatial reuse, traffic allocation, and channel selection in
MLO capable networks.

In the first and second sections, we study specifically spatial reuse. Firstly, we have
proposed Machine Learning (ML)-based solutions to optimize Spatial Reuse (SR) in dis-
tributed Wi-Fi 802.11ax/802.11be scenarios. We have studied if cooperation is indeed
needed for spatial reuse optimization and presented a solution based on transfer learning
to improve the adaptive behavior of our proposal. The proposed algorithm MA-CMAB,
named SAU-Sampling in the cooperative setting, contributes positively to an increase in
throughput and fairness and a reduction of PLR when compared with non-cooperative
approaches. Under dynamic scenarios, transfer learning benefits the SAU-Sampling algo-
rithm to overcome service drops for at least 60% of the total users when utilizing the forget
method. In conclusion, the utilization of the cooperative version of the MA-CMAB to
improve SR in Wi-Fi scenarios is preferable since it outperforms the presented ML-based
solutions and prevents service drops in dynamic environments via transfer learning. In the
second section, we have proposed meta-learning-based improvement for spatial reuse in
distributed cooperative Wi-Fi 802.11ax/be networks by leveraging a Multi-Agent Contex-
tual Multi-Armed Bandit (MA-CMAB). The results have shown that meta-learning can
improve spatial reuse adaptation in terms of convergence for highly dense and dynamic
scenarios when compared to a transfer learning baseline.
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In the third section of this chapter, we delve into traffic allocation in MLO capable
devices. We presented a Soft-Actor Critic (SAC) Reinforcement Learning (RL) agent to
improve performance metrics such as Throughput Drop Ratio (TDR) and Flow Satisfaction
(FS) in IEEE 802.11be MLO capable networks. More specifically, we proposed an agent
named Multi-Headed Recurrent Soft-Actor Critic (MH-RSAC) that is capable of dealing
with different types of Multi-Link Devices (MLD)s. We included the modifications required
in its design such as the “avg” operator to reduce underestimation in the SAC algorithm.
In addition, we acknowledged the non-Markovian nature of the scenario under study and
included two main techniques that involve the usage of Long Short-Term Memory (LSTM)
neural networks and rewards with hindsight. Moreover, we presented the derivation of a
Virtual Reality (VR) traffic to be further utilized in any wireless simulator. We compared
the proposed RL variants in terms of convergence and observed the best performance for
the case of the MH-RSAC with “avg” operator and utilization of rewards with hindsight
(MH-RSAC(Qavg, Rh)). Furthermore, we presented the simulation results of our proposed
scheme and two previously defined baselines named Single Link Less Congested Interface
(SLCI) and Multi Link Congestion-aware Load balancing at flow arrivals in terms of TDR
and FS per traffic type. Results showed that MH-RSAC(Qavg, Rh) outperforms in terms of
TDR the SLCI baseline with an average gain of 34.2% and 35.2% and the MCAA baseline
with 2.5% and 6% in the U1 and U2 proposed scenarios, respectively. Finally, we observed
that our scheme can respond more efficiently to high throughput and dynamic traffic such
as VR and Web Browsing (WB) when compared with the baselines. Results showed an
improvement of the MH-RSAC scheme in terms of FS of up to 25.6% and 6% for the SCLI
and MCAA, respectively.

Finally, in the last section of this chapter, we presented a Parallel Transfer Reinforce-
ment Learning (PTRL) and cooperative optimistic-weighted VDN algorithm to improve
radio and Reinforcement Learning (RL) related metrics such as Modulation Code Selec-
tion (MCS) and convergence speed in IEEE 802.11be channel selection. To the best of our
knowledge, we studied for the first time, PTRL techniques in the context of knowledge
transfer among Multi-Agent Systems (MASs). Specifically, we proposed two techniques
named: MAS Joint Q-function Transfer and MAS Best/Worst Experience Trans-
fer. The previous techniques consist of transferring the joint Q-Function of cooperative
MARL algorithms such as VDN and transferring the best and worst experiences during
each episode. Moreover, we presented a modification to the VDN algorithm taken from
another technique named QMix that allows to weight of the contribution of each agent to
the joint Q-function. Furthermore, we presented the simulation results of our proposed
scheme and analyzed how each PTRL method affects its behavior. Results showed that
the oVDNg offers an important improvement in terms of MCS over the non-parallel base-
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line in two interfaces (2.4 and 5 GHz) with MCS in the range of (10 − 13) over (8 − 11).
Additionally, we present a metric gain to calculate the MCS improvement. We observed
that the oVDNg variant offers a gain up to 3%, 7.2%, and 11% when compared with VDN,
VDN-nonQ, and non-PTRL baselines. In terms of convergence speed among oVDN alter-
natives, we show a reward convergence gain in the 5GHz interface of 33.3% over oVDNb

and oVDN.

7.4 Multi-Agent Reinforcement Learning-based XR codec
adaptation

In chapter 6, we presented a Multi-Agent Reinforcement Learning (MARL) algorithm with
Attention Action Selection to improve Extended Reality (XR) Key Performance Indicators
(KPIs) of interest. More specifically, the proposed algorithm named Optimistic QMIX
(oQMIX) uses attention action selection to reduce the action set comprised by the codec
parameters of the Cloud Gaming (CG) and XR traffics: Augmented Reality (AR), Virtual
Reality (VR). We presented the results in terms of convergence and % of success of three
different scenarios with varying distances. Results showed that when the distance between
the UE and the base station increases, the problem difficulty grows and convergence time
also presents the same behavior. Furthermore, we presented the simulation results of
our proposed scheme and a state-of-the-art baseline Adjust Packet Size (APS). Results
show that oQMIX overperforms APS with an average gain of 30.1.%, 15.6%, 16.5% 50.3%
with respect to XR index, jitter, delay, and PLR, respectively. On the other hand, we
observed that APS presented a more aggressive behavior with the tendency of higher
throughput in all XR flows, increasing packet collisions and packet loss when distance
increased. Conversely, oQMIX presented a more conservative behavior reducing PLR and
maintaining a similar behavior in terms of goodput for both under-study algorithms.

7.5 Challenges and Open Issues

Reinforcement Learning (RL) has shown immense potential for many applications in the
real world. From robotics, game playing, autonomous vehicles, finance, healthcare, Natural
Language Processing (NLP), Recommendation Systems, Energy Management, Marketing
and Advertising, Telecommunications, and many others, RL has provided efficient and
brilliant solutions for many of the most challenging problems in each of those fields. In the
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area of Telecommunications and more specifically, Wireless Area Networks such as cellular
and Wi-Fi, some challenges and open issues need to be addressed to fully use the capacity
of the several existent RL techniques. Some of the challenges and open issues are listed
below:

(i) Inherent RL issues: There are several inherent open issues related to the ap-
plication of RL in any domain. The impact of these issues can vary based on the
environment and the specific technique applied. Throughout the various applications
addressed in this thesis, we have identified general issues within cellular and Wi-Fi
network environments.
(General issues): For instance, high-dimensional and continuous action spaces of-
ten require careful tuning of hyperparameters related to exploration strategies, such
as the exploration noise level, to ensure effective learning. Typically, researchers sac-
rifice the number of actions by discretizing the continuous action space or significantly
reducing the action space, losing some potential actions to explore. Another impor-
tant issue is sample efficiency, especially in wireless networks where data collection
is expensive or time-consuming. It remains an ongoing challenge. The exploration
vs. exploitation dilemma represents a fundamental open issue in the wireless access
networks environment due to the complexity and specific characteristics of such an
environment. This issue is closely related to the size of the action and state space,
as exploring too little could leave actions unexplored that could potentially be opti-
mal. Reward shaping and formulation correspond to another challenge in RL-based
Wireless Access Networks applications, as it depends on the application and is hardly
reusable in other problems. In the following, we introduce some specific issues.

(Specific issues):RL Model Selection in Wireless Networks is still an open ques-
tion since a priori any model can offer good performance. Selecting and learning a
model of the environment is not typically clear and could vary according to many
unrelated factors such as computational capability and time requirements. Also, dif-
ferent RL algorithms (e.g., DQN, double Deep Q-Network (DDQN), MADDPG, etc.)
have specific hyperparameters. Developing a unified approach for tuning hyperpa-
rameters across diverse RL algorithms is still an open challenge.

(ii) Standardized wireless network environments: Reproducibility in wireless sim-
ulations is crucial for validating research findings, comparing algorithms, and pro-
moting transparency in scientific experiments. However, in many cases where the
pseudocode of RL algorithms is depicted in existing research and their code is avail-
able on open platforms, the provision of a standardized playground or environment is
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not guaranteed. Typically, research papers only mention network parameters with-
out providing additional information on the simulator’s implementation. This lack
of detail can create an issue as it may lead to a misperception of an algorithm’s
performance. Oversimplified simulators fail to depict real-world scenarios, rendering
proposals less representative of actual networks. Another consequence of oversim-
plification is that RL algorithms are expected to be robust in noisy environments.
Training them under such conditions may result in oversimplified results that could
prove catastrophic when applied in real networks. Despite these challenges, substan-
tial efforts have been made in this area, and one solution could be the standardization
of open-source simulators throughout academia, such as ns-3 or OMNet++, which
have been validated by thousands of researchers.

(iii) Scarcity of real Wireless Networks datasets:Advancement in the field of RL for
wireless communications and networks relies heavily on the availability of datasets for
testing purposes. This is especially true for offline RL. However, creating reference or
standard datasets from practical simulations or experimental testbeds can be chal-
lenging and expensive for research organizations. The limited accessibility of such
datasets can serve as a significant bottleneck in this research. Moreover, commer-
cial datasets from telecommunication operators are typically out of reach for most
researchers. Therefore, generating standard reference datasets for research, which
cover low-level physical layer measurements to telecommunication network analyses,
remains a costly and challenging task.

(iv) Long convergence time of RL algorithms in Wireless Networks: The amount
of time required for training RL algorithms in Wireless Networks is a major concern.
The complexity of the environment raises questions about how long it will take for the
algorithm to converge. In dynamic and unpredictable environments, models trained
for a long time may not be useful and might not work effectively. Therefore, to make
RL applicable in Wireless Networks, adaptive and robust methods must be adopted.
Some techniques, such as transfer learning, parallel transfer learning, meta-learning,
and federated learning, have proven to be effective in accelerating learning, increasing
robustness, and providing adaptability. However, there is a need for further research
to determine how to select the appropriate knowledge to avoid unwanted behaviors
like negative transfer.

(v) Reproducibility of Multi-Agent Reinforcement Learning algorithms in Wire-
less Networks: Many efforts have been made in the MARL community to standard-
ize performance reporting in the game and robotics fields. However, a benchmarking
tool for such algorithms in Wireless Networks applications is still lacking. Such a
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tool could, in principle, enable the reproducibility and standardization of MARL in
well-studied applications such as Radio Resource Management (RRM) or beamform-
ing.
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Appendix A

Proofs

A.1 Useful properties

Let us assume that action 1 refers to the optimal matching given an optimal team policy
µk∗∗ , where µ1 = µk∗∗ and k∗∗ corresponds to the optimal bipartite matching. Similar to [76]
we define rk,1, rk,2, · · · , rk,nk

be the random variables referring to the rewards yielded by
action k of successive nk plays. Also, we fix n and avoid the usage of such subscript. The
notation “k, j" means that the number of plays of action k is j. Xk is a random variable
drawn from the normal distribution N (µ̂k,nk

, τ 2k/nk), where

µ̂k,nk
=

1

nk

nk∑
j=1

rk,j and τ 2k =
1

nk

nk∑
j=1

(rk,j − µ̂a,j−1)2.

Thus Xk becomes:

Xk = µ̂k,nk
+ δk,nk

, where δk,nk
∼ N (0, τ 2k/nk). (A.1)

Gaussian Tail bound: Based on the definition in the SAU-Sampling algorithm in [76],
δk,nk

in probability. By the Gaussian tail bound [209, Definition 2.1], for α > 0,

Pr
{
δk,nk

≥ α|τ 2k
}
≤ exp

{
−α

2nk
2τ 2k

}
≤ exp

{
−nkα2/2

}
, (A.2)

where the second inequality is from that τ 2k ≤ 1. Eq. (A.2) follows that

Pr {δk,nk
≥ α} ≤ exp

{
−nkα2/2

}
. (A.3)
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A.1.1 Proof of Theorem 5.1

Proof. Let us define first the team regret based on the suboptimal selection of bipartite
matching k*:

R(n) =
∑

k∗:µk∗<µk∗∗
∆k∗∗E [Tk∗(n)] = ∆k∗∗

∑
k∗:µk∗<µk∗∗

E [Tk∗(n)] (A.4)

≤ ∆k∗∗

N∑
i=1

K∑
j=1

E [T̃ij(n)]

(A.5)

where T̃ij(n) ∈ RK×N corresponds to a counter that gets incremented by 1 when a non-
optimal matching is selected by the SAU-Sampling MA-CMAB algorithm. Additionally,
the tuple (i, j) indicates the jth arm selected by the ith agent. ∆k∗∗ is defined as ∆k∗∗ =
µn,k∗∗(n)− µn,k(n).

Denote c1,n = N
√

(N+1) logn
n1

and ck,n = N
√

(N+1) logn
nk

. Let

P1 = {µ̂1,n1 > µ1 −
1

N
c1,n}, and Pk = {µ̂k,nk

< µk +
1

N
ck,n} for k = 2, · · · , K.

where P̄1 and P̄a be the complements of P1 and Pk respectively. Pr
{
P̄1

}
and Pr

{
P̄a
}

are
bounded from the Azuma-Hoeffding inequality [209, Corollary 2.1]:

Pr
{
P̄1

}
= Pr

{
µ̂1,n1 ≤ µ1 −

1

N
c1,n

}
≤ exp(−2(M + 1) log n) = n−2(M+1); (A.6)

Pr
{
P̄a
}
= Pr

{
µ̂k,nk

≥ µk +
1

N
ck,n

}
≤ exp(−2(M + 1) log n) = n−2(M+1). (A.7)

Define for η ∈ R
Qk,nk

(η) = Pr(Xk ≥ η).

Following Eq. (A.4) and taken into account [169], the following lemma is used:

R(n) ≤
∑

k∗:µk∗<µk∗∗
∆k∗∗(Ra +Rb), (A.8)

where

Ra =
n−1∑
n1=0

E
[
min

{
1

NQ1,n1(η)
− 1, n

}]
and Rb =

n−1∑
nk=0

Pr[NQk,nk
η) > 1/n] + 1.
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We set
ηk∗∗ = µk∗∗ +

∆k∗∗
2

= µ1 −
∆k∗∗
2

. (A.9)

First, we split Ra into two terms R(1)
a and R(2)

a and bound them by applying Theorem
[169, Theorem 1]. Now in the first step, we derive the upper bound on R

(1)
a . Denote

n̄k∗∗ =
24N2 logn

∆2
k

. Noting Q1,0(ηk) = 1 and ⌈n̄k∗∗⌉ is the smallest integer not less than n̄k∗∗.

Ra =
n−1∑
n1=1

E
[
min

{
1

NQ1,n1(ηk∗∗)
− 1, n

}]

=

⌈n̄k∗∗⌉−1∑
n1=1

E
[
min

{
1

NQ1,n1(ηk∗∗)
− 1, n

}]
+

n−1∑
n1=⌈n̄k∗∗⌉

E
[
min

{
1

NQ1,n1(ηk∗∗)
− 1, n

}]
=:R(1)

a +R(2)
a , (A.10)

The law of total probability implies that, when n1 ≥ n̄k∗∗,

Q1,n1(ηk∗∗) =Pr {X1 > ηk∗∗} = 1− Pr {X1 < ηk∗∗}
=1− Pr(P1)Pr {X1 < ηk∗∗|P1} − Pr(P̄1)Pr

{
X1 < ηk∗∗|P̄1

}
>1− Pr {µ̂1,n1 + δ1,n1 < µ1 −∆k∗∗/2|P1} − Pr(P̄1)

≥1− Pr
{
δ1,n1 ≤ −∆k∗∗/2 +

1

N
c1,n

}
− Pr(P̄1)

>1− Pr

{
δ1,n1 ≤ −

√
2

N
c1,n

}
− Pr(P̄1)

≥1− n−(N+1) − n−2(N+1), (A.11)

where the 1st inequality is from the facts that Pr(P1) < 1 and Pr
{
X1 < ηk∗∗|P̄1

}
< 1, the

2nd inequality is from the definition of P1, the 3rd inequality is from ∆k∗∗/2− 1
N
c1,n ≥

√
2
N
c1,n

as n1 ≥ n̄k∗∗, and the last inequality is from Eqs. (A.3) and (A.6).
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Eq. (A.11) implies that for n ≥ 3 and N ≥ 1,

R(1)
a =

n−1∑
n1=⌈n̄k∗∗⌉

E
[
min

{
1

NQ1,n1(ηk∗∗)
− 1, n

}]
=

n−1∑
n1=⌈n̄k∗∗⌉

min

{
1

NQ1,n1(ηk∗∗)
− 1, n

}

<
n−1∑

n1=⌈n̄k∗∗⌉

1

N(1− n−(N+1) − n−2(N+1))
− 1 < 2N

n−1∑
n1=⌈n̄k∗∗⌉

(n−(N+1) + n−2(N+1)) <
3N

N + 1
,

(A.12)

where the 1st inequality fulfills the condition 1
Q1,n1 (ηk∗∗)

− 1 < 1
1−n−(N+1)−n−2(N+1) − 1 < n,

the 2nd inequality is from that 1
1−n−(N+1)−n−2(N+1) − 1 < 2(n−(N+1) + n−2(N+1)) when n ≥ 3

and N ≥ 1.
It follows the calculation of the lower bound of Ra, R

(2)
a in Eq. (A.10). A second lower

bound can be derive from Q1,n1(ηk∗∗) as follows: Let

PL
1 = {µ̂1,n1 ≥ µ1}.

Denote P̄L
1 be the complements of PL

1 . We have that

Pr
{
PL
1

}
= 1/2; Pr

{
P̄L
1

}
= 1/2 (A.13)

Similarly as Eq. (A.11), we have that

Q1,n1(ηk∗∗) =Pr {X1,n1 > ηk∗∗}
=1− Pr(PL

1 )Pr
{
X1,n1 < ηk∗∗|PL

1

}
− Pr(P̄L

1 )Pr
{
X1,n1 < ηk∗∗|P̄L

1

}
>1− 1/2Pr

{
µ̂1,n1 +

1

N
c1,nδ1,n1 < µ1 −∆k∗∗/2|PL

1

}
− Pr(P̄L

1 )

≥1/2− 1/2Pr
{

1

N
c1,nδ1,n1 ≤ −∆k∗∗/2

}
≥1

2

[
1− exp

(
− n1∆

2
k∗∗

8N2 log n

)]
, (A.14)

where the 1st inequality is from the facts that Pr
{
X1,n1 < ηk∗∗|P̄L

1

}
< 1, and the 2nd

inequality is from the definition of PL
1 and Eq. (A.13), and the last inequality is from

Eq. (A.3).

We have that (1) log
(
1− 2

n+1

)
≥ −3

n+1
when n ≥ 4; (2) −3

n+1
≥ −3

n
; and (3) − ∆2

k∗∗
8N2 logn

≤
−3
n+1

when n
logn
≥ 24N2

mink∗∗ ∆2
k∗∗

. The three inequalities imply that when n ≥ max{ 24N2 logn
mink∗∗ ∆

2
k∗∗
, 4},

1− exp

(
− ∆2

k∗∗
8N2 log n

)
≥ 2

n+ 1
.
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Thus, Eq. (A.14) follows that

R(1)
a =

⌈n̄k∗∗⌉−1∑
n1=1

E
[
min

{
1

NQ1,n1(ηk∗∗)
− 1, n

}]

≤
⌈n̄k∗∗⌉−1∑
n1=1

 2

1− exp
(
− n1∆2

k∗∗
8N2 logn

) − 1


<

⌈n̄k∗∗⌉−1∑
n1=1

[
4 exp

(
− n1∆

2
k∗∗

8N2 log n

)
− 1

]
<3n̄k∗∗. (A.15)

Therefore, inserting Eqs. (A.12) & (A.15) into Eq. (A.10),

R(1)
a ≤3n̄k + 4. (A.16)

In the next step, we derive the upper bound on R(2)
a . When nk∗∗ ≥ n̄k∗∗,

∆k∗∗/2− ck,n ≥
√
2ck,n. (A.17)

From the definition of event Pk, the law of total probability implies that

Pr
{

1

N
Qk,nk

(ηk) > 1/n

}
=Pr(Pk)Pr

{
1

N
Qk,nk

(ηk) > 1/n|Pk
}
+ Pr(P̄a)Pr

{
1

N
Qk,nk

(ηk) > 1/n|P̄a
}

≤Pr
{

1

N
Qk,nk

(ηk) > 1/n|Pk
}
+ Pr(P̄a). (A.18)

When nk ≥ n̄k, given event Pk,

Qk,nk
(ηk) =Pr {Xk > ηk|Pk} = Pr {µ̂a + δk,nk

> ∆k/2 + µk|Pk}

≤Pr
{
δk,nk

≥ ∆k/2−
1

N
ck,n

}
≤Pr

{
δk,nk

≥
√
2

N
ck,n

}
≤ exp {−(N + 1) log n} = n−(N+1). (A.19)
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where the 1st inequality is from the definition of event Pk, the 2nd inequality is from
Eq. (A.17), the 3rd inequality is from Eq. (A.3).

Eq. (A.19) follow that when nk ≥ n̄k,

Pr
{

1

N
Qk,nk

(ηk) > 1/n|Pk
}

= 0. (A.20)

Inserting Eq. (A.20) into Eq. (A.18),

Pr[
1

N
Qk,nk

(ηk) > 1/n] ≤Pr(P̄a) ≤ n−(N+1), (A.21)

where the last step is from Eq. (A.7).

We have that

Rb =
n−1∑
nk=0

Pr[NQk,nk
(ηk) > 1/n] + 1

≤
⌈n̄k⌉∑
nk=0

Pr[NQk,nk
(ηk) > 1/n] + 1 +

n−1∑
nk=⌈n̄k⌉

Pr[NQk,nk
(ηk) > 1/n] + 1

≤Nn̄k +
n−1∑

nk=⌈n̄k⌉
Pr[NQk,nk

(ηk) > 1/n] + 1

<Nn̄k + (N + 1)

<N(n̄k + 1) + 1, (A.22)

Finally, we substitute Ra and Rb terms in Eq. (A.8) having:

R(T ) ≤ N2K∆k∗∗

(
96 log n

∆2
k∗∗

+
1

1 +N

)
(A.23)
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