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Abstract

The increasing demands of emerging applications such as virtual and augmented
reality, online gaming, and industrial wireless services have accelerated the evolution
of next-generation Wi-Fi standards toward higher throughput, lower latency, and
improved reliability. IEEE 802.11be (Wi-Fi 7) introduces Extremely High Throughput
(EHT), while IEEE 802.11bn is being developed to support Ultra-High Reliability
(UHR), where multi-access point (multi-AP) coordination has emerged as a key
enabling technology. Among the four coordination schemes, this thesis focuses
primarily on coordinated orthogonal frequency division multiple access (C-OFDMA)
under practical Wi-Fi system assumptions.

To establish the research foundation, the CSMA /CA channel access mechanism
is reconstructed and a fairness-based multi-agent reinforcement learning framework
is reproduced to examine its ability to reduce channel access randomness and latency
in dense environments. Building on this, a fixed resource unit (RU) allocation
strategy is proposed for homogeneous coordinated Wi-Fi systems, together with a
joint C-OFDMA and coordinated spatial reuse (C-SR) scheme for interference-aware
throughput improvement. The study is then extended to heterogeneous systems
where stations experience unequal channel gains. For this case, a deep reinforcement
learning (DRL)-based variable RU allocation algorithm is developed under max-min
fairness, demonstrating clear improvement in minimum throughput and Jain’s
fairness compared with benchmark allocation methods. Under the same system
model, proportional fairness is investigated and a closed-form RU allocation solution
is derived.

Finally, a realistic online scheduling problem is considered where both packet
arrival rates and channel gains vary over time. To address the NP-hard queue-aware
RU allocation problem, a DRL-based scheduling algorithm is proposed to minimise
queueing delay, reduce packet drops, and shorten transmission opportunity duration.
Simulation results confirm that the proposed methods improve fairness, reliability,
and delay performance, while maintaining practical suitability for next-generation
coordinated Wi-Fi systems.
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Chapter 1

Introduction

1.1 Overview

Wi-Fi networks, as a fundamental component of modern communication infrastruc-
tures, play a crucial role in supporting a wide range of applications across industry,
healthcare, and smart cities. This chapter provides a brief overview of Wi-Fi networks
and highlights their importance. In addition, it addresses the open problems and
challenges associated with the most recent Wi-Fi standards. Building upon this
context, the key motivations and objectives underlying this study are presented.
Finally, the primary contributions of the thesis are outlined, organized according to

the structure of each chapter.

1.2 Wi-Fi Network

Wireless Local Area Networks (WLANSs), commonly referred to as Wi-Fi, provide
high-speed, cost-effective, and flexible connectivity across residential, enterprise,
and public environments, and currently account for approximately 60% of global
data traffic [12]. Wi-Fi, the commercial name for the IEEE 802.11 family of standards,
was initially introduced in 1997 with link rates of 1 -2 Mbps. Since then, successive
amendments have considerably enhanced its performance and capabilities. With
the advent of emerging applications such as video streaming, cloud computing,
augmented /virtual reality (AR/VR), and the Internet of Things (Iol), new standards
have been introduced, each incorporating increasingly stringent performance re-
quirements. These requirements initially emphasized the upper and lower bounds
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of Wi-Fi 7 throughput and have more recently expanded to include latency and
reliability considerations [1, 13, 2].

Across Wi-Fi generations, enhancements to the physical (PHY) and medium
access control (MAC) layers have been pursued to address the requirements of diverse
applications. IEEE 802.11a/b/g provided single-user connectivity with throughput
up to 54 Mbps, while IEEE 802.11n (Wi-Fi 4) introduced multi-antenna techniques
(MIMO) and channel bonding, raising achievable data rates up to 600 Mbps. IEEE
802.11ac (Wi-Fi 5) further enhanced MIMO with multi-user downlink transmission
and wider channels of up to 160 MHz, enabling multi-gigabit throughput. More
recently, IEEE 802.11ax (Wi-Fi 6/6E) marked a paradigm shift by incorporating
orthogonal frequency division multiple access (OFDMA), uplink MU-MIMO, and
operation in the 6 GHz band, targeting higher spectral efficiency, reduced latency,
and improved performance in dense environments such as stadiums and offices
(5, 1,16} 7]

The forthcoming IEEE 802.11be/bn standards, referred to as Wi-Fi 7 and beyond,
are projected to achieve peak throughputs exceeding 23 Gbps through the support
of up to 16 spatial streams, and 320 MHz channel bandwidths. It also introduces
advanced multi-AP coordination techniques, including coordinated spatial reuse
(C-SR), coordinated OFDMA (C-OFDMA), coordinated beamforming (C-BF), and
joint transmission (JTX). However, due to the high complexity of synchronization,
signaling, and scheduling, multi-AP coordination has been postponed to the next
Wi-Fi generation. In addition, the relevant research communities and standardiza-
tion organizations, including IEEE, are actively investigating IEEE 802.11bn, with
a stronger focus on ultra-high reliability to address the demands of industrial and
mission-critical applications. Among the proposed technologies, multi-AP coordina-
tion is particularly promising for improving reliability and mitigating channel access
contention [1},17,14].

Despite these advances, Wi-Fi continues to face fundamental challenges. In
contrast to cellular systems, which operate over licensed spectrum with centralized
scheduling, Wi-Fi relies on unlicensed bands (2.4 GHz, 5 GHz, and more recently
6 GHz). While this approach reduces deployment costs and enhances accessibility,
it simultaneously increases the likelihood of interference, collisions, and failing
to meet the quality of service (QoS) requirements of STAs. Channel access in
Wi-Fi is governed by the decentralized carrier-sense multiple access with collision
avoidance (CSMA /CA) mechanism, which is simple but often inefficient in dense
environments. The adoption of OFDMA and multi-user MIMO has improved
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spectrum utilization. However, practical scheduling and resource allocation methods
remain underdeveloped relative to those in cellular systems. Given that Wi-Fi
currently supports more than 60% of global mobile data traffic, the need for robust
coordination strategies has become increasingly critical. Approaches such as multi-
AP coordination, resource allocation optimization, and intelligent scheduling are
expected to play a pivotal role in ensuring scalability and reliability in next-generation
Wi-Fi networks [1, [7].

One of the key new technologies in the upcoming Wi-Fi generations is the
introduction of multi-AP coordination. This mechanism is designed to mitigate
the limitations of decentralized channel access, particularly in dense deployment
scenarios [14]. In previous Wi-Fi generations, it was assumed that APs managed the
QoS of their associated STAs within a basic service set (BSS) independently, without
coordination across APs. However, this approach often results in inefficient resource
utilization by some APs, while simultaneously generating interference and collisions
for neighboring BSSs, especially in overlapping BSSs (OBSSs). Multi-AP coordination
addresses these challenges by enabling adjacent (and potentially non-adjacent) APs
to exchange control information and jointly manage spectrum, beamforming, and
scheduling. Coordination can be realized through different approaches, such as
C-OFDMA /C-TDMA, where APs schedule transmissions to mitigate collisions. Also,
C-SR, which enhances frequency and time reuse efficiency, C-BF that allows the
APs with joint beamforming to create nulls for non-intended STAs, and JTX, where
multiple APs simultaneously serve a device to improve signal quality and reduce
interference [2, [1].

This trade-off becomes particularly important in scenarios where STAs have
different priorities or QoS requirements. For instance, assigning identical bandwidth
resources to each AP with different primary channels may lead to inefficient resource
utilization. Conversely, if APs operate on the same primary channel without
coordinated RU allocation, collisions and significant performance degradation may
occur [2,[15]. Moreover, many existing works primarily focus on RU allocation for
throughput maximization [16, 17]. In heterogeneous environments with varying
channel conditions, such approaches tend to favour STAs with better channel quality,
leading to unfair resource distribution. These challenges highlight the need for
intelligent RU allocation strategies that jointly consider fairness, efficiency, and QoS
requirements.

The new features and technologies introduced for C-OFDMA also increase the
complexity of RU allocation compared to the single-AP scenario. In coordinated
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environments, APs must determine how to partition the available bandwidth
among multiple STAs while accounting for heterogeneous channel conditions, QoS
requirements, and coordination constraints among neighboring APs. Consequently,
a trade-off arises between bandwidth allocation and transmission time. A STA may
require a larger bandwidth allocation to transmit or receive data efficiently, whereas
assigning a smaller bandwidth results in longer transmission durations. Therefore, it
is essential to know the tradeoff between bandwidth allocation, time allocation, or, in
general, the resource allocation in C-OFDMA. The reason is that a STA requires either
a larger bandwidth allocation to transmit or receive data efficiently, or, if a smaller
bandwidth is assigned, the data transmission will take more time. This shows the
RU allocation tradeoff for different requirements of networks. For example, in a
case with variable priority and QoS of STAs, assigning the same bandwidth for each
AP with a different primary channel is not optimal, and this will lead to inefficient
resource utilization. While if APs use the same primary channel for transmission
without RU allocation, this can cause collisions and a huge loss of resources and data
[2,[15]. Beyond this, most works seek RU allocation for throughput maximization
[16, 17]. However, in scenarios with several STAs with different conditions, for
example, for scenarios with variable channel conditions, STAs with better channel
conditions will get the total bandwidth, which is not fair at all.

For the forthcoming IEEE 802.11bn amendment, which emphasizes UHR and
low-latency communication, multi-AP coordination is anticipated to serve as a key
enabler. By enabling APs to operate similarly to a distributed antenna system,
multi-AP techniques enhance throughput, fairness, and reliability, particularly in
high-density deployments and mission-critical scenarios. Joint transmission reduces
packet error rates through spatial diversity, while coordinated scheduling lowers
latency by mitigating random access delays.

Furthermore, scheduling in such spectrum-sharing contexts alleviates the ineffi-
ciencies of CSMA /CA, thereby moving Wi-Fi closer to the deterministic scheduling
paradigm of cellular networks while maintaining its inherent cost efficiency and
flexibility. These advantages position multi-AP coordination as a central component
of IEEE 802.11bn to deliver reliability, high performance, and the ability to handle
large-scale, mission-critical operations over unlicensed spectrum [2, 7, [1]. Further
details will be provided in the following chapter to elaborate on the background of
Wi-Fi networks and the emerging technologies envisioned for Wi-Fi 7 and beyond.

The evolution of Wi-Fi toward IEEE 802.11bn places increasing emphasis on ultra-
high reliability and low-latency communication in dense and interference-limited
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environments. Although advanced PHY and MAC features such as OFDMA and
multi-AP coordination offer substantial performance gains, their effectiveness remains
fundamentally constrained by the decentralized nature of CSMA /CA. Random
channel access leads to unpredictable delay and reliability degradation, particularly in
dense deployments where contention and interference dominate system performance.
Consequently, improving channel access behavior is a prerequisite for enabling more
efficient and reliable resource allocation in coordinated Wi-Fi networks. These
challenges motivate the exploration of intelligent scheduling mechanisms capable
of adapting channel access and resource allocation decisions according to dynamic
network conditions.

Building upon this observation, this thesis investigates a sequence of interrelated
problems spanning channel access, interference-aware resource allocation, fairness,
and delay management in coordinated OFDMA systems. First, intelligent channel
access mechanisms based on reinforcement learning are explored to reduce access
randomness and improve reliability. On top of this enhanced access foundation,
practical RU allocation strategies are developed for joint C-OFDMA and C-SR to
mitigate inter-AP interference under realistic implementation constraints. The impact
of channel gain on fairness-oriented RU allocation is then analyzed to understand
trade-offs between throughput maximization and equitable resource distribution.
Finally, to directly address the stringent latency and reliability requirements of IEEE
802.11bn, queue-aware RU scheduling is proposed to incorporate traffic dynamics
and QoS constraints. Together, these objectives form a coherent framework for im-
proving reliability, latency, and fairness in next-generation Wi-Fi networks through
practical and scalable coordination mechanisms. Motivated by these challenges,
this thesis investigates a sequence of interrelated problems spanning channel ac-

cess, interference-aware resource allocation, fairness, and delay management in
coordinated OFDMA Wi-Fi networks.

1.3 Motivations and Research Contributions

Although multi-AP coordination has the potential to significantly enhance the
performance of next-generation Wi-Fi systems, several practical challenges remain
unresolved. In dense deployments, conventional Wi-Fi channel access based on
CSMA /CA suffers from excessive contention, random backoff delays, and inefficient
channel utilisation. These issues become increasingly severe as the number of
devices grows, leading to degraded reliability and increased latency. Such limitations
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motivate the investigation of alternative mechanisms that can improve channel access
efficiency while maintaining compatibility with existing Wi-Fi protocol operations.

Recent Wi-Fi standards, particularly IEEE 802.11be and the emerging IEEE 802.11bn,
aiming to support extremely high throughput and ultra-high reliability (UHR).
Achieving these goals requires more intelligent resource management mechanisms
that can adapt to dynamic network conditions and dense user environments. Among
the candidate technologies, C-OFDMA has emerged as a key mechanism for improv-
ing spectrum utilisation by allowing multiple STAs to transmit simultaneously using
different RUs. However, efficient allocation of RUs remains a challenging problem
because scheduling decisions must account for heterogeneous channel conditions,
interference between neighbouring APs, and the QoS requirements of STAs.

In addition, the inherent randomness of CSMA /CA limits the ability of conven-
tional scheduling strategies to achieve consistent latency and reliability performance.
This has motivated the exploration of learning-based approaches capable of adapting
channel access decisions based on observed network conditions. In particular, RL
has recently gained attention as a promising tool for wireless resource management
because it enables agents to learn optimal decision policies through interaction with
the environment without requiring an explicit analytical model of the system. There-
fore, RL-based approaches provide a potential mechanism for improving channel
access behaviour in dense Wi-Fi environments.

Furthermore, while OFDMA enables parallel transmissions through RU parti-
tioning, determining how these RUs should be allocated among STAs is a non-trivial
scheduling problem. Practical RU allocation must consider multiple factors, in-
cluding channel quality variations, fairness among users, interference between
coordinated APs, and traffic dynamics. Despite the importance of these aspects,
existing works often assume simplified allocation strategies that do not fully exploit
available network information or fail to address realistic traffic conditions.

Motivated by these challenges, this thesis investigates intelligent resource allo-
cation and channel access strategies for coordinated Wi-Fi networks. The research
focuses on improving fairness, reliability, and delay performance while maintaining
practical computational complexity for real deployments. These challenges motivate
the investigation of practical scheduling and resource allocation mechanisms that can
improve reliability, fairness, and delay performance in coordinated Wi-Fi networks.
Accordingly, the thesis pursues four main research objectives:

1. Learning-based channel access for reliability and latency improvement.
To investigate the application of RL algorithms for channel access in Wi-Fi
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networks, with the objective of improving reliability and reducing latency
compared with the conventional CSMA /CA mechanism.

2. Practical RU allocation for interference management in coordinated Wi-Fi.
To design a computationally efficient fixed RU allocation strategy for a joint C-
OFDMA and C-SR system model, enabling effective interference management
between neighbouring APs.

3. Fairness-aware RU allocation based on channel conditions. To analyse the
influence of channel gain on RU allocation and develop algorithms that achieve
max-min and proportional throughput fairness among STAs in coordinated
OFDMA networks.

4. Queue-aware RU scheduling for delay-sensitive traffic. To develop a queue-
aware variable RU allocation algorithm capable of adapting scheduling deci-
sions according to both channel conditions and traffic demand, with the aim of
reducing queue latency and improving transmission reliability.

The main contributions and novelties of this thesis can be summarised as
follows. First, the Fai-MARL channel access algorithm is evaluated and extended to
heterogeneous variable-rate Wi-Fi scenarios, identifying key limitations and open
problems including QoS-differentiated access aligned with EDCA. Second, a novel
low-complexity joint C-OFDMA and C-SR RU allocation algorithm is proposed under
practical semi-distributed coordination constraints, with each AP capable of acting
as the master AP. Third, fairness-aware variable RU allocation under heterogeneous
channel conditions is investigated, yielding both a DRL-based solution for the NP-
hard max-min fairness problem and a closed-form solution with O(1) complexity
for the proportional fairness case. Fourth, a queue-aware variable RU allocation
framework is proposed for the first time in IEEE 802.11bn under stochastic, non-
saturated traffic conditions, addressed through a DRL-based online scheduling
algorithm. These contributions advance the state of the art in intelligent resource
allocation for next-generation coordinated Wi-Fi systems, with results published or
under review in IEEE Wireless Communications Letters and IEEE Access.

The non-triviality of these optimisation problems arises from constraints that
are unique to the Wi-Fi protocol stack and the emerging C-OFDMA framework of
IEEE 802.11bn. Unlike cellular OFDMA, where resource allocation is performed by a
centralised scheduler with guaranteed channel access, Wi-Fi OFDMA operates on
top of CSMA /CA which is a contention-based, decentralised mechanism, meaning
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that scheduling decisions must jointly account for TXOP duration, probabilistic
channel access, and signalling overhead including MU-RTS/CTS and trigger frames.
Additionally, the C-OFDMA coordination procedure of IEEE 802.11bn remains under
active standardisation, requiring problem formulations under practical assumptions
with no direct precedent in the literature. Within this setting, the joint C-OFDMA and
C-SR formulation in Chapter 5 introduces an OBSS interference structure requiring
a graph-colouring approach not present in single-AP works; the fairness problems
in Chapter 6 go beyond the fixed and equal-sized RU assumptions that dominate
the existing Wi-Fi literature; and the problem in Chapter 7 addresses non-saturated
stochastic traffic as a condition that prior Wi-Fi OFDMA works almost universally
ignore by assuming fully saturated buffers.

To address the outlined objectives, this thesis first presents a comprehensive
review of Wi-Fi networks, with a particular focus on Wi-Fi 7 and beyond. The
advanced technologies introduced in IEEE 802.11be and IEEE 802.11bn, targeting
extremely high throughput (EHT) and UHR, are examined in detail. Among
these, multi-AP coordination is highlighted as a transformative approach due to
its potential to deliver significant performance improvements. Nevertheless, each
category of multi-AP coordination, C-SR, C-BF, C-OFDMA, and JTX, introduces
specific challenges and limitations. In the initial stage of this work, C-OFDMA is
selected as the primary case study, particularly under practical assumptions for Wi-Fi
networks.

To develop a fundamental understanding of Wi-Fi network design and the
CSMA /CA protocol, this work first implements a CSMA /CA model that enables
the simulation and analysis of packet transmission procedures, signaling overhead,
available information for scheduling, channel access challenges, and other essential
fundamentals. Building upon this foundation and drawing inspiration from the
literature, a channel access scheme based on multi-agent reinforcement learning (RL)
is regenerated and analyzed. It is proposed to be in line with the primary objective of
IEEE 802.11bn to achieve higher reliability with lower latency. RL offers the potential
to overcome the inherent randomness of CSMA /CA. The principal motivation for
this approach lies in the fact that conventional CSMA /CA can incur substantial
delays in dense wireless environments, whereas RL provides a promising means of
mitigating such latency by reducing access randomness.

Although conventional optimization methods remain suitable for several schedul-
ing problems considered later in this thesis, they become increasingly difficult
to apply when the scheduling environment evolves online and multiple system
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variables must be jointly considered. In particular, latency-sensitive Wi-Fi scheduling
requires rapid adaptation to stochastic queue evolution, variable channel quality,
and discrete RU assignment constraints, which can lead to combinatorial complexity.
Under such conditions, DRL offers an attractive framework because it can learn
scheduling policies directly from observed system states without requiring repeated
real-time solution of computationally expensive optimization problems.

In addition to the basic implementation and analysis of the built-in Wi-Fi protocol,
this work investigates C-OFDMA scheduling with the objective of throughput
maximization while satisfying STAs” QoS, and managing interference through joint
consideration with C-SR. The analysis reveals that in practical scenarios, OFDMA
scheduling requires further attention, as multiple factors influence RU allocation.
Since OFDMA operates on top of CSMA/CA, it becomes essential to examine
the factors that affect RU scheduling in this context, as they can either degrade
scheduling performance or enhance key network metrics such as throughput, delay,
and reliability. Furthermore, the necessity of coordination among APs provides
additional motivation to explore what practical information can be leveraged for
intelligent scheduling, particularly as system complexity grows rapidly. To address
interference management through joint RU allocation in C-OFDMA and C-SR,
this thesis proposes an algorithm developed under practical system assumptions.
Furthermore, in order to account for implementation costs, the RU allocation is
designed such that, rather than relying on a single centralized controller, each AP
can act as the master AP within a group of coordinating APs.

In addition, this work investigates the impact of channel gain on max-min and
proportional throughput fairness in a centralized C-OFDMA network. For the max-
min fairness case, an algorithm is proposed and evaluated, while for proportional
throughput fairness a closed-form solution for RU allocation is derived under
practical network assumptions.

Finally, to fulfill the primary goal of IEEE 802.11bn of delay reduction and
reliable transmission, this thesis proposes a queue-aware RU allocation algorithm
aimed at minimizing queue latency and enhancing the reliability of packet delivery.
The algorithm incorporates features of the practical QoS requirements of STAs
that influence network performance with respect to latency and reliability. The
subsequent section provides further details regarding the overall structure and
outline of this thesis.
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1.4 Thesis Outline

This thesis is structured into eight chapters, organized as follows,

¢ Chapter 1- Introduction: This chapter provides an introduction to Wi-Fi
networks along with a brief background on their associated technologies. In
addition, it outlines the motivations of this study and presents the primary
scope, objectives, and goals addressed in each chapter.

* Chapter 2- Wi-Fi Technology and Literature Review: In this chapter, Wi-Fi
networks are first reviewed against cellular networks in terms of their technical
features, with the intention of providing a fundamental comparison rather than
a discussion of service delivery. Subsequently, an overview of the previous
amendments of Wi-Fi standards from the first generation is presented. The
discussion then turns to the key technologies introduced in the most recent Wi-
Fi, Wi-Fi 7, and beyond, focusing on both the PHY and MAC layers. Multi-AP
coordination and its benefits are highlighted as one of the novel technologies
envisioned for Wi-Fi 7 and beyond. Thereafter, the categories of multi-AP
coordination are reviewed, with particular emphasis on C-OFDMA, which
is selected as the primary focus of this study. To provide a deeper technical
context, channel access mechanisms and the transmission signaling procedures
of OFDMA /C-OFDMA are discussed. Finally, the chapter concludes with a
summary of existing research on the fundamentals of C-OFDMA and channel
access protocols.

e Chapter 3- Mathematical Backgrounds: In this chapter, the mathematical
foundations relevant to the proposed problem formulations and algorithms in
this thesis are presented. The discussion begins with fairness metrics, which
are employed and further developed throughout the study. Subsequently, the
fundamentals of convex optimization are introduced, followed by an overview
of machine learning (ML) techniques. The ML algorithms, including super-
vised learning, unsupervised learning, reinforcement learning, and federated
learning, are discussed, which is provided with additional clarification and
context for their application in this work.

¢ Chapter 4- Simulation-Based Validation: Fair-based MARL for Variable-
Rate Wi-Fi Network: This chapter presents the system implementation of the
CSMA /CA protocol and the Fair-MARL algorithm for channel access. The
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application of the Fair-MARL algorithm to mitigate the backoff time inherent
in the CSMA /CA protocol is examined with regenerating numerical results.
Simulation results demonstrate the effectiveness of Fair-MARL in achieving
more efficient channel access within the same time duration, particularly
in densely populated environments. In addition both CSMA/CA and the
Fair-MARL algorithm are examined with in a heterogeneous system where
variable data rates are available. Nevertheless, further analysis of the algorithm
under more realistic scenarios is proposed, along with the development of an
approach that enables proportional channel access in accordance with the QoS
requirements of access categories, similar to the EDCA protocol.

¢ Chapter 5- Resource Unit Allocation in Coordinated OFDMA Multi-User Wi-
Fi Systems: In this chapter, a joint C-OFDMA and C-SR RU allocation scheme is
proposed. A low-complexity and practical algorithm is developed to optimize
RU allocation, with the dual objectives of maximizing network throughput
and satisfying the QoS requirements of each STA, while minimizing OBSS
interference. The system model is formulated as a semi-distributed multi-AP
coordination framework, with an emphasis on ensuring the practicality of

implementation.

* Chapter 6- Fair Variable RU Allocation in C-OFDMA: This chapter begins by
analyzing the effect of channel gain on variable RU allocation in C-OFDMA.
Then, a max-min throughput formulation for STAs is presented to assign
variable RU allocation based on the STAs channel gain. Owing to the NP-hard
nature of the problem, a DRL-based algorithm is introduced to address the
optimization. Subsequently, proportional throughput fairness is considered,
with the objective of identifying variable RU allocation algorithm that ensure
fairness across scheduling intervals. Later in the chapter, it is proved that the
proposed problem formulation is convex, and a closed-form solution is derived
under the assumption that all STAs are saturated.

¢ Chapter 7- Online Variable RU Allocation in C-OFDMA with Buffer Empty-
ing: In this chapter, a more realistic scenario is considered in which not all
STAs are saturated. Accordingly, variable RU allocation is investigated in an
online network setting that accounts for both variable packet arrival rates and
channel gains, with queue-awareness as the primary objective. The proposed
algorithm aims to minimize queues waiting time delays while simultaneously



1.5 Summary 12

reducing packet drops and mitigating TXOP duration as effectively as possible,
with the main goals of lower latency and higher reliability.

* Chapter 8- Conclusions, Open Issues, and Future Works: In the final chapter,
the key contributions of this research are summarized, and the results presented
in each chapter are concluded. In addition, potential directions for future work
are discussed.

1.5 Summary

In this chapter, a brief introduction to Wi-Fi networks was presented, including their
background and open research challenges. The motivations underlying this study
were outlined, leading to the definition of the key objectives and contributions. In
addition, the contributions of each chapter were summarized. The next chapter
presents a literature review on Wi-Fi networks, highlighting their technical differences
with cellular systems.



Chapter 2
Literature Review on Wi-Fi Technology

Wi-Fi technology, commercially known under the IEEE 802.11 standard for WLAN
networks, has been developed since 1990 [13]. Initially, its primary function was
to enable device connectivity through a wireless local area network or WLAN.
Beginning with the first Wi-Fi standard in 1997, numerous amendments have been
introduced to support emerging use cases in Wi-Fi networks. Each standard, starting
with IEEE 802.11 which was offering 1 —2 Mbps link throughput to the most recent
IEEE 802.11ax standard with 10 Gbps throughput, has been designed to address
increasing demands such as higher throughput, higher reliability, and lower latency
[18]. Wi-Fi networks carry more than half of today’s network traffic, handling around
63% of global mobile data. The rest is delivered through cellular networks. This
brings up a key question: what are the main technical differences between Wi-Fi
and cellular networks, and how are they used differently? In the next sections,
it is attempted to answer these questions with the fundamental concepts of WiFi
technology while reviewing recent relevant work in the literature.

2.1 Wi-Fi vs Cellular

Wi-Fi was initially introduced with the primary objective of delivering services tradi-
tionally provided by wired networks, including high throughput, strong reliability,
and consistent network connectivity [19, 13} 20]. The fundamental concept was to
enable users to transmit locally using unlicensed frequency bands, ISM. Over time,
both Wi-Fi and cellular networks have evolved to meet the increasing demands of
users, emerging new use cases, and applications such as AR and VR with stringent
delay requirements. Wi-Fi began with the IEEE 802.11 standard and has since
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advanced to the current Wi-Fi 7 (IEEE 802.11be standard), which is being followed by
IEEE 802.11bn enhancements (which could be commercialized as Wi-Fi 8) focused
on ultra-reliability. In parallel, the cellular network has progressed from its first
generation to the current 5G, and is now advancing toward 6G to provide growing,
similar demanding requirements. The main technical distinctions between Wi-Fi
and cellular networks lie in their spectrum usage, channel access methods, multiple
access schemes, network architecture, and QoS capabilities, which are elaborated

below [4, (18,14, 21]].

* Spectrum Usage: Wi-Fi networks operate over unlicensed spectrum bands,
currently utilizing the 2.4, 5, and 6 GHz frequency channels [22], and it is
probable to open 45 and 60 GHz links for the new IEEE 802.11bq amendment
[1] for combining millimeter wave (mmWave) links with links lower that 7
GHz. The unlicensed nature of these bands allows all users in the network to
attempt channel access without restriction [1]. In contrast, cellular networks
traditionally operate on licensed spectrum. However, in certain scenarios and
specific generations, such as 5G NR-U and LAA, unlicensed spectrum is also
employed. The licensed cellular spectrum ranges from 700 MHz to 3.5 GHz,
with additional mmWave bands in the 26-100 GHz range. Unlicensed spectrum
permits channel access to all users, whereas licensed spectrum is exclusively
reserved for operators who have obtained licenses for the specific licensed
spectrum. This distinction represents the main difference between Wi-Fi and
cellular networks. Because all users in the Wi-Fi network can attempt to access
the available channels, there is a higher probability of interference, particularly
in densely populated areas, which may result in collisions. Cellular networks,
on the other hand, can mitigate such interference through centralized planning
and scheduling mechanisms as well as through efficient resource allocation
techniques|[22, 4].

* Channel Access Techniques: In Wi-Fi networks, all users have the ability
to access the communication link; however, this open channel access can
lead to significant interference and packet collisions, especially in dense
networks. To manage such interference within unlicensed bandwidth, the
CSMA protocol has been employed for channel access. However, the CSMA
can cause huge overhead and latency specially in overcrowded environments.
This is due to the protocol channel access contention which later in Section.
is elaborated. Therefore, to improve latency the CSMA /CA protocol
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was introduced, incorporating RTS/CTS signaling which significantly reduced
latency. Under CSMA /CA, each STA that intends to transmit data must first
sense the channel to determine whether it is idle or busy. If the channel is busy,
the STA selects a random backoff interval and checks the channel status, if it
is idle at each time slot, it will decrease backoff counter. Once the channel is
found to be idle and the backoff counter reaches zero, the STA can access the
channel [1),4]. On the other hand, cellular networks use a scheduled channel
access mechanism such as TDMA or OFDMA, which is centrally managed by
the core network.

* Multiple Access Techniques: With respect to multiple access techniques,
cellular networks have employed OFDMA, code division multiple access
(CDMA) and non-orthogonal multiple access (NOMA) [23], along with massive
MIMO, which provide extensive support for simultaneous channel access and
efficient resource allocation. These technologies significantly enhance the
ability of cellular networks to manage and coordinate multiple users. On the
other hand, Wi-Fi 6 has only recently adopted OFDMA, and implemented
OFDMA on top of the CSMA /CA protocol. The OFDMA feature in Wi-Fi 6
(IEEE 802.11ax) lacks practical solutions for resource allocation and scheduling
algorithms. Therefore, the challenge is still underdeveloped in the Wi-Fi
network to be capable of meeting the growing demands of emerging use-cases
and applications [13]. In terms of spatial reuse, current Wi-Fi standards support
up to 8 x 8 spatial streams in MIMO. In comparison, massive MIMO is deployed
in 5G cellular networks, which can support up to 64 transmit antennas in theory
[8, 1].

* Network Architecture: The architecture of Wi-Fi networks is designed around
decentralized scheduling, eliminating the need for a centralized core as found
in cellular networks. However, with increasing network density and the
emergence of new technologies, there is growing consideration for integrating
certain centralized functionalities at APs. These functionalities may include
multi-AP coordination, seamless handovers, and limited scheduling algorithms.
Despite the introduction of limited coordination and control functionalities
at the AP level, the Wi-Fi network architecture remains fundamentally less
centralized than that of cellular networks [1}, 4].

* QoS satisfaction: Another key difference between Wi-Fi and cellular networks
is QoS requirements. Cellular networks are designed to provide guaranteed
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and application-specific QoS, to ensure different performance levels per service
type. In contrast, Wi-Fi networks up to Wi-Fi 6 have primarily relied on a
best-effort prioritization model. However, with the evolution of newer Wi-Fi
generations, it is anticipated that advanced scheduling algorithms will enable
better QoS delivery for STAs [4].

Table 2.1 Wi-Fi vs Cellular [1, 4].

Technical Dis-| Wi-Fi Cellular

tinctions

Spectrum usage

Unlicensed band: 2.4,5,6
GHz, for mmWave 45,60
GHz

Licensed band: 700MHz-
3.5 GHz, for mmWave 26 —
100 GHz

Channel access | CSMA/CA A scheduled channel ac-
techniques cess mechanism such as
TDMA /OFDMA
Multiple access | OFDMA on top of | OFDMA, CDMA and
techniques CSMA/CA, Up to 64 | NOMA, Massive MIMO

Spatial stream

Network archi-
tecture

Mostly focused on decen-
tralized access

Centralized channel access

QoS satisfaction

A best-effort prioritization
model

Guaranteed and
application-specific QoS

2.2 Wi-Fi Generations

Since the initialization of the IEEE 802.11 standard, the standard has continuously
evolved to meet the different demanding requirements of users over time. The
main IEEE 802.11 amendments introduced throughout the years are elaborated in
the following, along with their key features, typical use cases, and the maximum
possible data rates that can be supported

 IEEE 802.11 started on 2.4 GHz frequency band in unlicensed bandwidth, ISM
band, with the primary goal of achieving a 1 -2 Mbps data rate. The main
features of this standard included a 22 MHz bandwidth with one spatial stream
using either direct sequence spread spectrum (DSSS) or frequency hopping
spread spectrum (FHSS).
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* InIEEE 802.11a, the allocated frequency band was either 5 GHz or 3.7 GHz, with
a bandwidth of 20 MHz, and this amendment was released in September 1999.
OFDM was used as its modulation scheme, and a SISO antenna technology was
employed. This standard was capable of achieving a maximum throughput
of 54 Mbps. The main use cases for IEEE 802.11a were faster enterprise
connectivity and early stages of media streaming.

* The IEEE 802.11b standard was also released in September 1999 for use cases
such as email, browsing, file sharing, and similar applications. Its frequency
band was 2.4 GHz with a bandwidth of 22 MHz, while DSSS was used as its
waveform. In addition, the same SISO antenna configuration was used, and
the maximum provided throughput was 11 Mbps. In this case, the 2.4 GHz
frequency range could become crowded, increasing the risk of interference.

* In 2003 the standard IEEE 802.11g was approved for WiFi network for ap-
plications such as Home media, and consumer electronics integration. The
maximum network throughput for this standard was 54 Mbps. This standard
used 2.4 GHz frequency with the bandwidth of 20 MHz. The OFDM or DSSS
modulation was employed with the SISO antenna technology:.

¢ The IEEE 802.11n standard, also known as Wi-Fi 4, was developed with the
primary objective of enabling high throughput (HT). It reached a maximum
data rate of 600 Mbps by introducing two major enhancements: the use of
multiple input, multiple output (MIMO) technology, and the expansion of
channel bandwidth from 20 MHz to 40 MHz. MIMO not only improves data
throughput but also extends coverage range, allowing support for a greater
number of users. Like the previous generations of IEEE 802.11g and IEEE
802.11a, the 802.11n standard employs OFDMA modulation. This standard
was specifically designed to support applications such as HD video streaming,
cloud service access, and connectivity in multi-device households.

o The IEEE 802.11ac standard, commercially known as Wi-Fi 5, was established in
December 2013 with the goal of supporting very high throughput (VHT). This
amendment operates in the 5 GHz frequency band and supports bandwidths
of 20, 40, 80, and 160 MHz. The standard can achieve a peak data rate of up to
6.9 Gbps using up to 4 x4 downlink MU-MIMO with 256-QAM. Therefore, as
expected, IEEE 802.11ac, by employing multi-user MIMO technology, allowed

users to communicate through one or more antennas, thereby improving
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throughput. The main use cases for Wi-Fi 5 included 4K video streaming,
online gaming, mobile offloading, and enterprise WLANS.

* The IEEE 802.11ax standard, also known as Wi-Fi 6, was designed to achieve
high efficiency (HE) throughput and was finalized in September 2020. This
standard was defined for applications such as Iol, dense environments (e.g.,
stadiums and campuses), and online conferencing. IEEE 802.11ax supported
MIMO spatial streams with up to 8 X8 antennas and utilized 1024-QAM. In this
amendment for the first time proposed spatial reuse through power control
and BSS coloring. Additionally, multi-user transmission in both downlink
and uplink OFDMA, as well as target wake time (TWT), were introduced for
the first time for multi-access and energy saving, respectively. Furthermore,
both 2.4 GHz and 5 GHz frequency bands were proposed for use without any
management and scheduling to use. The achievable peak data rate is 9.607
Gbps.

e IEEE 802.11be, also known as Wi-Fi 7, is the latest IEEE 802.11 standard and
was commercialized in 2024. The standard was defined with the primary
goal of supporting high-resolution applications such as 8K video, real-time
collaboration, cloud gaming, AR/VR, and IIoI. Key features proposed in this
new generation include support for 320 MHz bandwidth across the 2.4, 5, and
6 GHz frequency bands. Instead of relying on random frequency link selection,
more intelligent link usage was proposed along with multi-link operation
with the main objective of IEEE 802.11be for EHT. Additionally, this standard
introduced up to 4096-QAM modulation and multi-RU assignment. Further
details on this standard are provided in Sections 2.3|and

IEEE 802.11bn, expected to be released in 2028 under the commercial name
Wi-Fi 8, extends the capabilities of previous amendments to support UHR
for applications such as robotic surgery preparation, industrial automation,
holography, and ultra-reliable closed control loops. Several key features have
been proposed, including distributed RU allocation, low-density parity-check
(LDPC) enhancement, unequal modulation, seamless roaming, dynamic power
save, non-primary channel access (NPCA), dynamic sub-channel operation
(DSO), and multi-AP coordination (MAPC). Although these represent the
initial set of features, further details are still under development [5, 1, 6} [7].
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Table 2.2 Comparison of IEEE 802.11 Amendments [5, 1,16} 7]

IEEE 802.11 | Generation [Release Frequency Band IChannel Width Key Features Peak Rate
Amendments Date (GHz) (MHz)

802.11 — 1997 24 22 DSSS, FHSS, SISO 1-2 Mbps|
802.11a — 1999 3.7/5 20 OFDM, SISO 54 Mbps
802.11b — 1999 2.4 22 DSSS,SISO 11 Mbps
802.11g — 2003 24 20 OFDM, DSSS, SISO 54 Mbps
802.11n Wi-Fi 4 2009 2.4/5 Up to 40 OFDM, MIMO 600 Mbps
802.11ac Wi-Fi 5 2013 5 Up to 160 OFDM, MU-MIMO, 256-QAM 6.9 Gbps
802.11ax Wi-Fi 6/6E 2020 2.4/5 Up to 160 DL/UL OFDMA, MU-MIMO, TWT, 1024-QAM 9.6 Gbps
802.11be Wi-Fi 7 2024 2.4/5/6 Up to 320 MLO, multi-RU, 4096-QAM, R-TWT, enhanced QoS | 23 Gbps

802.11bn  [Expected Wi-Fi 8 2028+ 2.4/5/6 maybe greater than7 Upto320 |MAPC, distributed RU, dynamic power saving, and et TBD

2.3 Wi-Fi 7 and beyond

Due to the growing demand for high-throughput and low-latency networks—driven
by emerging technologies such as VR/AR, online gaming, 4K-8K streaming, and
wide-area coverage for industrial IoT—the IEEE 802.11 task group has proposed
new amendments to address these evolving network requirements. IEEE 802.11be,
developed by task group TGbe with the primary goal of EHT, aims to deliver at least
30 Gbps of network throughput. As a result, new and improved PHY and MAC
technologies have been proposed and studied to meet this objective and its associated
demands. IEEE 802.11be has been standardized and commercialized under the name
Wi-Fi 7, although much of the ongoing discussion has already shifted toward the
next amendment, IEEE 802.11bn (Expected Wi-Fi 8) [8, [1]].

IEEE 802.11bn, introduced by task group TGbn in November 2023, has the
primary goal of achieving UHR with a 25% throughput enhancement and a 25%
reduction in the 95 percentile latency. Additionally, it aims for at least 25% more
efficient medium usage compared to high-throughput MAC/PHY operations. The
IEEE 802.11bn standardization is expected to be completed by 2028 [24] 14]. In the
following section, some of the main PHY and MAC layer enhancements in IEEE
802.11be and IEEE 802.11bn are discussed, along with potential open problems in
IEEE 802.11bn.

24 PHY and MAC Layers Enhancement in Wi-Fi 7 and
beyond

24.1 PHY Layer Enhancements

In IEEE 802.11be, aiming to enhance network throughput and reduce latency, several
new PHY and MAC layer technologies and enhancements have been proposed for
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applications such as VR/AR and online streaming. One of the PHY layer upgrades is
the introduction of a new channelization and tone plan to support a wider 320 MHz
bandwidth, allowing for configurations such as continuous 240 MHz, continuous
320 MHz, and non-continuous 160 + 160 MHz. In addition, since the 2.4 GHz and 5
GHz unlicensed bands are already saturated with legacy users, the 6 GHz band has
been opened for the new amendment. Furthermore, for the upcoming IEEE 802.11bn
generation, the use of 45 GHz and 60 GHz bands is being explored to support even
higher data rates, Fig. [25, 8].

2.4 GHz 5 GHz 6 GHz Potentially 45 and 60 GHz
1 5 B B
80 MHz 555 MHz Between 500 MHz - 1.2 GHz
Up to 20 MHz/AP Up to 160 MHz/AP Up to 320 MHz/AP
IEEE 802.11ax
(Wi-Fi 6)
h \ Wi-Fi7) )/
- (Wi-Fi 8) T

Fig. 2.1 Available transmission bandwidth for IEEE 802.11ax, IEEE 802.11be and
IEEE 802.11bn standards [8, [1].

With the primary goal of increasing peak data rates, a higher modulation scheme
than that of Wi-Fi 6 (IEEE 802.11ax) has been proposed at the PHY layer. Specifically,
4096-QAM is introduced, which provides approximately a 20% increase in data rate
under the same coding rate compared to the 1024-QAM used in Wi-Fi 6. Another
key PHY feature in IEEE 802.11bn, as outlined in the project authorization request
(PAR), is the introduction of efficient preamble formats and puncturing mechanisms.
Preamble formats have been defined across various IEEE 802.11 amendments and
serve multiple purposes, including channel estimation, synchronization, signaling,
frequency assignment, and resource allocation. Therefore, in Wi-Fi 7 for preamble
format, two main requirements are emphasized: first, the novel preamble formats
must maintain compatibility and coexistence with legacy preambles across the
24,5, and 6 GHz bands. Second, they must be compatible with future preamble
design. Additionally, preamble puncturing is explored, for example, since SU PPDU
lacks a SIG-B field, IEEE 802.11be considers preamble puncturing for SU PPDU
STAs. Consequently, Wi-Fi 7 preamble design encompasses legacy, EHT, and future
preambles [8, 25].

In IEEE 802.11ax, it is assumed that each STA can be allocated only one RU, which
may lead to inefficient spectrum utilization and sub-optimal network throughput. To
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20 MHz PPDU

6 Guard 7DC 5 Guard

=

(a) RUs combination in 20 MHz bandwidth

40 MHz PPDU

5DC

12 Guard 11 Guard

==

(b) RUs combination in 40 MHz bandwidth

80 MHz PPDU
12 Guard 7DC 1 Guard

(c) RUs combination in 80 MHz bandwidth
Fig. 2.2 Illustration of RUs through variable bandwidth [1} 2].
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address this limitation, IEEE 802.11be introduces support for multi-RU assignment,
allowing each STA to be allocated up to 3 RUs according to standardized RU
combination sets [8,2]. While wider bandwidth allocation increases peak throughput,
OFDMA enables efficient support for devices with short and frequent transmissions
[2]. Direct conversion (DC) subcarriers are used for purposes such as pilot tones
and signaling. For instance, within a 20 MHz bandwidth and 78.125 kHz subcarrier
spacing, a total of 242 data tones and 11 guard tones are available. The guard tones
serve to separate the frequency channels from its adjacent frequency bands. The
variable RU tone sizes that are practically supported for a maximum bandwidth of
80 MHz are summarized in Table while the supported RU combinations across
bandwidths of 20, 40, and 80 MHz are illustrated in Fig.

Table 2.3 Allowed RU combinations in IEEE 802.11be [8]

Types Definition Allowed Combinations for
IEEE 802.11be
Small-size RUs | 26-tone, 52-tone, and 106-tones | - 26-tone RU + 106-tone RU for
20/40 MHz
- 26-tone RU + 52-tone RU for
20/40/80 MHz
Large-size RUs | 242-tone, 484-tone, 996-tone, | - 242-tone RU + 484-tone RU
2 X 996-tone, 3 X 996-tone for 80 MHz

- 484-tone + 996-tone for
160MHz, 242-tone RU + 484-
tone RU + 996-tone RU for 160
MHz

-484-tone RU + 2 %X 996-tone RU
for 240 MHz, 2 X 996-tone RU
for 240 MHz

- 484-tone RU + 3 X 996-tone RU
for 320 MHz, 3 X 996-tone RU
for 320 MHz

The Table 2.3 presents all the applicable multi-RU combinations defined in IEEE
802.11be. In IEEE 802.11bn, most of these combinations are expected to remain the
same. However, there are notable exceptions, including the 242-tone RU and the
484-tone RU, which are designated exclusively for full-bandwidth multi-user MIMO.
Additionally, it is anticipated that the 3 X 996-tone RU combination will be retained
for puncturing of full bandwidth in multi-user MIMO scenarios.
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2.4.2 MAC Layer Enhancements

IEEE 802.11be and IEEE 802.11bn have aimed to introduce enhancements at the
MAC layer for high throughput and improved reliability, respectively. Initially, IEEE
802.11be enhanced multi-link operation and improved QoS management features,
such as R-TWT. However, several enhancements, including multi-AP coordination,
were postponed for IEEE 802.11bn. Consequently, in the initial drafts of IEEE
802.11bn, proposals have been made for distributed multi-link operations, multi-
AP coordination, AP power saving, enhanced link adaptation, and retransmission
protocols (e.g., hybrid automatic repeat request (HARQ), etc.).

Spatial Stream

IEEE 802.11be introduced the use of 16 spatial streams as a MIMO feature of
this amendment to increase simultaneous transmission data rate. However, this
enhancement was postponed to IEEE 802.11bn, where several challenges arise, such
as channel sounding and feedback reduction complexity, due to the increase in
spatial streams from 8 in IEEE 802.11ax to 16 [13, 8].

AP Power Saving

Mobile devices operate on limited battery resources, making energy efficiency a
critical design consideration. While advancements in battery technology remain
important, it is equally essential to enhance power-saving mechanisms, especially
with the proposed improvements for the next Wi-Fi generations. Therefore, for
example, ensuring QoS satisfaction for STAs in a multi-AP network with effective
power management becomes essential [1,, 18, 26].

Multi-link Operations (MLO)

While the previous amendments utilize the 2.4, 5, and 6 GHz channels, their choice
of links has been largely random. Therefore, the main objective of this enhancement
is to optimize the use of multiple links within a single association. The advantage
of this MLO is not only the potential increase in throughput with link aggregation,
but also the reduction in latency due to a higher probability of channel access.
Additionally, improved reliability can be achieved by enabling multiple link access
and separating traffic between the control and data planes across different bands.
The MLO-capable APs are referred to as AP multi-link devices (AP MLDs), while the
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corresponding non-AP STAs that support MLO are called non-AP MLDs. Multi-link
operation can be divided into three main steps: multi-link discovery, multi-link
setup, and traffic-to-link mappings.

Multi-link discovery refers to the mechanisms by which an AP MLD detects
nearby MLD STAs. This can be achieved through passive scanning (listening on
each link for probe response frames), active scanning (transmitting probe request
frames on each link), or broadcasting basic information for all APs within the same
AP MLD. The next step, multi-link setup, establishes a primary link that facilitates
configuration across all other links, where all necessary information is exchanged
via request/response messaging among the STAs. While previously each link has its
own association request and response. Final step of multi-link operation mapping
traffic across links can be applied with associating different TIDs (Traffic Identifiers)
with specific links to improve traffic separation and prioritization. Nonetheless,
challenges such as non-STR and legacy device blindness, inefficient bandwidth
allocation, and unfair channel access relative to legacy STAs remain open issues for
this enhancement in IEEE 802.11be [27].

While the MLO in IEEE 802.11be brings high flexibility, in the next generation,
the concept of distributed MLO has started to be considered probably for next
amendment. This means that although the AP MLD, which consists of a set of
adjacent APs, can support MLO, IEEE 802.11bn aims to enable MLO between APs
that are located far from each other, which requires coordination between APs. In
other words, a distributed virtual cell is proposed to be created in IEEE 802.11bn [14].

Multi-AP Coordination

Multi-AP coordination was suggested initially for IEEE 802.11be, however due to
open challenges and its complexity for implementation it has been postponed for
IEEE 802.11bn. Multi-AP coordination is a revolutionary MAC layer enhancement
that agreed APs for collaboration can have a coordination and signaling to use
spectrum more efficiently and mitigate interference effectively.

2.5 Multi-AP Coordination in Wi-Fi

Multi-AP coordination was initially proposed to address collisions in dense envi-
ronments with high traffic load resulting from inter-BSS interactions. In addition,
delays in such scenarios become unpredictable due to signaling among adjacent APs,
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which can significantly reduce system reliability [1,8]. Therefore, as introduced in
IEEE 802.11be and further pursued in IEEE 802.11bn, it is suggested that adjacent
APs collaborate by sharing information such as scheduling assignments and channel
state information (CSI) to enhance network performance. Multi-AP coordination is
expected to support features such as resource allocation, interference management,
and overall performance improvement while maintaining flexibility for diverse
deployment scenarios. Despite these benefits, Multi-AP coordination introduces
increased complexity and signaling overhead compared to conventional generations.
Hence, it is crucial to develop a practical framework and mechanisms with realistic
assumptions to ensure its feasibility.

The proposed IEEE 802.11bn multi-AP coordination framework consists of
four steps: multi-AP coordination discovery, negotiation, session initiation, and
termination. The first step involves determining whether APs intend to collaborate
with one another. This intent can be identified through beacons that APs continuously
transmit or via probe request/response frames. The second step is the negotiation
phase between available APs, during which parameters such as the designation of
master and slave APs, maximum transmission opportunity (TXOP) duration, transmit
power limits, and other coordination settings are established. This negotiation can
occur using management frames, such as public action frames or newly defined
individually-addressed action frames. The third step is the multi-AP coordination
session, where the master AP, using coordination triggers, notifies the slave APs
to initiate the joint coordination based on the previously agreed transmission
parameters. The final step is the termination of the coordination session, which
occurs when one of the APs transmits a tear-down message [1].

The MAPC mechanism is categorized into four primary schemes: C-SR, C-
OFDMA /TDMA, C-BF, and JTX.

2.5.1 Coordinated OFDMA/TDMA (C-OFDMA/TDMA)

C-TDMA is a technique within MAPC that employs time-domain coordination to
manage wireless transmissions. In this approach, the coordinator or master AP
shares its TXOP with other participating APs in the MAPC. This mechanism enhances
network efficiency through improved resource allocation and reduced contention
overhead inherent in CSMA-based channel access. As illustrated in Fig.
under a MAPC framework, neighbouring APs operating on the same 20 MHz
channel coordinate their transmissions in the time domain. Instead of independently
contending for channel access, the APs follow a coordinated scheduling decision
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whereby transmission time is divided into non-overlapping intervals assigned to
different APs. During a given interval, only the scheduled AP transmits while
the others remain silent. This time-domain coordination mitigates co-channel

interference in the overlapping coverage region.

C-TDMA C-OFDMA

frequency frequency

(a) C-TDMA mechanism (b) C-OFDMA mechanism

Fig. 2.3 Illustration of C-TDMA and C-OFDMA coordination mechanisms in a MAPC
framework with two neighbouring APs sharing a 20 MHz channel. (a) In C-TDMA,
the master AP (which could be one of the APs based on lower backoff time) divides
its TXOP into non-overlapping time slots, assigning each slot to one AP so that only
one transmits at a time, eliminating co-channel interference through time-domain
separation. (b) In C-OFDMA, the channel bandwidth is partitioned into distinct
RU subsets assigned to each AP, allowing both APs to transmit simultaneously over
orthogonal frequency segments within the same TXOP.

On the other hand, C-OFDMA enables the coordinator or master AP to share its
allocated frequency resources with other coordinated APs. While the other way is a
centralized controller to be employed to manage frequency resource allocation for
each STA within the MAPC. As illustrated in Fig. neighbouring APs can share
the same 20 MHz channel by partitioning it in the frequency domain. Rather than
separating transmissions in time, coordinated APs are assigned distinct portions
of the channel bandwidth, enabling simultaneous transmissions over different
frequency segments. This coordinated bandwidth allocation reduces interference in
the overlapping coverage area while maintaining concurrent operation. To facilitate
this, essential information such as access category priorities and the traffic load of
neighboring APs must be considered to optimize resource allocation. The specific
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scheduling algorithms are implementation-dependent and may vary across vendors
and system requirements.

However, a notable limitation of both C-TDMA and C-OFDMA is their lack of
spatial reuse. Since time slots and frequency bands are taken directly from the
sharing AP’s TXOP and bandwidth, the overall airtime utilization does not inherently
improve. Moreover, performance may degrade in scenarios with mismatched traffic
profiles or uneven load distribution, such as in unbalanced OBSS environments.
Therefore, integrating C-OFDMA and C-TDMA with C-SR is essential to enable
simultaneous transmissions and enhance airtime efficiency:.

2.5.2 Coordinated Spatial Reuse (C-SR)

As previously discussed, C-SR enables APs to perform simultaneous transmissions
without limiting airtime or bandwidth usage. C-SR introduces a collaborative
mechanism in which APs dynamically adjust their transmit power levels to manage
inter-BSS interference, which is especially valuable capability in densely deployed
wireless environments. Fig. demonstrates with adjusting both APs’ transmit
power control in a shared TXOP, both AP1 and AP2 are enable for concurrent
transmissions without compromising link quality. However, in the earlier Wi-Fi 6
standard, only one AP was permitted to transmit at maximum power, while the
remaining APs were required to reduce their transmit power. This approach, in
certain scenarios, resulted in some STAs being unable to transmit at all due to low
power constraints.
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frequency

Fig. 2.4 Illustration of the C-SR mechanism showing AP1 and AP2 transmitting
concurrently within the same TXOP to their respective STAs in overlapping BSSs.
Each AP dynamically adjusts its transmit power based on inter-BSS RSSI, ensuring
its signal does not cause harmful interference at the neighbouring AP’s STAs. This
cooperative power control enables simultaneous transmissions and bandwidth reuse
across APs, improving airtime efficiency compared to the Wi-Fi 6 approach where
only one AP could transmit at full power.

It is expected that by utilizing information such as the received signal strength
indicator (RSSI) of inter-BSS links between the sharing AP and the STAs served by
shared APs, the APs can negotiate an appropriate transmission power level. This
cooperative adjustment is expected to enhance reliability by reducing packet loss
and improve throughput, as it allows all APs to utilize the airtime more efficiently.
When C-5SR is employed in conjunction with C-OFDMA or C-TDMA, it is expected
to scale up the number of STAs effectively served by their respective APs. As it is
demonstrated in Fig. with a joint C-OFDMA /C-TDMA and C-SR it is expected
that the bandwidth be reused between APs.

Nonetheless, transmit power allocation remains an open challenge, particularly
when addressing diverse use cases such as EHT and UHR. Key issues include
optimal power and resource allocation, ensuring backward compatibility with legacy
STAs to avoid significant performance degradation for legacy STAs, and minimizing
coordination and signaling overhead [1} 8].
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2.5.3 Coordinated Beamforming (C-BF)

C-BF is a spatial-domain coordination technique in which multi-antenna APs actively
suppress interference to and from STAs associated with neighboring BSSs. By
applying beamforming strategies that direct nulls toward interfering directions, C-BF
reduces contention, supports concurrent transmissions, and improves spectral reuse
and worst-case latency in dense network deployments.

Despite its benefits, a key challenge in C-BF lies in the channel sounding phase.
This process introduces significant overhead, as it requires either all APs in the
MAPC sequentially acquire CSI from neighboring APs or perform extensive listening
procedures. In addition, null steering reduces the system’s degrees of freedom
and can limit scalability. Figure 2.5|illustrates the concept of C-BF, where each AP
transmits to its associated STAs while simultaneously steering nulls toward STAs
served by adjacent APs [1, 8, 14].

C-BF

STA 1
Null
’ Radiation
AP/

@ @

Null /
Radiation

frequency

Fig. 2.5 Illustration of the C-BF mechanism showing two multi-antenna APs each
directing their main beam toward their intended STA while steering a spatial null
toward the STAs of the neighbouring AP. This cooperative null-steering suppresses
inter-BSS interference and enables concurrent transmissions across OBSSs without
requiring time or frequency separation, at the cost of channel sounding overhead
and reduced beamforming degrees of freedom.



2.5 Multi-AP Coordination in Wi-Fi 30

2.5.4 Joint Transmission (JTX)

JTX, also referred to as distributed MIMO, is a technique that allows multiple APs,
even those that are not in each others neighborhood, to simultaneously transmit to a
given STA. For instance, as illustrated in Figure 2.6, while STA1 is primarily served
by AP1, AP2 can also retrieve STA1’s data via the backhaul and participate in the
downlink transmission to STA1 [§].

This approach enhances signal quality and reliability by leveraging spatial
diversity. However, JTX introduces significant complexity, including the need
for high-capacity, low-latency backhaul communication, distributed CSMA /CA
coordination, and accurate synchronization in time, frequency, and phase across the
transmitting APs. Due to these stringent requirements, it is likely that JTX will not
be included in the IEEE 802.11bn standard [1].

JITX

frequency

Fig. 2.6 Illustration of the JTX mechanism showing AP1 and AP2 simultaneously
transmitting to STA1 within the same TXOP. AP2 retrieves STA1’s data via the
backhaul and joins AP1’s transmission, so that the combined signals reach STA1 with
spatial diversity, improving signal quality and reliability. This requires precise time,
frequency, and phase synchronisation across both APs along with a high-capacity,
low-latency backhaul connection.
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2.6 Channel Access Mechanism: A Technical Overview

2.6.1 CSMA/CA

CSMA is the protocol proposed for IEEE 802.11 standard to give all the users in the
Wi-Fi network ability to channel access with contention on unlicensed bandwidth
without any controller. In this network users normally are called stations (STAs)
which are the end nodes that can access the channel directly. CSMA which can also be
called distributed coordination function (DCF) protocol, is a channel access technique
with a random backoff countdown and an automatic repeat request protocol (ARQ)
to handle packet errors and retransmissions.

To explain CSMA /CA transmission setup, each STA in the network needs to
check whether the channel is free for at least a distributed inter frame space (DIFS)
duration. If it has been free for DIFS, this means the channel is idle. There are two
main methods to check whether the medium channel is free, either physical carrier
sense or virtual carrier sense. With physical carrier sense STAs listen to the channel
and if it detects the overall signal strength on the channel above —62 dBm it detect
that the channel is busy. The virtual carrier sense is another way for clear channel
assessment (CCA) with the aim of power savings. So with this carrier sensing the
STA decodes the PHY header of STAs that have signal strength on the channel above
—82 dBm, and the STA sets up a network allocation vector (NAV) [28] [13]. NAV
setup is based on what information the STA reads from the PHY header of the other
STAs, so it will put the NAV as the total duration of the channel that is busy as the
other STA is using the medium. Therefore, NAV can help for physical carrier sensing
and energy saving as it does not need to check whether the channel is idle or busy
during the NAV setup. In this case the STAs can detect whether the channel is idle
or not and based on this attempt to access the channel. However there is a downside
for this case, and it is when any two STAs in the network sense the channel is idle
and transmit, which can cause collision and packet drop for both STAs.

Therefore, as part of the protocol it is considered to have a random backoff counter
for each STA, which is called the collision avoidance strategy with binary exponential
backoff (BEB). It is after DIFS and checked during DIFS that the channel is idle, that a
STA waits for a random backoff time or counter. The backoff counter is selected with
uniform distribution any integer number between 0 and the minimum contention
window (CW,,i,). Then the STA checks the channel, if the channel is idle, the backoff
counter will be decreased until it is zero, where the STA accesses the channel. In
any other backoff time the STA sense the channel is busy it will freeze the backoff
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counter until for about DIFS duration the channel could become free again then it
will again count down its backoff counter from what it was left. In any case that
despite the backoff selection there is any collision, the maximum contention window
will be increased by CWy,ax = 2" CWiyin, where m represents the times that the STA
have occurred collision with the largest M time. Consequently, the actual backoff
duration is uncertain, not only due to the initial random value, but also because of
potential interruptions caused by transmissions from other STAs [1, 28].

2.6.2 RTS/CTS

CSMA /CA despite its high usage as the Wi-Fi protocol, it has a problem with its
high delay especially in dense area. This is because once there is a collision, all the
TXOP is lost and the STAs need to try again for channel access. In addition, there
are hidden STAs in the network that not all the STAs are aware of them. Therefore,
it is suggested a new signaling between STAs and APs in the network that after
finish-up the backoff timer, then STA instead of whole packet transmission, transmits
the request to send (RTS) signal and wait for clear to send (CTS) response from the
AP. Once the CTS message is received, it means the duration of the subsequent data
transmission (or TXOP) is reserved for that specific STA. This can allow all the STAs
in the network that received either RTS or CTS or both to set up their NAV and stop
meddling with the winner STA. This NAV can also help other hidden STAs to be
informed that the channel is in use, thereby preventing them to further try to access
the medium until the current transmission ends [1, 28]

2.6.3 Traffic Differentiation and Prioritization

Another protocol that is available in IEEE 802.11 is the EDCA as a replacement of
DCEF protocol. It is proposed that we consider four different access categories (AC),
including voice (VO), video (VI), best effort (BE), and background (BK), ordered from
highest to lowest priority. The difference with the conventional CSMA /CA protocol
is that the arrived packets are categorized into the four ACs based on information
in the IP headers, in which the DIFS is extended as an arbitrary inter-frame space
(AIFS). The AIFS is a distinct value for each AC as well as the CWin and CWpax. In
addition, a maximum TXOP duration is specified for each AC with the main goal of
limiting the duration of channel occupancy. Higher-priority traffics for example, VO
and VI benefit from shorter AIFS and smaller CWs, enabling reduced access delays
and improved performance for time-sensitive applications. In scenarios where two
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or more ACs finish their backoff period simultaneously, an internal collision occurs.
In these cases, the protocol allows the highest priority AC involved in the collision to
proceed with transmission. The default access categories mapping based on users’
priorities is illustrated in Table[2.4] In addition, the EDCA default parameters are in
the Table.

Table 2.4 The user priority to AC mapping [9, [10]

Priority | User Priority AC Traffic Types
Lowest 1 0 - (AC_BK) BK

2 0 - (AC_BK) BK

0 1- (AC_BE) BE

3 1- (AC_BE) BE

! 2-(AC_VI) VI

5 2 - (AC_VI) VI

6 3 - (AC_VO) VO
Highest 7 3 - (AC_VO) VO

Table 2.5 EDCA default parameters, where CWpin = 31, CWpax = 1023 [9, [11]

AC CWhin CWhax AIFS | TXOP limit
0 CWhin CWhax 7 -
1 Cwmin CWmax 3 -
2 | (CWmin—1)/2 CWonin 2 3.0 ms
3 | (CWmin—1/4 | (CWmin—1)/2 | 2 1.5ms

2.7 Resource Allocation: A Technical Overview

As mentioned earlier in Wi-Fi two main technologies, MU-MIMO and OFDMA have
been proposed for multi-user technologies. In this section the focus is on OFDMA
which is also based on the main topic of thesis on OFDMA and C-OFDMA resource
allocation. OFDMA helps with the contention time and consequently the spectrum
efficiency can increase drastically.

2.7.1 Downlink OFDMA Transmission Procedure

In the downlink OFDMA, the AP after accessing the channel could transmit data
simultaneously to multiple STAs. OFDMA is added to the CSMA /CA protocol,
therefore, it is important to understand its process.
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As illustrated in Fig. a downlink OFDMA process is as follows.
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Fig. 2.7 Downlink OFDMA Transmission

* Initially, the AP, after accessing the channel, the AP sends the MU-RTS signal to
all the STAs that are open for OFDMA, and the AP waits for the STAs’ response.
The MU-RTS set-up the NAV to notify other STAs about that the upcoming

TXOP that the channel is busy.

* Then STAs send their CTS signals while all should send simultaneously.

* The next step is that the STAs based on the information on the SIG-B in the
preamble know their assigned RUs. Therefore the AP transmits each STA
aggregated MAC protocol data unit (A-MPDU). Each STA based on its traffic
and channel gain are able to transmit a sp and other traffic and physical layer

features are able to transmit a specific A-MPDU, however as all the STAs

transmit data should be transmitted simultaneously, the size of MU DL A-
MPDU is the maximum A-MPDU of all the STAs. While if there are STAs with
lower size that the maximum A-MPDU, it will add zero padding to make it the
same size as the MU DL A-MPDU.

o After the MU DL A-MPDU, the AP sends the block acknowledgment request
(BAR) to confirm that whether all the STAs received the data.

* Finally, the STAs in case of successful transmission will send back the acknowl-
edgment (ACK) signal [29, [1]].
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2.7.2 Uplink OFDMA Transmission Procedure

Uplink transmission is not as straightforward as downlink OFDMA. The reason is
that as the same synchronization is needed for uplink one, however, as it is uplink
transmission the AP is not able to apply synchronization as the downlink OFDMA.
Which means more signaling required so the STAs can be synchronized to send
their data. It is required that all the STAs” preambles arrive at the AP at the same
time, which makes the uplink OFDMA transmission procedure complex. Therefore,
it is required that before the preamble transmission of STAs, the AP provides a
careful scheduling to specify the exact timing, RU allocation, and other transmission
parameters for the STAs.

MU-RTS SIFS BSRP SIFS SIFS Trigger SIFS SIFS MS BACK

AP

Padding
CTS BSR UL A-MPDU 1
STA 1

e BSR UL A-MPDU q 1 _— Padding
STAN

Fig. 2.8 Uplink OFDMA Transmission

As demonstrated in Fig. the uplink OFDMA transmission procedure is as
follows.

e Initially, the AP sends the MU-RTS trigger frame to the STAs agreed for uplink
transmission. The STAs respond with the CTS frame simultaneously.

* Then the AP sends the buffer status report poll (BSRP) to indicate how much
data is available in each STA’s buffer. The AP waits for STAs’ response, which is
carried in a Buffer Status Report (BSR), and will help the AP for RU allocation
and scheduling planning.

» After receiving the BSR, the AP transmits a Basic Trigger frame to coordinate
the uplink transmission. Specifically, the Trigger frame establishes a common
transmission start time to ensure time synchronization and prevent symbol
overlap. It also enables carrier frequency alignment among participating STAs
to minimize inter-user interference across adjacent RUs. In addition, the frame
informs each STA of its assigned RU and RU size. Finally, it facilitates transmit
power adjustment to ensure proper signal strength alignment at the AP.
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* Based on assigned RUs and synchronized timing, the STAs transmit their UL
A-MPDU to the AP simultaneously.

* Finally, the AP with multi-STA block acknowledgment, informs the STAs about
whether their transmission has been successful [29, 1]

2.7.3 C-OFDMA Transmission Procedure

C-OFDMA in IEEE 802.11bn is still under investigation. The technology has not
been standardized yet due to its complexity and probable higher latency on the
backhaul [1},30]. However, there are several proposed transmission procedures in
the literature, that we would like to mention in this section.

In MAPC, there are two main blocks, one is the Sharing-AP or called Coordinator-
AP, and the other one is the Shared-AP or Coordinated-AP. Sharing-AP in a semi-
distributed network architecture is the AP that either wins the TXOP based on
CSMA /CA protocol or it is allocated the TXOP based on round robin algorithm for
a fair channel access. While the rest of adjacent APs agreed to be in the coordination
are called either shared or coordinated-APs. Therefore in the C-OFDMA, once the
Sharing-AP has the channel access it could either allocate each STA’s RUs in the
network or it could assign the bandwidth to the Shared-AP and each Shared-AP.
Each set-up needs to have its own transmission procedure and solve the challenges in
C-OFDMA. The main question is to propose a transmission procedure for C-OFDMA
that while first to be able to provide all the information for coordination, second
provide the information to increase the spectrum efficiency with and saving power
while improve the simultaneous transmission for the STAs in the network. And
finally and the most important that it is reliable with the low latency [2, [1]. It is
mentioned earlier even in IEEE 802.11ax that the spectrum usage is not efficient in
this standard, therefore with higher complexity in C-OFDMA spectrum usage needs
to be improved and give a better RU allocation to improve spectrum efficiency [13]].

In [31], the authors proposed a transmission procedure for C-OFDMA in order to
meet the IEEE 802.11bn latency requirement. In this paper, it is suggested at the start
of each TXOP, the Sharing-AP sends the airtime query report poll (AQRP) to request
from the shared-APs some information about the buffer, channel (busy/idle) status
of them and the shared-APs access categories (AC) that defines their airtime duration.
Then the Shared-APs send back the airtime query report (AQR). For the next step,
the Sharing-AP with the announcement trigger frame (ATF) transmission to the
Shared-APs, informs the Shared-APs about their assighment resources whether part
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of TXOP and their assigned RU. After the ATF, the APs will use the assigned RUs
based on the scheduling algorithm and transmit the data with their STAs. In this
paper [31], authors are attempting to solve the signaling between the Sharing-AP
and the Shared-APs. In this network the Sharing-AP allocates the bandwidth to each
Shared-AP and the rest of RU assignment is based on the Shared-APs scheduling
algorithms. It should also be noted that this paper uses a semi-distributed network
architecture that there is not a general master controller for resource allocation and
scheduling.

Authors in [32] proposed a practical system model where a mixture of wired
and wireless APs backhaul coordination in C-OFDMA is available. The proposed
transmission procedure is quite as [31]. Where in the first step, the AP that wins the
channel, transmits the beacon signal to the other APs, and then other APs send back
the response beacon signal which is included information about multi-AP group
identifier, their channel, STAs in the overlapping area and any other information that
can help with APs in a better assessment of the transmission. In the next step the
Coordinating-AP, will transmit a trigger frame (TF), for control data exchange. With
TF, the information such as the TXOP duration, assigned RU and other coordination
information will be exchanged between Coordinating-AP and Coordinated-APs.
And finally the data transmission happens. It should be mentioned that in [32],
a probabilistic algorithm is proposed where APs get the bandwidth randomly
compared to [31] that a scheduling algorithm for RU allocation is suggested.

C-OFDMA transmission procedure still needs to be proven, which is in real
time with a complex scheduling algorithm and the synchronization problem is
solved, so the problem is still an open problem. Beside transmission procedure
of C-OFDMA, there are several challenges in the C-OFDMA needed to be solved,
including whether APs can access the channel during multi-AP coordination and
whether they are willing to participate in the coordinated AP set. Furthermore,
it is critical to determine the appropriate group of STAs to be scheduled together
in each TXOP [33] 34]. In [34], an uplink polling problem is introduced, and an
algorithm is proposed to efficiently and scalably address polling in high-density
OFDMA-based, time-sensitive Wi-Fi networks. Furthermore, the authors in [31]
proposed a transmission scheme for the C-OFDMA network to mitigate network
latency while reducing overhead and ensuring throughput stability, an essential
consideration in the context of C-OFDMA networks.

Another important challenge in C-OFDMA is the absence of a general, opti-
mized RU allocation algorithm. While the RU allocation issue has been extensively
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addressed in cellular networks, the problem in Wi-Fi systems is notably different.
This distinction arises because OFDMA in Wi-Fi operates on top of the CSMA/CA
protocol, which requires an AP to first compete for channel access. Once access
is granted, the APs allocate RUs for different AP-STA data exchanges. In contrast,
cellular networks have a fixed, traffic-independent time-frequency structure, allowing
operators to manage and allocate resources in both time and frequency [35]. This
means that a general scheduling algorithm is required with as much as low signalling
and overhead, while any complexity might be avoided. In addition, a scheduling
algorithm in Wi-Fi network to propose to do the scheduling based on STAs QoS is
essential, especially for IEEE 802.11bn due to the new use cases and applications.

2.7.4 Resource Allocation in OFDMA/C-OFDMA

RU allocation in Wi-Fi initially proposed with IEEE 802.11ax, where the OFDMA
for the first time used. The main reason was that with increasing the channel width
such as 80 MHz, 80 + 80 MHz and 160 MHz, the channel suffers from frequency
selective interference. The key concept behind OFDMA is the allocation of adjacent
subcarriers into resource units (RUs) for multi-user transmission. By assigning
non-overlapping frequency segments to different users, inter-user interference is
reduced, which improves the received SINR. The enhanced SINR allows the use of
higher MCS levels, thereby increasing the achievable throughput. For IEEE 802.11ax
a very strict RU allocation conditions where set based on the standard and it was
that only one RU can be assigned to each STA and assigned RUs cannot be reused,
which can cause optimized RU allocation non-convex and hard to implement. The
used scheduling algorithms are very simple that the vendors either use a random RU
allocation or a round robin RU scheduling, that are not optimum way for spectrum
usage and causes even lower performance compared to not using OFDMA [13]].
IEEE 802.11be addresses the single RU allocation limitation in Wi-Fi 6 with
suggesting multiple RU allocation for STAs, which increases the spectrum usage. It
is attempted for compatibility assurance and overhead minimization, to propose a
predefined RUs combination in IEEE 802.11be/bn standards. Therefore, small-sized
RUs 2.3|can only be aggregated with other contiguous small-sized RUs to construct
a small-sized MRU. In contrast, large-sized MRUs can be combined with various
large-sized RUs, which are not necessarily contiguous. Then as there is an option
to use multi-RUs there is the question how to allocated the RUs to the STAs to
satisfy STAs throughput and QoS requirement. In addition it is critical that the
proposed algorithm can achieve the required QoS while the required information
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for the AP’s decision for assigned RU. Which is essential in Wi-Fi that to make sure
the information is in either in preamble’s header and/or in the previous signaling
between the AP and its STAs. Another key factor is as all the STAs are transmitting
or receiving data simultaneously, it is essential to allocated RUs in an optimum way
that the zeros padding for the STAs could be as smaller as possible with the main
goal of not wasting airtime which is another resource [1} [15, 8].

C-OFDMA as introduced earlier is one of the MAPC technologies, with respect
to the resource allocation in time and frequency. The initial reason for coordination
between APs has been to allocated resources more efficiently, however this is not
possible without an improved scheduler which has lower overhead and is optimizing
time. Therefore the RU scheduling algorithm importance especially with multi-AP
is clear. In addition it is essential to have scheduling in scenarios to be able to have
as much as possible simultaneous transmission. This could be categorizes as joint
C-OFDMA and C-SR [2, 8].
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Fig. 2.9 Different RU allocation scenarios.

Fig. 2.9/ demonstrates the different scenarios of RU allocation, either in C-OFDMA
or in general. With consideration of three different scenarios, the problem is tried to
be explained. Let’s consider that there are three STAs in the network, STA1, STA2,
and STA3 with the potential 20MHz, 80MHz and 20MHz bandwidth usage. Which
is also another challenge that either it is the STAs limited bandwidth or whether
based on its QoS and its features the AP can define how much RU it needs.
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1. First scenario is once there is no OFDMA in the network. As it is demonstrated
in Fig. the AP allocated 3 TXOPs, each TXOP for one of the STAs. As the
STAs capability is limited, in each TXOP only partial of bandwidth will be
used. This a huge waste of time and frequency, especially with the increased
bandwidth up to 320 MHz per an AP.

2. Then in the second scenario, it is tried to allocate RUs with limitation of
maximum usage of 80 MHz of the channel, which can cause the TXOP duration
larger than before. Then the rest could be allocated to other APs in C-OFDMA.

3. For the third scenario, it is used OFDMA with considering allocate bandwidth
more to STAs while the TXOP duration can be the same as before. Where the
rest could be allocated to the other APs” STAs.

These scenarios, demonstrates the importance of scheduling for different applica-
tions in the network and different use cases for STAs.

2.8 Background and Prior Studies

IEEE 802.11bn with the main goal of high reliability and lower latency compared to
previous standardization especially with the new applications has proposed a variety
of technologies and enhanced ones to reach to its goal. One of the new enhancements
is to be able to optimize the back off time duration for channel access, which in the
section[2.8.Twill be discussed. In addition multi-user resource allocation in multi-AP
coordination especially C-OFDMA is an important challenge which is discussed in

2.8.2

2.8.1 Channel Access

As mentioned earlier in section CW or the backoff time in CSMA /CA protocol
has an essential role for collision avoidance. However in overcrowded network, the
network ability to give access to each and every STA in the network is not possible
and therefore the network might collide. In addition to the new technologies such as
AR/VR the requirement of lower latency and higher reliability compared to other
conventional applications is essential. So it is important to look further with the
main goal of decreasing backoff time or propose a new set of protocols for channel
access to degrade the wasting time for channel access. Authors in [36] propose a
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MARL to optimize the CW within the existing CSMA/CA framework. The authors
claimed reducing tail latency for UHR, while maintaining throughput and MPDU
loss. The work in [37] proposed to replace the conventional binary exponential
backoff mechanism with MARL. The main addressed problem was the channel
access of different types of RL agents, specifically, value-based or policy-based
methods with the main objective of throughput maximization with fair allocation. It
is proposed that the AP manages the centralized training phase, while individual
stations perform decentralized execution.

Authors in [38] proposed a novel MAC protocol named QMIX-advanced Listen-
Before-Talk (QLBT), which is built upon MARL. The proposed MARL algorithm
outperformed CSMA /CA in terms of throughput and jitter with robustness in
dynamic environment which can also have favorable channel access competence
with legacy STAs. While in [28], a MARL algorithm for the APs in a multi-AP
coordination network is proposed, where each agent can decide when to transmit. To
mitigate the problem arising when only one AP accesses the channel, a centralized
controller is proposed, which first, enhances learning performance, and second, a
greedy algorithm for proportional fairness is proposed. Authors in [39] proposed
both a centralized DRL and a distributed federated DRL approach to optimize the
energy detection (ED) thresholds in a heterogeneous NR-U/Wi-Fi network, with the
goal of maximizing uplink system throughput while ensuring fairness. The authors
considered the channel access of both Wi-Fi and NR-U networks according to the
already existing protocols in their networks. However, with DRL, it is expected that
both networks with ED thresholds can dynamically configure a key parameter within
these existing channel access schemes. Also, the fairness is applied as a reward or
punishment if Wi-Fi throughput drops below a certain threshold, and FL is used as
a solution for data privacy concerns.

2.8.2 Resource Allocation

According to the IEEE 802.11bn task group, MAPC is a feature to be included in IEEE
802.11bn to enable APs coordination across different BSSs. Compared to previous
standards, this innovation significantly enhances the interference mitigation and
leads to better spectral efficiency and higher reliability [40-43,2]. MAPC identifies
four advanced techniques pivotal to MAPC: C-SR, C-BF [40],C-OFDMA, and JTX
[40, (18] 44]. These techniques play crucial roles in enhancing the performance of
networks [45)], 44].



2.8 Background and Prior Studies 42

C-OFDMA from the MAPC categories can provide simultaneous channel access
with allocating bandwidth to all available STAs at different APs with coordination
based on frequency separation, thus the interference will be managed efficiently
compared to the conventional non-MAPC models [40]. C-OFDMA can improve the
potential interactions between devices in an OBSS, so that the devices can coordinate
to leverage the same TXOPs. In other words, C-OFDMA is introduced to improve
spectral efficiency. On the other hand, C-SR provides parallel transmission with
interference management [18] in the same frequency and time with coordination
between APs and transmission power management of APs/STAs. Using C-OFDMA
with C-SR can highly increase the spectrum efficiency. By coordinating RU allocation,
multiple APs can transmit concurrently on the same frequency channels without
causing significant interference, leading to more efficient use of the available spectrum
[2]. Interference management through RU assignment tackles a fundamental spatial
reuse issue. It enables concurrent transmissions in overlapping regions by employing
efficient spectrum partitioning and interference mitigation strategies.

In addition, given the dynamic nature of wireless channels and the limited
spectrum availability, RU allocation plays a crucial role, particularly in multi-AP
scenarios. Without an efficient RU allocation strategy, interference can significantly
degrade network performance [2]. Under C-OFDMA, APs and STAs are permitted to
share OFDMA resources within each TXOP, thereby improving spectrum efficiency.
In addition, with the proposed ability of multi-RU assignment in IEEE 802.11bn
multi-users resource allocation with multi user opens up new possibilities and
challenges to be addressed. Consequently, RU allocation and scheduling algorithms
for RU allocation in Wi-Fi systems are important compared to all the previous
amendments and standard. It is critical to be able to use spectrum efficiently and
manage interference in a C-OFDMA resource allocation.

The authors in [46] propose the variable RU allocation for the IEEE 802.11ax
standard with the main objective of maximizing throughput with delay degradation.
The proposed algorithm is based on traffic backlog of STAs and the congestion of
STAs in a single AP scenario. In [32], a multi-AP C-OFDMA network is proposed
for industrial IoT networking environments. In which a probabilistic algorithm for
RU allocation is proposed to mitigate latency mitigation, however, as the APs and
STAs increase the network jitter degraded and the latency is increased, which shows
the importance of a more intelligent algorithm. In [47] a fixed-RU allocation in joint
C-OFDMA and C-SR is suggested based on graph coloring and Weighted Max-min
algorithm. Authors in [48] proposed a fine-grained RU allocation to bring low latency
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and ultra reliability of IEEE 802.11bn. However, the authors due to high overhead
for a fine-grained RU allocation and also due to the synchronization proposed to
use backhaul wire instead of over-the-air coordination of APs. The authors in [49]
also proposed fine-grained RU allocation in C-OFDMA for industrial Wireless time
sensitive network (TSN) scenarios. In order to reduce overheads a virtual sounding
approach in which, rather than acquiring CSI for every link in each cycle is proposed.
Measurements are taken for only a subset of links, while the remaining CSI values
are estimated through interpolation based on previous measurements. In [50], the
authors analyze the impact of different distributions of random and scheduled RU
allocation on the performance of the MAC layer. Additionally, in [16], the fixed-size
RU allocation problem is addressed by re-framing it as a channel access problem,
with the primary goal of maximizing throughput while ensuring fairness. Moreover,
authors in [17] proposed a random RU selection based e-greedy, where each STA is
an agent and tries to search for the random RU selection between all the available
RUs. However, the random RU allocation specially in a high congested network
can lead to collision which is the lost of resources. On the other hand, scheduled
RU allocation scenario with needs to consider the for RU assignment in order to
optimizes spectrum efficiency and the transmission parameters. As without no
effective RU scheduling the network’s performance can be degraded [51].

Therefore it is essential to understand the tradeoff between bandwidth allocation,
time allocation or, in general, the resource allocation in the C-OFDMA. For example,
in a case with variable buffer size for each AP assigning the same bandwidth with
different primary channel is not optimum and this will be the loss of resources.
While, if APs use the same primary channel for transmission without RU allocation,
this can cause collisions and huge loss of resources and data [2} 15].

Considering allocating the total bandwidth to the STAs with the higher data rate
has promised to maximize the total network throughput. However, in this case the
system is not fair. Fairness can be defined in some classical definition as proportional
fair (PF), modified largest weighted delay first (MLWDF), Max-min fairness and etc
[52]. Authors in [52] propose FairSplit algorithm as a lightweight and near-optimal
bandwidth splitting strategy with the following of [53]. It achieves significantly
improved throughput and fairness compared to existing methods, while remaining
practical and deployable in real-world systems. Considering real scenarios the STAs
have different factors that can effect the network performance and it is essential to
be considered during resource allocation consequently RU allocation. Therefore
proportional fairness can be defined as a factor to be able to allocate resources to STAs
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proportionally fair with consideration of STAs related factor on resource allocation
[54].

Proportional fairness is defined as a metric to ensure a balance of efficiency
and fairness. It is defined as a resource allocation principle that strikes a balance
between efficiency (maximizing throughput) and fairness (ensuring equitable access)
among multiple users or devices. Proportional fairness allows efficient trade-offs
between users and is more throughput-friendly, while max-min fairness ensures
strict equality at the expense of performance [55]. Moreover with the new IEEE
802.11bn assumptions the optimal fair multi-RU allocation with STAs” heterogeneity
in a C-OFDMA system model is an open problem. This challenge must account
for the realistic information required to enable effective multi-AP coordination [46]].
Also the interference with the same RU allocation in a TXOP caused in the multi-AP
coordination it is important to delve into the scheduling algorithm. Moreover with
the use-cases such as extended reality bring the specific use cases for Wi-Fi network
and the fairness definition with network throughput optimization needs essential
RU management based on their use cases and QoS requirements [56].

One of the proposed algorithms for RU scheduling and random RU allocation
that has been recently employed is the use of machine learning and deep learning
techniques [16, 17]. Among these approaches, reinforcement learning (RL) is
regarded as particularly effective for adapting to dynamically changing and uncertain
environments of wireless communications [56H58]. In this regard, RL has been shown
to be efficient for intelligently allocating resources based on STA requirements and
QoS. In [17], a distributed RU selection method utilizing convolutional neural network
(CNN)-based Multi-agent deep reinforcement learning (DRL) is proposed to enhance
the throughput and reduce the latency of wireless networks. The authors have not
considered the variable RU scheduling scheduling algorithm, nor any differences
between STAs QoS. Authors in [16] drawing inspiration from mean-field game theory
proposed, a novel mean-field-based MARL algorithm for uplink OFDMA in IEEE
802.11ax networks. This algorithm aims to learn the optimal channel access strategy,
thereby improving network performance in high-density environments. However,
RU scheduling algorithm with the new IEEE 802.11bn that each STA can get more
than one RU once again brings the challenges of RU allocation specifically with
diversity factors such as different channel gain of STAs, a C-OFDMA. In which also
the coordination brings the flexibly to manage RU allocation in more intelligent way
and increase the spectrum allocation optimized.
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2.9 Summary

This chapter has critically examined the evolution of Wi-Fi technology with the
objective of identifying the technical limitations that justify the research problems
addressed in this thesis. The review has exposed a structural gap between the
increasing PHY-layer capabilities of modern IEEE 802.11 amendments and the rela-
tively underdeveloped MAC-layer coordination and resource allocation mechanisms
required to fully exploit them.

While IEEE 802.11be and the emerging IEEE 802.11bn introduce advanced fea-
tures such as wider bandwidths, multi-RU allocation, multi-link operation, and
multi-AP coordination, the underlying channel access mechanism in Wi-Fi remains
fundamentally contention-based. In dense and interference-limited deployments,
CSMA /CA introduces randomness, unpredictable latency, and fairness degrada-
tion. Consequently, simply enhancing modulation schemes or bandwidth does not
guarantee improved reliability or delay performance.

The review further reveals that existing studies on OFDMA and multi-AP coordi-
nation primarily emphasize throughput maximization under idealized assumptions,
often neglecting heterogeneous channel conditions, fairness objectives, traffic dy-
namics, and queue-aware scheduling. In particular, practical and scalable RU
allocation strategies for coordinated multi-AP environments remain insufficiently ad-
dressed. This disconnect between theoretical coordination gains and implementable
scheduling solutions constitutes the central research gap identified in this chapter.

Therefore, the main purpose of this literature review has been to justify the need
for intelligent channel access and resource allocation frameworks capable of meeting
the ultra-high reliability and low-latency objectives of next-generation Wi-Fi systems.
The limitations identified here directly motivate the contributions of this thesis:
reinforcement learning-based channel access optimization, interference-aware and
fairness-driven RU allocation in C-OFDMA systems, and queue-aware scheduling
mechanisms for realistic traffic conditions.

In this context, learning-based scheduling has recently attracted attention because
conventional MAC-layer decision mechanisms in Wi-Fi often rely on fixed heuristics
that cannot fully react to rapidly changing traffic and interference conditions. In
particular, DRL has emerged as a promising approach for wireless scheduling
problems where resource decisions must be taken sequentially under uncertain
network evolution. Its relevance to this thesis lies primarily in the later chapters,
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where RU allocation must adapt online to heterogeneous channel conditions and
queue dynamics while maintaining low scheduling latency.

In summary, this chapter establishes that achieving the performance targets
of IEEE 802.11bn requires not only PHY-layer enhancements, but fundamentally
improved coordination and scheduling strategies at the MAC layer. Addressing this
requirement forms the core contribution of the subsequent chapters.



Chapter 3
Mathematical Background

This chapter provides an overview of the mathematical background for the resource
allocation problems considered in this thesis. First, the fairness-aware resource allo-
cation scheme and performance metrics used in the thesis are presented. Then, the
mathematical techniques applied for developing resource allocation techniques, in-
cluding convex optimization and ML are introduced. Finally different ML algorithms
with the main goal of online resource allocation to achieve a better performance are
presented.

3.1 Fairness Metric

The importance of RU allocation in the C-OFDMA is presented in the previous
chapter, therefore the question arises as to which performance metrics should be
used when proposing RU allocation and scheduling algorithms. One of the main
objectives in the wireless network is the throughput enhancement. The outnumbered
users and high demand over the decades still make the throughput enhancement one
of the most significant challenges in the Wi-Fi network. In addition to throughput
performance, users have diverse requirements, demanding different level of QoS
satisfaction, such as distinction on reliability, and latency. Consequently, the system
must incorporate fairness across various performance metrics while meeting the
heterogeneous QoS requirements of users. Hence, scheduling algorithms need
to jointly optimize multiple objectives, including throughput and fairness, during
resource allocation.

In other words, whether it is throughput maximization and/or delay degradation
or any other utility functions optimization, the simplest way for resource allocation
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could be giving the more resources to the user with the fastest channel or the
one that has the highest amount of data to transmit. So the throughput could be
reached to the highest. However, in real scenarios where the network is overcrowded,
severe dissatisfaction occurs among all users except the one who receives all available
resources. In another case allocating more resources than needed to any user could be
wasteful. Therefore, this confirms the importance of fairness for resource allocation.
In simple systems, generally to achieve fairness random resource allocation might
be used, however this is not an optimal approach for resource allocation. It also
degrades the overall network-wide performance, thereby preventing the system
from operating at its full potential. Another way of resource allocation could be
the equally allocating resources between users, however this will cause collisions or
excessive interference if the number of users exceeds available units [59-61].

Therefore, fairness is a critical performance metric that must be considered
in the design of practical resource allocation mechanisms. However, fairness is
inherently difficult to formulate and quantify. Its definition may vary depending
on the network perspective, user requirements, or environmental conditions. In the
following sections, the fairness metrics adopted throughout this thesis are presented
and discussed [59, 60, 62H64].

3.1.1 Max-Min Fairness

Max-min fairness (MMF) is a fundamental concept to ensure that users in the network
achieve a similar performance, aimed at ensuring that the user receiving the least
resource is treated as fairly as possible. It seeks to balance efficiency with fairness,
particularly in environments where resources are limited and multiple users compete
for allocation.

Formally, let A = (A1,A2,...,AN) € A represent a vector of assigned resources for
N users. The vector A is said to be max-min fair if it satisfies two conditions:

1. Feasibility: A € A, where A is the set of feasible allocations.

2. Fairness: For any alternative feasible allocation A’ € A, if A} > A for some
s €{1,...,N}, then there must exist at least one t € {1,..., N} such that A; < A,
and A} < A.

This condition ensures that no user can increase its performance without decreasing
the allocation of someone else with an equal or smaller share.
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Now, consider a decision vector x € S, where S is a set of feasible decisions. Here,
the decision vector

X = (xl,xz,...,xN)

represents the allocation of resources to the N users in the network, where each
component x; determines the resources assigned to user i. Each user i € I derives a
utility U;(x) based on the decision x, which is defined to quantify the user’s utility.
The utility vector is defined as u = (u1,u2, ..., un), where u; = U;(x). In this setting,
the max-min fairness problem can be formulated as the following optimization
problem:

max (I{Jeip{ui(x)}) : 3.1)

This objective seeks the decision x that maximizes the utility of the user who
receives the smallest utility, aligned directly with the max-min fairness condition
described above.

A common approach to solving a max-min fairness problem is the progressive
filling algorithm, also known as water-filling [65]. This algorithm incrementally
allocates resources, prioritizing the users with the lowest current allocation. At each
iteration, resources are distributed equally among all unsaturated demands, that is,
users whose current allocation has not yet reached their maximum allowed value
until one or more reach their maximum allocation. These saturated demands are

then fixed, and the process continues with the remaining users [66]].

3.1.2 Proportional Fairness

While MMF aims to ensure that the user with the lowest allocation is treated fairly,
proportional fairness offers alternative fairness criteria that attempt to bring a balance
between overall system efficiency and individual fairness. Rather than focusing only
on maximizing the minimum utility, proportional fairness considers the relative
gains and losses across all users.

Let x € S be a feasible decision vector, where S is the set of all feasible decisions,
and let each user i € I derive a utility U;(x) from decision x. A feasible allocation x is
said to be proportionally fair if for any other feasible allocation y € S, the aggregate
proportional change in utility is non-positive:

Ui(y) — Ui(x)

iel
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This definition ensures that no feasible deviation can increase the total proportional
utility gain. In other words, any attempt to improve the utility of one or more users
must come at a cost to others.

A standard approach for achieving proportional fairness is to maximize the
weighted sum of the logarithmic utilities:

I?SSxZwilog(Ui(x)), (3.3)

i€l

where w; > 0 is a weight that can reflect the relative priority or payment of i-th user.
When all weights are equal, this objective is equivalent to maximizing the geometric
mean of utilities and satisfies the proportional fairness condition [55].

This formulation is relevant in network systems, such as bandwidth allocation,
where each user contributes an amount m;, and receives service at a rate proportional
to this contribution. If the utility function is taken as U;(x;) = logx;, and the
teasible set S is defined by resource constraints such as Ax < C and x > 0, then the
optimization problem ensures a proportionally fair allocation:

maxz m;logx;
i iel
st. Ax<C, (34)
x>0,

where A is a resource usage matrix, and C is a vector of resource capacities.

In contrast to max-min fairness, which may enforce equality at the expense of
total utility, proportional fairness provides a more flexible trade-off between fairness
and efficiency. This makes proportional fairness suitable for systems where users
contribute unequally or where maximizing aggregate utility is a priority, as long as
individual allocations remain reasonably equitable [59, 60, 55].

3.1.3 «a-Fairness

a-fairness was introduced to integrate the trade-off between efficiency and fairness
under a single framework, generalizing both proportional fairness and MMF [67]. It
provides a flexible mechanism for tuning the level of fairness in resource allocation
systems.
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Let x € S be a feasible decision vector, where S is the set of feasible allocations,
and let user i € I receive a utility based on their allocated resource x;. The a-fairness
criterion assigns a utility function U;(x;) of the following form:

; log(x;), ifa=1
Uix) = i) =4 0 (3.5)
= ifa#l
Here, the parameter o € [0,00) manages the trade-off between total system
throughput and fairness across users:

e When a =0, the utility function reduces to U;(x;) = x;, corresponding to the
fairness, where the objective is to maximize the total throughput »;c; x;.

e When a =1, the model regains proportional fairness, as maximizing »;.;log(x;)

ensures no feasible alternative can maintain the proportional gain.

* As a — oo, the solution converges to MMF, in which the objective becomes to
maximize the utility of the worst-off user.

Thus, a-fairness covers the gap between efficiency and fairness. Smaller values
of a prioritize aggregate performance, while larger values emphasize equitable
distribution.

The general optimization problem under a-fairness can be formulated as:

max ) fi(xi), (3.6)
i€l

subject to relevant constraints (e.g., Ax < C, x > 0), where A is the resource usage
matrix and C denotes resource capacity vector. Specifically, each element a ji of A
quantifies the amount of resource j consumed per unit allocation to user i, while
each component C; of C specifies the maximum available amount of resource j in
the system. The choice of a allows system designers to adjust the degree of fairness
required by the application while maintaining efficiency and understandability.

3.1.4 Jain’s Fairness Index

Beyond optimization-based fairness criteria such as max-min, proportional, and
a-fairness, fairness can also be assessed through quantitative metrics. One widely
used metric is Jain’s fairness index [59], which provides a scalar measure of how
equitably resources are distributed among users.
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Let u = (u1,u,...,un) be the vector of utilities assigned to N users, where each
u; = U;(x) denotes the utility obtained by user i € I under decision x € S. The Jain’s
fairness index | is defined as follows:

(ZL ”i)z

I = 5z

4 (3.7)

where N is the total number of users. The index is bounded as follows,

% <J(u)<1. (3.8)

A value of ] =1 indicates perfect fairness, where all users receive equal utility.
Conversely, | = 1/N reflects the most unequal distribution, where only one user
receives all resources. In general, if k out of N users are allocated equal utilities
while others receive none, then | = k/N, making the metric both interpretable and
intuitive.

Jain’s index is closely related to the coefficient of variation (COV), which measures
the relative dispersion of a dataset around the mean. Specifically, ] =1/(1 + COV?),
if the data is more spread out or inconsistent (high COV), fairness as measured by
J drops. If the data is consistent (low COV), fairness | is higher [59]. Due to its
bounded and normalized form, Jain’s index is frequently used as a diagnostic tool to
evaluate the fairness of outcomes in resource allocation problems, independent of
the underlying optimization objective [59].

Fairness importance for practical system models is proven [68]]. There is always
the question about the resource allocation such as time, frequency, power, and any
other resources, to provide the fairness that the system requires. Depending on
the chosen fairness criterion, the system may either balance fairness and efficiency
or enforce strict fairness across users, potentially sacrificing overall efficiency. In
this thesis, an attempt is made to answer these questions for RU allocation, spatial
reuse, and the channel access in the new C-OFDMA and C-SR technologies in Wi-Fi
networks (IEEE 802.11bn). A summary of the main fairness criteria, including their
principles, key characteristics, and weaknesses, is provided in Table.

In this thesis, fairness is incorporated both as an optimization objective and as
a performance evaluation metric. Specifically, proportional and max-min fairness
principles are considered in the resource allocation design, depending on the
system objective, while Jain’s fairness index is employed to quantitatively assess
and compare the fairness performance of the proposed algorithms. This approach
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enables a comprehensive treatment of fairness from both theoretical and practical
perspectives.

However, to propose fair resource allocation algorithms, there are several chal-
lenges, including the complexity of the problem, which makes it difficult to give an
optimum answer. In order to provide an optimal solution, convex (CVX) optimization
has been used for a long time. In addition, it is possible to have an approximation of
optimization problem as a CVX problem, or some of the constraints are relaxed as a
promising way to solve the NP-hard optimization problems. In the next section, an
introduction of this optimization is explained, which is used throughout the thesis.

Table 3.1 Summary of Fairness Indices

Fairness Definition / Principle Key Characteristics Weaknesses

Criterion

MMF Maximizes the allocation of || Focuses on equity for the || Can significantly reduce to-
the user with the small- || weakest user; guarantees a || tal system throughput; not
est share; ensures the least- minimum level of service. efficient when resources are
advantaged user is treated abundant.
fairly.

PF An allocation is proportion- || Balances fairness and effi- || Requires well-defined utility
ally fair if any change that ciency; widely used in net- || functions; may be complex in
increases one user’s utility || work bandwidth allocation. large-scale systems.
results in a proportionally
greater decrease for others.

a- A parameterized family of || Flexible: a =0 corresponds || Choice of a is subjective; dif-

Fairness utility functions that general- || to throughput maximization, || ferent values can lead to very
izes MMF and PF, providing a=1to PF, and a — o to different allocations.

a tunable fairness-efficiency || MMEFE
trade-off.

Jain’s In- || A scalar measure of fair- || Simple, normalized, and easy Only measures fairness; does

dex ness based on the distribu- || to compute; independent of || notsuggestan allocation strat-
tion of resources across users; || optimization framework. egy or account for efficiency
bounded between 1/N and 1. directly.

3.2 Convex Optimization

A resource allocation problem can be formulated as an optimization problem. An
optimization problem proposes to seek an optimal solution or the best possible
action from a set of actions to give the best choice [3]. To solve an optimization
problem, a solution method which is an algorithm based on an instance of a problem
can be proposed. Since the 1940s, algorithms have been developed for various
class of optimization problems. However, in order to solve these optimization
problems, there are several factors to be considered. For example, the mathematical
structure of the objective function (e.g., linear, convex, or non-convex), number of
variables and constraints that are available, and special structure, such as sparsity.
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Even with simple objective and constraints, the general optimization problem is
difficult to solve. To solve these problems normally needs compromises, such as
very long computation times or the possibility of not finding the actual global
optimum. Convex optimization and non-convex optimization represent two major
classes of optimization problems, distinguished by the properties of their objective
and constraint functions. In non-convex optimization, a locally optimal point is not
guaranteed to be globally optimal [3]]. This is a key difference from convex problems.
In the following sections, some fundamental concepts of convex optimization are
provided.

3.2.1 Convex Sets

A convex set is a fundamental concept in mathematics and optimization. A set C is
defined as convex if, for any two points x; € C and x, € C, the entire line connecting
these two points also lies within C. This can be expressed as,

6x1+(1—6)x2€C,\7’x1,x2€C,VGE[0,1]. (39)

Geometrically, this means a convex set has a solid body without holes or inward
curves. Fig. 3.T]illustrates this clearly, Fig. 3.1ais a hexagon (including its boundary)
that is convex, whereas a kidney-shaped set or a square that includes some boundary
points but not others in Fig. would be considered non-convex because a line
segment between two points within the set might fall outside its bounds [3].

(a) A convex set. (b) A non-convex set.

Fig. 3.1 Illustration of convex and non-convex sets [3].

Understanding how convexity is retained through various mathematical op-
erations is crucial, especially in the context of optimization. Certain operations
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performed on convex sets result in new sets that are also convex, thereby preserving
this important property. These operations include:

1. Intersection: If the sets C1,C,,...,C, are convex, then their intersection C is

also convex, where
C=CinCan---NGCy. (3.10)

2. Affine Transform: If a set C CR" is convex, A € R™*" is a matrix, and b € R™ is

a vector, then the affine transformation AC + b is also convex, where

AC+b={Ax+b|xeC}. (3.11)

3. Perspective Transform: If the set C C R""! X R, is convex, then the perspective
transformation f(C) s also convex, where the mapping f : R” — R"~! is defined

by
T

f(C) = {li—l;‘—z x;: |(x1,...,%n) € c}. (3.12)

Here, x; denotes the i-th element of a vector in C and R, represents the set of
positive real numbers. These preservation properties form the basis for constructing
complex convex sets from simpler ones and support the design of convex feasible
regions in optimization problems [3].

3.2.2 Convex Cones

Another key concept in convex optimization is the convex cone, which represents a
particular subclass of convex sets. A set C is referred to as a convex cone if, for any x1,
x2 € C and any non-negative scalars 01, 0> > 0, the linear combination 01x1 + 0, also
belongs to C. Convex cones are foundational in numerous optimization problems,
particularly in wireless communication systems. Two commonly used convex cones
are briefly described below [3]:

1. Second-Order Cone: A second-order (or quadratic) cone in R"*! is defined as

C={(x,t) eR"XR|||x|| < t}. (3.13)
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2. Semidefinite Cone: In the space of n X n symmetric matrices, denoted by S”,
the semidefinite cone is defined as

C={XeS"|X>0}, (3.14)

where X > 0 implies that X is positive semidefinite; Otherwise, the eigenvalues
of X are all positive or zeros.

3.2.3 Convex Functions

A function f : R" — Ris said to be convex if its domain, denoted dom f, is a convex set
and, for all x,y € dom f and any 6 € [0, 1], the following inequality is satisfied [3,69],

fOx+(1-0)y)<0f(x)+(1-0)f(y). (3.15)

In this expression, the right-hand side represents the value along the straight line
segment connecting the points (x, f(x)) and (y, f(v)), whereas the left-hand side
corresponds to the function value at the convex combination of x and y. Geometrically,
this implies that the graph of a convex function always lies below or on the chord
joining any two points on the curve. This concept is illustrated in Figure where
the curve represents a convex function f(x), and the line segment denotes the linear
interpolation between two function values.

Furthermore, there are two key conditions that can be used to verify the convexity

of a function f defined over a convex domain:

1. First-order condition: If f is differentiable, then it is convex if and only if

f)z f)+Vfx) (y-x). (3.16)

This condition implies that the function lies above its first-order (linear) ap-
proximation at every point.

2. Second-order condition: If f is twice differentiable, then it is convex if and
only if its Hessian matrix is positive semidefinite, i.e.,

V2 f(x) > 0. (3.17)
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Fig. 3.2 Example of a convex function [3].

3.24 Convex Optimization Problems

A convex optimization problem is formulated as following [3]:

min  f(x)

X

st. gi(x)<0, i=1,2,...,m, (3.18)
hi(x)=0, i=1,2,...,p,

where x € R” represents the optimization variables. f,g1,...,gn : R" — R are convex
functions, and £, ..., h, : R" — R are affine functions. In this context, f(x)is referred
to as the objective function, while g;(x) and #;(x) denote the inequality and equality
constraint functions, respectively.

The aim of this problem is to find an optimal x that minimizes f(x) subject to all
constraints within the feasible region, defined over a convex domain:

m p
D =dom f( |domg;( |dombh;. (3.19)
i=1 i=1

Moreover, for a differentiable objective function f, the optimality condition is
given by the following criterion [3]]. Let the feasible set be defined as:

X={x|gi(x)<0,Vi=1,...,m; hi(x)=0,Vi=1,...,p}. (3.20)

Then, a point x* € X is said to be optimal if and only if it satisfies the following
condition:
Vi) (y-x)20, VyelX. (3.21)
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Based on these fundamental concepts of convex optimization, several common
encountered standard problem types can be introduced, as follows,

1. Linear programming (LP): In LP problems, both the objective function and
all constraint functions are affine, resulting in a convex optimization problem
that can be efficiently solved using standard algorithms. It is formulated as
following [3]],

min c'x+d
X

st. Gx=<h, (3.22)
Ax =D,
where ce R", G e R™", A e RP*" h eR™, and b € R?.

2. Quadratic programming (QP): A quadratic programming problem refers to a
convex optimization problem in which the objective function is quadratic and
the constraints are linear. It is formulated as [3],

min lePx + qTx +7r
x 2
st. Gx<h, (3.23)
Ax =D,

where P € S} (the set of positive semidefinite matrices), and g € R". It should
be noted that the LP problem is a special case of QP when P = 0.

3. Quadratically constrained quadratic programming (QCQP): A QCQP problem
extends QP by allowing both the objective and constraint functions to be
quadratic. It is defined as [3]],

, 1
min ExTPOx + qu +710
X

1 .
st. =x'Pix+qlx+r;<0, i=12,...,m, (3.24)

2
Ax =0,

where P; € S} forall i =0,1,...,m. Setting all P; = 0 reduces the QCQP to a
QP problem.
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4. Second-order cone programming (SOCP): An SOCP problem includes second-
order (or quadratic) cone constraints and is formulated as [3]:

min c’x
X
s.t.  ||[Aix+Dbj|| < cl.Tx+d1-, i=1,2,...,m, (3.25)
Fx=g,

where A; e Rk*" p. e R¥i, ¢; e R", d; e R, F € RP*", and g € RP. The first
constraint in the formulation of problem (3.25) is referred to as a second-order

cone constraint.

5. Semi-definite programming (SDP):

In semi-definite programming, the problem involves matrix inequality con-
straints defined over the cone of symmetric positive semi-definite matrices.
Given symmetric matrices G,Fy,...,F, € S", an SDP problem is typically
expressed as [3],

T

min c¢'x
X
st. Fix1+Fxy+---+F,x,+G <0, (3.26)
Ax=0b,

where x = [x1,x2,...,x,]" is the vector of decision variables.

Another common formulation of SDP uses matrix variables and incorporates
linear equality constraints and a positive semi-definiteness condition. It is
written as [3],

mXin tr(CX)
st. tr(A; X)=b;, i=1,2,...,m, (3.27)
X >0,

where X,C,Aj,...,A, €S" and tr(-) denotes the trace operator.

In wireless communications, resource allocation problems are common to be
formulated as convex optimization problems such as SOCP or SDP, in order to
convert the non-convex problems to convex ones. Once the problem is reformulated
in convex optimization problem then it is possible to solve it with toolboxes such
as CVX [70] and YALMIP [71]. It should be noted that in convex optimization, any
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local optimal solution is also a global optimum [3, 69]. Therefore, transforming non-
convex problems into convex formulations is highly advantageous, as it could enable
computational efficient, lower in complexity, and theoretically robust solutions.

3.3 Machine Learning (ML)

ML has proven useful for solving complex optimization problems in communications
[72]]. While convex-based algorithms offer the advantage of mathematical rigor, they
are inherently inflexible, especially in scenarios with random and dynamic nature. In
addition with high demands and increase the complexity of the wireless network, the
resulting complexity is difficult to handle even with convex optimization. Therefore,
ML is proven to be useful in wireless communication. Similarly, in Wi-Fi networks,
emerging technologies introduced to meet increasing network demands require ML
functionality is required to address the high complexities for the next generation of
Wi-Fi. In the upcoming sections some fundamental ML algorithms are introduced.

The derived ML algorithms can be divided into three main categories, supervised
learning, unsupervised learning, and reinforcement learning [73] as illustrated in Fig.
In addition, federated learning can be used with all the three main categories of
ML for data privacy, security and decentralized training.

[ Machine Leaning ]
Supervised Unsupervised Reinforcement
Learning Learning Learning
1
I
: . !
I I |
I I |
I I |
e e e e = e mm e

Federated
Learning

Fig. 3.3 ML techniques.
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3.3.1 Supervised Learning

Supervised learning was among the earliest machine learning techniques to be
formally developed [73]. The idea is that, based on a labeled dataset, which means
each input data point is paired with a corresponding output or target value, the
model could learn a mapping between the inputs and outputs. Therefore, once the
mapping is set it is expected that the model could predict the output for a new set of
inputs accurately, whether it has seen it before or not. This ML's technique is used in
applications such as image classification, traffic classification, speech recognition,
and spam detection, where historical data with known labels is available [74)] 73].
Common supervised learning algorithms include linear regression, support vector
machines, decision trees, and neural networks [73],[75].

3.3.2 Unsupervised Learning

Unsupervised learning is another type of ML where the model is trained on data
without labeled outputs. Instead of learning a direct mapping from input to output,
the algorithm explores the underlying structure or patterns within the data. This
approach is commonly used for tasks such as clustering, dimensionality reduction,
and anomaly detection. Without relying on labeled data, unsupervised learning is
more data-efficient, while it offers less accuracy as lacking labeled data for guidance
[73].

3.3.3 Reinforcement Learning (RL)

Unlike supervised and unsupervised learning, RL does not rely on a pre-collected
training dataset. RL allows an agent to interact with an environment, receive feedback
in the form of a reward, and select actions accordingly. In other words, RL is a
framework in which an agent must learn from interactions with its environment what
to do based on its interaction with the environment and how to map situations to
actions, in order to maximize a numerical reward. The agent to take the action should
discover the optimal strategy through exploration. The RL is explicitly different from
other ML models, where the agent can achieve its goal in an uncertain and dynamic
environment [[76-80].
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Elements of RL

Without agent and environment, which are the basic elements of RL, there are four
main elements of RL, including a policy, a reward signal, a value function and a
model of environment.

e Policy: A policy defines how a learning agent behaves at any given time.
Generally, a policy maps observed states of the environment to actions to be
taken once it at those states. Policy could be a simple function or a lookup table
or a complex search process. The policy is the core of a RL agent in the sense
that it is able to determine the agent’s behavior.

* Reward: A reward signal defines how good was the action the agent took. The
agent’s goal is to maximize its reward over the long run. The reward signal
helps for altering the policy, it means once an action has low reward, then the
policy might be changed for maximizing the reward.

* Value function: Although the reward provides feedback, this feedback is
received immediately after the agent takes an action. In order to observe the
long-term reward, which is the main goal of RL, the value function is defined.
The reward is accumulated since the start of the initial state. In other words,
the main goal of the agent is to search for actions to bring about states of the
highest value.

e Model: A model simulates the behavior of the environment and estimates its
behavior. For instance, with a set of states and actions, one is able to predict
the next state and next reward.

Markov Decision Processes (MDPs) are introduced in RL as a fundamental
mathematical framework [76] to define the interaction between an agent and its
environment over time. An MDP includes a tuple (S, A, R, P), these key elements

are as following,

* § is state space that has all the available states in the environment. Each state
illustrates the corresponding information for the agent to take an action

* A is the action space set which is all the possible actions an agent can take.

* R is the reward function that defines the immediate reward value after taking

a action.
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* P is the transition probability, that defines the probability of transforming
from one state to another one with a given specific action.

RL can be divided into two main categories, on-policy and off-policy RL. In
policy-based RL, an agent learns a policy directly that is useful especially for the cases
where continuous action spaces are available or the environment is complex. This
helps for more effective exploration compared to the value-based RL. In value-based
RL, the agent estimates the long-term reward of the taken action through the states.
This function is also referred to as the Q-value function. Instead of directly mapping
states to actions, the agent uses the value function to estimate the expected reward
of each action and selects the action with the highest estimated value.

Q-learning is one of the first RL algorithms that has been proposed. It is a
value-based RL algorithm, which means that the agent learns the optimal policy
based on calculating the Q-values where the main goal is to maximize the long-term
cumulative reward of the agent. Q-learning is based on generating a Q-table where
the rows of the table are all possible states and the columns are possible actions.
Each element of the table is a Q-value of the specific action and state. The Q-values
are calculated as follows, representing the expected long-term reward for each action
in a given state [76]].

[©e]

g7 (s(t),a(t) =B | ) yFr(t+k+1)]s =s(t),a=a(t)|, (3.28)
k=0
where y € [0,1] is a discount parameter indicating the priority of future reward, and
r(t +k+1)is the reward at time t + k + 1. Also 7 is the policy. The agent takes actions
according to the policy 7t(als), which maps from states to probabilities of selecting
each action. The table is illustrated in Table

ai an
s1 | Q(s1,a1) | Q(s1,a2)
s2 | Q(s2,a1) | Q(s2,a2)

sN | Qsn,a1) | Qsn,a2)
Table 3.2 An example of Q-table with two actions and N states.

In each state the agent with observation of its current state, and with its policy
7t takes an action. Based on the taken action the agent receives a reward and the
agent’s next state will be updated. It is expected, a well-trained agent takes actions
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with the highest return accumulated reward from each state. Using Q-values, the
optimal policy can be expressed as selecting the action with the highest Q-value for
each state, which is given by:

7i'(s(t)) = arg max Q(s(t),a(t)). (3.29)
a(t)eA

It means that at a given state, agent learning policy is to take the actions that lead
to higher Q-values. The agent’s policy for taking the action is based on the e-greedy
policy. Which means the agent takes a random action with probability € to explore
and takes an action according to the Q-table with probability 1— €, where € € [0, 1].
As the agent takes actions, it observes the resulting rewards and transitions to new
states. The Q-values are updated using the Bellman equation, expressed as [76]:

Q(s(t),a(t)) «rt)+y ;}t\)aeﬁQ(s(t +1),a(t)). (3.30)

This Q-value updating will be continued until it reaches the optimal policy.
Q-table despite its simplicity and efficiency, has a drawback related to the state
space. It means that as the number of states increases the table will be drastically
increased, so once the agent wants to take an action it needs to observe the whole
table; consequently, it will not applicable with continuous state space and infinite
space. This also requires extensive memory. Therefore, it is suggested instead of
calculating direct Q-values, use neural network to approximate the Q-values. In the
next section, an introduction to deep learning and deep reinforcement learning is
presented.

Deep Learning

Deep learning is an advanced extension of traditional neural networks in ML,
characterized by the presence of multiple hidden layers and the capacity to handle
a larger number of input and output nodes. This layered architecture enables
deep learning models to perform more complex and hierarchical feature extraction,
making them particularly effective in processing high-dimensional data such as
images or time series.

In the context of RL, this capability addresses the limitations of traditional
methods like Q-learning, which rely on a tabular representation of state-action pairs
(Q-tables). Q-tables become impractical in environments with large or continuous
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state spaces due to their inability to generalize and the exponential growth in required
memory.

The integration of deep learning into RL, which can be used as a prediction for
Q-values, can be used. In other words, using deep learning in RL, such as in Deep
Q-Networks (DQN), allows for function approximation of the Q-values, enabling
agents to operate effectively in high-dimensional or continuous environments. This
advancement has further motivated the development of more sophisticated RL
algorithms, such as Proximal Policy Optimization (PPO) and Deep Deterministic
Policy Gradient (DDPG), which are specifically designed to handle continuous action
spaces and complex dynamics using deep neural networks [76].

Within wireless resource allocation problems, DRL becomes particularly relevant
when the action space is discrete but large, and when the system state changes
continuously over time. In the scheduling problems addressed later in this thesis,
the scheduler must jointly observe queue states, channel gains, and RU availability
before selecting resource assignments under strict transmission deadlines. Under
such conditions, classical tabular RL becomes impractical, whereas DRL enables
state generalization through neural networks and supports scalable decision-making
in high-dimensional scheduling environments.

Deep Reinforcement Learning (DRL)

DRL is the combination of RL with neural networks for more complex environments
and scenarios. DRL algorithms can be divided to very advanced new algorithms in
RL, such as deep deterministic policy gradient (DDPG), but in this section, DQN is
explained. DQN is the extension of Q-table to solve the state space continuity and
infinity problem.
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Fig. 3.4 DON Algorithm

DQON has three main components, a main neural network, a target neural network,
and an experience replay buffer. The main structure of the DQN is illustrated in
Fig. As depicted in Fig. the agent initially has random neural network
weights and with e-greedy policy to balance exploitation and exploration takes
action, where the e-greedy policy is as follows,

random action with probability €
ay =
argmax, Q(s¢,a;0) with probability 1—€

During the interaction with the environment, the agent stores its experiences in
a replay buffer O. Each entry in the buffer is a tuple (s¢, a¢, ¢, 5t+1) where s; is the
current state, a; the action taken, r; the reward received, and s;,1 the next state. At
each training step, a mini-batch of transitions is sampled randomly from D to break
the temporal correlation of sequential data and improve data efficiency. In addition,
to make the Q-learning stable, the use of two network one as the future Q-value
estimation network, which is called target network and the other one to gather the
tuple data and calculate the current Q-value is used [81]. For each transition in
the batch, the target Q-value is computed using the target network, which remains
tixed for a certain number of steps to provide stable targets. So the next reward is
calculated as follows,

yi = re+ymaxQ(sis1,a’;0). (3.31)
a’eA
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where 0’ represents the parameters of the target network. Given this target, the main
network estimated the current Q(s;,a;0) The learning objective is the loss function
for the main network and is defined as the mean squared error between the predicted
Q-value and the target value,

L(O) = s 500 | (v = Qlst,a150)) 7| (332)

The parameters 0 of the main network are updated by minimizing this loss using
stochastic gradient descent. The parameters of the target network 0" are updated
less frequently to stabilize learning. Specifically, after every fixed number of steps 7,
the target network is synchronized with the main network,

’

0 0 (3.33)

This delayed update prevents harmful feedback loops and allows the main network
to learn toward a more stable target [81}[76].

Multi-agent Reinforcement Learning (MARL)

Single-agent RL algorithms need one agent that has control over the environment.
However, there are scenarios with high complexity tasks that make agents’ behaviors
difficult to predict or even impossible to design. MARL is well-suited for such
scenarios, as it allows multiple agents to make decisions while interacting with the
same environment, rather than relying on a single RL agent.

MARL according to the type of targeted tasks in the system can be classified
into fully cooperative, fully competitive, or mixed stochastic games (SGs) [82]. In
fully cooperative SGs all agents share the same reward function, which means all
agents have the same goal to maximize the common discounted return. In other
words, each agent is learning its own policy while all the agents get the same reward,
and each agent has its own observation from the environment. While on the other
hand with the fully competitive SG, all agents get different reward and each agent
is trying to maximize its own reward. The last classification of MARL is mixed SG.
In mixed SG different cooperative groups while each group is competing with the
other one are available and within each group, the agents in the group will have a
shared reward. So the agents in one group trying to increase their shared reward
while out of group each group is competing with the other one.
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Each MARL classification has its own advantages and disadvantages. Fully
cooperative SGs benefit from agents sharing the same reward function with the
main goal of joint maximization of discounted reward. However, their primary
disadvantage is in the coordination problem between independent agents, which
can lead to suboptimal action selection with even considering that the coordination
is not consistently broken. In contrast, fully competitive SGs, defined by agents
having directly opposite goals, enable each agent to maximize its own benefit even
though if it needs to go against an assumed optimal opponent, or even exploit a
suboptimal one, rendering the concept of fairness irrelevant to their adversarial
objectives. Lastly, mixed SGs offer the flexibility to model interested agents with
unconstrained reward functions, where goals may align or conflict. However, this
results significant challenges such as non-stationary due to simultaneously learning
agents and the equilibrium selection problem when multiple solutions exist.

In mixed SGs classification where agents have heterogeneous reward structures,
equilibrium selection problem, and private observations, FL offers a decentralized
framework for learning shared or personalized models while preserving privacy. FL
can facilitate more inclusive and robust learning in partially competitive settings.

3.3.4 Federated Learning

FL [83] has recently attracted significant attention due to its potential in emerging
applications such as Iol, where reducing communication overhead is critical. In
contrast to centralized training approaches where data is aggregated at a central
server, FL enables multiple clients to collaboratively train a global model by sharing
only model parameters or gradients, without sharing local data. This approach
provides a privacy preserving, making it especial for sensitive data.

Another advantage of FL is its robustness in the presence of non-identically and
independently distributed (non-I1ID) and unbalanced datasets, which is common in
practical scenarios. FL is designed to operate under data heterogeneity and variable
client participation.According to [83], the FL optimization problem can be formalized
as a finite-sum objective:

n

min f(w) where f(w) %;fkm (3:34)
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where fi(w) represents the utility function of local objective of the k-th client,
commonly expressed as fi(w) = Ix(xk, yx; w), the loss of a neural network model with
parameters w evaluated on local dataset (xx, yi).

To solve the optimization problem in efficiently, the authors in [83] pro-
posed several key algorithms, Federated Stochastic Gradient Descent (FedSGD) and
Federated Averaging (FedAvg). In Fed Avg, each client performs multiple steps of
local SGD on its own data before sending its updated neural network model to a
central server, which then with weighted averaging it updates the global model.
This approach significantly reduces the number of communication rounds while
maintaining competitive convergence behavior compared to centralized training.

However, FL also presents new challenges such as model divergence due to
heterogeneous data, client drop-out, and fairness concerns. In particular, minimizing
the average global loss may lead to suboptimal performance for underrepresented or
low available data of clients [84], motivating ongoing research in fairness-aware and
personalized federated learning strategies. However there are concerns in using the
FL for fairness. This issue is discussed in detail in section

3.4 Summary

This chapter has presented the mathematical foundations required for the devel-
opment of the proposed algorithms in this thesis. While several fairness metrics,
optimization tools, and machine learning techniques were introduced, only a subset
of these methods are directly utilised in the subsequent chapters, based on their
suitability for the considered problem settings.

Among the fairness metrics, max-min fairness and proportional fairness are
adopted as the primary performance objectives in this work. Max-min fairness is
employed in Chapter 6 to ensure equitable throughput distribution among STAs
under heterogeneous channel conditions, particularly when protecting users with
poor channel quality is critical. Proportional fairness is also utilised in Chapter
6 due to its ability to balance overall network throughput and fairness, and it
enables the derivation of a closed-form RU allocation solution under convex problem
formulations. In addition, Jain’s fairness index is used throughout the thesis as an
evaluation metric to quantify fairness performance in simulation results.

From an optimization perspective, convex optimization techniques are specifically
applied in Chapter 6 to formulate and solve the proportional fairness problem. The
convexity of the problem enables the derivation of efficient and computationally
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tractable solutions, which are suitable for practical implementation in coordinated
Wi-Fi systems.

With respect to machine learning, RL, and in particular DRL, is adopted as a key
tool in this thesis. RL is utilised in Chapter 4 for improving channel access behaviour,
and in Chapters 6 and 7 for solving complex RU allocation problems that are either
NP-hard or dynamically evolving. The use of RL is motivated by its ability to learn
adaptive policies in stochastic and time-varying environments, where conventional
optimization approaches become intractable or require complete system knowledge.

Other techniques discussed in this chapter, such as supervised and unsupervised
learning, are included for completeness but are not directly applied in this work, as
they are less suitable for sequential decision-making problems inherent in wireless
resource allocation.

Overall, this chapter establishes the theoretical tools that directly support the
design of fairness-aware, optimization-driven, and learning-based resource allocation
strategies developed in the remainder of this thesis.



Chapter 4

Simulation Study of Fairness-Based
MARL in Variable-Rate Wi-Fi
Networks

This chapter examines the application of the Fair-MARL algorithm, as proposed in
[85], within Wi-Fi networks. The Fair-MARL algorithm is as a replacement for the
conventional backoff mechanism of the DCF protocol, with the objective of improving
network latency and spectral efficiency. In addition the Fair-MARL channel access
has been tested and investigated for the scenarios with heterogeneous data rate.
Finally, it is attempted to demonstrate the main concept learned through the initial
system implementation and explore different relevant open research problems as
the future work.

41 Introduction

As mentioned earlier in section the channel contention in Wi-Fi network is
critical especially due to the randomness of the network. With consideration of the
CSMA /CA protocol, higher number of collisions in overcrowded environment are
unavoidable. Throughout the literature several algorithms and protocols have been
proposed to address this issue, specifically with the new ML algorithms. Among ML
algorithms, DRL due to its capability for online decision making and the ability to
learn in the dynamic wireless communication environment has attracted attention.
Therefore for the channel access problem in Wi-Fi network, there are several papers
for contention window (CW) optimization. One approach could be the backoff time
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optimization of CSMA /CA protocol. In [86] authors recommended a DRL-based
algorithm to select the best CW with the main objective of throughput optimization.
While authors in [36] proposed a multi-agent DRL in a multi-AP coordination Wi-Fi
network, where the agent aim is to select the best backoff time and clear channel
assessment (CCA) threshold for reducing latency.

While backoff optimization in CSMA /CA with the RL algorithm is one aspect of
conventional protocol optimization, another direction is to have a new protocol for
channel access based on DRL. The authors of [87] were among the first to propose
DRL as the new protocol for channel access. They proposed maximizing aggregate
throughput and ensuring proportional fairness among all STAs in the network.
Furthermore, the approach enables coexistence with heterogeneous protocols such
as TDMA and ALOHA, without necessitating prior knowledge of their operational
principles. In addition, authors with a-fairness objective proposed a semi-distributed
MARL where the training process is performed centrally at the gateway node, while
execution is carried out independently by the DRL nodes. However, the authors
have not considered for channel contention among the DRL agents. Instead, they
assumed that the central gateway assigns the channel using a round-robin algorithm
whenever a DRL agent is expected to access the channel.

Following the approach in [87], the authors in [85] suggested the channel con-
tention with a fully distributed multi-agent RL in a fixed physical data rate of
multi-user single AP Wi-Fi network. Authors in [85] proposed a new algorithm for
channel contention while within the proposed DRL algorithm and after training only
one DRL STA could win the channel. Therefore, they proposed a federated learning
(FL) for fairness between the DRL agents, instead of a centralized round-robin
DRL nodes selection. However, it should be noted that the use of FL algorithm for
fairness is debatable [38], especially since it has been attempted to minimize the
network’s latency while maintaining the throughput. In addition, the authors have
not validated the algorithm in different scenarios with practical realistic assumptions.
Therefore, in this chapter, the main goal is to validate the algorithm within realistic
and practical scenarios such as the variable data rate of STAs, and identify new open
problems to investigate in our future work.
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4.2 System Model and Fair-MADRL Algorithm

4.2.1 System Model

The system model comprises a set of STAs associated with a single AP, where the
STAs contend for channel access in order to perform uplink data transmission, as
shown in Fig. The set of STAs is represented as N ={1,2,...,N}. Each STA
is assumed to operate as an RL agent, capable of autonomously determining its
transmission time.

Fig. 4.1 Illustration of the proposed system model, where multiple STAs associated
with a single AP contend for uplink channel access under the CSMA /CA mechanism,
with each STA modeled as an RL agent.

As illustrated in Fig.[4.2]and discussed earlier in Section[2.6.1} the basic CSMA /CA
(DCF) mechanism requires that, following a DIFS interval and while the channel
remains idle, each STA randomly selects a contention window (CW). The contention
window (CW) is selected with random uniform distribution within the range
[0, CWhin] and performs carrier sensing for the chosen backoff duration. If the
channel is idle for the total backoff time, the STA will transmit its data. However,
if any two STAs have the same backoff time, it means they transmit data at the
same time so neither transmission is successful. If any two STAs have unsuccessful
transmission, the contention window is doubled, up to CW,4x = 2iCW,,i, and i is
the number of unsuccessful transmission. The whole network performance will
be degraded as the number of STAs increases so the backoff time will be increased
drastically. So no one can transmit for a longer time to avoid collision and it leads to
much higher latency.
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Therefore with the DRL algorithm, it is expected to solve the high backoff time for
overcrowded scenarios, with the goal of each STA as an agent accessing the channel
with its local information. According to the proposed system model in [85], in each
TXOP, all the stations contend to gain the channel access, which can be modeled
as a multi-agent RL problem. Where each station is an agent that interacts with an
unknown environment and based on the achieved experience, each agent derives a
policy to attain the TXOP. In addition the channel access can be formulated as an
MDP of DRL.

Data Transmission

PHY Mac

i
Basic DCF DIFS g Header | Header Farcad SIFS ACK

i i
i DIFS |
] !
i ;

Data Transmission

ACK

DRL piFs || PHY  Mac Payload SIFS DIFS |

Header §{ Header

Fig. 4.2 Comparison of data transmission with basic DCF and DRL.

It is proposed that each STA’s buffer state is always full, which means the STAs
are in saturation mode. STAs as the DRL agents are trying to access the channel and
contending for primary channel. Each STA agent receives the local observations and,
using its trained DQN, selects an action. At ¢-th time step, the n-th station, given the
current environment states s;', takes an action 4;'. The implementation part of the
MARL is described in the following:

State Space

The station gets the reward, and the environment moves to the next state sf 1 Here
in this model, the state is defined as the current channel state, the channel state
for M —1 past time slots, and M previous actions. The channel state is denoted as
c = [idle,busy]. Hence, the concatenated state is defined as

n  _ n n n i
$i411 = [at—M+1’at—M+2""’at ’Ct+1]‘
Action Space

In this model, since each station contends for the TXOP, the action space is identified
as a;' = [transmit,wait].
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Reward

Reward design for our objective model can be established based on the station’s

action. So the reward is defined in the algorithm presented in Algorithm [1{[88],

Algorithm 1: Reward’s Algorithm

Data: s;/, feedback for all actions in s}/

t

. o n n n
Result: Reward: r(sf',a},s!" )

=

r(sf,al,s! ) <0

t+1

2 if a = {1} then

3 [ —L

4 while / > 0 do

5 if a; | =1 and ACK received then

6 ‘ r(s:’,af,sfﬂ)<—n-r(sf,af,sﬁ1)+1
7 end

8 else

9 ‘ r(s?,af,s’fﬂ) <—17-r(st”,af,s’;+1)—1
10 end

11 l—1-1
12 end
13 else
14 if ¢!, = {1} then

s ||

r(st,ap,sl ) <1

16 end

17 else

s || r(stapst) <1
19 end

20 end

Where [ represents the previous M —1 time slots used by the agent to observe

the channel state. 1 denotes a reward decay factor that controls the influence of

past transmission outcomes when computing the current reward. L denotes the

maximum number of previous time slots considered in the reward computation.

With the proposed DRL formulation, it is typically observed that a single STA
behaves more aggressively than the others and consequently gains most of the

channel access opportunities. To address this issue, an algorithm is introduced to

enable fair channel access among all DRL agents. In [85], the authors proposed the

FedAvg-based FL algorithm for this purpose. However, the notion of fairness in
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FL remains an open research question and continues to be actively debated in the
literature [38]. Therefore, in the next section, the Fair-MARL algorithm proposed in
[89] is implemented and evaluated under different network scenarios.

4.2.2 Fair-MARL Algorithm

Authors in [85] claimed the Fed Avg has been proposed to address the fairness issue.
However, the fairness, especially with the vanilla FL is debatable [38]. Therefore,
the proposed Fair-MARL algorithm in [89] is considered throughout the rest of this
chapter. The Fair-MARL algorithm is based on the Population-Based Training (PBT)
framework proposed in [90], which jointly performs exploration and exploitation by
training a population of neural networks and periodically adapting their parameters
and hyperparameters.
Algorithm 2: Fair-MARL Algorithm

1 fort=1,2,...,Tipta do

2 if t mod Typdate = 0 then

3 Find n* € argmaxyen Ty

4 Choose j ~ U(N \ {n*})

5 set Wj < Wp*

6 Choose g ~ U(N \ {j, n*})
7 set wy* < wy

8 end

9 end

In this algorithm once at least one agent wins the channel and at every update
step, where t mod Typdate = 0, the STA with the highest number of successful packet
transmissions is chosen. The STA is denoted as n* and its trained weights are copied
as wy+. Then, w,- are copied to the j-th random STA. The g-th STA is chosen randomly
and its weight are copied to n*-th STA. This will provide each STA at some certain
time slots to access the channel and prevent any aggressive channel access from one
STA [89, 91]. In the next section, the algorithm is compared with the basic DCF,
evaluated its performance and identified open problems with some discussions.
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4.3 Performance Evaluation and Simulation Results

It is assumed the network has only one AP where several number of STAs between
2 -8 STAs is available through different simulation setups. It is supposed all the
STAs have the same packet length and are contending for channel access of 20
MHz bandwidth. The STAs” modulation and coding schemes (MCSs) vary between
0—13 with physical data rate between 15— 150 Mbps. Throughout the simulation,
the Fair-MARL is compared with basic DCF as the benchmark. The simulation
parameters are provided in Table

Table 4.1 Simulation parameters

Parameter Value
Slot time 10 us
SIFS 20 us
DIFS 40 us
PHY Header 20 us
Headers 60 bytes

ACK 40 ps

Packet Length | 1500 bytes
400 us

State

0

64 neurons, ReLu

1

64 neurons, ReLu

\.
\.
\.
\.

ResNet Block

Ve
Rd
Rd

ResNet Block

Q-values

3

Fig. 4.3 Neural network model.
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In terms of the configurations of the considered neural network, the deep learning
component of the model employs a six-layer ResNet architecture, with each hidden
layer consisting of 64 neurons [92], as illustrated in Fig. The first two hidden
layers are fully connected layers, and the two ResNet blocks is added. Each ResNet
block is included with two fully connected hidden layers plus one shortcut from
the input to the output of the ResNet block [92]]. The deep learning neural network
hyperparameters are presented in Table It is assumed each station has a common
knowledge of the channel status, and attempts to obtain the TXOP whenever the
channel is sensed to be idle. However, each node does not have any information
about the other STAs at the same time, therefore would lead to a collision.

Table 4.2 DON hyper parameters.

Parameter Value
Learning Rate 0.00001
State Size 40
Action Size 2
Exploration Rate € 1

Min Exploration Rate e | 0.05
Exploration Rate Decay | 0.995

Batch Size 32
Memory Size 1000
)4 0.9

Number of Epochs 80000

The throughput is defined in this chapter based on the aggregated successful
transmitted bits over the total simulation time. However, another way to define
throughput is Bianchi’s throughput formula [93]. In this way, the throughput is
derived using a discrete-time Markov chain that models the backoff procedure of
each STA in the network. The probability that a station transmits in a randomly
chosen slot, as well as the probability of a collision, are calculated from the steady-
state distribution of the Markov chain. Using these probabilities, the throughput is
expressed as the fraction of time the channel is used to successfully transmit payload
bits, taking into account successful transmissions, collisions, and empty slots. This
approach provides an analytical estimate of the network throughput under saturated
traffic conditions. It is assumed that all STAs transmit packets of equal length and
initially operate at a physical data rate of 60 Mbps. The transmitted data bits can be
calculated based on the STAs” data rate, and their duration of transmissions in each
TXOP. Therefore, the throughput can be defined as follows,
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E[payload information transmitted in a slot time]

S= (4.1)

E[length of a slot time]

Here, E[-] denotes the expected value, reflecting the average over all possible slot
events, including successful transmissions, collisions, and idle slots, which allows
the throughput to be expressed as the long-term fraction of time used to successfully
transmit payload bits. The time slot is set equal to the time needed at any station to
detect the transmission of a packet from any other station, and here it is assumed
10us [93].

Fig. 4.4]illustrates the Fair-MARL and basic DCF averaged throughput per STAs
in the network. As demonstrated by the basic DCF algorithm, with increasing the
number of STAs, the averaged network throughput with this protocol is decreased.
While Fair-MARL protocol is able to maintain the average network throughput. In
addition, note that within the 60 Mbps physical data rate, the Fair-MARL protocol
can achieve 75% of the physical data rate. While basic DCF can achieve near 55% of
its data rate.

a2l —O— Fair MARL
g —E— Basic DCF

Throughput (Mb,
w
oo

2 3 4 5 6 7 8
Number of STAs

Fig. 4.4 Averaged network throughput in Mbps per number of STAs.

Fig. 4.5shows the comparison between basic DCF and Fair-MARL algorithms for
channel access. As it is illustrated, both Figs. and present the proportional
fairness based on each STA data rate. In both figures the data rate of STAs is
between 15— 150 Mbps, which is based on the variable channel condition of each
STA with the same 20 MHz primary channel. The data rate of n =[1,2,...,5] are
[23,124,138, 18, 67] respectively. Therefore, it is presented that STA3 and STA2, with
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data rate 124, 138 respectively, can access the channel more frequently compared to
STA1 and STA4 with data rates 23,18 Mbps. Note that it is assumed that all the STAs
have airtime fairness. This is a valid assumption, as in practical implementation, it is
assumed that each STA has equal airtime to avoid the slowest STAs in the system
decreasing the system throughput and performance. In addition, authors in [94]
have proved that airtime fairness provides proportional fairness in a Wi-Fi network.

25 T T T T

] = STA1
STA2

= STA3

I = STA4

20 = STAS5 ]

15

Throughput Mbps

I I 1 1 1 I I
0 10000 20000 30000 40000 50000 60000 70000 80000
Simulation Time

(a) The throughput of the STAs over the course of the simula-
tion under the basic DCF protocol.

100 T T T T T

T
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STA2
= STA3
= STA4
80 |- === STAS5

60 - 1

Throughput Mbps
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1 I I 1 1 1 1
0 10000 20000 30000 40000 50000 60000 70000 80000
Simulation Time

(b) The throughput achieved by the STAs over the course of
the simulation when employing the Fair-MARL protocol.

Fig. 4.5 STAs’ throughput for different channel access protocols.

The MARL algorithm without fairness-aware allocation (Algorithm [2) results
in highly unbalanced channel access, where a single STA occupies the channel
for extended periods. In heterogeneous data rate scenarios, this behaviour tends
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to favour the STA with the highest data rate, which can dominate channel access
throughout the transmission duration. In contrast, in fixed data rate Wi-Fi networks,
one STA may randomly gain persistent access to the channel, leading to similarly
unfair outcomes. These observations highlight that, without incorporating fairness
mechanisms, MARL-based channel access can result in significant performance
imbalance among STAs.

Moreover, access categories discussed in section for EDCA protocol are
presented and simulated in Fig. As presented in Table[4.3], STAs 1-5 are assigned
different access categories, which means they have different CW,,;, and CW4x
with different TXOP duration, which was explained earlier in section The
differences in AC make the probability of accessing the channel different, whereas
variations in data rates determine the duration of each channel access. As illustrated
in Fig. 4.6/the STA4 is AC-VO, access the channel slightly more frequent compared
to STA2 and STA3 with AC-VI. In addition, STA1 and STA5 are AC-BE that need less
frequent access to the channel however, their TXOP duration is higher than AC-VO
and AC-VI. This means it is expected them once they access the channel they could
transmit for longer time. Which Fig. is demonstrating this concept. Fig. |4.6|is
based on the conventional channel access EDCA, however the Fair-MARL role in
this is not discussed to the best of our knowledge. The Fair-MARL protocol has not
considered this concept and this will be investigated in our future work. In other
words, the main goal is to design a new algorithm or protocol that enables each agent
to access the channel in accordance with its access category. While with the current
Fair-MARL algorithm, each agent has the same frequency of accessing the channel.

STAID | Access Category | CWmin | CWnax | Selected Data Rate | TXOP limit
1 AC-BE 31 1023 60 5 ms
2 AC-VI 15 31 60 3 ms
3 AC-VI 15 31 60 3 ms
4 AC-VO 7 15 60 1.5ms
5 AC-BE 15 1031 60 5 ms

Table 4.3 STA Information with Access Category and Data Rate
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Fig. 4.6 The throughput of the STAs under the EDCA protocol is evaluated over the
entire simulation duration, reflecting the average rate of successfully transmitted
payload bits throughout the simulated network operation.

Although the proposed optimisation framework provides useful analytical insight
into resource allocation under the considered system assumptions, several limitations
should be noted. First, the optimisation relies on centralised decision-making and
assumes accurate knowledge of long-term channel conditions for all users, which may
become difficult to maintain in dense deployments with a large number of stations.
Second, as the number of users increases, the computational burden associated
with solving the optimisation problem grows, which may limit direct real-time
implementation in practical systems with strict scheduling deadlines. In addition,
the current formulation does not explicitly account for the signalling overhead
required to collect channel information and distribute scheduling decisions. Future
improvements may therefore consider reduced-complexity heuristics, distributed
implementations, or approximation methods that preserve fairness while reducing
computational cost and deployment complexity.

4.4 Summary

In this chapter, the fundamental concepts of channel access using the basic DCF and
EDCA protocols were investigated and simulated. Furthermore, one of the protocols
proposed in [85] was implemented and evaluated. The initial results demonstrated
that the Fair-MARL algorithm improved throughput, as each agent determined its
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transmission time based on local observations. This led to a saving of time and
enabled the transmission of a larger number of packets compared to the basic DCF.
In addition, the Fair-MARL protocol was tested in a more practical scenario where
STAs operated at different data rates. The results showed that Fair-MARL achieves
proportional fairness comparable to that of the basic DCF, while ensuring equal
airtime allocation among STAs in the network. Finally, open challenges related
to incorporating access categories into Fair-MARL were identified and discussed,
which will be addressed in the next stage of this research. Following this in the next
chapter, we propose a scheduling algorithm for a joint C-OFDMA and C-SR system
model to improve total network throughput and satisfying STAs” QoS.



Chapter 5

Resource Unit Allocation in
Coordinated OFDMA Multi-User
Wi-Fi Systems

The scheduling of RUs in a multi-AP coordination network is considered vital for high
spectrum efficiency and effective interference mitigation in future Wi-Fi Networks. In
this chapter, we propose a RU allocation scheme to maximize the long-term average
network throughput of STAs in a multi-AP coordinated Wi-Fi network within a
joint coordinated orthogonal frequency-division multiple access (C-OFDMA) and
coordinated special reuse (C-SR) framework.

The proposed scheme ensures that the average rates satisfy the STAs” QoS
requirements and the interference in the overlapping basic service sets (OBSSs) is
efficiently managed. The original RU allocation problem is formulated as binary
integer programming, which is an NP hard. To address this, a heuristic graph
coloring model is introduced for RU allocation in OBSSs, where the Sharing-AP
allocates RUs with weighted max-min (WMM)-based graph coloring to overlapping
STAs while simultaneously assigning RUs to its own STAs within the same frequency
band using the WMM algorithm. Simulation results demonstrate that the proposed
RU scheduling algorithm enhances overall mean network throughput by 30%. The
simplicity and low computational complexity of the proposed algorithm confirm its
effectiveness and practicality for implementation.
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5.1 Introduction

MAPC network design is divided into two principal categories, 1) centralized
MAPC (C-MAPC) incorporates a centralized primary controller that possesses
comprehensive network information and requires high-performance processors
with wired backhaul connections. 2) Distributed MAPC (D-MAPC), operates on a
sharing /shared coordination principle without a central controller, allowing any of
the APs to assume the sharing role. This architecture enhances network scalability
and cost-effectiveness. Signal transmissions in MAPC can be facilitated over the
air if the APs are within range of each other or through the wired backhaul. This
chapter primarily explores the D-MAPC owing to its scalability, cost efficiency,
ease of implementation, and the simplicity of integrating it with existing Wi-Fi
amendments [2]. Regardless of the specific MAPC architecture, the literature
identifies four advanced techniques pivotal to MAPC: C-SR, C-BF [40], C-OFDMA,
and JTX [40,[18,44]. These techniques play crucial roles in enhancing the performance
of networks [45, 44].

C-OFDMA can provide simultaneous channel access at different APs with
coordination based on frequency separation thus the interference will be managed
efficiently compared to the conventional non-MAPC models [40]. For this feature,
two types of resource allocation among different APs are available, one idea is that the
agreed coordinated AP sets have the same primary channel while the RUs are divided
between the agreed coordinated AP sets’ requirement. However, failing to allocate
the entire bandwidth to the coordinated set of APs leads to inefficiencies in resource
allocation [2]. The other one uses different primary channels for the neighborhoods’
APs which causes the inter-channel interference (ICI) [2]. This approach allocates
entire frequency bands to all STAs and their respective APs, regardless of whether
overlap or interference is present, potentially leading to suboptimal spectrum
utilization. As a result, this approach may exhibit inefficiencies, particularly in
real-time and industrial applications where optimal spectrum utilization is crucial
for maintaining performance and reliability [2].

On the other hand, C-SR provides parallel transmission with interference man-
agement [18] in the same frequency and time with coordination between APs and
transmission power management of APs/STAs. Using C-OFDMA with C-SR can
highly increase the spectrum efficiency. By coordinated RU allocation, multiple APs
can transmit with different RUs while with C-SR, STAs can transmit concurrently on
the same RUs leading to more efficient use of the available spectrum and interference
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management [2]. It enables concurrent transmissions in overlapping regions by
employing efficient spectrum partitioning and interference mitigation strategies.
Therefore, in this chapter it is proposed a RU allocation scheduling and interference
management scheme within a joint C-OFDMA and C-SR framework.

Given the dynamic nature of wireless channels and the limited spectrum avail-
ability, RU allocation plays a crucial role, particularly in multi-AP scenarios. Without
an efficient RU allocation strategy, interference can significantly degrade network
performance [2]. In the literature, RU allocation is primarily based on real-time
channel quality. For instance, the authors in [95}96] propose a multi-cell OFDMA
downlink channel assignment, considering the MAX k-CUT problem in graph theory.
Authors [97] proposed RU allocation based on max-min fairness aiming to optimize
the smallest ratio of achievable throughput to the minimum requested throughput.

The main contribution of this work is the development of a low-complex and
practically implementable RU scheduling algorithm for a Wi-Fi network under
realistic practical assumptions. The details are as follows. First, we propose an RU
allocation in a joint C-OFDMA and C-SR D-MAPC system model. The main objective
of the proposed scheduling algorithm is to maximize the total long-term average
network throughput while satisfying STAs’ required throughput The problem is
formulated as a binary integer programming problem, which is an NP-hard problem.
To solve the problem first a simple yet practical heuristic graph coloring model is
proposed for RU allocation in the OBSS where no precise STAs’ locations and no SINR
information are needed. Subsequently, a WMM algorithm is introduced to allocate
RUs for each non-overlapping STA, ensuring the proposed problem formulation is
effectively addressed. The simulation results highlight the enhancement in total
network throughput achieved by the proposed algorithm, showcasing its effectiveness
despite being simple and practical.

5.2 System Model and Problem Formulation

The considered system model consists of a number of APs and their STAs operating
under a D-MAPC based Wi-Fi network. It uses a joint C-OFDMA and C-SR model,
where one AP in the MAPC group acts as the Sharing-AD, allocating resources for
overlapping STAs to enable simultaneous frequency reuse in different locations. We
assume an over-the-air connection between the Sharing-AP and Shared-APs, meaning
they are within each other’s coverage area, as shown in Fig. The Sharing-AP
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secures the TXOP based on the lowest backoff time. The uplink transmissions of
STAs are considered.

The sets representing the STAs served by the m-th AP, the APs themselves, and
the available RUs are denoted as follows: n e N ={1,2,..., N}, me M ={1,2,..., M}
and k€ K ={1,2,...,K}, respectively. Additionally, the set of intersecting regions
between OBSSs is represented as:

I= U (C|CECHNCpy, m #m'Y}.

m,m’'eM

where C;; and C,,» represent OBSS areas served by m-th and m’-th APs, respectively.
C is the overlapping area for these two APs and 1 aggregates all common regions
for any two OBSSs in the system model. Moreover the STAs located in I are
neN ={1,2,...,N’}.

Each STA is limited to one RU per TXOP. All APs are assumed to use the same
20 MHz primary channel [98]. Therefore the co-channel interference needs to be
mitigated. In this context, i, is the channel gain between the 7-th STA and the m-th
AP on RU k. This gain is assumed to be independent and identically distributed (IID)
across each time step, emphasizing the stochastic nature of the channel conditions in
this coordinated network model.

@) AP

@ STA

Fig. 5.1 System model of the considered D-MAPC-based Wi-Fi network. Multiple
APs with their associated STAs form overlapping BSSs (OBSSs). A Sharing-AP
coordinates resource allocation among neighboring APs to enable joint C-OFDMA
and coordinated spatial reuse for STAs located in overlapping coverage regions.

Additionally, all the STAs transmit with a constant power and p?/k(t) is defined
as a binary variable. When p*, (t) =1, it indicates that the n-th STA is using the k-th
RU; if it is zero, no resources are allocated for transmission of the n-th STA in the
k-th RU. The data rate is defined as follows:
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) =r (1) TT;;(S; (5.1)
where 1!, =PL(d) x g",, in which g, is small scale fading of n-th STA and the
m-th AP on RU k and PL}'(d) is denoted as formula in . Trxop is the duration of
uplink OFDMA for each TXOP transmission, and it is fixed during the simulation.
Torpm denotes the duration of OFDM symbol, and r(.) models the rate selection
scheme for the n-th STA of the m-th AP on the k-th RU. As mentioned earlier, in this
chapter, the main objective is to maximize the long-term average throughput of all
OBSSs. We assume that each STA gets only one RU, therefore the formula can be
rewritten as follows:

K
HOEDWINOIUNG (52)
k=1

The main goal here is to maximize the average data rate of STAs, therefore the
long-term average data rate can be defined as,

Ttotal_l
7= lim su E[r(t)]. 5.3
" Tiotal— 0 p Ttotal tz:(; [ " ( )] ( )

The average long-term data rate is a concave, continuous, and entrywise non-
decreasing function with respect to the STAs” data rates. This formulation is
considered under the constraint that the average data rate of each STA satisfies a
predefined minimum data rate threshold. Accordingly, the RU allocation problem in
the considered system can be formulated as follows:

M N

maximize g 5.4a
i leZ; , (5.4a)
subjectto rIF<7", VneN, (5.4b)

N
pr(H<1VkeX, (5.4¢)

n=1

K
Z pr () <1,VneN, (5.4d)

k=1
Z pr () <1, VkeK. (5.4e)

n’=1
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The objective function is the long-term average of network data rate.
Constraint (5.4b) ensures that the STA’s average data rate is greater than ., which is
the average data rate QoS threshold. The constraints in (5.4c) and (5.4d) confirm that
for each BSS, RUs can only be allocated to at most one STA, and each STA can have a

maximum of one RU. Constraint ensures that any two overlapping STAs in the
set 7 cannot get the same RU.

In this model, it is assumed that STAs closer to the AP are able to utilize higher
Modulation Coding Schemes (MCSs) for data transmission and reception, while
those positioned further away use lower MCSs. APs select the appropriate MCS
for each STA based on the received SNR of the STA Further details can be found in
Section Additionally, it is assumed that the Sharing-AP gathers information on
the channel amplitude response of overlapping STAs, and the BSSs in which these
overlapping STAs are located. The pathloss of n-th STA in m-th AP based on the
Residential cases of the Task Group ax (TGax) of the IEEE 802.11 working group [98]
is as follows:

PL} (d)=40.05+20xlog, ( fc/2.4)+20xlog,, (min(d,5))

(5.5)
+(d > 5)x35xlog(d/5),

where, f. denotes 5 GHz, and 4 is the distance between the transmitter and the
receiver in meters.

5.3 Proposed Algorithm

As described earlier, the main goal in this chapter is to allocate RUs with joint
C-OFDMA and C-SR, where the C-OFDMA is attempted to solve RU assignment.
The RU allocation problem defined in (5.4a)- is NP-hard, not feasible and the
solution cannot be obtained with polynomial time complexity. In order to solve the
problem, the problem is divided into two separated huristic algorithms first is with
weighted-max-min algorithm and the second one is the graph coloring. WMM is
used to solve the main objective and (5.4d). While graph coloring is used to
solve the C-SR interference management with considered condition in (5.4e).

531 WMM

As earlier mentioned, it is expected that Sharing-AP allocates the overlapping STAs
RUs based on channel fading consideration and avoiding overlapping-STAs with the
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same edge having the same assigned RU. While each AP allocates based on a WMM
algorithm allocated its own STAs’s RUs.

The problem in (5.4al)- (5.4b) is reformulated via Lyapunov Optimization [97].

maximize min{y,'[t]} (5.6a)
Y ltl oy "N

ij
subjectto ' < ——, VneN (5.6b)

n

To address the problem formulation in and its connection to the initial
one , let’s assume first U(.) is denoted as the total utility function of total
optimization problem in (5.4a), and y[t] = (y1[t],...,yn[t]) is the optimization
variable here. Therefore, based on Jensen’s inequality if we could solve the problem
U(y™) > U* - O(¢), then we are able to solve the U (77) > U* - O(e). Considering
7™ > 77, the Jensen’s inequality is formulated as follows:

>yt o= uEn) = umpn) = Upn, (5.7)

Therefore, to solve the main optimization problem in (5.4a)-(5.4€), it could be
divided in two parts, first optimization in (5.6a)-(5.6b) needs to be solved, while
needs to consider constraints on allocate RUs in (5.4¢), (5.4d). In addition during
the RU allocation the interference between overlapping-STAs with constraints
needs to be addressed. So the total problem formulation is as following,

maximize min{y,[t]} (5.8a)
yiH, it neN Vn
ij
subjectto  y' < ——, VneN, (5.8b)
rn
N
Z pr () <1,VkeX, (5.8¢)
n=1
K
D pm<1,¥neN, (5.8d)
k=1
Z pr () <1 VkeK. (5.8¢)

n’=1
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The proposed reformulated problem can be solved with the WMM algorithm
[99]. Initially the solution is to associate the (5.8b) to a virtual queue based on
drift-plus-penalty (DPP), so we have,

m altl
QI +11= QP11 rr;mnm 1)

The DPP method suggests choosing (y;;'[t], p!" ) at each time slot to approximately
minimize

AQIE) -V -min (1],

Following the standard analysis [99]], the upper bound of the form is as following,

A(Q[t])—Vm;inyf[t] < const—(meyk ZQk v ) ZQ” mm.

Therefore the problem can be solved with the Algorithm

Algorithm 3: Weighted Max-Min Scheduling [97]

1 fort=0,1,2,... do
2 Observe {Q}/[t]}nen and the channel state 7, ;
3 Determine y;[t] € I by solving the following optimization problem:

max me{)/ [t]} - ZQ

yitltler neN

4 Determine the scheduling variable p P by solving the following maximization problem:

5 | Update the virtual queues.

The WMM problem can be addressed by solving a set of deterministic subprob-
lems at every scheduling period t. The optimal auxiliary variables can be achieved
as,

N

max Vmin{y;'[t]}- ) QUIth (] < max yunlt]

yltler  neN v [t]eT

N
V—ZQ;"U]), (5.9)
n=1

n=1
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where Vmin[f] = min,en{y;}[t]}. Based on , it is straightforward to show that

" 0, otherwise.

{Rmx, if V> Y0, Qrlt],

Then after calculating the /", pi* for each AP’s STAs RU allocation is based on
solving the following equation,

N N
max > > p b ilt], (5.10)

Puk =1 n=1
where ¢, k[t] = % The problem can be solved with classical Hungarian

method representednin [100].

5.3.2 Graph Coloring

After solving the problem of RU allocation for each AP, in this section, the solution
for the main issue of interference between overlapping-STAs with graph coloring is
explored. First an introduction of graph coloring is represented and after that the
main proposed algorithm is presented.

A graph is a basic mathematical concept used to represent relationships or
connections between objects or nodes, which is understood as a diagram comprising
points and lines. In other words, a graph G is defined by a non-empty finite set V(G)
of elements called vertices (or nodes) and a finite family E(G)of unordered pairs of
(not necessarily distinct) elements of V(G) called edges. An edge joining two vertices,
for example v and w, is typically abbreviated to vw. The set of vertices is known
as the vertex set, and the collection of edges is referred to as the edge set. Graphs
can include loops, which are edges connecting a vertex to itself, and multiple edges,
indicating several connections between the same pair of vertices. If a graph contains
no loops or multiple edges, it is specifically termed a simple. The representation
of a graph emphasizes its connectivity rather than any metrical properties, such as
distance or straightness of lines graph[101].
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Node2
Nodel
Node4
Node3

Fig. 5.2 Simple graph example.

Graph coloring can be applied to these defined graph structures. It means to
assign colors to elements of a graph, commonly its vertices or edges, under specific
rules. For instance, in vertex coloring, adjacent vertices must have different colors.
[101].

5.3.3 Proposed Algorithm

The RU allocation problem defined in (5.4a))- is NP-hard, not feasible and
the solution cannot be obtained with polynomial time complexity. To determine a
teasible solution, we propose a heuristic algorithm based on the drift-plus-penalty
method inspired from [97] and a graph coloring based on WMM algorithm. In this
algorithm, the Sharing-AP initially gathers information on the channel amplitude
response of overlapping STAs, and the BSSs in which these overlapping STAs are
located. Then, the Sharing-AP is able to create the undirected graph G = (N, &)
consisting of the set N of STAs” nodes and the set & of edges. The edges are between
any two STAs” nodes located in at least two same BSSs whereas the nodes are not
from the same parent AP. The Sharing-AP’s role is to allocate RUs in a way that no
two nodes with a common edge get the same color [102], while it chooses the best
color (RU) for the nodes concerning their channel gain (/;" ) that can give the highest
data rate for the STAs which is based on WMM algorithm [97] and the Welsh-Powell
algorithm[103]]. After Sharing-AP colors the graph nodes, then, all APs attempt to
assign the unallocated RUs to the rest of the STAs based on the WMM algorithm.

In Fig. 5.3|the proposed graph coloring model in the 4 OBSSs is depicted, while
none of the STAs with the connected edges have the same color. Therefore, the
assumptions that need to be considered for the graph coloring based on the WMM
algorithm, are as follows:
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Fig. 5.3 Undirected Graph between overlapping STAs with colored nodes.

e All the APs have a fixed 20 MHz bandwidth, with 9-26-tones RUs.
e Each STA can get a maximum of one RU.

* In graph connection the edges are only between the STAs with different parent
APs that are in at least two same BSSs.

Algorithm [l summarizes the proposed algorithm.

Algorithm 4: The proposed RU Allocation Technique

1
2
3
4

o ® N

10
11

12

13

14

fort=1,2,..., Tt do
Overlapping STAs RU allocation;
Sharing-AP selection based on lowest backoff time;
Sharing-AP and Shared-APs signalling to receive information about overlapping STAs’
channel amplitude response and the BSSs in which these overlapping STAs are located;
Sharing-AP creates a graph in which the graph nodes are overlapping STAs and the
edges are between any two overlapping STAs located in more than one same BSSs from
different assigned APs;
Sharing-AP colors the nodes based on the Welch Powell and WMM algorithms inm
Non-overlapping STAs RU allocation;
form=1,2,...,Mdo
m-th AP for the rest of its STAs allocates RUs based on WMM algorithm in
forn=1,2,...,N do
After RU allocation to all the STAs, m-th AP calculates ri’f,k for n-th STA and
returns it;

Update WMM algorithm;
| Repeat this algorithm until Tiotal;

To evaluate the performance, compute r,’, considering SINR.
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Fig. 5.4 Mean aggregate throughput of the total number of STAs for the scenario
where M =4, N =5, K =3.

5.4 Simulation Results

To evaluate the performance of the proposed algorithm, we consider a D-MAPC-
based Wi-Fi network with a joint C-OFDMA and C-SR model, under residential
settings. A residential Wi-Fi coverage area represented with a radius of dmax is
considered. All APs are positioned at the center of BSSs. STAs are uniformly
distributed within the BSS, following a uniform distribution of (0, 1), ensuring that
all locations within the BSS are equally likely. We consider the 26-tone RU allocation
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while all STAs transmit in every TXOP. The performance of the proposed algorithm
is compared with that of a random RU allocation as a serving lower bound and an
exhaustive search representing the upper bound. The simulations are performed
on a compute node with 50 CPU cores and 80 GB of RAM. Additionally, another
benchmark scheme is introduced, derived from [97], where APs do not coordinate
with each other for RU allocation to their respective STAs. This means there is no
interference management in OBSSs. In the simulation results, this scheme is referred
to as WMM with Interference. Table 5.1/ provides the simulation parameters used in
this chapter. To determine the data rate, first, the RSSI for each STA is calculated.
Using MCS in the look-up Table the data rate is calculated with the 26-tone
configuration. It is assumed that each AP has only its STAs” RSSI, in other words,
each AP does not have any information about the interference that each STA from
other APs can bring to it. The RSSI of n-th STAs in m-th AP with k-th allocated RUs
is as follows:

RSSI”, = 10log,,p — PLY (d)+10log,, ( g;;fk) (dBm). (5.11)

Then based on Table[5.2) STA’s MCS level and its R, is chosen and for each RU the
data rate is calculated as follows:

Ttxop
OFDM

it = NRXR.XaxX

(bits/ TXOP time). (5.12)

Following the data rate calculation based on the proposed algorithm, the optimal
RU combination is assigned to each AP. Finally, after RU allocation, the network
performance is evaluated by analyzing the impact of shared RU interference between
different APs (co-channel interference). The SINR is then computed, and the data
rate, considering the SINR, is determined using (5.12).

Fig. 5.4 presents the mean aggregate network throughput per total number of
STAs where the scenario is with 4 APs, 5 STAs per each AP and 3-26-tones RUs for each
AP. Due to the high computational complexity of the exhaustive search algorithm each
Monte Carlo iteration for the exhaustive search curve, involving 4 APs, 5 STAs per
AP, and 3 RUs per AP, takes around 8 hours to complete with a compute node with 50
CPU cores and 80 GB of RAM, which shows its high complexity. Fig. illustrates
the empirical CDF of the mean aggregate throughput of the total STAs where the
proposed algorithm achieves a higher mean aggregate network throughput near 25%
compared to the WMM algorithm with no co-channel interference management and
30% compared to the random RU allocation algorithm. While the exhaustive search
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algorithm with the unrealistic assumptions of the perfect channel state information
of all the STAs with SINR calculation chooses the maximum throughput of the
RU combination set for the proposed system model. However due to its high
complexity and the unrealistic assumptions, it cannot be implemented in practice.
Fig. demonstrates as the distance between APs increases and the overlapping
area decreases, the network’s overlapping STAs generate less interference, which also
demonstrates the interference level, as closest the APs are the interference level will
be higher. As shown, the proposed algorithm achieves a better network throughput
with approximately 30% improvement compared to the WMM algorithm due to
its effective interference management. In this figure, exhaustive search depicts the
upper bound.

Fig. shows the mean aggregate network throughput of all STAs where 4
APs, 12 or more STAs per each AP, and 9-26-tones RUs for each AP is considered.
Fig. demonstrates the proposed algorithm mean aggregated throughput and
shows about 30% increment compared to the WMM algorithm with no co-channe
interference management and about 60% with random RU allocation as the lower
bound. Additionally, Fig. demonstrates that the aggregate throughput increases
as the APs are positioned farther apart. Meanwhile, Fig. reveals that the
proposed algorithm continues to enhance the total network throughput even as the
available STAs per AP increases. In contrast, the random RU allocation algorithm
maintains a constant total network throughput of 7.10 Kbits /TXOP time, regardless
of the number of STAs. For example, when N = 15, the proposed algorithm achieves
a mean aggregate throughput that is 20% higher than that of the WMM algorithm
without interference management.

The computational complexity of the considered problem formulation, assuming
that STAs exceeds the number of RUs, is O(N!™)). However, the proposed algorithm
reduces this complexity to O (M XN)—-N ’)(3) + N’ +&). Here, the computational
complexity of the WMM algorithm combined with Hungarian RU assignment for each
AP is O (M x N)—N")® [104], while the approximate computational complexity of
graph coloring is O(N’ + &) [103], where & represents the number of edges between
any two overlapping STAs. In this context, N, M, and N’ denote the number of STAs
in each BSS, the number of APs, and the number of STAs in the OBSSs, respectively.
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Table 5.1 Simulation parameters

Parameter Notation Description Value
Arnax Radius of each BSS 20 m
P Power of each STA 20 dBm
TorDM Duration of OFDM Symbol l6us
Trxop Duration of uplink OFDMA transmission 3.2 ms
Tiotal Total number of TXOP for simulation in each Monte Carlo 400
14 drift-plus-penalty control parameter 100
A Distance between two APs 20 m
Nr Number of RU-tones 26

Table 5.2 MCS for the 20MHz channel and RUs of 26 subcarriers

Index | Modulation | Bit per symbol | Coding rate | Min. SNR | Min. RSSI
a (Re) (dBm)
1 BPSK 1 1/2 2 —-82
2 QPSK 2 1/2 5 -79
3 QPSK 2 3/4 9 =77
4 16-QAM 4 1/2 11 74
5 16-QAM 4 3/4 15 -70
6 64-QAM 6 2/3 18 —66
7 64-QAM 6 3/4 20 —65
8 64-QAM 6 5/6 25 —64
9 256-QAM 8 3/4 29 -59
10 256-QAM 8 5/6 31 =57

While the proposed fairness-based scheduling mechanism demonstrates clear
performance benefits under the considered simulation settings, practical deployment
introduces additional challenges. In particular, the scheduling decisions assume
stable channel estimates over the scheduling interval and neglect the impact of
fast-varying channel dynamics and feedback imperfections. Moreover, the fair-
ness optimisation becomes increasingly complex when the number of users and
resource units grows, since the allocation space expands significantly. In practical
implementations, this may require limiting the scheduling horizon or applying
simplified allocation rules to meet latency constraints. Furthermore, interoperability
with existing IEEE 802.11 scheduling procedures may require additional signalling
and protocol adaptation. Future work could therefore investigate scalable heuristic
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schedulers and real-time implementation strategies that maintain fairness while
reducing operational complexity.
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5.5 Summary

In this chapter, we proposed a fixed RU scheduling algorithm for the multi-AP
coordination system to maximize the total network throughput while satisfying
the average QoS of each STA using a WMM-based graph coloring approach. The
Sharing-AP received its requested information about the overlapping STAs channel
amplitude response and the BSSs in which these overlapping STAs are located from
the Shared-APs. Simulation results highlighted two main points first the importance
of RU allocation in the MAPC system model for interference management. Second,
the total mean network throughput increased by 30% with the proposed algorithm
due to the interference management in the OBSSs with low complexity.



Chapter 6

Fair Variable RU Allocation in
C-OFDMA

In this chapter, a variable-sized RU allocation scheme based on heterogeneous
channel condition of STAs within a C-OFDMA system model is proposed. To
examine the impact of heterogeneous channel conditions on RU size allocation, a
toy scenario is analyzed and demonstrated. Subsequently, a max—-min throughput
fairness formulation is presented, aiming to ensure that all STAs achieve identical
throughput. Since the objective is to design an RU allocation strategy that achieves
max-min fairness while minimizing algorithmic overhead and enhancing practicality,
the allocation algorithm is considered within a scheduling interval. The formulated
problem is proven to be NP-hard, hence, a DRL algorithm is proposed to address
the RU allocation challenge. Finally, proportional fairness throughput-based RU
allocation is formulated within the same system model, and a closed-form solution
is derived.

6.1 Introduction

RU allocation and scheduling algorithms in the IEEE 802.11be standards and beyond
are required due to the increasing demand for network traffic and emerging new QoS
requirements for emerging new use cases and applications. Most of the work in Wi-Fi
networks for RU allocation has considered the fixed-RU allocation [50, 53,97, 47].
For example, in [50], the authors investigated the different distribution of random
and scheduled RU access for throughput maximization, with a fixed-RU allocation
assumption. In [53], authors proposed variable-sized RU allocation with the goal
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of sum rate maximization; however, the proposed problem formulation is based
on IEEE 802.11ax, where each STA can only get one RU and each RU can only be
assigned to one STA, which imposes more constraints on IEEE 802.11be and beyond.
Authors in [105] considered a joint problem of RU allocation, beamforming design,
channelization, and MCS selection. Due to the high complexity of the problem,
heuristic algorithms are suggested. However, the work is based on IEEE 802.11ax
with strict conditions, while the direct connection between channelization and MCS
has not been investigated, and the main goal was the total system throughput
maximization. In addition, in [35] authors proposed a variable-sized RU allocation
with proportional gain with respect to a defined priority and fairness factor. In this
work, the MCS is the same for all the STAs in the network.

It is clear that, despite different works and algorithms, RU allocation, especially
with new applications and standardization, is an open problem. In addition, to the
best of our knowledge, there has not been a clear investigation into the MCS index
and the variable-sized RU allocation. Therefore in this chapter, first we investigate
the variable-sized RU allocation and heterogeneous MCS index effect on this with
practical assumptions in IEEE 802.11bn in the C-OFDMA system model. Channel
gain and MCS index are used interchangeably in this chapter. A max-min throughput
optimization is formulated. As the proposed problem formulation is NP-hard, a DRL
algorithm is recommended to solve the high-complexity problem. Simulation results
demonstrate the proposed DRL RU allocation algorithm in C-OFDMA with regard
to maximization of the minimum STA'’s throughput and Jain’s index fairness. In the
next part of the chapter, an RU allocation with variable MCS index for proportional-
throughput fairness is investigated in the considered system model. In addition, a
closed-form solution for this problem formulation is derived.

6.2 System Model

The considered system model is based on a coordinated multi-AP framework. The
set of APs is denoted by M ={1,2,..., M}, and the set representing all available
STAs in the network is defined as N ={1,2,..., N}. For simplicity of analysis, it is
assumed that the STAs are pre-assigned to the APs, and each AP is responsible for
managing an equal number of STAs. Accordingly, the m-th AP serves N, = £ STAs
in uplink transmission. The transmission signaling is out of scope of this chapter.
The main goal of this chapter is to assign variable RU sizes based on STAs channel
gain, considering the new IEEE 802.11bn standard. For practical consideration and
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e vt
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Fig. 6.1 An example of an OBSS with 2 APs and 3 STAs assigned in each AP’s BSSs,
in which C-OFDMA is applied using a master controller.

lowering overhead, it is assumed that the APs are agreed to have coordination for
a scheduling interval. Within this scheduling interval, it is assumed L TXOPs are
available and L = N, and in each TXOP, all STAs may perform transmission provided
that they are allocated the appropriate RUs. It is considered that the total bandwidth
available within each TXOP is B, and the minimum RU size is w. Consequently,
the total bandwidth can be expressed as B = pmax X w, where pmax denotes the
maximum number of RUs in B. In this chapter B as the total available bandwidth
is 160 MHz, and the entire bandwidth can be dynamically shared among all STAs
within the system model. The minimum RU size w is set to 20 MHz. As a result,
the RU allocation vector is defined as R = [0, 20,40, 60,80,100,120,140,160] MHz, as
illustrated in Fig.

RU 20 MHz 1 2 3 4 5 6 7 | 8

RU 40 MHz 1 2 3 4

RU 80 MHz 1 2

RU 160 MHz 1

Fig. 6.2 Variable RU-sized allocation with consideration of 160 MHz bandwidth.

The channel gain of n-th STA with its m-th AP is h,,, = PL,, (d)- gn,,- In which
Qn,, is the small-scale fading of the n-th STA and the m-th AP. PL,, (d), defined in
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(6.1), represents the path loss of the k-th STA associated with the m-th AP. based on
the Residential cases of the TGax model [98] and is as follows:

PL,,,(d)=40.05+20xlog,, ( f:/2.4)+20xlog;, (min(d,5))

(6.1)
+(d > 5)x35xlog(d/5),

where f. denotes 5 GHz, and d is the distance between the transmitter and the
receiver in meters.

Based on each STA’s channel gain and with assumption of equal maximum
transmit power for each STAs, the RSSI is calculated as follows,

RSSI,,, = 1010g,y Pn,, = PLy,, (d)—1010g,, (gn,,) (dBm). (6.2)

Where 10log,,(Py,,) denotes the transmit power of the corresponding transmitter
expressed in logarithmic scale (dB), obtained by converting the linear power value
P,,,. Then, using the RSSI threshold, the MCS index is chosen based on the Table in
[106].

Then data rate of the n,,-th STA is calculated based on its assigned RUs and the
selected MCS index derived from its channel gain. Then each TXOP throughput can
be calculated as follows,

K},

l
= 6.3
r’nm rIvl ( )

where Kﬁlm is the transmitted bits of 7,,-th STA in the [-th TXOP in a way that each
STA can be assigned RUs from different TXOPs of scheduling interval. Tj is the
TXOP duration, which here is fixed to the maximum TXOP duration, and based on

its signaling, it has the following overheads and data transmission.

Ti=Tpackof f +Tmar-rTs+Ts1rs+Tmar-cTs+Tsirs+Tmar-Tr+Tsirs
+Tpata + Tsirs + Tack + Tpirs, (6.4)

where Tprap-rrs and Ty ap—crs are the multi-AP request to send and clear to send
signals, respectively. Ty ap—1r is the multi-AP trigger frame to inform STAs about
their allocated RUs, and other information for scheduling and transmission. The
aggregated packets each STA can transmit during the T;. Then, based on the TXOP
duration, STAs” MCS indices and allocated RU, the total number of packets each STA
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Fig. 6.3 Allocated RUs in MHz per scheduling interval.

transmits can be calculated. Let’s assume the packet length of n-th STA is PK,,, and
the number of aggregated packets for n-th STA is Z7 fl, therefore
Kl =PK! xzPK. (6.5)

n

To calculate ZE nlf, it is first necessary to determine the number of packets that can
be transmitted within the /-th TXOP, denoted by T;. First, assume that the physical
data rate can be calculated as follows:

! ! !
| P, XWXCR, Xay,

" Torpm X SC
where based on calculated RSSI,,, from Table in [106] STA’s MCS index, ailm, and

its coding rate, CR;m, are derived. In addition to the assigned RU, plnm X w, the
subcarriers spacing is denoted as SC. Finally ZF nlfl is calculated as follows,

(bits/sec), (6.6)

r

I I l
PK! _ m Data tail (67)

- ’
o PKilm + Hyvac + Heay

where Hyac and Hpyy are MAC and PHY headers. Liaﬂ is the number of tail
bits appended at the end of the coded transmitted data bits. In the next section, the
proposed problem formulation is motivated by the heterogeneous channel conditions
experienced by STAs in the context of RU allocation under the max—min fairness
criterion which in the considered system model is elaborated with a simple example.
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6.2.1 Motivation of the Proposed Problem Formulation

In this section, we dive into a very simple scenario to demonstrate the effect of
channel gain of STAs for variable RU size allocation. For simplicity, consider a
scenario with two APs, each serving a single STA, resulting in a total of two STAs
in the network. It is assumed one TXOP where the STAs aggregated packet based
on their data rate is calculated as (6.7). The MCS index is variable and determined
based on the calculated SNR in Table

Fig. [6.4illustrates the network’s performance where the MCS index of STA1 is 7,
STA2 is 11 and there are several options for RU assignment in this model.

Initially, Fig. shows while STA2 has is with favorable channel conditions
compared to STA1, the maximum throughput is achieved in the network by allocating
the 160 MHz to STA 2. This is due to the fact that the fastest STA or in other words
the STA with better channel gain, accessing the whole bandwidth, gets the highest
network throughput. However, this is not fair at all, as the STA1 has not given
any resources for transmission. Fig. demonstrates the mentioned point about
fairness. So allocating all the resources to only STA2 will provide the worst Jain’s
index fairness respectively in the network. While also allocating all the resources for
STA1 makes the fairness worse.

In addition Fig. demonstrates that to have the highest Jain’s index fairness in
this toy scenario, the best option is to allocate 100 MHz bandwidth to STA1 and the
rest to STA2. Jain’s index fairness is a measurement of fairness that provides max-min
fairness in the system. It means that the highest Jain’s index fairness can provide
quite equal throughput for all the STAs in the network. This could be required for
scenarios where there are bottleneck STAs that cannot get resources, especially while
in a dense environment, potentially leading to STAs with weaker channel conditions
achieving the minimal throughput [107]. Therefore in this section, our main goal is
to allocate RUs in a way that the STAs with the lowest channel gain can also increase
their throughput.

Another important point is that to provide max-min fairness and as the resources
are limited, it is assumed to provide fairness per each scheduling interval that has L
TXOPs. That is, while the AP may not be able to provide the required throughput to
each STA in a given TXOP, throughput fairness across all STAs is expected in the
following TXOP within the scheduling interval, as shown in Fig. In addition, it
is not practical for an uplink system model with high overhead due to coordination
signaling and trigger frame, to schedule RUs only for one TXOP. It should be noted
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Fig. 6.4 Network’s performance based on possible assigned RU sets.

that although the uplink signaling is assumed but the proposed model and problem
formulation is applicable for downlink as well.

6.3 Max-Min Fairness

Max-min fairness main goal is to maximize the minimum throughput or other KPIs
in a network. In addition with max-min fairness, it is possible to avoid scenarios
where at least one user’s QoS has not been satisfied [107]. In addition, authors in [97],
proposed an algorithm to solve the max-min problem with RU allocation based on
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channel fading. Therefore as observed in the previous section, the max-min fairness
with variable-sized RU allocation is an open problem. Especially, it is different
compared to throughput optimization and needs attention, as it is essential in new
applications that the slow STAs required QoS could also be satisfied. In this section,
the proposed problem formulation for max-min fairness for STAs” throughput is
proposed. As the problem is NP-hard and has a huge search space, a DRL algorithm
is proposed to solve the proposed problem.

6.3.1 Problem Formulation

The considered max-min fairness objective is as follows,

maximize min 7, (6.8a)
l neN
Pn
subjectto 0< pL < Pmax, Y EN, (6.8b)
N
Z Pfa = Pmax, V1 € L, (6.8¢)
n=1

where p!, is the complex coefficient characterizing the 20MHz transmission for
n-th STA in [-th TXOP. It defines the chosen RU size from R set for n-th STA in
each TXOP. L is the TXOP per each scheduling interval. 1, is the total calculated
throughput for the n-th STA in the scheduling interval. That is as follows,

L
Ne= M, ¥neN. (6.9)
I=1

Note that the total allocated RUs per TXOP is 160 MHz and it is also assumed that
STAs are full-buffer and always have packets to transmit. Objective function (6.8a)
is the max-min fairness of throughput of all STAs. Constraint ensures the
maximum allocated RU-size for each STA is p;,,x. While constraint confirms
the total amount of assigned RU are equal pax.

The proposed optimization is an NP-hard problem as the search area is a mixed-
integer programming problem [105]. In the next section we solve the considered
problem with DRL approach.
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6.3.2 Proposed DRL Algorithm

The formulated RU allocation problem is NP-hard. Deep learning (DL) algorithm
has been promising for RU allocation however DL algorithms are data based
algorithms which data collection is time consuming. Therefore in this chapter the
DRL scheduling algorithm is considered for RU scheduling algorithm, moreover,
as the wireless communications environment is fluctuate in time, using DRL is
an advantage for these environment as it can adjust itself to the uncertainty. The
proposed DRL algorithm is centralized, therefore it is assumed that the centralized
controller allocates RUs to the STAs with the proposed DRL algorithm. It should be
noted that the signaling of C-OFDMA for this system model is outside of the scope
of this work.

To define the DRL-based RU allocation algorithm, we model the problem as a
MDP to solve the complexity of the proposed problem formulation. In which the
state S represents the current network’s state space, A defines the action space. The
reward R reflects the feedback based on the action the agent has taken. The transition
T describes the probability of moving from one state to another after taking an action,
and the policy 7 defines the strategy for selecting actions based on the current state
to maximize the cumulative reward over time [76]. Therefore the elements of our
proposed DRL-based RU allocation algorithm are as follows.

State Space

The goal is that the agent based on its previous selected RUs in a scheduling interval
learns to assign RUs and the MCS index effect will be applied in the objective function
of max-min fairness. In other words the agent based on its previous assigned RUs
and channel gain effect on the STA with minimum throughput learns the best RU
allocation assignment for the proposed problem formulation. Therefore the state
space is defined as a matrix in which its elements are the assigned RUs in the
previous scheduling interval. The state space is the assigned RUs in all the TXOPs of
scheduling interval, and it is a L X N matrix . Each row represents a TXOP and
all the N columns are the total available STAs in the network. Each element of the
state matrix is the number of RUs assigned to the n-th STA in the I-th TXOP, which
is pL. Therefore the total state space is as follows,



6.3 Max-Min Fairness 111

1 41 1
pl’pZ""’pN

2 2 2
Sixn = pl’pz’: PN (6.10)

L L L
pl’pZ""’pN

where constraints (6.8b)) and (6.8c) should be satisfied for each element of the matrix

and for each row of the matrix respectively.

Action Space

The agent in each step can see the current state which is each RUs that previously
assigned for each STA in all the TXOPs. Therefore the action in each step is a vector
with first-norm zero, in which one of the element is 1, one other element is —1
and with the an index element of the | row index. Which means the first-norm
vector should be applied to the [-th TXOP. This means the action is added to the
[-th TXOP of the scheduling interval, where the agent has taken the action based
on the e-greedy algorithm. Therefore the action space is all the combination of
the 1, —1, and N —2 zeros and the the vector combinations with the TXOP set
L ={1,2,...,L}. Which shows the selected first-norm vector should be added to
which of the coordinated-slots. The action space for a N STAs is as follows,

A= {[1,—1,0,...,0,0,l],...,[l,—l,O,...,0,0,L],
...[0,0,...,1,-1,1],...,[0,0,...,1,~1,L],
...,[0,0,...,0,0,1],...,[0,0,...,0,0,L]} 6.11)

where [1,—1,0,...,0,0,1] means the vector [1,—1,0,...,0,0,1] is added to [-th

row of state matrix. Also [0, 0,...,0,0, l] means that not only all the other rows RU
assignment has not changed but also the I-th TXOP keeps the previous RUs as well,
therefore the total action space size is the ((1;] ) +1)x L of (1x N) vectors.

Reward

As our main goal is to maximize the minimum STAs’ throughput based on their
MCS index, we formulate the reward as the same as the defined objective function,
and it is as follows,
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The DRL-based RU allocation algorithm is elaborated in Algorithm [5. The

Algorithm 5: The proposed DRL-based RU allocation algorithm

1 Initialize Model: Initialize replay memory and Q-network
2 for Episode=1,2,... do
Initialized the environment state S°
fort=1,2,...,7do
DQN agent chooses action a' from A set using e-greedy policy.
Execute action a'
Receive reward rf and next state S¢*1)
if t mod T =0 then
L Change MCS index based on STAs channel gains

10 Store experience (Sf,af,r!,St*1)
11 Sample mini-batch from memory and update Q-network

© 0 N N Ul R W

proposed algorithm in each episode, after initializing the environment state S°, once
the agent takes an action, it executes the selected action on the selected [-th TXOP.
Then the reward is calculated, and the agent moves to the next action. In order to
allow the agent to learn, it is assumed that the same MCS index for the STAs is used
for T steps. Then the proposed reward is calculated, and the next state is updated.
In other words, it could help the agent to learn based on different MCS indices to
choose the best variable RU allocation.
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6.3.3 Simulation Results

To assess the effectiveness of the proposed algorithm, multi-AP coordination with a
centralized controller framework is employed within a residential Wi-Fi coverage
scenario. All APs are assumed to be centrally located within the BSSs. Within each
BSS, the STAs are uniformly distributed over the coverage area, with their locations
relative to the serving APs modeled as a uniform random variable U/(0,1). The APs
are situated within mutual transmission range and operate on the same frequency
channel. However, under C-OFDMA, RUs are allocated such that reusing RUs cannot
occur within each TXOP. The simulation results are generated using MATLAB. The
DON network architecture consists of an input layer followed by a fully connected
layer, and a ReLU activation layer, ReLU, which introduces non-linearity. This is
followed by another fully connected layer, which further processes the features. The
output from this layer is passed to the g-values, and the hidden layers’ nodes are 256.

The proposed DRL algorithm is compared with Equal-sized and Random RU
allocation benchmarks. Also an Exhaustive Search is compared as the upper bound
for the total available 3 STAs. The Equal-sized RU allocation is a baseline algorithm
where in each TXOP per scheduling interval the STAs get the same RU size, for
example with 3 STAs in the network, each of the STAs are assigned 80 MHz with
random allocation in each TXOP, where the total bandwidth is 160 MHz. So either
the total bandwidth is divided with equal-sized RU if it is applicable. Or in case
the number of STAs available for scheduling exceeds the number of available RUs,
each STA in each TXOP per scheduling interval assigned randomly the minimum
sized RUs for the Equal-sized RU allocation benchmark. The random RU allocation
assigned random variable-sized RUs to random STAs in each TXOP per scheduling
interval. Moreover, the Exhaustive Search is suggested the upper bound to allocate
the best variable RUs in the scheduling interval for the STAs in order to maximize
the proposed max-min fairness. However, because of its high complexity it could
only be simulated for 3 STAs, which is in practical scenarios it is impossible to use
for each scheduling interval in a system.

In more details, the proposed problem formulation computational complexity
(D)
approximately is O ((K,%i”;l)!) . As its computational complexity is very high, that

is not possible to solve it in a real-time scenario. While the DQN computational

complexity per each time step is related to the cost of a single forward pass through
the network O (f(d)) [81]]. Therefore, for example, the proposed DRL algorithm can
solve the problem after training with only 40 steps, for 4 STAs.
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Fig. 6.6 Learning convergence of the proposed DQN agent for 4 STAs in the network.
Where, an episode refers to a complete sequence of interactions between the DQN
agent and the environment, starting from an initial state and ending when a terminal
condition is reached.

Fig. |6.7|shows the CDF of guaranteed minimum rate of STAs and the Jain’s index
fairness in a scenario where the network has 3 APs where each of AP has 1 STAs.
The main goal is to demonstrate with variable channel gains effect on guaranteed
minimum throughput of STAs and the Jain’s index fairness for all the benchmarks
and the proposed algorithm, respectively. With the variable MCS index in 100
Monte-Carlos, in Fig. it is observed the STAs” minimum throughput of all
the benchmark schemes and the proposed DRL algorithm. The DRL algorithm in
comparison with the Exhaustive Search shows it is following this upper bound. As
it is observed the proposed DRL algorithm is about 10% lower than the Exhaustive
Search. This shows the proposed DRL performance with lower complexity and only
with 40 episode can achieve this, while Exhaustive Search space is 91125. The DRL
algorithm in comparison with the random and equal-sized RU allocation, achieves
about 50% higher minimum STAs’ throughput. This shows its out performance to
allocate RUs based on variable MCS indexes for a max-min fairness.

Fig. demonstrates the outperformance of the proposed DRL algorithm
in comparison with Equal-sized and Random RU allocation. Jain’s index fairness
measures how much all the STAs available in the network, in each different iteration
simulation where each iteration has a different MCS index, compared to another
iteration, can achieve the same throughput despite the variety in MCS index or
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channel gain. As observed, the proposed DRL algorithm can achieve, for 50%
of the total iteration simulations, more than 0.9 Jain’s index fairness, while the
corresponding values for Equal-sized and Random RU allocation algorithms are
0.82 and 0.75, respectively. Therefore, the proposed DRL algorithm can achieve a
higher Jain’s index fairness compared to the Random and Equal-sized RU allocation
algorithms. In comparison with Exhaustive Search, the proposed DRL algorithm
results in Jain’s index fairness lower than 0.8 in less than 20% of the iteration
simulations, while this number for Exhaustive Search is 0.98, which is expected as
the proposed DRL does not know the exact RU allocation for max-min fairness and
instead attempts to approximate it.

Following that, in Fig. the the comparison of the 30%, 50%, and 90% CDF
values of the minimum STAs’ throughput under variable available STAs in the
network is presented. The proposed DRL algorithm exceed better performance in
comparison with other baselines, including Random and Equal-sized RU allocation
algorithms. Fig. demonstrates the algorithms performance in conditions where
multiple STAs could have lower MCS indexes and it is the lower tail MCS indexes
distribution. Therefore, the DRL algorithm consistently even with increasing avail-
able STAs in the network can achieves higher minimum throughput compared to the
baselines. Fig. illustrates the median performance of the algorithms. The DLR
algorithm for example for 6 STAs can achieve about 28% and 65% higher minimum
throughput compared to Equal-sized and Random RU allocation, respectively. As
it is demonstrated the minimum throughput is decreased as the available STAs in
the network decreased. This is due to the fact that with growing STAs, the variance
of MCS indexes is lower between STAs because of the Popoviciu’s inequality on
variances [108]. Therefore, there are two main factors impacting this, one is that
although the number of TXOPs per scheduling interval is as equal as the number of
STAs and increasing with the STAs, with the goal of increasing the STAs” minimum
throughput STAs required mostly shorter RU sizes unless there are very high variance
between MCS indexes. With shorter RU sizes, this means having lower subcarriers in
each RU for data transmission as more subcarriers are allocated to DC [8,[1]]. In other
words, while it is trying to allocate variable RU-sizes with higher STAs their MCS
index variance is decreasing therefore the only factor that could have impact is the
number of STAs for RU allocation, unless the MCS index is in first quartile of MCS
indexes distribution. Fig. demonstrates the 90% of CDF and it also shows that
with increasing the STAs the DRL outperforms Random and Equal-sizes algorithms.
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Fig. 6.7 Comparison of DRL algorithm with other benchmarks with 3 APs each with
1 STA.



6.3 Max-Min Fairness 117

Comparison of 30% CDF Values

200
_ I Random
180 I Equal-sized
= [l
@
2 |
2
z I
g |
=]
3 |
<
(=2}
=)
° ]
=
=
> ]
<
=
(2] 4
1S
=)
£ B
£
=
4 6 8

Number of STAs

(a) 30% CDF of STAs” minimum throughput versus variable

number of STA.
350 Comparison of 50% CDF Values
‘ ‘ I Random
I Equal-sized

S 300 [CIDRL
[o}
Y
2
3 J
= 250
=1 —
&
S, 200 1
> —
o
£
5 150 1
<
=
%)
£ 100
=}
£
£
= 50 7

0

4 6 8

Number of STAs

(b) 50% CDF of STAs’ minimum throughput versus variable

number of STA.
800 Comparison of 90% CDF Values
‘ ‘ I Random

[ Equal-sized
. 700 CIpRL
8
o
(2}
Z 600 1
=
3 500 - 1
<
(=2}
>
© 400 — ]
=
[=
2 300 1
=
(2]
g 200 4
£
£
= 100 1

0
4 6 8

Number of STAs

(c) 90% CDF of STAs’ minimum throughput versus variable
number of STA.
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Fig. compares the 30%, 50%, and 90% CDFs of Jain’s index fairness for 2 -8
STAs under Random, Equal-sized, and the proposed DRL RU allocations. This is
another measurement to observe the proposed algorithm performance with respect
to max-min fairness optimization. Across all available STAs and their MCS indexes,
DRL algorithm achieves the highest Jain’s index fairness, Equal-sized is consistently
second, and Random performs worst. Fig. represents the 30% CDF comparison
where lower MCS indexes” STAs can achieve fairness higher than 0.8 once the STAs
are between 0 — 6 and for 8 available STAs it is about 0.75 Jain’s index fairness. While
the Equal-sized is between 0.7 — 0.8 for different number of STAs. And Random
RU allocation Jain’s fairness is between (0 —0.7). For the median MCS indexes’
distributions in Fig. it is illustrated that proposed DRL algorithm is steadily
above all the other baselines with a Jain’s index fairness range between 0.8 —0.95.
In addition Fig. shows the quartile of highest MCS indexes. All algorithms
improve and the gaps narrow, while DRL fairness is higher than other baselines.
That reflects its ability to exploit good channel gain without losing fairness. As the
number of STAs increases, fairness generally declines for the baselines due to tighter
contention, whereas DRL degrades more gracefully and remains near the top of the
range.

In order to observe the network throughput performance, Fig. demonstrates
the averaged network throughput per each TXOP for variable number of STAs. It
compares all the algorithms with the 30%, 50%, and 90% CDFs of averaged network
throughput. As it is shown, in general the DRL algorithm with the main goal
of max-min fairness has the lower network throughput compared to the Random
and Equal-sized RU allocation algorithms. This is due to the fact that max-min
fairness represent lower network throughput per each TXOP as it is trying to give
the same throughput to all the STAs. Fig shows the 30% CDF of averaged
network throughput. Averaged network is driven because of variable TXOPs per
each scheduling interval once we have variable number of STAs, therefore this is
the averaged throughput of the total network. As the number of STAs increasing
for 30% CDF, for all the algorithms, it can be seen that their throughput is slightly
increasing. This is as a reason of in lower available STAs very low MCS indexes
can cause a very low throughput. While the STAs expand, the chance that at least
some STAs have decent MCS indexes enhancing, so the average network throughput
in the worst 30% of cases improves. Also, with more STAs the DRL RU allocation
algorithm wastes fewer resources, which lifts the lower tail. While Fig. shows
constant median for all the available STAs in the network whether with baseline



6.3 Max-Min Fairness 121

or DRL algorithm. As around the median, the benefit of extra candidates like we
have in 30% CDF is roughly canceled by the shorter RU. Fig. for 90% CDF
of averaged network throughput demonstrates the slight decrease while STAs are
increasing in the network. This is due to in higher MCS indexes cases with few
STAs, each STA can get a larger RU. As STAs grows, RUs are shorter so the best-case
average throughput falls for all algorithms.

Fig. [6.1T|shows box-plots of the mean STAs’ throughput achieved by the proposed
DRL algorithm over 600 iterations for 2,4, 6, and 8 STAs. For clear demonstration the
y-axis for different STAs number is enlarged. The median clearly decreases as the
number of STAs grows, as explained earlier and expected. While the interquartile
range (IQR) remains moderate and shrinks slightly relative to the median. Whisker
asymmetry where (max > min) suggests, in a few iterations runs the network
conditions are unusually good, so the achieved throughput in those runs is above the
median, which can be due to either more STAs have higher MCS indexes/fewer STAs
with lower MCS indexes or RU sizes that match STAs very well. These patterns are
consistent with a max—min policy, where raising the slowest STA data rate reduces
the overall mean and compresses the upper tail as the number of STAs increases.
This shows the max-min fairness achieves its goal of giving the same throughput for
all the STAs in the network.
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Fig. 6.11 Box plot of mean throughput for different STAs.
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Fig. 6.12 Probability density of STAs throughput for different numbers of STAs. The
x-axis in each subplot represents the STA index, while the y-axis represents the
achieved throughput (Mbps). Subplots correspond to (a) 2 STAs, (b) 4 STAs, (c) 6
STAs, and (d) 8 STAs. Mean and median values are indicated by black and red lines,
respectively.

Fig. also demonstrates the STAs’ throughput distribution achieved by the
proposed DRL over 600 iterations for 2,4, 6, and 8 STAs which are shown respectively
in Figs. |6.12a} 6.12b} [6.12c|and |6.12d| For each STA on the x-axis, the orange violin
graph shows the probability density estimation of its throughput, the red line is the

median and the black line is the mean. Within each subplot, the violins for different
STAs are aligned with the same means and medians. This shows that the DRL
algorithm equalizes STAs throughput well despite MCS variability. Another point
is that with increasing the available STAs in the network, the means and medians
are degrading. This represents RUs split between more STAs. In other words the
DRL RU allocation algorithm prioritizes increased the low MCS index STAs, which
causes the STAs” throughput diminishes. The violins’ shapes shows that mean line
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is slightly higher than median one. Which means some iterations have higher MCS
indexes compared to the most frequent iterations that stays near the median.
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6.4 Proportional Fairness

In this section, instead of max-min fairness, proportional fairness is proposed as the
main objective. Proportional fairness due to its practicality is an important goal to
be considered in the system model. This is as a result that all the available STAs in
the network based on their defined QoS and/or their feature could be assigned a
proper resources. So not only should their requirements be quite satisfied, but also
the network performance and resource usage should not be degraded. Throughout
the literature review, several proportional fairness resource allocation are considered.
Proportional fairness can be defined with variety of definitions, for example authors
in [35] proposed a proportional fairness RU allocation based on QoS priority and
buffered data of each STA. In addition to have the proportional fairness, a weighting
controller based on the STAs” QoS priority and buffered data is calculated, and STA
with higher weight gets the higher opportunity. However, within this scenario, it is
complicated to ensure that all the STAs can achieve the minimum data rate that they
might have required. In addition the effect of channel gains is not considered for RU
allocation. Therefore, there is another way for defining the proportional fairness and
it is based on the main definition provided in section For example, authors
in [94] defined the problem formulation based on the log-throughput optimization
for airtime allocation. It is proved in the article that the problem formulation is a
convex-optimization and a closed-form airtime allocation is driven. Concerning the
related work, and with the basic observation, in this section, a closed-form proof is
driven for RU allocation in a variable MCS index for the proposed system model in
this chapter.

6.4.1 Problem Formulation

Therefore, considering the same system model described in the objective is
to allocate RUs based on the proportional fairness criterion defined in The
proposed problem formulation is as follows,
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N L
. i
maximize Zlog(z M), (6.13a)
Pu n=1 I=1
subject to 0 < pl, < puax, VR €N, (6.13b)
N
Z ol = ppax, Y1 € L, (6.13¢)
n=1

where p!, denotes the coefficient corresponding to the 20 MHz and defines the
chosen RU size from R set for n-th STA in each TXOP per scheduling interval. L is
the TXOPs per each scheduling interval. 7/, is the calculated data rate for the n-th
STA in I-th TXOP per scheduling interval. Please note that the total allocated RUs
per TXOP is 160 MHz and it is also assumed that STAs are full-buffer and always
have packages to transmit. Objective function is the proportional fairness of
aggregated throughput of all STAs. Constraint ensures that each STA the
maximum RU size that is able to achieve is py;4x. While constraint confirm
the total amount of assigned RU cannot be greater than p;,sx.

6.4.2 Motivation of the Proposed Problem Formulation

In this section, we dive into a very simple scenario to demonstrate the effect of
channel gain of STAs for variable RU size allocation with proportional fairness
objective optimization (6.13a). As discussed in Section consider a scenario
with two APs, each associated with a single STA (i.e., two STAs in the network). It is
assumed that both STAs have identical packet lengths and transmit for the entire
TXOP duration in each transmission opportunity. This means the STAs have airtime
fairness as all of the STAs are allocated the same transmission duration. Therefore in
this RU allocation it is expected that two main factors of MCS index and the available
STAs in the network have effect the RU size.

However, based on the initial observation, while the STAs’ MCS index is changing
between 0—13, it is observed that no matter what is the MCS index for proportional
fairness RU allocation, the maximum value to have the highest proportional fairness
in the network for throughput is the [80,80] RUs. Although the network throughput
will be changed with different MCS indexes for each realization, still the pattern is

the same, Fig.

Therefore in the next session, we explore and proof of the reason behind this.
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Fig. 6.13 Network performance for different RU allocation sets. (a) Total network
throughput. (b) Proportional fairness metric computed as the sum of logarithmic
throughputs of the STAs.

6.4.3 Closed-form Solution

In this section, initially it is proved that the 1, is linear with respect to p, in the total
scheduling interval, L TXOPs. All the notifications are the same as the defined ones
in section In order to derive the closed-form solution, the 1}, is formulated as
follows,
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771 = PKflim X pf’lm XWX CR“m X Ap,, X Téata _ PKilm X Lilfail
" Tyx SCx Torpm X (PKL, + Hwvac + Hpry) Ty X (PK!, + Hyiac + Hpry)

(6.14)

To express the linearity of nfqm under the assumptions of the considered system
model. Tj, Torpm, PKLm,HMAC,HPHY,Lia” and Tll)am
the network. Therefore, we can denote all constant parameters by C. The above

are constant for all the STAs
expression reduces to a linear form in p/,,,, CR!,,, and a/,,,:

Vn,, = CRy,, X ay, . (6.15)

M, = CX (ph,, XVn,) = D. (6.16)

It is important to note that all C and D parameters are constant and the same for any
[-th TXOP and any n-th STA. In addition v,,, is related only to n-th STA and is fixed
for all the I-th TXOPs in each scheduling interval. So, objective function in is
rewritten as follows,

N L
f = Zlog(ZCx (pl, XVu,)—D). (6.17)
n=1 I=1

In the following, first it is proved that the objective function and the constraints
(6.13a), (6.13b), and are concave, convex, convex respectively which means
the problem formulation has a closed-form answer. Then it is proved the objective
function is symmetric and its closed-form answer is driven.

Concavity of the objective

For fixed 7, s,(p) is affine in {p} le1' and log(-) is concave and nondecreasing on
(0,00). Hence p +— logs,(p) is concave on {s, > 0}. Summing over n preserves
concavity, so f is concave on its domain [3]. To confirm the concavity of it in another
way, a direct Hessian calculation is derived. For n-th STA we have, v,, = (V,}, .., v,f)T.
Then, for each n,

1
Vo f =2, V2 f=——voy <0, (6.18)
Sn Sy
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Pf_
Ipndpy,
0 when m # n. Therefore the full Hessian is block-diagonal with negative semidefinite

arank-1 negative semidefinite matrix. Cross-STA second derivatives vanish:
blocks, confirming concavity.

Convexity of the feasible set

All constraints (6.13b), and (6.13c) are linear inequalities, so the feasible set is a
polyhedron and thus convex. Therefore the problem is a convex optimization
(maximization of a concave function over a convex set) [3].

Closed-form solution

l

Since v,, = v, (independent of ), only the fotal allocation to each STA matters. Let’s

define,
L
N (6.19)
=1

So, the objective function in (6.13a)) can be simplified as follows,

L
D i =Cvux, ~LD. (6.20)
=1
So we have,
N
r;:%( Z_; log(Cvnxn —-LD). (6.21)

From the per-TXOP constraints, ZnN=1 p,l1 = Pmax, V1 € L, we obtain,

N
Z Xn = Lpmax. (6.22)

n=1

Therefore, the reduced optimization problem is:
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N
maximize log(Cv,x,, —LD 6.23a
fmize ) log ) (6:232)
subjectto x, >0, Vne{l,...,N}, (6.23b)
N
Xn = Lpmax- (6.23¢)
n=1

With consideration of the the reduced problem formulation, the KKT derivation is
formulated. A is denoted as the multiplier for the equality constraint and multipliers
tn > 0 for the inequalities x,, > 0:

L(x,A,u)= i log(Cvpx, —LD) + A(meax - i x,,) + i Un Xy (6.24)

n=1 n=1 n=1

As the problem is convex, KKT conditions are necessary and sufficient for
optimality, so we have,

oL Cvy,

tati ity): =
(Stationarity) 9%, Cvox LD

—A+u, =0,

N
(Primal feasibility): Z Xn = LPpmax, X, >0,

n=1

(6.25)

(Dual feasibility): u, >0,
(Complementary slackness): p,x, =0.

If x,, > 0, then by complementary slackness 1, = 0. Thus

Cvy,

Therefore, with reformulating A as follows, x, is derived,

Cvy,

Cann _LD = /\ 7

(6.27)



6.4 Proportional Fairness 130

L1 ID
TN Cv,’

So, with application of the equality constraint, we have

(%)

N
Z X = Lpmax. (6.28)
n=1
Plugging in (x):
N
1 LD
Z (X + CV”) = Lpmax- (6.29)
n=1
This yields
N
N LD
T + ; Cv, Lpmax, (6.30)
50 L _vN LD
l _ Pmax n=1 Cv, ('i')
A N '

Therefore, the unique optimal solution is

N
x_1 LD 1_Lpma— Ty, (6.31)
"TA T Cv A N ' '

X

It should be noted that D is very small and is able to be considered approximately
0. In other words, it can be observed that once we have

N LD LD
Lomax—2yo1 G T NG

= N . (6.32)
Therefore I
Xt~ ‘;3‘ 6.33)

It should note D is very small that L,; it can set 0. Since only the totals x, matter,
we can distribute them evenly across TXOPs:

*
Ix _ Xn _ Pmax
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6.4.4 Simulation Results

The assumptions are the same as simulation results provided for the previous
section about max-min fairness optimization. So a multi-AP coordination with a
centralized controller framework is employed within a residential Wi-Fi coverage
scenario. All APs are assumed to be centrally located within the BSSs. The STAs
are uniformly distributed within the coverage area of each BSS, following a spatial
uniform distribution around their associated APs. The APs are situated within
mutual transmission range and operate on the same frequency channel. However,
under C-OFDMA, RUs are allocated such that reusing RUs cannot occur within each
TXOP.

First with the same assumption, for 3 APs with 1 STAs it is attempted to see the
Exhaustive Search and other benchmark algorithms, Equal-sized and Random RU
allocation. In addition the proposed DRL algorithm is also test for the proportional
fairness where the reward function is the proportional throughput optimization
proposed in (6.13a). As proved in the previous section, it is expected that with the
proposed system model, all the STAs where in each TXOP all the STAs should get
the equal-sized RUs, where in total scheduling interval, some of the RUs assigned to
each STA should be the same. In scenarios, where the number of STAs is greater than
the available RUs in the network, it is expected to allocate the shortest RU size where
here is 20 MHz, to the STAs, and then assigned for the STAs not allocated any RUs in
the next TXOP. As the number of TXOPs per scheduling interval, it is expected in
total scheduling interval all the STAs could have the same RU-sizes allocated.
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network.

Fig. 6.14 Comparison of the different algorithms in the Proportional Fairness RU
allocation

Fig. demonstrates the CDF of proportional fairness, for 2 and 3 STAs.
Exhaustive Search due to its high feasible search is not applicable with the current
available compute nodes. As it is expected, with variable RU allocation in 300
realization, it is demonstrated that the considered Equal-sized RU allocation is able
to achieve quite the same proportional fairness as the Exhaustive Search. In addition,
the proposed DRL algorithm is also able to reach quite the same as the Equal-sized
RU allocation. This proves the RU allocation especially as variance increased with
more STAs in the network, the Equal-sized RU allocation with its low-complexity
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allocation with complexity O (1) can achieve the best RU allocation for proportional
fairness.

Despite the performance gains achieved by the proposed coordinated multi-AP
framework, several practical limitations remain. The proposed coordination mecha-
nism assumes reliable exchange of network information among APs and centralised
coordination decisions, which may introduce additional signalling overhead and
latency in practical deployments. As the number of coordinated APs increases, the
complexity of joint scheduling and resource assignment also grows substantially,
potentially limiting scalability in dense enterprise environments. In addition, the cur-
rent framework assumes synchronised operation among participating APs, whereas
practical deployments may experience imperfect synchronisation and heterogeneous
backhaul delays. Future improvements may therefore focus on decentralised coordi-
nation strategies, reduced signalling mechanisms, and robust scheduling methods
that remain effective under imperfect coordination conditions.

6.5 Summary

This chapter investigated variable RU allocation in C-OFDMA systems with the ob-
jective of improving fairness among STAs while maintaining practical computational
complexity. Two fairness objectives were studied: max-min throughput fairness
and proportional throughput fairness, both formulated based on the heterogeneous
channel conditions of STAs reflected by their channel gains or MCS indices.

For the max-min fairness objective, the RU allocation problem was shown to be
NP-hard. To address this challenge, a DRL-based solution was proposed to learn
efficient allocation policies. The obtained results demonstrated that the proposed
DRL approach significantly improves fairness compared with baseline strategies
such as equal-sized and random RU allocation. In particular, the learning-based
approach is capable of adapting the allocation to heterogeneous channel conditions,
thereby improving throughput balance among STAs without requiring exhaustive
search.

For proportional fairness, the problem was analytically studied and proven to
be convex under the considered system model. This enabled the derivation of a
closed-form solution for optimal RU allocation when all STAs are saturated. The
proposed proportional fairness solution provides an efficient allocation mechanism
with constant computational complexity O(1), making it highly suitable for practical

implementations in real-time scheduling.
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Overall, the results show that variable RU allocation based on channel conditions
can significantly enhance fairness and system performance compared with fixed or
random allocation schemes. Moreover, the proposed approaches maintain practical
feasibility: the DRL-based solution avoids the exponential complexity of exhaustive
search while still achieving near-optimal performance, and the proportional fairness
formulation yields a low-complexity closed-form solution that can be directly
implemented in real systems. These characteristics demonstrate that the proposed
techniques not only improve fairness and throughput distribution but also maintain
low algorithmic overhead, supporting their practicality for deployment in next-
generation Wi-Fi systems employing C-OFDMA.



Chapter 7

Queue-Aware DRL-Based Variable RU
Allocation in C-OFDMA for Latency
and Reliability Optimisation

In the previous chapter, we discussed RU allocation in a full-buffer network, where
it is assumed that all the STAs are saturated and always have packets to transmit.
However, in a realistic scenario, this is not the case. In this chapter, we take one
more step to consider the system model with practical and realistic assumptions.
First, it is assumed that all STAs operate under non-saturated conditions, that is, the
buffers of the APs associated with STAs are not fully occupied, and the packet arrival
rate at the STAs remains variable. This means there are times when some STAs do
not request any packets. In addition, the channel gain of STAs for RU allocation is
considered. Throughout this chapter, the proposed system model is first introduced
and motivated. Then the problem formulation is stated. As the system modelis highly
stochastic and RL has been promised as one of the solutions for this randomness,
we propose a simple DRL algorithm to solve the considered problem. The main
goal of the proposed DRL algorithm is to minimize buffer occupancy whilst aiming
at minimizing packet loss and transmission latency in a stochastic environment.
The proposed DRL algorithm is compared with other baseline algorithms, such as
Random and Equal-sized RU allocation, and its performance advantage is illustrated
and discussed with appropriate simulation results.



7.1 Introduction 136

7.1 Introduction

Buffer queue state can help with managing the QoS of the network, especially for
delay-sensitive services. Within IEEE 802.11bn, where the primary objective is to
achieve ultra-high reliability with minimal latency, incorporating RU scheduling
through a queue-aware scheme becomes an essential consideration [1]. The idea
of queue-aware scheduling was initially introduced for network-level control of
the multiple access mechanism, flow control, and routing with buffer occupancy
scheduling policies [109]. For instance, authors in [110] proposed a queue-aware
RU allocation algorithm within IEEE 802.11ax. The proposed algorithm, dynamic
programming (DP) with the Timsort algorithm, attempted to solve the network
spectral efficiency utilization and fairness with respect to packet waiting times. The
authors claimed that their proposed algorithm outperforms the first in, first out
(FIFO) method, especially as the number of connected stations increases. However,
the authors considered a scenario with fixed MCS 11, and it should also be mentioned
that the authors only considered a full-buffer scenario with fixed MCS. In [111], the
authors proposed a genetic algorithm for data transmission mode selection, including
OFDMA, SU-MIMO, MU-MIMO, and a combination of OFDMA and MU-MIMO.
For RU allocation, the authors proposed a priority weight for each user based on their
buffer length, spectral efficiency, and traffic priority factor. The allocation of RUs
was performed by aligning user weights with normalized RU sizes to achieve the
smallest Euclidean distance. The authors do not explicitly consider packet drops or
buffer occupancy minimization, although queuing delays are included in their delay
constraints. In addition, they do not address real-time decision-making mechanisms
for unpredictable traffic scenarios. In [112], the authors proposed a transmission
frame method selection to choose between CSMA /CA and OFDMA based on QoS
of STAs in the network. While the authors did not discuss the RU scheduling based
on QoS.

In this chapter, inspired by other work [111}, 110, [109], we propose for the first
time in IEEE 802.11bn variable real-time RU allocation based on queue-awareness.
The proposed RU allocation is for decreasing the queue waiting time in the buffer,
decreasing packet drop for reliability and decreasing the TXOP duration as much as
possible for reducing latency. This also brings proportional fairness for the available
STAs in the network. The trade-off here is how to allocate bandwidth based on the
STAs’ QoS. In other words, in this chapter, we propose a RU allocation algorithm with
three main goals. First, it is considered to keep the buffer as empty as possible. This
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helps the system with latency reduction especially queuing delay which technically
it means packets spend less time waiting. Second, while the goal is to empty each
buffer as much as possible then it is essential not to allow any single buffer to overflow
causing a packet drop. Finally, it is also important to have the TXOP duration shorter
once there are no needs for the maximum TXOP duration to transmit. The key thing
is that TXOP duration defines the latency that the unscheduled stations must wait
before being able to transmit and so to minimize latency, we need to keep TXOP
durations as short as possible.

Therefore, here we propose an algorithm to allocate RUs based on variable
channel gain and variable packet arrival rate. The primary objective is to maintain
empty buffers while minimizing packet drops and latency. In addition, the proposed
algorithm is a dynamic RU allocation which responds to any changes in packet
arrival rate and MCS index. The simulation results demonstrate that our proposed
DRL algorithm outperforms random RU allocation and the Equal-RU allocation,
especially in scenarios where the total number of available RUs is less than the
number of STAs in the network. In addition, the trade-off between each part of the
main objective in the simulation results is discussed.

7.2 System Model and Motivation

The proposed system model considers downlink transmission with online RU
allocation based on queue-awareness of STAs. The considered system model
is based on a coordinated multi-AP framework. The set of APs is denoted by
M ={1,2,...,M}, and the set representing all available STAs in the network is
defined as N ={1,2,...,N}. For simplicity of analysis, it is assumed that the STAs
are pre-assigned to the APs, and each AP is responsible for managing an equal
number of STAs. Accordingly, the m-th AP serves N, = % STAs in the downlink
transmission. The design of the transmission signaling is out of scope of this chapter.
In addition it assumed that the RU scheduling and also some part of MAPC selection
are happening in the master controller (MC) which has a wired connection with the
APs, as illustrated in Fig.

The main goal of this chapter is to assign variable RU sizes based on STAs buffer
state and their channel gain in C-OFDMA. It is considered that the total bandwidth
available within a TXOP is B, and the minimum RU size is w. Consequently, the total
bandwidth can be expressed as B = pmax X w, where pmax denotes the maximum
number of RUs in B. Therefore, in this chapter the total available bandwidth B is
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160 MHz, and the entire bandwidth can be dynamically shared among all STAs
within the same system. The minimum RU size w is set to 20 MHz. As a result,
the RU allocation vector is defined as R = [0, 20,40, 60,80,100,120,140,160] MHz, as
illustrated in Fig.

Master Controller (MC)

A

¢ AP
e STA

Fig. 7.1 The considered system model.

The channel gain of n-th STA with its m-th AP is h,, = PL,, (d)- gs,- The gy, is
the small scale fading of n-th STA and the m-th AP. PL,,,(d) is denoted as equation
which is the pathloss of n-th STA to the m-th AP based on the Residential cases
of the TGax model [98]. We assume it as there are no internal walls, break point
distance is 5 meters and with log normal fading, so it is as follows:

PL,,,(d)=40.05+20xlog,, ( f./2.4)+20xlog,, (min(d,5))

(7.1)
+(d > 5)x35xlog(d/5),

where f. denotes 5 GHz, and d is the distance between the transmitter and the
receiver in meters. Based on each STA’s channel gain and with assumption of equal
maximum transmit power for each STAs, the SNR is calculated as follows,

SNR,,,, = 10log;,Pn,, —PLy,, (d)-1010g;, (gn,, ) (dBm). (7.2)

Based on the minimum SNR threshold, the MCS index is chosen based on MCS
Table

Then data rate of the n,,-th STA is calculated based on its assigned RUs and its
selected MCS index calculated using its channel gain. Then each TXOP throughput
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can be calculated as follows,
Knm

Trxop’
where K, is the transmitted bits of 71,,,-th STA in a TXOP. Trxop is the TXOP duration
which once we want to calculate the aggregated packets APs can transmit is assumed

T,nm = (73)

fixed to the Tinax. However, after RU assignment and with considering the transmitted
packets it will be updated as Trxop, which shows in the actual TXOP duration. So
based on its signaling it has the following overheads and data transmission can be
formulated as follows,

Trxor =Tgacko f f +TmaP-rTS +Tsirs +Tvap—crs+Tsirs +Imap-Tr+1s1Fs
+max(Tpata) + Tsirs + Tack + Tpirs, (7.4)

where Tprap-rrs and Ty ap—cs are the time required for multi-AP request to send
and clear to send signals respectively [113]. Tysap-7F is the multi-AP trigger frame to
inform STAs about their allocated RUs, and other information for scheduling and
transmission. To calculate the available aggregated packets the APs can transmit,
initially it is assumed that Ttxop = Tmax. Then based on the MCS index and allocated
RUs, the total packet APs can transmit to STAs is calculated. The packet length of
n-th STA denotes C,,, and the number of aggregated packets for n-th STA is ZX,
therefore we have,

Ky, = Cu, XZLK, (7.5)

where K, is the total bits the m-th AP can transmit to n-th STA. In order to calculate
the Z,I; nIf , the maximum number of packets that can be transmitted in a given Ttxop
for assigned RUs and the physical channel is calculated. For this purpose, first, the
physical channel rate should be calculated as following,

_ p”m Xw X Can X Xny,

= bits /sec). 7.6

STA’s MCS index, ay,,, and coding rate, CR,,,, are chosen based on calculated
SNR;,, from Table In addition for assigned RU, p,,, X w, the subcarriers spacing
is denoted as SC. Finally Z}; f is calculated as follows,

PK _ Yun,, X Tpata — Liail
"m - PKy,, + Hmac + Hpay

(7.7)
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where Hyiac and Hppy are MAC and PHY header. And Ly, is the number of
tail bits appended at the end of the coded transmitted data bits. In the next section
the main motivation of the proposed problem in the considered system model is
elaborated with a simple example.

After calculating the possible aggregated packets STAs physical links are able to
transmit, Z% f , the APs based on the available information on the buffer occupancy,
either transmit for the full TXOP or transmit whatever is in its buffer.

Fig. |7.2illustrates a network scenario with a single AP and 2 STAs in the network,
STA1’s packet rate is described by Poisson distribution with mean A =16, and STA2’s
packet arrival rate is a Poisson’s distribution with mean A = 24. Each AP maintains a
per STA queue capacity size 30 packets and with MCS index 8 for STA1 and 4 for
STA2, respectively. The AP is configured for 80 MHz bandwidth with the allocated
equal-sized RUs the simulation. Fig. demonstrates the queue buffer occupancy
of each STA during 100 TXOPs. As STA2 has a higher A it is expected to fill its buffer
at some points in time, resulting in dropped packets. Since STA2’s physical channel
is slower than STA1, it can transmit fewer packets per TXOP and is not able to empty
its buffer quickly. Here the tradeoff between RU allocation, TXOP duration, buffer
emptying and packet drop in the next section the considered problem is formulated
and its solution described.

7.3 Problem Formulation

In this chapter we solve a variable RU allocation based on buffer emptying, packet
drop control and TXOP duration management. c,, denotes the buffer capacity for
n-th STA associated with m-th AP. Here we define the buffer occupancy as b,,,. The
m here is to demonstrate the n-th STAs is assigned to m-th AP. The buffer occupancy
is related to n-th STA’s physical data rate, r,,, its assigned RU pl'', , the previous
time-slot packet arrival rate, A,,,, and its buffer capacity c,,. Therefore, b, (t —1)
before new arrival packets can be calculated as follows,

by, (t—1) = min(Z,,X, g, (t - 1)). (7.8)
by, (t —1) is the minimum between the available packets in the buffer, denoted as
qn,, (t —1), and the availability of total aggregated packets the physical channel based
on allocated RUs can transmit and during transmission time can transmit. However,

with new packet arrivals at ¢, a,,,,(t), the b, (t) is as follows,
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Fig. 7.2 Available buffer state and dropped packets of each STA’s buffer per TXOP

with assumption that STAs channel gain is fixed and the A for STA1 and STA2 is
16,24 respectively.

by, (t) = min(by (t—1)+an, (), cn ). (7.9)

While the number of packets in the buffer exceeds the buffer size, packet will
be lost and dropped in which is denoted as d,,,(t). This also related to the buffer
occupancy, mean of current packet arrival rate, A,,, physical channel and the
assigned RUs.

Therefore, the variable RU allocation problem is formulated as follows:
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N
minimize (b (t=1)+dy, (t)) + Trxop (7.10a)
m
pn,k n=1
subjectto 0< py,, < Pmax, V1 EN, (7.10b)
0< TTXOP < Tmax/ (7-10C)
N
Z P; = Pmax, (7.10d)
n=1
0<by, (t-1)<cp, VneN. (7.10e)

Where the main objective in denotes the minimization of queue waiting time,
dropped packet and TXOP duration. Constraints and makes sure the
TXOP duration be within the maximum TXOP duration and the buffer queue of
each STA not exceed the maximum buffer capacity of each STA, respectively. While
ensures all RUs in the network to be used for STAs. And confirms
that all the assigned RU should be between 0 and pmax.

The formulated problem in is NP-hard. Therefore in order to solve the
problem, it is inevitable to use near optimal algorithms. DRL algorithms has been
used in literature to solve NP-hard optimization problems. However their usage
gives advantage to be used in wireless communication environment due to their
ability for high stochastic and unpredictable environments. Therefore we propose
DRL algorithm to solve our NP-hard problem where it is able to allocate RUs not
only to solve the optimization problem but also to assign RUs dynamically with
changes in packet arrival rates and MCS indices. In the next section the proposed
DRL algorithm is elaborated.

7.4 Proposed DRL Algorithm

The variable RU allocation problem can be modeled as an MDP model. Here, S
denotes the state space of the network, while A represents the corresponding action
space. The reward R reflects the feedback based on the action the agent has taken.
The transition function T characterizes the probability of moving from one state to
another given a particular action, whereas the policy 7 specifies the strategy for
selecting actions based on the current state so as to maximize the cumulative reward
over time [76].
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State Space

The goal is that the agent based on the current buffer status, current mean of the
Poisson distribution A,, and the MCS index, choose an action. The reason first to
choose the current buffer status is once the agent transmit packets for each STA, the
STAs buffer state will be updated and new packets will be added, therefore the agent
is able to see its action effect. In addition the MCS index and A, are the context
variables, are added to the state space to enrich the observation so the agent can
make better decisions. Therefore the total state space is as follows,

S={bi(t),...,bu, (t),A1,...,An,,MCS1,...,MCS,, }. (7.11)

Action space

The action space is the combination of all RU allocations for the available STAs in the
network. In other words, an action is a vector of assigned RUs for each STAs. The
action space is all of the combination of RU allocation and is as following,

A= {pl,...,pnm}. (7.12)

Where p;,, needs to satisfy the constraints in (7.10b) and (7.10d). Therefore the total
action space size is (p m"’gff_l) of vector (1 X N).

Reward

To define the reward function, it is essential to propose a function that the agent can
see its action impact and optimizing the objective function. The objective function
in proposes to minimize the packet queue in the buffer, packet drop and
the TXOP duration. To convert this in a reward function and as the main goal is

to keep the buffer as empty as possible with lower packet drop, (bnm(t—l)l RS
is proposed to make sure the reward decreases as the backlogs and packet drop
grows. In addition the normalized delay component allows the agent to balance
queue minimization with maintaining low latency, preventing it from focusing on

only one aspect. Therefore the proposed reward function is as following,

~ 1 T
(b, (t=1)+dy, (1) +1  Tmax

Finally the proposed DRL RU allocation algorithm is elaborated in Algorithm 6]

R

(7.13)

In the environment, in each episode, a random mean Poisson distribution, A,,,, and



7.5 Simulation Results 144

Algorithm 6: The proposed DRL-based RU allocation algorithm

1 Initialize Model: Initialize replay memory and Q-network

2 Packet arrival rate A,,,, and MCS indices are chosen randomly

3 for Episode =1,2,... do

Initialized the environment state S°

fort=1,2,...,tdo
DQN agent chooses action a' from A set using e-greedy policy.
Execute action af

Receive reward ! and next state S¢+1

Store experience (Sf,af,r!,S'*1)
10 Sample mini-batch from memory and update Q-network

o W N S U e

MCS indices for STAs are generated. Once the agent takes an action, the selected
action is applied in the environment and the buffer is updated based on transmitted
packets and TXOP duration. The reward is calculated and then based on the new
arrival packets, A, , the next state is updated.

7.5 Simulation Results

The simulation results are presented for a C-OFDMA based Wi-Fi network where a
centralized controller framework is employed within a residential Wi-Fi coverage
scenario. APs are assumed to have isotropic coverage. The STAs are positioned in
their BSSs with uniform distribution, ¢ (0,1). The APs are situated within mutual
transmission range and operate on the same frequency channel. However, we
assumed that reusing RUs cannot occur within each TXOP. The simulation results
are generated using Matlab. The DQN network architecture consists of an input
layer followed by a fully connected layer, and a ReLU activation layer, ReLU, which
introduces non-linearity. This is followed by another fully connected layer, which
further processes the features. The output from this layer is passed to the g-values
and the hidden layers contain 256 nodes.

The performance of the proposed DRL algorithm is compared with Equal-sized
and Random RU allocation benchmarks. The Equal-sized RU allocation is a baseline
algorithm where in each TXOP the STAs get the same RU size, however with the
3 STAs it is different. For example with 3 STAs in the network, two of the STAs
are assigned 40 +20 MHz and one of the STA’s assigned RU is 40 MHz bandwidth,
which are allocated randomly where the total bandwidth is 160 MHz. So either the
total bandwidth is divided with equal-sized RU if it is applicable. Or in case the
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number of STAs for scheduling is greater than the maximum number of RUs (i.e.
bandwidth/minimum RU size), the minimum sized RUs are assigned randomly
to STAs for the Equal-sized RU allocation benchmark. The random RU allocation
assigned random variable-sized RUs to random STAs in each TXOP.

The computational complexity of the proposed solution approach approximately

is O ((p m*}i]ﬂ]—l) ) This computational complexity is increasing with the number of
STAs will be challenging in a real-time scenario. Conversely the DON computational
complexity per time step is related to the cost of a single forward pass through
the network O (f(d)) [81]], and especially once it is trained it can give assigned RU
simultaneously. However, the proposed DQN has its own complexity once STAs

growing which is an open problem to be solved for our future work.

300
200 M1 TR R

100

Episode Reward
o

-100

-200 Episode reward
Averaged reward

-300 . . . . . . . . . |
0 100 200 300 400 500 600 700 800 900 1000

Episode Number

Fig. 7.3 Learning Curve for 2 STAs in the network.

Fig. [7.3|demonstrates the learning curve of scenario where there are 2 APs and
each of them has one STA assigned, which means the total STAs in the network are 2.
As it is illustrated in the initial episodes (0 —50), the episode rewards vary widely,
including sharp drops into negative values below —200. This indicates the agent is
still exploring and making suboptimal RU assignment decisions, leading to poor
network performance. As training progresses, the reward stabilizes around a higher
positive value, around 150 —200. The average reward curve shows a steady upward
trend, confirming that the RL model is converging toward an optimal policy. The
drops are also due to sudden change of mean packet arrival rate and MCS index in
each step.
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To observe the agent performance, initially in Fig. [7.4/examples of the distribution
of the summation of buffer occupancy within 200 TXOPs per a realization with
200 realizations are demonstrated. This is important to demonstrate the initial
objective of keeping the buffer as empty as possible. As illustrated the proposed
DRL algorithm is compared with the Random and Equal-sized RU allocation. Fig.
7.4a|compares the proposed DRL algorithm with other baselines where there are 2
STAs. As can be seen, the proposed DRL algorithm can allocate RUs slightly better
than Equal-sized RU allocation (which allocates the same 80 MHz to both STAs). In
addition the improvement compared to Random RU allocation is higher, which is
demonstrated that with Random RU allocation the buffer is successfully emptied in
75% of realizations while for the DRL algorithm this is increased to 98%.

Fig. compares the proposed DRL algorithm with the Random and Equal-
sized RU allocation for total 3 STAs in the network. Where it is assumed that 3 APs
are assigned only one STA. For Equal-sized RU allocation algorithm in order to make
the comparison with other algorithms fair, the RU assignment is based on using the
total 160 MHz where 2 of STAs randomly assigned 40 +20 MHz and one of them
is assigned 40 MHz which give us the total bandwidth to use. However, another
baseline named Equal-sized allocation is compared with the DRL algorithm. This is
due to demonstrate the effect of scenarios where no RUs are available and without
any scheduling allocating equal sized RUs for some of the STAs, how buffer state will
be. Therefore, the DRL algorithm is compared with the RU assignment where 2 STAs
randomly assigned 80 MHz and also one of them is not assigned any RUs. In addition
the proposed DRL algorithm is slightly better than the Equal-sized RU allocation.
While with comparison with Random RU allocation in about 93% of DRL algorithm
realizations its buffer is empty while for Random RU allocation this number is 45%.
Fig. compared the DRL algorithm with the baseline algorithms in a scenario
where there are 2 APs and each of them allocated 2 STAs. As it is demonstrated the
proposed DRL algorithm is as good as the Equal-sized RU allocation for keeping the
buffer empty. And in this case the DRL also outperform the Random RU allocation
as before.

The second element of main objective optimization is to minimize the number
of packet drop. Therefore, in Fig. [7.5|total packet drops between 200 realizations is
demonstrated. The CDF plot of the proposed DRL algorithm with other baselines is
compared. As demonstrated in Fig. the proposed DRL algorithm for two STAs
manages not to have any packets drop in 95% of realizations. While with comparison
with Random RU allocation this is true for only 87% of realizations. The number of
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TXOPs for each realization is assumed 200 TXOPs. In addition the Equal-sized for
two STAs is giving the packet drop rate the same as the DRL algorithm. This is the
same for 4 STAs as illustrated in Fig[7.5d However, in Fig. the proposed DRL
algorithm in comparison of the Equal-sized RU allocation algorithm for packet drop
is slightly better. In addition in Fig[7.5b} it is shown that if the RUs are assigned with
a random permutation of vector [80,80, 0] like in Equal-sized allocation algorithm
the packet drop is drastically higher which demonstrates the importance of RU
scheduling with changes especially in cases where the number of RUs is smaller
than the number of STAs in the network.

In Fig. the impact of the other parameters is presented by the proposed
problem formulation and the DRL-based RU allocation. In Fig[7.6a| the actual TXOP
duration for all TXOPs of all realizations is demonstrated. The proposed DRL
algorithm TXOP duration is quite the same as the Equal-sized RU allocation. This is
reasonable due to the first initial goal is to keep buffer as empty as possible while
maintain the reliability with packet drop decreases and then it is tried to manage
the TXOP duration. While Random RU allocation for 40% of realizations is higher
than DRL algorithm. On the other hand the Equal-sized allocation with 80 MHz
bandwidth has shorter TXOP duration although its packet drop rate was not good at
all. In Fig. the algorithms are compared with respect to total transmitted packet
throughout each TXOP and as its demonstrated the DRL algorithm could transmit
quite the same as the Random and Equal-sized RU allocation. This is due to the fact
that the main objective is delay and reliability management and it is reasonable not
much differences with respect to transmitted packets in the network compared to
other baselines.

Finally Fig. illustrates the spectral efficiency. The main goal is to demonstrate
the spectral efficiency we could achieve with the transmitted packet and the managed
control while the main goal was optimizing. As it is shown , the proposed DRL
algorithm could gain the same spectral efficiency as the Equal-sized allocation with
80 MHz bandwidth allocation. In addition for 50% CDF of spectral efficiency, it is
about 10% better than Random RU allocation while 10% lower than the Equal-sized
RU allocation.
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Although the proposed learning-based framework offers adaptability under
dynamic network conditions, several limitations should be recognised. Training
complexity remains a key challenge, particularly when the state space expands
with increasing numbers of users, APs, and scheduling parameters. In addition,
learning-based decisions may require substantial training time before convergence,
which can affect deployment in rapidly changing practical environments. The current
implementation also assumes that sufficient system observations are available to
support stable policy learning, while practical deployments may experience partial
observability or delayed feedback. Furthermore, transferring trained policies across
different deployment scenarios may require retraining or adaptation. Future research
may therefore investigate lightweight online learning methods, transfer learning
approaches, and hybrid schemes that combine optimisation-based scheduling with
learning-assisted adaptation.

7.6 Summary

This chapter investigated real-time variable RU allocation in C-OFDMA systems
under realistic non-saturated traffic conditions, where packet arrivals are stochastic,
and STAs may not always have data to transmit. To address these conditions, the RU
allocation problem was formulated with the objective of maximizing buffer emptying
while simultaneously reducing queueing delay and packet drops. Due to the dynamic
and stochastic nature of the system, a DRL based scheduling approach was proposed
to learn efficient RU allocation policies based on both channel conditions and queue
states.

The simulation results demonstrate that the proposed DRL-based approach
significantly outperforms conventional baseline schemes such as random and equal-
sized RU allocation. In particular, the proposed method achieves faster buffer
emptying and more efficient utilization of available RUs by allocating resources
according to both the instantaneous channel quality and the queue occupancy of
STAs. As a result, the proposed approach substantially reduces packet drops and
queueing delay compared with baseline allocation strategies that do not consider
queue awareness or traffic dynamics.

Furthermore, the results show that incorporating queue information into the
scheduling process allows the system to better adapt to fluctuating traffic conditions
and heterogeneous channel environments. While baseline schemes tend to allocate
resources in a static or uninformed manner, the learning-based approach dynamically
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prioritizes STAs with urgent transmission needs, leading to improved overall network
responsiveness and service reliability.

Overall, the proposed DRL-based RU allocation framework provides a practical
and effective solution for real-time scheduling in next-generation Wi-Fi systems. By
jointly considering queue states and channel conditions, the proposed approach
improves buffer management, reduces latency and packet loss, and achieves better
resource utilization compared with existing heuristic allocation methods. These
results demonstrate the potential of learning-based scheduling mechanisms for
supporting delay-sensitive and burst traffic in coordinated OFDMA Wi-Fi networks.



Chapter 8

Conclusions, Open Issues, and Future
Works

8.1 Conclusions

The aim of this thesis was to propose practical resource allocation techniques for
Wi-Fi systems operating under heterogeneous QoS requirements. The work began by
analyzing the system parameters that influence resource allocation optimization, with
the objective of improving network performance in terms of throughput, fairness,
latency, and reliability. More specifically,

1. Chapter 1 introduced Wi-Fi network, its background, and the emerging tech-
nologies envisioned for next generations. The chapter highlighted the motiva-
tion for this study and outlined the specific contributions of each chapter.

2. Chapter 2 began with a comparison between Wi-Fi and cellular networks,
emphasizing their general yet fundamental technical differences. The evolu-
tion of Wi-Fi standards was then reviewed up to the current and upcoming
generations, namely Wi-Fi 7 and beyond. The revolutionary technologies
and enhancements introduced at both the PHY and MAC layers were dis-
cussed, with multi-AP coordination identified as the central focus of this study.
Multi-AP coordination was considered due to its potential to improve resource
utilization efficiency, reduce latency, manage interference, and increase reliabil-
ity especially in over crowded environments. Nevertheless, challenges related
to its practical implementation, including transmission signaling, hardware
limitations, overhead, and resource allocation, remain open research problems.
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Therefore, the main focus of the thesis was on C-OFDMA, as a subcategory of
multi-AP coordination, due to its benefits in improving spectrum utilization
for different objectives despite its implementation complexity. In parallel,
the channel access protocols of Wi-Fi were examined, particularly in light of
IEEE 802.11bn’s emphasis on reducing latency and improving reliability. The
chapter also provided a technical overview of the conventional CSMA /CA
channel access protocol and the signaling procedures of OFDMA /C-OFDMA,
as these fundamental mechanisms are essential for understanding Wi-Fi op-
eration. Finally, the related literature review was presented, highlighting the
open problems associated with channel access protocol and C-OFDMA RU
scheduling.

3. Chapter 3 presented the fundamental mathematical background required for
this study, covering fairness metrics, convex optimization principles, and ML
techniques. The chapter began by introducing different fairness metrics that
were later employed in the problem formulations. Subsequently, the principles
of convex optimization were discussed as a foundation for solving optimization
problems. Finally, an overview of ML algorithms was provided, including the
fundamentals of supervised learning, unsupervised learning, reinforcement

learning, and federated learning.

4. Chapter 4 conducted the system implementation of the conventional CSMA /CA
channel access protocol in Wi-Fi networks. Furthermore, CSMA/CA was
compared with the Fair-MARL algorithm [85] under variable data rate scenarios.
Finally, CSMA /CA was analyzed within a heterogeneous system model in
which STAs were assigned different access categories. In this context, an
open problem were proposed based on RL algorithms to achieve proportional
fairness within the EDCA protocol.

5. Chapter 5 proposed an equal-sized RU allocation scheme within a joint C-
OFDMA and C-SR system model. A semi-distributed multi-AP coordination
framework was considered, in which the AP with the smallest TXOP utilized
the full channel. The sharing AP then allocated RUs to overlapping STAs based
on a WMM-based graph-coloring approach, while each AP independently
assigned RUs to its non-overlapping STAs based on WMM. The objective of
this design was to maximize overall network throughput while ensuring that
the minimum data rate requirements of all STAs were satisfied. Numerical
results demonstrated that the proposed RU allocation algorithm outperformed
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baseline approaches in terms of total network throughput while maintaining
lower computational complexity.

6. Chapter 6 proposed a centralized C-OFDMA multi-AP system in which variable
RUs were allocated under variable channel gains, guided by two distinct
throughput fairness objectives. In the first case, a DRL-based variable RU
allocation algorithm was introduced to achieve max-min throughput fairness
among STAs. To account for practical considerations, fairness was enforced
over a scheduling interval. Since the formulated optimization problem was NP-
hard, a novel DRL algorithm was proposed. Numerical results demonstrated
the effectiveness of the approach, showing improved minimum throughput
satisfaction and higher Jain’s fairness index compared to baseline schemes.
In the second part of the chapter, the same system model was extended to
address proportional throughput fairness. It was shown that the proposed
practical problem formulation was convex, allowing a closed-form solution to
be derived. The analysis revealed that, in crowded environments, allocating
equal-sized RUs is the optimal strategy to maintain proportional throughput
fairness.

7. Chapter 7 introduced more practical assumptions for RU allocation. Motivated
by the primary goal of UHR in IEEE 802.11bn, a system model was proposed
in which RU scheduling was designed to be queue-aware. The objective was to
minimize the waiting time of packets in the queue, packet drops, and TXOP
duration jointly. In other words, based on the QoS requirements of STAs,
including packet arrival rates and channel gains, the RU allocation aimed
to keep low buffer occupancy while mitigating packet losses and reducing
transmission overhead. The proposed problem formulation was identified as
NP-hard. Furthermore, to support real-time RU allocation without requiring
re-optimization after initial training, a DRL-based algorithm was introduced.
This approach enabled practical and adaptive RU assignment while addressing
the complexity of the problem.
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8.2 Summary of Contributions

This thesis investigates resource allocation mechanisms for coordinated OFDMA-
based Wi-Fi networks with the objective of improving fairness, resource uti-
lization, and delay performance under both saturated and non-saturated traffic

conditions. The main research contributions of this thesis are summarised as

follows.

1. System modelling and problem formulation for coordinated OFDMA
Wi-Fi networks (Chapter 3). A system-level framework for C-OFDMA Wi-
Fi networks was developed, capturing the interactions between multiple
BSSs, heterogeneous channel conditions, and RU allocation. Within this
framework, fairness-aware resource allocation problems were formulated to
address the challenges of heterogeneous STA channel quality and limited
spectrum resources. The modelling provides the analytical foundation for the
optimisation and learning-based solutions proposed in later chapters.

2. Max-min fairness-based RU allocation using deep reinforcement learning
(Chapter 6). The RU allocation problem under the objective of max—min
throughput fairness was formulated and shown to be NP-hard due to the
combinatorial nature of variable RU assignments. To address this challenge, a
DRL-based scheduler was proposed to learn efficient RU allocation policies from
the system state. The proposed approach adapts RU assignments according to
STA channel conditions and achieves significantly improved fairness compared
with baseline allocation strategies, such as equal-sized or random RU allocation,
while avoiding the exponential complexity of exhaustive search.

3. Analytical formulation of proportional fairness RU allocation (Chapter
6). In addition to the max—min fairness objective, the RU allocation problem
was analysed under a proportional fairness objective. The problem was shown
to be convex under the considered system model, enabling the derivation of
a closed-form optimal RU allocation solution when all STAs are saturated.
This contribution provides a computationally efficient scheduling mechanism
with constant complexity, demonstrating the feasibility of fairness-aware RU
allocation in practical Wi-Fi scheduling systems.

4. Queue-aware DRL-based RU allocation for non-saturated traffic (Chapter
7). To address realistic traffic conditions where packet arrivals are stochastic,
a queue-aware DRL-based RU allocation framework was proposed. Unlike
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conventional approaches that consider only channel conditions, the proposed
method jointly incorporates queue states and channel quality information
into the scheduling decision process. The learning-based scheduler enables
adaptive prioritisation of STAs with urgent transmission demands, leading to
improved buffer emptying, reduced queueing delay, and lower packet dropping
probability.

5. Performance evaluation and comparison with baseline allocation schemes
(Chapters 6 and 7). Extensive simulations were conducted to evaluate the
performance of the proposed algorithms under heterogeneous channel condi-
tions and stochastic traffic arrivals. The results demonstrate that the proposed
approaches consistently outperform conventional RU allocation schemes such
as equal-sized allocation and random allocation. In particular, the proposed
methods improve fairness among STAs, increase resource utilisation efficiency,
and reduce queueing delay and packet losses in dynamic network conditions.

Opverall, the contributions of this thesis demonstrate that intelligent and fairness-
aware RU allocation mechanisms can significantly enhance the performance
of coordinated OFDMA Wi-Fi networks while maintaining practical compu-
tational complexity. The proposed analytical and learning-based solutions
provide a foundation for efficient scheduling mechanisms in future high-
efficiency Wi-Fi systems.

In conclusion, this thesis has addressed new practical challenges in RU allocation

with the objectives of maximizing throughput, ensuring fairness, minimizing latency,

and enhancing reliability, while maintaining the QoS of STAs across diverse practical

scenarios. The findings further demonstrate the significant impact of RU scheduling

on C-OFDMA, particularly in real-time scenarios, which warrant further investigation.

The next section discusses potential future research directions related to the work

presented in this thesis.

8.3 Future Works

8.3.1 Channel Access with Fair-MARL in HetNet Environment

As discussed in Chapter 4, the Fair-MARL algorithm was evaluated under a single-AP

scenario with homogeneous and variable data rate conditions. However, three key

limitations were identified. First, the algorithm was not tested in coexistence with
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legacy STAs operating under conventional CSMA /CA, which is a necessary condition
for practical deployment, since aggressive channel access by either RL agents or legacy
STAs would compromise system fairness. Second, the weight-transfer mechanism in
Fair-MARL introduces signalling overhead whose impact under realistic conditions
remains unquantified; if excessive, alternative DRL formulations with revised
reward functions should be explored. Third, and most importantly, the current
Fair-MARL algorithm treats all STAs equally regardless of their access category,
making it incompatible with the QoS differentiation framework of EDCA. A natural
extension is therefore to design an RL-based channel access protocol that allocates
channel access proportionally in accordance with EDCA access categories, enabling
priority-aware scheduling within the multi-agent framework.

8.3.2 New approaches for joint C-OFDMA and C-SR RU allocation

The algorithm proposed in Chapter 5 always prioritises RU allocation to overlap-
ping STAs first, after which remaining APs independently assign RUs to their
non-overlapping STAs. As noted in the chapter discussion, this sequential allocation
strategy does not guarantee global optimality, particularly in scenarios with unbal-
anced traffic loads or asymmetric OBSS topologies. A more principled extension
would incorporate a priority factor into the allocation, for example, a proportional
fairness weight per STA, to achieve a globally more equitable and efficient RU
assignment. Furthermore, the feasibility of the sharing AP obtaining the required
buffer state and channel information from neighbouring APs in real time should
be validated, and a DRL-based solution for this joint problem warrants further
investigation.

8.3.3 Multi-agent RL for max-min fairness RU allocation based on

channel gain

In Chapter 6, the max-min fairness problem was formulated with transmit power
assumed constant and equal across all STAs. As discussed, this is a practical
simplification, but since transmit power directly influences channel gain and therefore
RU efficiency, fixing it limits the optimality of the allocation. A meaningful extension
is to jointly optimise RU allocation and transmit power, which would require revisiting
the problem formulation, which likely renders it non-convex, and motivating more
advanced multi-agent RL approaches capable of handling the enlarged joint action
space. Additionally, the number of TXOPs per scheduling interval was treated as a
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fixed constant in the system model; future work could treat this as an optimisation
variable, tailored to the QoS requirements and channel conditions of individual
STAs.

8.3.4 Online RU allocation with Actor-Critic RL algorithms

The DRL algorithm proposed in Chapter 7 suffers from the curse of dimensionality:
the action space grows combinatorially with the number of STAs, which limits
scalability to dense deployments. As identified in the chapter, replacing the standard
DQN with more advanced actor-critic methods such as PPO, which can handle
high-dimensional and continuous action spaces, is a principal direction for future
work. Furthermore, the proposed solution targets downlink transmission only. In
the uplink, per-TXOP RU scheduling incurs prohibitive signalling overhead, meaning
that RU allocation must be performed over an entire scheduling interval, a problem
structure that exceeds the practical capabilities of the current DQN formulation and
requires the development of new algorithms capable of efficiently solving uplink RU
allocation at scale.

8.3.5 Multi-Antenna Transmission and Enhanced Channel-Aware

Scheduling

An important direction for future research is the extension of the proposed coor-
dinated OFDMA framework to frequency-selective channel environments, where
resource unit allocation may adapt to sub-band channel variations across users. Al-
though heterogeneous and time-varying channel gains are already considered in this
thesis, finer frequency-selective scheduling was not included because the additional
channel feedback and signalling overhead required in practical Wi-Fi systems may
offset its potential performance gains. Investigating this trade-off under realistic
implementation constraints remains an open research problem. In addition, the
present work assumes single spatial stream transmission between each AP and STA.
Extending the optimisation framework to multi-antenna coordinated transmission,
including beamforming-aware scheduling and joint spatial multiplexing, would
provide an important next step toward more complete multi-AP coordination in
future Wi-Fi systems.
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8.4 Summary

In this chapter, the main contributions of the thesis were outlined. In addition,
open problems that remain unresolved were highlighted, and possible directions
for future work were discussed. This emphasizes both the significance of the work
presented and the opportunities it creates for further advancement in the field.
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