
ABSTRACT

DESHMUKH, MRUGEN ANIL. Feedback Overhead Reduction and Interference Mitigation
for Next Generation Wireless Systems. (Under the direction of Dr. Ismail Guvenc).

The advent of novel wireless technologies in recent years beckons for the harmonious

integration of machine learning (ML) algorithms within wireless communication stan-

dards to meet the escalating demands for improved network performance. This thesis

presents a triad of studies that not only draw inspiration from the rich field of ML but

also remain cognizant of their pragmatic integration into wireless standards. Each study

is tailored to address specific challenges inherent to wireless communication, leveraging

the power of ML for applications such as CSI compression, interference mitigation and

spectrum sharing in 3D IoT environments.

The first study focuses on employing ML to reduce beamforming overhead in Wi-Fi

links. Traditional beamforming techniques, pivotal for improving the signal-to-noise ratio

(SNR) and data rates, incur substantial overhead due to complex feedback mechanisms.

To alleviate this, we propose an unsupervised learning-based index feedback mechanism

that substantially reduces the beamforming feedback overhead. Our strategy hinges on

the generation of candidate beamforming vectors, employing several distinct methods

based on the construction and representation of the candidate vectors. Through exhaus-

tive simulations adherent to the IEEE 802.11 standards, the methods demonstrated a

significant reduction in feedback overhead, thereby enhancing throughput and maintain-

ing commendable link performance.

The second study delves into the application of reinforcement learning for interfer-

ence mitigation in heterogeneous networks (HetNets). Here, partially overlapping tones

(POT) are utilized to navigate the co-channel interference by exploiting strategic fre-

quency offsets in a two-tier HetNet. At the centre of this study is a multi-agent Q-learning

framework that dynamically assigns transmit power and frequency offsets to small cells,

optimizing the interference mitigation. Comparative numerical analyses underscore the

superiority of our approach over existing schemes, showing a significant reduction in

interference and consequent improvement in the throughput.

In the third study, the research extends to the 3D Internet of Things (IoT) domain,

where the challenges raised by aerial components such as Unmanned Aerial Vehicles

(UAVs) in the interference dynamics are discussed. A multi-agent Q-learning (MAQL)

algorithm is used to orchestrate an novel 3D spectrum sharing strategy. This methodol-



ogy proficiently mitigates interference by adjusting frequency offsets, power levels, and

antenna dipole selections. Empirical results confirm the efficacy of this strategy in ele-

vating the sum capacity of IoT networks and illustrate the advantages of utilizing POT

for interference reduction in a 3D environment.

In conclusion, this thesis contributes to the nexus of machine learning and wire-

less communications, proposing algorithmic solutions with tangible benefits for next-

generation wireless technologies. The integration potential of these algorithms within

wireless standards signals a promising direction for future research and development in

the field.
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Chapter 1

Introduction

The recent evolution of wireless technologies has led to the consideration of integrating

machine learning (ML) into wireless communication standards, aiming to fulfill the esca-

lating demands for advanced network performance. This integration, while conceptually

promising, confronts the practical challenges of aligning with established protocols such

as those under the 3GPP and IEEE 802.11 standards.

To address these challenges, study groups within both 3GPP and IEEE 802.11 have

been established, dedicating efforts to discern the most effective ways to integrate ML

algorithms into the core of wireless communication technologies. Meticulous evaluation

is needed for the potential enhancements ML algorithms can offer, ensuring that any

adaptations maintain backward compatibility and carefully weigh the trade-offs involved.

A critical impediment to the rapid incorporation of ML within these standards is the

complexity involved in translating sophisticated ML algorithms from academic literature

into practical, standard-compliant solutions. It is imperative that the proposed works are

neither too complex nor impractical for direct implementation in existing wireless frame-

works. With these considerations in mind, this thesis proposes ML-based solutions that

are tailored for next-generation wireless technologies, connecting both, academic contri-

butions as well as practical implementation in the wireless communication standards.

In this thesis, a machine learning based beamforming overhead reduction scheme is

developed. This scheme uses an index-based approach to report CSI during the chan-

nel sounding procedure. Though the design is specific to Wi-Fi links in this work, the

proposed approach is easily translatable into any wireless system. Furthermore, a rein-

forcement learning based approach is presented for interference mitigation in wireless

HetNet by intelligently adapting partially overlapping tones (POT) and transmit power

1



control (TPC). A multi-agent Q-learning (MAQL) based approach is also developed for

next generation 3D IoT networks to enable spectrum sharing by mitigating interference

in dense IoT deployments considering POT , TPC and antenna dipole selection (DS).

1.1 Intelligent Index-Based Beamforming Feedback

Overhead Reduction in WLANs

Wi-Fi technology has been integrated into daily life, providing wireless Internet connec-

tivity across various devices and applications. The demand for Wi-Fi connected devices

has also kept increasing, as indicated by its economic value [68] and the rapidly surging

number of connections [15]. With the escalating reliance on Wi-Fi networks, the imper-

ative for higher data rates, augmented reliability, and increased network capacity has

become pronounced. Subsequent generations of Wi-Fi are expected to continue address-

ing these demands, delivering enhanced user experiences.

Beamforming technology is one of the crucial elements for improving link performance

by enhancing the signal-to-noise ratio (SNR) at the receiver. For the full realization of

beamforming advantages, accurate channel state information (CSI) acquisition at the

transmitter is crucial. CSI encompasses the wireless channel characteristics, influenced

by factors such as fading, multi-path, path loss, and interference. Through the application

of CSI feedback, the transmitter is enabled to modify the beamforming weights, which

enables improvement in the signal reception. Conventionally, channel sounding proce-

dures for obtaining CSI have entailed the transmission of pilot symbols, recognized by

both transmitter and receiver, and the estimation of the channel response at the receiver.

With the trend of increasing antenna numbers to meet higher data rate demands,

conventional channel-sounding approaches encounter multiple challenges. The overhead

for acquiring precise CSI feedback surges with the antenna count, which may actually

hamper the throughput gain of a link. Thus, novel mechanisms are required to reduce

the CSI feedback for next generation of wireless systems.

1.1.1 Literature Review

The problem of overhead reduction has been in discussion in Wi-Fi since the induction

of MIMO. Traditionally, several works have addressed this issue by optimizing channel

sounding parameters [14, 7, 44, 49, 39]. There has been a surge of interest from the

2



research community and industry recently to explore the use of machine learning (ML)-

based tools to solve problems in the Wi-Fi domain [65]. More specifically, for CSI re-

duction or beamforming feedback overhead reduction, the ML-based literature primarily

focuses on neural network based approaches [76, 57]. Though these approaches may offer

promising results, the complexities and intricacies involved in training the models and

sharing the models may prove difficult to be integrated into practice.

1.1.2 Contribution

In this chapter, a novel ML-aided approach is presented, which employs an index-based

method for beamforming feedback in Wi-Fi links. The current Wi-Fi standard utilizes

two sets of angles, � and  , to represent a compressed version of the beamforming matrix.

A candidate set is obtained by performing k -means clustering on a large empirical dataset

of vectors containing quantized representations of � and  angles. It is demonstrated that

the index-based approach can significantly reduce the beamforming feedback overhead,

leading to substantial gains in goodput. This index-based approach may be much simpler

to implement in practical systems as opposed to the neural network based approaches

for feedback overhead reduction.

Furthermore, several methodologies for generating and representing candidate sets are

explored. Specifically, five different approaches are proposed for candidate set generation,

based on: 1) Lower quantization for  angles in compressed beamforming, 2) Separate

clustering of � and  angles, 3) Serialized beamforming steering matrices, 4) Covariance

matrices of channel matrices, and 5) Considering the e�ective distance between angles in

iFOR [24]. The effects of the actual representation of the empirical dataset on the cluster-

ing and generation of candidates are demonstrated. An extensive performance comparison

of these methodologies is conducted using simulation results, and the related trade-offs

are discussed, with the highest improvement in goodput shown to be approximately 54%

at high SNR.

We also discuss the utility of transmitting partial compressed beamforming feedback,

specifically in cases of multiple spatial streams being utilized to transmit data. We demon-

strate that using this relatively simple approach may lead to approximately 17% gain in

the goodput at high SNR.
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1.2 RL-Based Waveform Adaptation with Partial

Overlapping Tones in HetNets

A multi-agent reinforcement learning (MARL) system comprises individual entities that

share and interact within the same environment [9]. By this definition, a HetNet, which

consists of irregular deployments of different classes of small cells (SCs), can be considered

as a multi-agent system, where multiple base stations (BSs) and user equipments (UEs)

share the available resources. The density of a HetNet and the complexity of resource

allocation sometimes lead to co-channel interference (CCI) scenarios. A MARL system

using partial overlapping and power control is developed in this chapter to mitigate CCI

in a two-tier HetNet.

1.2.1 Literature Review

Optimal transmit power determination in two-tier HetNet using a multi-agent Q-learning

algorithm is explored in [3]. For unmanned air vehicles (UAVs), a dynamic resource al-

location algorithm employing RL to minimize total interference is proposed, with each

UAV acting independently [18]. The resource allocation challenge in multi-agent learn-

ing scenarios is addressed using deep reinforcement learning (RL) in [50]. Additionally,

three distinct strategies utilizing deep Q-learning, convex optimization, and traditional

Q-learning are formulated to manage strategy and resource allocation in mobile edge

computing (MEC) networks [77].

1.2.2 Contribution

In this chapter, CCI has been formulated as a function of transmit power levels, in-

tentional frequency offsets (FOs), and PHY filter utilized in each small cell. A novel

multi-agent Q-learning (MAQL) framework is introduced to reduce overall CCI within

the network. To the best of the authors’ knowledge, CCI mitigation using MAQL that si-

multaneously considers waveform parameters and transmit power for partial overlapping

does not exist in the literature. This dual consideration has been shown to significantly

decrease CCI, which is corroborated by link-level and system-level simulation results.

Waveform adaptation’s impact on interference has been analyzed using both orthogo-

nal and non-orthogonal schemes based on filtered multi-tone (FMT). In assigning inten-

tional FO, the effect of pulse shape on CCI within the HetNet has been accounted for.
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Two reward functions have been developed, with observations made on their convergence

for different configurations. Furthermore, the capacity and block error rate (BLER) per-

formance of the proposed algorithm have been compared with those of full-overlapping

scenarios and a state-of-the-art algorithm in [3].

1.3 Learning-Aided Spectrum Sharing for 3D IoT

Networks Exploiting 3D Antenna Patterns, Par-

tial Overlapping Tones, and Power Control

The perpetual evolution of wireless network technologies is driven by the need to satisfy

increasing demands for throughput and enhanced quality of service (QoS), paralleling the

exponential rise in wireless devices seeking Internet connectivity. In this hyper-connected

era, the Internet-of-things (IoT) stands at the forefront of technology, characterized by

its rapid growth and the impending interconnection of billions of devices. The potential

clustering of IoT devices at densities of 103 units per square kilometer signifies a paradigm

shift in network topologies and operational dynamics. It is anticipated that the total

number of global IoT connections will swell from roughly 13.2 billion in 2022 to 34.7

billion in 2028, as projected by [28]. Furthermore, with recent advancements in wireless

IoT networks, the coverage area has expanded into 3D space, previously confined to

terrestrial zones [48]. Such densely populated, uncoordinated networks pose complex

challenges, particularly in spectral efficiency and throughput optimization, due to the

intricate multi-user interference scenarios they face, compounded by the cost, complexity,

and size constraints of IoT devices. The aim of this work is the development of an

interference mitigation algorithm to facilitate smart spectrum sharing within a 3D IoT

network scenario.

1.3.1 Literature Review

The influence of antenna radiation patterns on performance has been extensively studied

in traditional literature [12]. The impacts of vertical and horizontal orientations of dipole

antennas on ground-to-air communication links have been explored both experimentally

[38, 6] and analytically [62, 45].

In recent developments, machine learning (ML) based methods for interference miti-

gation have gained popularity for enhancing system performance. Resource allocation and
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power allocation problems in wireless networks have been addressed using RL [75, 80, 4].

A more comprehensive literature review is provided in the corresponding chapter. To

the best of authors’ knowledge, there exists no other work in the literature that consid-

ers POT, TPC, and DS as action parameters within a reinforcement learning algorithm

framework for interference mitigation.

1.3.2 Contribution

In this chapter, an o�ine MAQL algorithm is developed. POTs, TPC, and antenna

DS are utilized as the three action parameters that are dynamically adjusted to mitigate

interference. Owing to prior training, the algorithm, being accessible to all network users,

allows for the instantaneous assignment of appropriate action values based on the states

of all nodes within the network. For POT, FMT is considered, which is a type of filter-

bank multicarrier (FBMC), and facilitates individual subcarrier filtering while supporting

complex modulation symbols [60]. This creates a grid on the time-frequency plane, which

is advantageous for POT. The efficacy of the proposed algorithm is substantiated through

extensive numerical results.

1.4 Interference Mitigation in IoT Networks with

Partial Overlapping Tones and RL

IoT is a rapidly growing technology that is expected to connect billions of devices in

the near future. IoT devices can be densely located in area [51], forming very dense

uncoordinated networks and face spectral efficiency and throughput challenges due to

complicated multi-user interference scenarios. POT have recently gained attention for

mitigating the CCI in uncoordinated networks. By introducing an intentional FO for

each link equal to a fraction of the frequency spacing between two subcarriers, POT

facilitates a reduction of multi-user interference among neighboring links. Thus, POT

may provide a potential solution for mitigating interference in these dense networks.

1.4.1 Literature Review

Research related to POT in wireless networks has centered mostly around using partially

overlapping channels to enhance throughput [66, 25, 84]. The influence of waveform on

the physical layer (PHY) layer, however, has not been adequately considered, though
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[16] has provided a theoretical groundwork for waveform analysis in POT. The work in

[81] investigates POT in cellular networks with a sequential FO assignment algorithm,

which may not be suitable for uncoordinated networks. This study aims to address the

FO assignment for POT with an RL approach, building on the foundation laid in [81]. In

wireless networks, RL is utilized for resource and power allocation problems [75, 80, 4, 46],

but PHY layer parameters are generally not considered.

1.4.2 Contribution

An o�ine Q-learning algorithm has been developed in this work for assigning inten-

tional FO to links, which, being pre-trained, enables delay-free FO assignment across

the network. In the context of POT, this study adopts FMT, a specific form of filter-

bank multicarrier system, which facilitates the individual filtering of subcarriers and

supports different PHY filters [60]. This approach creates a grid structure in the time-

frequency plane that is well-suited for partially overlapping subcarriers. Prototype fil-

ters based on Gaussian, root-raised-cosine (RRC), and isotropic orthogonal transform

algorithm (IOTA) have been utilized within the FMT POT framework, examining the

trade-offs pertinent to their deployment in POT. Numerical results have confirmed the

efficacy of POT when combined with FMT, demonstrating enhancements in capacity,

multi-user efficiency (ME), and outage probabilities in standard propagation channels.
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Chapter 2

An Unsupervised Machine Learning

Scheme for Index-Based CSI

Feedback in Wi-Fi

With the ever-increasing demand for high-speed wireless data transmission, beamform-

ing techniques have been proven to be crucial in improving the data rate and the SNR

at the receiver. However, they require feedback mechanisms that need an overhead of

information and increase the system complexity, potentially challenging the efficiency

and capacity of modern wireless networks. This chapter investigates novel index-based

feedback mechanisms that aim at reducing the beamforming feedback overhead in Wi-

Fi links. The proposed methods mitigate the overhead by generating a set of candidate

beamforming vectors using an unsupervised learning-based framework. The amount of

feedback information required is thus reduced by using the index of the candidate as feed-

back instead of transmitting the entire beamforming matrix. We explore several methods

that consider different representations of the data in the candidate set. In particular, we

propose five different ways to generate and represent the candidate sets that consider

the covariance matrices of the channel, serialize the feedback matrix, and account for the

effective distance, among others. Additionally, we also discuss the implications of using

partial information in the compressed beamforming feedback on the link performance

and compare it with the newly proposed index-based methods. Extensive IEEE 802.11

standard-compliant simulation results show that the proposed methods effectively min-

imize the feedback overhead, enhancing the throughput while maintaining an adequate

link performance.
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2.1 Introduction

Wi-Fi technology has become an essential part of our daily lives, providing wireless In-

ternet connectivity for a wide range of devices and applications and enabling seamless

Internet access. According to a recent report by the Wi-Fi Alliance [68], the economic

value provided by Wi-Fi reached $3.3 trillion in 2021 and is expected to reach $4.9 trillion

by 2025. The number of Wi-Fi hotspots is anticipated to grow four times from approxi-

mately 169 million in 2018 to approximately 628 million in 2023 [15]. As the reliance on

Wi-Fi networks continues to grow, the demand for higher data rates, improved reliability,

and enhanced network capacity has become increasingly critical. Future Wi-Fi genera-

tions are expected to keep meeting these demands and deliver a superior experience.

Beamforming technology has emerged as a key enabler for achieving improved link

performance and spectral efficiency in Wi-Fi systems. By utilizing multiple antennas at

the transmitter, beamforming technology allows for an improved SNR at the receiver.

This significantly improves the error-rate performance of a link. To fully utilize the ben-

efits of beamforming, acquiring accurate CSI at the transmitter is critical. CSI provides

knowledge about the characteristics of the wireless channel that may be affected by fad-

ing, multi-path, path loss, and interference. By using the CSI feedback, the transmitter

can adapt the beamforming weights and optimize the reception of signals, improving the

link quality and subsequently the data rate performance. Traditional channel sounding

procedures used to obtain CSI involve transmitting pilot symbols known both to the

transmitter as well as the receiver and estimating the channel response at the receiver

side.

As the number of antennas continues to increase to satisfy the demand for higher data

rates, the traditional channel-sounding procedures face several challenges. The overhead

associated with acquiring accurate CSI feedback escalates with the growing antenna

count leading to increased complexity and longer training times, which may hamper

the throughput gain. This poses significant challenges for real-time applications that

require low latency and efficient feedback mechanisms. To address the challenges posed

by traditional channel sounding procedures in MIMO-based Wi-Fi systems, literature

has been exploring novel approaches to reduce beamforming feedback overhead, which

we will overview in Section 4.2. One promising avenue of research that has been popular in

recent literature is the application of neural network (NN)-based ML approaches for CSI

feedback reduction in both 3GPP and Wi-Fi systems. NNs have demonstrated remarkable

abilities in learning complex patterns within large data sets, and by training NNs on
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empirical CSI data, they can effectively estimate the CSI for a given received symbol,

reducing the reliance on extensive traditional channel sounding procedures [76]. This

approach has been shown to allow faster and more efficient acquisition of CSI information,

contributing to a reduction in beamforming feedback overhead.

In this chapter, we present a novel ML-aided approach where we use an index-based

approach for beamforming feedback in Wi-Fi links. In particular, the existing Wi-Fi

standard uses two sets of angles, �, and  to represent a compressed version of the

beamforming matrix. We obtain a candidate set by using k -means clustering on a large

empirical data set of vectors containing quantized representations of � and  angles. We

demonstrate how using an index-based approach can reduce the amount of information

required in beamforming feedback and subsequently result in a significant gain in the

goodput.

We also explore several different methodologies to generate and represent the candi-

date sets. In particular, we propose five different approaches and their respective method-

ologies to generate candidate sets, which are based on: 1) Lower quantization for  an-

gles in compressed beamforming, 2) Separate clustering of � and  angles in compressed

beamforming, 3) Serialized beamforming steering matrices, 4) Covariance matrices of the

corresponding channel matrices and 5) Accounting for e�ective distance between the an-

gles in iFOR [24]. We demonstrate how the actual representation of the empirical data set

may affect the clustering and generation of the candidates. We then perform an extensive

performance comparison of these methodologies using simulation results and discuss the

related trade-offs, where the highest improvement in goodput is shown to be approxi-

mately 54% at high SNR. We also discuss the utility of transmitting partial compressed

beamforming feedback, specifically in cases of multiple spatial streams being utilized to

transmit data. We demonstrate that using this relatively simple approach may lead to

approximately 17% gain in the goodput at high SNR.

The rest of the chapter is organized as follows. Section 4.2 covers the literature sur-

vey and discusses the related work. In Section 2.3, we describe the system model that we

use in our simulations and performance evaluation. In Section 2.5, we describe the pro-

posed methods that use index-based feedback, while Section 2.6 discusses an additional

method to reduce the beamforming feedback using only partial information from the

beamforming method currently used in the 802.11be standard. In Section 4.6 we present

the performance evaluation of the proposed methods and the corresponding trade-offs.

In Section 4.7 we conclude the chapter and discuss the possible future work.
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2.2 Literature Review

Our literature review is directed toward the works that discuss channel sounding and

beamforming overhead reduction in the Wi-Fi and cellular networks. Initially, we delve

into some conventional methodologies, which provide a fundamental understanding and

context of the overhead reduction problem. Following this, we turn our focus toward

more contemporary approaches that use ML-based tools. Specifically, we concentrate on

the recent developments in using NN-based architectures to address the CSI overhead

reduction problem.

2.2.1 Traditional Approaches

The problem of overhead reduction has been in discussion in Wi-Fi since the induction

of MIMO. Traditionally, several works have addressed this issue by optimizing channel

sounding parameters. Works such as [14, 7, 44, 49, 39] explore methodologies where the

frequency of channel sounding is reduced assuming the quasi-static nature of the Wi-

Fi channels. In [42], reducing overhead for multi-user MIMO (MU-MIMO) systems is

discussed considering implicit as well as explicit feedback methods, whereas [30] focuses

on implicit feedback methods. Works in [56, 79, 52] study the relationship between the

different channel sounding parameters and the system throughput for MU-MIMO.

2.2.2 Machine Learning Based Approaches

There has been a surge of interest from the research community and industry to explore

the use of ML-based tools to solve problems in the wireless communications domain [65].

In Table 2.1, we review some of the papers in the recent literature that use ML-based

solutions to address the CSI feedback reduction problem in wireless networks. For each

reference listed in Table 2.1, we discuss the wireless standard the paper focuses on, the

basic ML architecture being used, the performance metrics being used to evaluate the

proposed methods, and the complexity of implementation of the proposed methods in a

practical wireless network.

The abbreviations in Table 2.1 are as follows. DNN stands for deep neural network,

RL is reinforcement learning, LSTM is the long short-term memory architecture, EVM

is error magnitude vector at the receiver, BER is the bit error rate, and the generalized

cosine sim ilarity (GCS) and the normalized mean squared error (NMSE) are the inter-

mediate key performance indicators (KPIs) that are used to measure the accuracy of the
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Figure 2.1: SU-MIMO downlink transmission procedure.

beamforming feedback generated by a proposed scheme.

ML-based solutions for CSI feedback reduction have been extensively studied in the

literature for cellular networks and remain an interesting topic for the community as the

field of ML evolves. We refer the interested readers to the relevant surveys, e.g., [32] and

[27].

2.3 System Model

In this work, we consider a single-user MIMO (SU-MIMO) Wi-Fi link operating in down-

link using transmit beamforming (TxBF). TxBF enables improvement in the link perfor-

mance using weights that are applied to the transmitted signal at each antenna to improve

the SNR at the receiver. These so-called “weights” are adopted from the knowledge of

the propagation environment, i.e., the CSI.

2.3.1 SU-MIMO Downlink Transmission in Wi-Fi

Mathematical representation of a general MIMO system using TxBF can be given by [53]

y =

r
�

Nr

HV̂x + z; (2.1)

where, the received signal y is a column vector of size Nt� 1, the transmitted signal x is

a column vector of size Nc � 1, H is the MIMO channel matrix of size Nt �Nr and the

AWGN z is a vector of size Nt � 1, and � is the SNR. The dimensions of these matrices
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Table 2.1: ML-based beamforming feedback overhead reduction in literature.

Ref. Standard
ML

Architecture
Feedback Approach Metric Complexity

This
work

WLAN K-means Index of the closest candidate. E�ect of the
representation of data in each candidate
discussed.

PER,
Goodput

Low

[24] WLAN K-means Index of the closest candidate. Each candi-
date represented using quantized � and  
angle indexes.

PER,
Goodput

Low

[37] WLAN K-means Two steps of feedback, one for the entire
sub-band and another for each subcarrier
using a combination of a codebook and
Givens rotation representation.

PER,
Throughput

Medium

[58] WLAN DNN DNN based compression operating jointly
with a DNN based resource allocation al-
gorithm.

EVM,
Throughput

High

[57] WLAN Autoencoder Compress the � and  angles separately
using autoencoders.

EVM,
Throughput

High

[59] Cellular Deep RL Data driven precoder without relying on
�xed channel probability distribution com-
bined with an unsupervised learning based
codebook.

BER High

[76] Cellular Convolutional
NN

Seminal paper that introduced NN based
CSI compression for cellular networks
(CsiNet).

NMSE,
GCS

High

[43] Cellular Binary NN Using BNNs to improve performance and
save memory compared to CsiNet [76].

NMSE,
Validation loss

High

[67] Cellular Convolutional
NN

Dilated convolution based encoders and de-
coders to compress CSI.

Complexity,
NMSE

High

[73] Cellular LSTM Use LSTM combined with CsiNet [76] to
improve CSI recovery.

NMSE,
GCS,
Run time

High

[82] Cellular Convolutional
NN

Compress CSI by removing informative re-
dundancy in terms of the mutual informa-
tion.

NMSE,
BER

High

[31] Cellular Autoencoder Compression with the aim of improving the
beamforming performance gain instead of
improving the CSI feedback accuracy.

Data rate High

[13] Cellular Autoencoder Use NN based architecture to replace im-
plicit feedback methods and improve link-
level performance.

GCS,
Complexity

High

[19] Cellular Transformer Use transformer architecture to improve
the quality of the compressed CSI.

NMSE,
Complexity

High

[10] Cellular LSTM,
Transformer

Use LSTM architecture in the CSI encod-
ing procedure and transformer in the de-
coding procedure to improve accuracy of
reported CSI.

NMSE,
GCS

High
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Figure 2.2: Sounding NDP format for 802.11be.

are as follows: Nr is the number of antennas at the beamformer, Nt is the number of

antennas at the beamformee, and Nc is the number of spatial streams being transmitted.

Here, we assume Nc = Nt.

The matrix V̂ is referred to as the steering matrix or the precoding matrix and is

obtained from the singular value decomposition of H. For efficient utilization of TxBF,

the weights in the matrix V̂ need to be determined to the highest accuracy possible

before data transmission begins.

In Wi-Fi, a channel sounding mechanism is typically used to determine the CSI,

from which the matrix V̂ is obtained. Fig. 2.1 describes an example SU-MIMO downlink

transmission process in Wi-Fi, including the channel sounding mechanism, between an

access point (AP), the beamformer, and a non-AP station (STA), the beamformee.

The entire downlink transmission process can be broadly divided into the following

three phases:

• Channel sounding: The channel sounding phase begins with the AP transmitting a

null data packet announcement (NDPA) frame, which contains relevant information

such as the address of the beamformee, sounding channel bandwidth, feedback type,

etc. After a short inter-frame space (SIFS) interval, the AP transmits a null data

packet (NDP). This NDP follows the same format of a multi-user physical layer

protocol data unit (MU-PPDU), except the data field is excluded. The NDP format

for Wi-Fi 7, or IEEE 802.11be is shown in Fig. 2.2 [34]. The non-AP STA then uses

the extremely high throughput (EHT) long training fields (LTFs) in this PPDU to

estimate the CSI and determine V. After another SIFS interval, the STA transmits

the information pertaining to V in the beamforming report (BFR) in the uplink.

• Data transmission: The AP can now use the BFR to reconstruct the steering matrix

V̂. This V̂ matrix is then used to transmit the data in downlink as shown in (2.1).

In most practical scenarios, the reconstructed V̂ is not the same as the V calculated

at the STA during channel sounding. This loss in accuracy may lead to performance

degradation of the link.
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• ACK transmission: After a SIFS of the Data frame, the STA sends an ACK frame

if the transmitted data frame is successfully received.

There are several ways to represent the V matrix information, which will be briefly

discussed in the next subsection.

2.3.2 Compressed Beamforming Feedback in Wi-Fi

The beamforming feedback in Wi-Fi systems can be broadly categorized into two types:

implicit feedback and explicit feedback [54]. Subsequently, explicit feedback can be further

divided into three types: CSI feedback, non-compressed beamforming weights feedback,

and compressed beamforming weights feedback. In this work, we focus on the compressed

beamforming type of feedback, which is typically used in Wi-Fi as it enables to reduction

of the feedback overhead.

During the channel sounding procedure, the beamformee computes V from the Sin-

gular Value Decomposition (SVD) of the estimated channel matrix (H). This procedure

needs to be repeated for every active subcarrier and the corresponding data is trans-

mitted to the beamformer in the BFR in uplink. Feeding back quantized values of all

the complex elements in V for every active subcarrier, however, may lead to significant

overhead in the BFR. In the compressed beamforming feedback method, the beamformee

will compress and approximate the V matrix in the form of a function of angles [53].

The compressed representation of V can be mathematically expressed as

V =

 
min(Nc;Nr�1)Y

i=1

"
Di

NrY
l=i+1

GT
li( l;i)

#
� ĨNr�Nc

!
; (2.2)

where ĨNr�Nc is an identity matrix padded with 0s to fill the additional rows or columns

when Nr 6= Nc. Unless mentioned otherwise, we assume Nc = Nt. The matrix V is of the

dimensions Nr �Nc [53]. In this chapter, we consider a non-trigger-based (TB) channel

sounding sequence during which Nr and Nc are determined by the beamformee.

The matrix Gli( ) is a Givens rotation matrix of dimensions Nr�Nr as shown below

Gli( ) =

266666664

Ii�1 0 0 0 0

0 cos( ) 0 sin( ) 0

0 0 Il�i�1 0 0

0 � sin( ) 0 cos( ) 0

0 0 0 0 INr�l

377777775
; (2.3)
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Table 2.2: Order of angles in the BFR using compressed beamforming

Nr �Nc No. of
angles

Angle report vector

2� 1 2 �1;1,  2;1

2� 2 2 �1;1,  2;1

4� 1 6 �1;1, �2;1, �3;1,  2;1,  3;1,  4;1

4� 2 10 �1;1, �2;1, �3;1,  2;1,  3;1,  4;1, �2;2, �3;2,  3;2,  4;2

and the matrix Di is a diagonal matrix also of the dimensions Nr�Nr and is represented

as

Di =

266666664

Ii�1 0 : : : : : : 0

0 ej�i;i 0 : : : 0
... 0

. . . 0
...

... : : : 0 ej�Nr�1;i 0

0 : : : : : : 0 1

377777775
(2.4)

where each Im is an m�m identity matrix. When the beamformee is requested to send

the BFR, it will actually report a vector containing the indices of quantized values of the

� and  angles, which are used to reconstruct the V matrix by the beamformer.

Thus, the V matrix may be completely represented using the Φ = f�l;ig; l 2 fi +

1; :::; Nrg and the Ψ = f i;ig; i 2 f1; :::;min(Nc; Nr � 1)g angles. When generating the

BFR, the beamformee will generate a vector of indices of the quantized values of the Φ

and Ψ angles. The angles in Φ can be quantized as

�ql;i = �

 
1

2b�
+

q

2b��1

!
; q = 0; 1; :::; 2b� � 1; (2.5)

and the angles in Ψ can be quantized as

 qi;i = �

 
1

2b +2
+

q

2b +1

!
; q = 0; 1; :::; 2b � 1; (2.6)

where b� and b are the number of bits used to represent the Φ and Ψ angles respectively.

In 802.11be, b� and b are indicated by the NDP Announcement frame sent from the

beamformer. The length of the feedback vector with quantized indices depends on Nc

and Nr. Table 2.2 shows examples of such vectors for different MIMO settings.

Using compressed beamforming, an approximate form of the V matrix is generated.
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Figure 2.3: Comparing feedback overhead (in bits) for different MIMO configurations
per subcarrier group.

The accuracy of this approximation depends on the quantization order chosen in (2.5)

and (2.6), with a higher quantization level leading to higher accuracy. Hence b� and b 

are important parameters, as the loss in accuracy of V will subsequently affect the link

performance. Using an index-based approach to beamforming feedback will lead to similar

challenges. The higher the size of the candidate set, the higher the expected accuracy of

the steering matrix used in data transmission leading to better link performance.

2.4 Need for Reduction in CSI Feedback Overhead

Consider a case where Nc = 2 and Nr = 8. For quantization of the feedback angles

with b� = 6 and b = 4, the number of angles reported in the CSI feedback is Na =

Nc � (2 �Nr �Nc � 1) = 26 with half of them for the angles in � and another half for

the angles in  . With each iteration of channel sounding, the number of feedback bits

required to represent one of these unique vectors is Na� (b�+ b )=2 = 130 per subcarrier

group. For a bandwidth of 20 MHz with 242 subcarriers and Ng number of subcarrier

groups, there are 242=Ng such feedback reports, requiring a total of 130(242=Ng) bits

of feedback for the entire bandwidth. In 802.11, Ng 2 1; 2; 4; 16 which can be used to
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trade-off between the feedback overhead and performance.

In Fig. 2, we show the number of feedback bits required for different configurations

of a Nr �Nc MIMO link. The calculations to determine the number of feedback bits are

done similarly to the example shown above. As expected, the feedback bits required go

up with the increasing value of Nr and go up to 290 bits for the 16�2 MIMO case, which

is expected to be incorporated in the IEEE 802.11be standard. For the 64 � 2 MIMO

case, which may be considered in a future amendment of 802.11, the required bits for

feedback go up to 1250. Considering this trend, it becomes imperative to find alternative

ways that relieve the beamformee of this high feedback requirement.

Instead of feeding back the angles to represent one CSI vector, we propose the iFOR

algorithm, which feeds back an index from a set of candidates that represent a diverse

set of CSI feedback. This set of candidate vectors may be obtained by using a clustering

algorithm on a dataset of Nv CSI feedback vectors. For example, if we cluster the dataset

of Nv vectors into 1024 candidates, we will only require 10 bits to report the CSI feedback.

This significantly reduces the feedback overhead, with the trade-off being a loss in the

accuracy of the CSI feedback.

2.5 Index-Based Beamforming Feedback Generation

In this section, we describe the proposed index-based methods. The flow of the index-

based beamforming feedback is expressed in Fig. 2.4. As described in Section 2.3, the

beamformee (STA) uses the LTF symbols in the NDP to estimate the channel (H).

Subsequently, the steering matrix (V) is then determined from the SVD of H. In the

compressed beamforming representation, this matrix V is then represented in terms of

angles and the indices of the quantized values of these angles are sent in the feedback.

In the index-based methods, however, after the V matrix is computed it is compared

to a set of pre-determined feedback matrices, which we refer to as the candidate set. This

candidate set is assumed to be available at both the beamformer and the beamformee.

Then, using a pre-defined distance metric, e.g. squared Euclidean distance (SED), the

closest candidate to the V matrix is determined. The index of this closest candidate

is then sent in the beamforming feedback instead of sending the complete information

about the V matrix. Since the beamformer (AP) also has the same candidate set, it can

use the received index from the STA to pick the candidate steering matrix (V̂). The AP

then uses this V̂ matrix to transmit the data in the downlink.
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Figure 2.4: Channel sounding feedback using a candidate set.

The candidate sets used in the proposed index-based methods are generated using a

clustering algorithm. More speci�cally, we generate a large empirical data set by simulat-

ing the beamforming feedback over a set of diverse channel models. This data set is then

fed into a k-means clustering algorithm [5]. Thek-means clustering algorithm enables

us to choose the number of clusters to generate for a given data set. The centroid of

these clusters may be used as the candidates in our proposed methods. In the following

subsections, we describe our proposed index-based beamforming methods in detail. The

general methodology for candidate generation and beamforming feedback is similar as in

Fig. 2.4, whereas the representation of the data in the data set (and the candidates) is

di�erent for each method.

It is clear that V is the optimal solution for beamforming in terms of improving the

SNR at the receiver. Any other solutions, such aŝV from a candidate set could lead to

inaccuracy in the BFR and subsequently PER performance degradation. In our previous

work [24], we generated the candidate set in the form vectors of quantized angle indexes

(similar to Table 2.2). In [24], we observe that even though using such a candidate set

results in a loss in accuracy of theV matrix and degrades the PER performance, the

reduction in BFR is large enough to provide signi�cant gain in the goodput. In this work,

we explore di�erent ways of generating the data sets and subsequently, the candidate set

so that for the same size of the candidate set, the error-rate performance may be improved.

The representation of data and the methodology for clustering usingk-means clustering

for each method will be detailed in the corresponding subsections. The general framework

of performing k-means clustering on a given data set is described in Algorithm 1, where
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Table 2.3: Index-based methods.

Method Candidate Representa-
tion

Distance
(df)

1 Lower Quantization Order
for  (LQP)

Angle index vector SED

2 Separate Clustering of� and
 Angles (SCP)

Angle index vector SED

3 SerializedV (SV-SED) Complex elements ofV SED
4 SerializedV (SV-CD) Complex elements ofV CD
5 Normalized Covariance Ma-

trix (NCM)
Complex elements of covari-
ance matrix

SED

6 iFOR with e�ective distance
(iFOR+)

Angle index vector SED

df is a distance metric that is speci�c to the given proposed method. Mathematically, it

may be represented as

df = f (x; x ref); (2.7)

where x is a data point from the given data set,x ref represents a centroid ink-means

clustering, f : Cn � f x refg ) R+ for X ref 2 Cn . Here the function f corresponds to

the distance metric chosen for di�erent methods that will be discussed in the following

subsections.

The centroids of the clusters obtained after convergence of thek-means clustering

is considered to be the candidate set. The representation of data for each method we

consider and the distance used ink-means clustering are described in Table 2.3.

2.5.1 Lower Quantization Order for  (LQP)

In the development of this method, the distance metric used ink-means clustering for

measuring the separation between two distinct vectors is the SED. For calculating this

distance, we calculate the distance between all the indices representing the� and the

 angles, and we sum them together to determine the total distance. The following

equation shows the SED calculated (dSED) between thei th vector x i in the data set and

the centroid of the kth cluster ck

dSED = jx i � ck j2 = ( x i � ck)T (x i � ck); (2.8)
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Algorithm 1 k-means clustering algorithm.

Input: number of candidatesNk

Output: c k  centroids of theNk clusters
Function: K-MEANS

initialize cluster centroids randomly as� 1; � 2; :::; � k

for each data pointx i in the data set
choose the closest cluster centroid using
ci := arg min

j
df(x i ; � j )

assignx i to the cluster ci

update centroids by taking the mean of all the
data points assigned to that cluster

repeat until convergence or speci�ed iterations reached
return c k

where the vectorsx i and ck have the dimensionsNa � 1, with Na being the total number

of angles to be reported in the feedback vector. The centroid of a cluster ink-means

clustering is obtained by averaging over all the vectors within that particular cluster [5].

As we will discuss later in the simulation results, a loss of accuracy in the� angles in

(2.4) is far more detrimental to the link performance (e.g. packet-error-rate) than a loss of

accuracy in the angles in (2.3). Noting this observation, it can be considered that having

a relatively high quantization order for angles may add further inaccuracy in calculating

the SED between two vectors. Hence, in this method of generating the candidates, we

consider lower quantization orders for the angles. In doing so, we reduce the impact of

the contribution of the  angle indexes to the SED. Giving a �ner quantization level to

the � angles in calculating the distance in this way might improve the clustering of data

in favor of enhancing the link performance.

2.5.2 Separate Clustering of � and  Angles (SCP)

In our previous work [24], we feed the entire angle vectors with feedback angle indices

for � and  angles (as also shown in Table II) to thek-means clustering algorithm. The

cluster centroids are initialized using thek-means++ algorithm [5]. After the k-means

clustering converges, we obtain the cluster centroids which are the candidate vectors.

Another approach to obtaining the candidate vectors is to separate the feedback angle

indices for the� and  angles. Here we have two data sets, one with the� angle index

data and another with the  angle index data. We feed these data sets to thek-means
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clustering function separately and obtain the candidate sets for� and  angle index

data correspondingly. As we will demonstrate later in the simulation results, the link

performance (e.g. PER) is more sensitive to the inaccuracy in� angles in the candidates,

as opposed to the inaccuracy in the angles. Performing separate clustering on the

two di�erent angles would thus allow us the 
exibility to assign more feedback bits (or

candidate vectors) for� angles than for angles.

Consider an example where the number of clusters for� vectors isW1 and the number

of clusters for vectors isW2. To give more weights on� vectors, we haveW1 > W 2, e.g.,

W1 = 28 and W2 = 22. The total number of bits required for each subcarrier group in this

example is then given by log2(W1) + log 2(W2) = 8 + 2 = 10 bits. The values of W1 and

W2 may be implementation-dependent and can be modi�ed depending on the resolution

required for the two angles while keeping the total required number of feedback bits the

same.

2.5.3 Serialized V (SV)

So far we have considered the feedback vectors with angle indices in our index-based

methods. In the serializedV method, however, we consider the actual complex values of

the unitary steering matrix V obtained from the SVD of the channel matrix. Consider a

M � N MIMO case, where theV matrix can be represented as

V =

2

6
6
4

v1;1 v2;1 : : : vM; 1
... : : : : : :

...

v1;N v2;N : : : vM;N

3

7
7
5

T

; (2.9)

where eachvi;j represents a complex element of theV matrix for the i th row and j th

column.

Furthermore, we serialize thisV matrix so that we have a single vector instead of a

matrix. This vectorized form of V may be expressed as

v s = [ v1;1; v2;1; : : : ; vM; 1; : : : ; v1;N ; v2;N ; : : : ; vM;N ]T : (2.10)

Using the vector format in (2.10), we generate a new data set of feedback vectors. This

data set is then fed to thek-means clustering algorithm. In this method, we consider two

distance metrics while clustering over the data set. The �rst one is the squared Euclidean

distance, calculated similarly as in (2.8). The results using this method are labeled asSV-
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SED. Another distance metric that we consider is the Cosine Distance (CD) calculated

(dCD
i;k ) as

dCD
i;k = 1 �

jc�
kv s

i j
kv s

i k2kckk2
; (2.11)

where v s
i represents thei th serialized vector in the data set andck is the kth cluster.

Furthermore, if V is a unitary matrix, then kv sk2 = N since theL2 norm of each column

of V is 1, the above equation reduces to

dCD
i;k = 1 �

jc�
kv s

i j
N 2

; (2.12)

making the cosine distance inversely proportional to the inner product between the two

vectors. The results using this method are called serializedV with cosine distance (SV-

CD).

After the k-means algorithm converges and the centroids are obtained, the candidates

are obtained by re-arranging the vectors into the matrix form, as in (2.9). Also, to satisfy

the condition of unitary matrices, the columns of these matrices are orthogonalized using

the Gram-Schmidt procedure [63].

2.5.4 Normalized Covariance Matrix (NCM)

In this method, we use an alternative representation of the beamforming feedback data

instead of 1) the vector of angle indexes obtained via compressed beamforming or 2)

serializing the V matrix. Namely, we use the covariance matrix of the channel matrix

(H ) as a data point, which can be expressed as

K = H H H ; (2.13)

whereH H represents the Hermitian of the channel matrixH . The data set of these ma-

trices is then fed to thek-means clustering algorithm, where the metric used to calculate

the distance between a covariance matrix and the cluster centroid is the SED.

To understand the relationship between clustering using the covariance matrix and

the beamforming matrix V , let us decomposeH using SVD as

H = USV H ; (2.14)

whereU and V are unitary matrices andS is a diagonal matrix with the corresponding
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singular values. Substituting this back into the covariance matrix in (2.13), we get

K = ( USV H )H USV H = VS 2V H ; (2.15)

as U H U = I , and S2 contains the square of the singular values at the diagonal.

Now consider an example case with a channel vectorh of size 1� M , which would

have only one singular values. For this h, the size ofK is M � M and the size ofv is

M � 1, such that v = [ v1; v2; : : : ; vM ]T . Substituting in (2.15), we have

K = s2

2

6
6
6
6
4

v1v�
1 v1v�

2 : : : v1v�
M

v2v�
1 v2v�

2 : : : v2v�
M

... : : :
. . .

...

vM v�
1 vM v�

2 : : : vM v�
M

3

7
7
7
7
5

: (2.16)

For k-means clustering, we consider the SED between these covariance matrices. Let

K a and K b be two di�erent covariance matrices, each of sizeM � M . The distance

between the two matrices (dcov) then can be computed as

dcov =
MX

i =1

MX

j =1

�
�
�
�
�
K a(i; j )
kK akF

�
K b(i; j )
kK bkF

�
�
�
�
�

2

; (2.17)

wherek:kF represents the Frobenius norm [63] of the argument. In (2.17), each element

in K a and K b is normalized using the Frobenius norm of the respective matrix.

Lemma 1. For two covariance matricesK a and K b obtained from channel matrices with

a single column, the squared Euclidean distance is inversely proportional to the inner

product of the corresponding vectorsva and vb:

dcov = 2(1 � j vH
a vbj2); (2.18)

whereva and vb are obtained from the SVD ofK a and K b respectively.

Proof. See Appendix.

Note that va and vb in (2.18) are the unitary vectors obtained from the SVD of

K a and K b, respectively. Thus, for the single spatial stream case, the SED between two

covariance matrices is inversely proportional to the inner product or the cosine distance
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Figure 2.5: E�ective distance considering di�erence of two� angles.

between the correspondingv vectors. This will have implications on the performance

metrics which will be discussed in the subsequent sections.

2.5.5 iFOR with E�ective Distance (iFOR+)

In this method, we consider the e�ective distance (or e�ective di�erence) calculated

between the� 2 [0; 2� ) angles for candidate generation. Consider any� angle index

in a feedback vector, examples of which are shown in Table 2.2. While clustering, the

k-means clustering algorithm calculates the squared Euclidean distance between a vector

in consideration and all the cluster centroids.

Let the i th � angle index in the feedback vectorva be � i; a and the i th � index in

feedback vectorvb be � i; b. the di�erence between these two angle indices is given by,

� � i = j� i; a � � i; bj; (2.19)

where � � i 2 [0; 2� ). Mathematically, it may be considered that the e�ective distance

(� e� ) between these two angles is,

� e� =

8
<

:
� � i if � � i 2 [0; � ]

2� � � � i if � � i 2 (�; 2� )
; (2.20)

where � e� 2 [0; � ]. Fig. 2.5 illustrates using a phasor representation how �� i and (2� �
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Figure 2.6: CDF of the angle data collected over 106 packets in an 8� 2 MIMO case.

� � i ) are the same distance away from 0, making their e�ective distance be the same.

2.6 Partial Compressed Beamforming Feedback

An alternative approach to reduce the amount of information required in beamforming

feedback is to transmit partial compressed beamforming feedback information. In the

compressed beamforming methodology described in Section 2.3, information about two

types of angles is transmitted as the beamforming feedback, namely,� in (2.5) and 	 in

(2.6). However, if only� angle information is transmitted in the feedback, the number of

angles that need to be reported in the feedback is halved. For	 angles, we may consider

using a �xed vector of values that is known both to the AP as well as the STA. This

approach was considered in the IEEE 802.11ah standard [33] when only a single spatial

stream is used in transmission. In this work, we extend this idea to multiple spatial

streams.

In this case, the �xed angle values for	 may be determined using empirical data. To

obtain these values, we run the downlink link-level simulation using compressed beam-

forming for a large number of packets (e.g., 106) for a given MIMO con�guration and
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for given values ofNc and Nr . We store the raw angle values (before converting to the

corresponding quantized index) of all the	 angles for all the subcarriers of all the sim-

ulated packets. From this generated data, we obtain the 50th percentile values of all the

	 angles and use them as our �xed values instead of computing them for the compressed

beamforming representation as shown in (2.6). The beamformee and the beamformer

both will have complete information about the �xed vector of the	 angle values. As

an example, Fig. 2.6 shows the CDF of the	 angle data collected over 106 packets and

across 242 subcarriers for a 8� 2 MIMO case. For 8� 2 MIMO, there are thirteen 	

angles in the compressed beamforming representation.

While this approach may result in loss of accuracy in generatingV matrix at the

beamformer, the reduction in the required number of bits in the beamforming feedback

may be signi�cant enough to result in a gain in the link goodput, as will be shown later.

We further demonstrate this using the following example, where we show a lower bound

for the GCS using the �xed  values. The GCS is an intermediate key performance

indicator (KPI) to measure the accuracy of the beamforming feedback.

2.6.1 Partial Compressed Beamforming Feedback Example:

Consider a case whereNc = 1 and Nr = 2. In this case, the compressed beamforming

representation ofV reduces to

V = D 1GT
21( 2;1) � ~I 2� 1: (2.21)

The matrix D 1 can be expressed as

D 1 =

"
ej� 1;1 0

0 1

#

; (2.22)

the Givens rotation matrix G21( ) is

G21( ) =

"
cos( 2;1) sin( 2;1)

� sin( 2;1) cos( 2;1)

#

; (2.23)

and ~I = [1 0]T . Substituting these in (2.21), we get

V =

"
cos( 2;1)ej� 1;1

sin( 2;1)

#

: (2.24)
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Figure 2.7: Variation in the GCS (� ) for all the possible cases in partial compressed
beamforming feedback forNc = 1 and Nr = 2.

From (2.24), it can be seen that the angles a�ect the amplitude of the elements in

V and the � angles a�ect the phase ofV . The matrix V is unitary, so it should satisfy

V H V = 1. Now consider that we use a �xed value ( f) for the  angle. The new matrix

V f may then be expressed as

V f =

"
cos( f)ej� 1;1

sin( f)

#

: (2.25)

The GCS to compareV f to the real V can be computed as

� = jV H V f j =

�
�
�
�
�

"
cos( 2;1)ej� 1;1

sin( 2;1)

#H "
cos( f )ej� 1;1

sin( f )

# �
�
�
�
�

= jcos( 2;1) cos( f) + sin(  2;1) sin( f)j

= jcos( f �  2;1)j: (2.26)

For the 2 � 1 MIMO case, the �xed value chosen is f = 0:25� , and  2;1 2 f 0; 0:5� g.

Therefore, ( f �  2;1) 2 f� 0:25�; 0:25� g. Fig. 2.7 shows the GCS values for this range of
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Table 2.4: Description of the simulation parameters.

Parameter Value Description
TNDPA 28 �s Duration of NDPA frame
TNDP 48 + (Nr �

8) �s
Duration of NDP frame

TSIFS 16 �s Short inter-frame spacing
Tpreamble 64 �s Duration of preamble
TACK 50 �s ACK transmission duration
BW 20 MHz Channel bandwidth
No. of Subcarriers 242
Guard Interval 0:8 �s Guard interval for the data �eld
Ng 4 Subcarrier grouping
b� 6 No. of bits used to quantize�
b 4 No. of bits used to quantize 
P0 10� 2 Target PER for MCS selection

angle values. It can be seen that there is a lower bound on the GCS equal to cos(0:25� ) =

cos(� 0:25� ) = 1 =
p

2. With this lower bound, the performance loss due to loss in accuracy

in  angles is relatively small, as will be demonstrated in the results section.

2.7 Simulation Results

In this section, we evaluate the methods described in this chapter and compare them with

two baseline techniques: IEEE 802.11be (compressed beamforming) and our previously

proposed technique work iFOR, presented in [24].

2.7.1 Simulation Setup

For all the subsequent results in this section, we consider a SU-MIMO downlink trans-

mission complying with the IEEE 802.11be Wi-Fi standard. All the simulations are based

on the toolboxes o�ered by MathWorks. Table 2.4 summarizes the common simulation

parameters for the results presented in this section. For theLQP method, we use two

bits to quantize the  angles instead of four. For our simulations, we consider channel

models A-E de�ned by the IEEE 802.11 working group [40]. The key characteristics of

these channel models are summarized in Table 2.5, whereTRMS is the RMS delay spread,

Tmax is the maximum delay spread, andN taps is the number of taps in the channel. We
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use combined data generated from these channel models to generate our candidate sets

using k-means clustering. The PER results, however, are simulated using the channel

model D. Henceforth, we refer to a scenario withNr antennas at the beamformer and

Nc number of spatial streams as theNr � Nc MIMO case. Unless mentioned otherwise,

we consider an 8� 2 SU-MIMO transmission in the downlink in all our simulations. The

payload for each iteration of a simulation is 1; 000 bytes. For all the simulations related

to the index-based methods, we use 1024 candidates, which require 10 bits of feedback

per subcarrier group in the BFR. In theSCP method, we use 256 candidates for the�

angles, and 4 candidates for the angles, and combine them to form 1024 candidates.

2.7.2 Intermediate KPIs

In this subsection, we compare theSV-SED and SV-CD methods in terms of interme-

diate KPIs. Intermediate KPIs such as the Normalized Mean Square Error (NMSE) or

the Generalized Cosine Similarity (� ) allow for quick evaluation of the accuracy of the

feedback generated using a candidate set compared to the actual feedback matrix.

Normalized Mean Square Error (NMSE)

Mathematically, the NMSE can be calculated as

NMSE = E
�

kvs � vck2
2

kvsk2
2

�
; (2.27)

where vs is the serialized form ofV , vc represents the chosen candidate of which the

index is sent back in the BFR in serialized form, andk:k2 represents theL2-norm of the

corresponding entry.

Table 2.5: Properties of the channel models.

Parameter
Channel Model

A B C D E
TRMS (ns) 0 15 30 50 100
Tmax (ns) 0 80 200 390 730
N taps 1 9 14 18 18
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Table 2.6: Simulation results for intermediate KPIs

Method KPI Chan. B Chan. D

Serialized-V (CD)
� 0.8288 0.7938
NMSE (dB) 1.3212 1.6207

Serialized-V (SED)
� 0.8049 0.7705
NMSE (dB) -2.5741 -1.9221

Generalized Cosine Similarity ( � )

To determine the similarity betweenV and the chosen candidate matrixV c, � can be

calculated as

� = E

(
1

NSC

NSCX

n=1

jvH
c;1v1j

kvc;1k2
2kv1k2

2

)

(2.28)

wherev1 and vc;1 represent the �rst columns ofV and V c respectively, andNSC is the

number of subcarriers. Adhering to the methodology in [76], we calculate the� using

only the �rst columns of V and V c.

Table 2.6 shows the KPI results for the serialized-V method using CD and SED. To

obtain these results, we simulate the channel sounding procedure without additive noise,

perform SVD on the channel estimateH to obtain the V matrix, and then compare the

accuracy of the closest candidate using either of the serialized-V methods with this V .

The simulations are performed using channel models B and D.

Comparing (2.12) and (2.28), it can be said that the GCS (� ) is analogous to CD

given that they are both proportional to the inner product of the respective vectors.

Similarly, comparing (2.29) and (2.27), the NMSE is analogous to SED given that they

are both directly proportional to the square of the di�erence between the respective

vectors. Correspondingly, it is clear from Table 2.6 that using the serialized-V with CD

yields higher� than when SED is used, and the NMSE is lower when the serialized-V with

SED is used. These results give an indication of what to expect in the PER performance,

as we will discuss in the later subsections.

It can also be observed that the channel condition is an important factor in the

quality of the KPIs. The simulations in channel model D incur more severe multipath

fading compared to channel model B. Hence, the results for channel model D show lower

� and higher NMSE for both approaches. Another important factor for our proposed

method is the size of the candidate set being used. Using a candidate set-based approach

results in a loss in accuracy of thêV matrix. A higher size of the candidate set may lower
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Figure 2.8: PER versus SNR comparison for 8� 2 MIMO with MCS index 4.

the loss in accuracy leading to better link performance, including better KPI results at

the cost of higher complexity. Performance evaluation for di�erent sizes of candidate sets

is out of the scope of this work.

2.7.3 Packet Error Rate Comparison

Fig. 2.8 and Fig. 2.9 depict the PER results of the aforementioned methods for MCS 4 and

11, respectively. The �xed method o�ers a modest reduction in the feedback bits and

performs well in terms of the PER, being the closest to the 802.11be baseline. Using �xed

values for  angles in the BFR enables transmitting information about only half of the

angles compared to the traditional compressed beamforming method. As demonstrated

with the example in Section 2.6.1, using �xed values does not lead to a critical loss in

accuracy of theV matrix, thus enabling decent PER performance. But even though the

PER performance for this method is the best compared to the index-based methods we

propose, it still requires a lot more information (78 bits per subcarrier group) compared

to the 10 bits per subcarrier group required for the index-based methods. This will have

implications on the throughput gain for this method, as will be discussed later in this
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section.

In LQP, we use a lower quantization order for the angles, to reduce the impact

of  angle index values in the distance calculation while clustering and generation of

candidates. However, similar to the case in the �xed method, losing accuracy in the 

angle results in a slight degradation in PER. This is again evident here noticing that the

PER of LQP is slightly worse than that of iFOR [24]. In the SCP method, we cluster

the � and the  angles separately and then combine those candidates to generate our

full candidate set. In compressed beamforming, even though the� and the  angles are

calculated independently, their combined use is important to the representation of the

V matrix. Thus, when clustering over them separately, the resulting candidates su�er

from a loss in coherency and result in an additional loss in accuracy. This results in the

candidates being less than ideal and resulting in the worst PER performance from all the

methods proposed.

Using SV-SED and SV-CD however, we are able to capture the pair-wise correla-

tion between the candidates (or cluster centroids while clustering) and the real channel

feedback vectors. This results in the best PER performance compared to all other index-

based methods we have proposed. TheSV-SED method uses SED as the metric while

clustering, which is not able to capture the pair-wise correlation between two vectors as

well as theSV-CD method does using cosine distance. We explain why using the follow-

ing example. The serialized representation of a steering matrix has been shown in (2.10).

Consider two such serialized vectorsvs,a and vs,b. The SED between these two vectors

vs,a and vs,b can be calculated as

dSED = jvs,a � vs,bj2 (2.29)

= ( vs,a � vs,b)H (vs,a � vs,b)

= vH
s,avs,a + vH

s,bvs,b � vH
s,avs,b � vH

s,bvs,a

= Nc + Nc � (vH
s,avs,b + ( vH

s,avs,b)H )

= 2 � Nc � 2 � real(vH
s,avs,b): (2.30)

From (2.30), it is clear that the SED betweenvs,a and vs,b is inversely proportional

to the real part of the inner product between the two vectors. Whereas, in (2.12) it has

been shown that the CD between these two vectors is inversely proportional to the inner

product. Hence, theSV-CD method does a better job of encapsulating the element-wise

correlation between two vectors resulting in better PER performance.
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Figure 2.9: PER versus SNR comparison for 8� 2 MIMO with MCS index 11.

Using the iFOR+ method, we account for the e�ective distances between the� angle

indexes while generating the candidate set, as discussed in Section 2.5.5. The correspond-

ing PER results in Fig. 2.8 and Fig. 2.9 demonstrate that correcting for the e�ective

distance enables theiFOR+ method to outperform the iFOR [24] results, albeit the

performance is still not comparable to the 802.11be baseline.

For the 8� 2 MIMO case, using theNCM method, the covariance matrices in (2.15) are

normalized using the sum of squares of the singular values in theS matrix. Normalizing

using this value does not result in the resultant matrix being unitary, which a�ects the

clustering algorithm. The result is non-ideal candidates which leads to worse performance

than that of iFOR.

In Fig. 2.10, we compare the PER results for the di�erent proposed methods for an

8� 1 MIMO link with MCS index 11. For the single spatial stream case, we demonstrate

in (A.2) in the appendix that the SED between twoNCMs is inversely proportional to

the inner product of the respective steering matrices. Hence, for the 8� 1 MIMO case,

the PER performance of theNCM method closely matches that of theSV-CD method.

The accuracy requirement for beamforming feedback for 8� 1 MIMO is not as high as

for 8 � 2 MIMO, resulting in the performance of all the index-based feedback methods
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Figure 2.10: PER versus SNR comparison for 8� 1 MIMO with MCS index 11.

being closer to each other than in the 8� 2 MIMO case. For theLQP method, since we

lower the quantization order of the angles, there is a small degradation in the PER

performance compared toiFOR.

2.7.4 MCS Selection

In this subsection, we discuss the MCS selection and the subsequent implications on

the goodput performance. The simulation results displayed in Fig. 2.11 are for an 8� 2

MIMO case, where MCS index selection is done for a given SNR value based on the pre-

determined PER thresholdP0 that the link should satisfy. For the results in Fig. 2.11,P0

is set to be 10� 2, and the highest MCS index from the PER simulations that satis�es this

threshold is selected. The selected MCS index determines the chosen transmission rate

for transmitting the data payload, with a higher MCS index allowing for a higher data

rate. Hence, better PER performance may enable choosing a higher MCS index, which

may result in a higher chosen data rate and goodput. Since the 802.11be baseline has the

best PER performance, using it leads to the highest selected MCS index in general. This

is followed by the 802.11be baseline with �xed , as the PER performance using this
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Figure 2.11: MCS index selection for PER threshold of 10� 2.

method is close to the baseline. On the other end, since using theSCP method results

in the worst PER performance amongst all for the 8� 2 MIMO case, it also leads to the

selection of the lowest MCS index.

The modulation and the LDPC code rate for a given MCS index are listed in Table 2.7

2.7.5 Goodput Calculations

Broadly, the goodput (�) of a link may be characterized as a measure of the e�ective or

error-free data packet throughput. It may be considered as the ratio of the data payload

in bits (Ldata ) transmitted in error-free packets and the total time (Ttotal ) required to

transmit this data.

Now, for a single Wi-Fi link, the total transmission duration is given by

Ttotal = Tsounding + Tdata + TSIFS + TACK ; (2.31)

whereTsounding represents the sounding duration,Tdata represents the data payload trans-
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mission duration, andTACK is the time required to transmit the ACK message, as shown

previously in Section 2.3.

Considering the elements involved in channel sounding for an SU-MIMO case, the

total sounding duration may be calculated as

Tsounding = TNDPA + TSIFS + TNDP + TSIFS + TBFR : (2.32)

For transmitting the BFR, the STA uses a MU-PPDU (see Fig. 2.2) frame with the

beamforming feedback information in the DATA �eld. Adhering to the same structure

as the MU-PPDU, the transmission duration for the BFR can be computed as follows

TBFR = Tpreamble +
LBFR

RBFR
; (2.33)

whereLBFR is the required number of bits to transmit the sounding feedback information

and RBFR is the chosen data rate for transmitting this information. Similarly, for data

transmission duration,

Tdata = Tpreamble +
Ldata

Rdata
; (2.34)

whereLdata is the required number of bits to transmit the payload data andRdata is the

chosen transmission data rate.

Now, coming back to the goodput calculations for the Wi-Fi link, the mathematical

formula for goodput may be represented as follows

� =
Ldata

Tsounding + Tdata =(1 � Pe) + TSIFS + TACK
; (2.35)

wherePe represents the packet-error-rate. For the calculations in (2.35), we assume that

Table 2.7: Modulation and code rate for a given MCS index.

Index Modulation Code
Rate

Index Modulation Code
Rate

0 BPSK 1/2 6 64-QAM 3/4
1 QPSK 1/2 7 64-QAM 5/6
2 QPSK 3/4 8 256-QAM 3/4
3 16-QAM 1/2 9 256-QAM 5/6
4 16-QAM 3/4 10 1024-QAM 3/4
5 64-QAM 2/3 11 1024-QAM 5/6
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Figure 2.12: Goodput comparison for a payload of 1; 000 bytes.

the sounding procedure is not repeated in cases where data packet re-transmission is

required. The values of the �xed parameters in the above calculations are listed in Ta-

ble 2.4.

2.7.6 Goodput Comparison

In this subsection, we discuss the goodput comparison of all the results presented in

Fig. 2.12, where we plot the goodput derived in (2.35) against SNR. We discuss in

Section 2.7.4 that higher MCS index selections allow for higher data rates during the

transmission of the data payload. Considering (2.34), we can say that a higher data rate

would lead to lower data transmission duration leading to improvement in the goodput

in (2.35). However, another critical parameter in the goodput calculations isTsounding ,

which depends on the amount of information required in the BFR. We have seen that

the 802.11be baseline has the best PER performance and the highest chosen data rate.

However, the amount of bits (130 bits per subcarrier group) required in the BFR for

the 802.11be baseline is high enough that the goodput gain is actually hampered and

hence it has the worst goodput performance compared to all other methods we present,
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including iFOR.

The 802.11be baseline with �xed chooses the data rates that are very close to

the baseline, as can be inferred from Fig. 2.11. The �xed method, however, o�ers a

signi�cant reduction in the number of bits required in the BFR (down to 78 per subcarrier

from 130 in the baseline). Hence, overall, the �xed method provides a signi�cant gain,

of up to approximately 17% in high SNR.

For all the index-based methods, however, the number of bits required in the BFR is

the same, since they all use 10 bits of feedback per subcarrier group for these simulations.

Moreover, since the targetPe of our simulations is 10� 2, minor di�erences in PER between

the di�erent index-based methods do not signi�cantly a�ect the goodput in (2.35). The

driving factor of the goodput results for the index-based methods is therefore the chosen

data rate. Since the other index-based methods have a better PER performance than the

SCP method, they also exhibit better goodput performance in general. But because of a

signi�cant reduction in the BFR, the SCP method still provides a high gain compared to

the 802.11be baseline which is approximately 46% at high SNR. It has been shown that

the SV-CD method provides the best PER results. Combined with the o�ered reduction

in the bits of information required in the BFR, this method also provides the best goodput

performance with a gain of approximately 54% compared to the 802.11be baseline at high

SNR.

2.8 Conclusion and future work

In this chapter, we proposed several machine learning-aided index-based methods for

reducing beamforming feedback overhead in a Wi-Fi link and compare their performance

to the IEEE 802.11be standard and our previous work in [24].

Based on extensive simulation results, our analysis indicates that the representation

of the data and the speci�c distance metric used for the candidate set generation have

profound implications for the link performance. We show that, if thee�ective distance

between the� angles is accounted for, there is an improvement in the PER performance.

Whereas, if the quantization order for angles is changed or the� and  angles are

clustered separately there is a degradation in the PER. Clustering over vectors containing

the actual complex elements of the beamforming matrix, as in theSV-SED and the SV-

CD methods, leads to the most e�cient candidate sets that provide the best PER results

amongst all the index-based methods. TheSV-CD method edges outSV-SED due to the
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ability to capture the pairwise correlation between two vectors more accurately. Using

candidates in the form of normalized covariance matrices leads to poor performance in

the case of multiple spatial streams due to ine�cient normalization, but matches the best

PER performance (with that of SV-CD) for the results using a single spatial stream.

Even though the proposed methods incur a loss in PER performance, the index-

based low-overhead methods reduce the feedback overhead by a signi�cant margin that

enables improvement in the goodput performance of up to 54% when compared to the

goodput with the IEEE 802.11be baseline. This goodput improvement, coupled with the

ease of implementation of the proposed methods makes them a viable alternative to the

recent trend in literature of using NN-based approaches for CSI feedback. The relatively

simpler implementation and signi�cant performance gains o�ered by these index-based

approaches are promising for future wireless networks, including Wi-Fi.

Moreover, we examine an additional method to transmit partial compressed feedback

information in the BFR and the corresponding implications in the link performance. For

this method, we use a simple 2� 1 MIMO example to demonstrate a lower bound on

the GCS which indicates that the loss in accuracy incurred due to partial compressed

beamforming information is not critical enough to hamper the PER, and in turn the

goodput performance. We leave the detailed derivation for a generalizedM � N MIMO

case for our future work.
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Chapter 3

RL-Based Waveform Adaptation

with Partial Overlapping Tones in

HetNets

POT mitigate the co-channel interference in a wireless network by exploiting the space

between adjacent subcarriers through intentional FOs. In this chapter, we use POT in a

two-tier heterogeneous network, where multiple SCs interfere with a macro cell. We pro-

pose a multi-agent Q-learning-based approach to obtain transmit power and intentional

FOs assigned to SCs for �ltered multi-tones with various pulse shapes. We show that the

proposed method reduces the total interference and in turn, increases the throughput in

the network. We then compare the performance of the proposed approach to the existing

schemes and demonstrate its advantage with numerical results.

3.1 Introduction

A MARL system comprises individual entities that share and interact within the same

environment [9]. By this de�nition, a HetNet, which consists of irregular deployments

of di�erent classes of SCs, can be considered as a multi-agent system, where multiple

BSs and UEs share the available resources. The density of a HetNet and the complexity

of resource allocation sometimes lead to CCI scenarios. To solve this problem, resource

allocation and interference mitigation schemes that use MARL are introduced in the

literature. In [3], a multi-agent Q-learning algorithm that �nds the optimal femtocell

transmit powers in a two-tier HetNet is investigated. In [18], a dynamic resource allo-
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Figure 3.1: Reducing CCI with POT in a HetNet scenario.

cation algorithm using RL is proposed for UAVs, where all UAVs make their decisions

independently to minimize their total interference. In [50], the resource allocation problem

is tackled with deep RL in a multi-agent learning scenario. In [77], the authors formulate

three di�erent strategies based on deep Q-learning, convex optimization, and traditional

Q-learning to solve the strategy and resource allocation problem in MEC networks.

To address the CCI problem in wireless networks, POT, which exploit the intentional

frequency shifts and the pulse shape used in a multi-carrier scheme, are proposed in [16]

and [26].

The transmitted signal in one of the links in POT is shifted by an intentional FO

equal to a fraction of the frequency spacing between two tones (see Fig. 4.2). It was shown

in [16] that the intentional FO can reduce the interference between the links and thus

improve the throughput and error-rate performance if the orthogonality of the pulses

is compromised. POT converts a hard problem (i.e., CCI), to an easier problem (i.e.,

self-interference) that can be solved using an equalizer. Nevertheless, utilizing POT in a

large, multi-tier network is challenging as it requires sophisticated coordination.

In this chapter, we formulate CCI as a function of the transmit power levels, inten-

tional FOs, and the pulse shape used in each small cell, and introduce a newmulti-agent

Q-learning frameworkthat aims to reduce the overall CCI in the network. To the best

of our knowledge, MARL-based HetNet CCI mitigation considering simultaneously the
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waveform parameters and the transmit power for partial overlapping does not exist in the

literature. Combining both aspects reduces the CCI signi�cantly, which is corroborated

by our link-level and system-level simulation results. By using orthogonal and other non-

orthogonal schemes based on FMT, we analyze the impact of waveform adaptation on

interference. For assigning the intentional FO, we consider the e�ect of the pulse shape on

the CCI within the HetNet. We develop two reward functions and observe their conver-

gences for di�erent con�gurations. We also compare the capacity and BLER performance

of the proposed algorithm with full-overlapping and a state-of-the-art algorithm in [3].

3.2 System Model

Consider a HetNet downlink scenario withU cells, whereU � 1 SCs are deployed within

a macro cell. The transmitted signals from the small cell base stations (SCBSs) to their

small cell user equipments (SCUEs), and from the macro base station (MBS) to its MUE,

interfere with each other. For simplicity, we assume that each MUE within the MBS is

interfered by disjoint sets of SCBSs (other weak interference are neglected), and each SC

consists of a single pair of SCBS and SCUE. Therefore, the rest of this chapter considers

the collision domain betweenU � 1 SCs and a given MUE, and generalization to multiple

MUEs/SCUEs is left as a future work.

We consider a large-scale fading model between any transmitter and the receiver in

the uth cell for u 2 f 1; 2; :::; Ug as

P r
u = P t

u + K u � 10� u log10

� du

d0

�
�  u; (dB,) (3.1)

where P r
u = G2

u is the received power,Gu is the gain accounting for the channel e�ects

and transmit power of the desired signal,P t
u is the transmit power, K u captures the

attenuation and antenna characteristics in the link,� u is the path loss exponent,d0 is the

reference distance for the antenna far-�eld,du is the distance between the transmitter

and the receiver, and u represents log-normal shadowing [29].

We consider FMT for the transmitted signals from the SCBSs and the MBS. FMT

can be thought of as simultaneous narrow-band single carrier transmissions on di�erent

frequencies, where the spacing between any two adjacent transmissions in the frequency

domain is identical. Since FMT can be easily constructed as an orthogonal or a non-

orthogonal waveform by using di�erent pulse shapes, it can be e�ectively utilized with
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the concept of POT [16]. The transmitted FMT symbols can be described as

su(t) =
1X

l= �1

N � 1X

n=0

X u
ln gln (t); (3.2)

where X u
ln is the information symbol to be transmitted from theuth SC, l is the time

index, n is the subcarrier index,N is the total number of subcarriers, andgln (t) is the

synthesis function [17] that mapsX to the time-frequency domain in a lattice structure

as

gln (t) = p(t � l� 0)ej 2�n� 0 t ; (3.3)

wherep(t) is the prototype �lter being used, � 0 is the time spacing between two consec-

utive symbols and� 0 is the spacing between any two subcarriers. The received signal at

the receiver of theuth cell can be calculated as

yu(t) =
UX

i =1

Z

� i;u

hi;u (� i;u ; t)si (t � � i;u )dt + w(t) ; (3.4)

where hi;u (� i;u ; t) is the multi-path channel between the transmitter at thei th cell and

the receiver at theuth cell and w(t) is the additive white Gaussian noise (AWGN).

After using a matched �lter, the demodulated signal is obtained as~X u
mk = hyu(t); 
 mk (t)i ,

where 
 mk (t) = 
 (t � m� 0)ej 2�k� 0 t is the dual of the synthesis function at the receiver

[17]. Accounting for the desired part, the CCI and noise in~X u
mk as described in [16], the

signal-to-interference-plus-noise ratio (SINR) of the MUE can be calculated as

� MUE =
jGuAu

mkmk j2

I (1)
mk + I (2)

mk + � 2
; (3.5)

where

I (1)
mk =

�
�
�
�
�
Gu

K � 1X

l= � K +1

N � 1X

n=0

Au
lnmk

�
�
�
�
�

2

;

and

I (2)
mk =

�
�
�
�
�

X

i 6= u

Gi

K � 1X

l= � K +1

N � 1X

n=0

A i
lnmk

�
�
�
�
�

2

;

in which Gi is the gain accounting for the channel e�ects and transmit power of thei th

aggressor,X i
mk is the symbol of thei th aggressor,� 2 is the noise variance andAu

mkmk and

A i
nlmk represent the coe�cients obtained through the corresponding ambiguity functions
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of the desired signal and thei th aggressor, respectively, which can be calculated as:

A i
nlmk =

Z

�

Z

�

Z

t
gln (t � � )ej 2� � f i (t � � ) 
 mk (t)ej 2��t dtd� d�; (3.6)

where � f i is the intentional FO given to the i th aggressor. The SINR of an SC can be

calculated with a similar formulation.

From (5.7), it is clear that the intentional FO allocated to a user can in
uence the

interference and in turn the SINR. Fig. 4.2 describes the partial overlapping concept.

There are multiple SCs (aggressors) with one MUE (victim) nearby those aggressors:

interference to other, far-away MUEs are assumed weak and hence neglected. Assume

all users have the same transmitted powers. In the context of a HetNet, we consider

the macro-cell to be a victim with f f v1; f v2; :::; f vN g as the center frequencies of itsN

subcarriers. A SC re-using the same frequencies is considered to be an aggressor and

also hasN sub-carriers with center frequenciesf f a1; f a2; :::; f aN g. When we use partial

overlapping, one of the users' signal (aggressor's signal in this case) is shifted by a fraction

of the carrier spacing between two subcarriers to reduce the interference between the two

users. Thus, an intentional FO, i.e., � f i = � i (f a2� f a1), is given to thei th aggressor, where

� i is a fractional value between 0 and 1. When multiple aggressors enter the network,

each one of them can be assigned to an intentional FO to reduce the sum interference.

The pulse shape used in (5.7) determines the interference characteristics in (3.5). In

this study, we consider a RRC �lter with a roll-o� factor � , which leads to an orthogonal

waveform if the minimum normalized subcarrier spacing is 1 +� and a Gaussian �lter

with a time-frequency dispersion parameter� , which causes a non-orthogonal waveform.

For further details on �lters, we refer the reader to [17].

3.3 Proposed Q-Learning Algorithm

The primary objective of this work is to maximize the capacity of the MUE by �nding

the optimal frequency o�sets and transmit power levels for the interfering SCs, which

can be expressed as

max
p0

1 ;:::;p0
U

� 0
1 :::;� 0

U

log2(1 + � MUE ); s.t. p8i 2 (pmin ; pmax ); � 8i 2 (0; 1) ;
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wherepi is the transmit power of thei th interfering SC that can vary betweenpmin and

pmax and � i is the fraction of the carrier spacing between 0 and 1, i.e., the FO for thei th

SCBS.

In a traditional single-agent Q-learning algorithm, the agent goes through numerous

state-value iterations to observe long term rewards at di�erent states for di�erent actions

and optimizes for the action it should take in every state it reaches. In our system model,

however, we haveU � 1 SCBSs that will take their actions individually. Therefore, in

this chapter, we formulate a multi-agent Q-learning algorithm to solve this problem of

power and FO allocation to each SCBS. In a multi-agent system, each agent goes through

a similar iterative process but accounts for a global (or collective) reward function that

in
uences the actions of all the agents interacting within the environment [9]. In our case,

the collective reward is formulated to optimize the capacity of the MUE and minimize the

total interference in the network. We use the� -greedy method for training our algorithm

[47].

States: We use a set of three variables in our state, namely: 1)D1 - a variable

indicating the distance of the SC from the MBS, 2)D2 - a variable indicating the distance

of the SC from the MUE, and 3) 
 - a binary value indicating whether the SINR threshold

of the MUE is satis�ed or not. Mathematically, the state of each SC is described by the

set S = f D1; D2; 
 g. Our state formulation is similar to that in [3].

Actions: A SCBS can: 1) change its transmit power level (p), and 2) change its FO

(� ). The action that each SCBS takes can be represented by the setA = f p; � g.

In each time step of the simulation, each agent (or SCBS) will update its Q-value

while iterating through the action set in every state for exploring future rewards. For a

multi-agent Q-learning algorithm, the Q-value update is mathematically represented as

[9]:

Qt+1
i (x i ; ai ) = Qt

i (x i ; ai ) + �
h
Rt+1

i + 

�

max
a2A

Qt
i (x

t+1
i ; ai ) � Qt

i (x i ; ai )
�i

; (3.7)

where x i represents the state of thei th SCBS (x i 2 S), ai represents the action of the

i th SC, � is the learning rate,Rt is the reward calculated by thei th SCBS at time t, and


 is the discount factor that decides the trade-o� between exploration of future rewards

and exploitation of immediate rewards.

Reward: We consider two di�erent rewards to evaluate our algorithm. The �rst
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reward function prioritizes the improvement in the capacity of the MUE and is given by

Rt
1 = � 11(CMUE � C0) + � 12(Ct

i � Ct � 1
i ) ; (3.8)

where � 11 and � 12 are scalar values that are used to tune the reward function,CMUE is

the capacity of the MUE, C0 is the pre-de�ned threshold for the MUE, andCt
i is the

capacity for the i th SC at time instant t. The second reward function considers fairness

of the resources being allocated to the SCBSs using Jain's fairness index [36] and is given

by

Rt
2 = � 21(CMUE � C0) + � 22(Jp + J� ) ; (3.9)

where � 21 and � 22 are scalars to tune the reward function,Jp and J� are Jain's fairness

index values for the allocated transmit power and FOs respectively. The capacity for the

uth user (including MUE and SCs) is calculated as

Cu = log2

 

1 +
P r

u � 2
u

� 2
noise +

P
i P r

i � 2
i (� f i )

!

; (3.10)

where P r
u and P r

i are the received powers for the desired user and the interfering user

respectively,� noise is the variance in the noise in the channel,� u is the gain for the desired

user obtained after calculating singular value decomposition (SVD) of all the correlated

users in the interfering channel, and� i is the gain of thei th interferer (which is a function

of the FO assigned to it). The SVD is used to decorrelate the channels for the desired as

well as the interferer [70, 16].

3.3.1 System-Level Aspects

The steps to implement the proposed algorithm in a practical HetNet deployment are

given as follows: 1) Each SCBS counts its state variables D1 and D2 based on its location

with respect to the MBS and the MUE. Depending on whether the SINR of the MUE is

above or below the threshold, the third variable 
 of the state is then decided for every

SCBS. 2) Based on the state of an SCBS, it looks up the corresponding action values

from the pre-trained Q-tables and chooses the trained transmit power level and FO to

use. 3) If a new SCBS joins the network, the MBS has to update all the SCBSs since

the Q tables are trained separately for di�erent number of SCBSs in the network. 4) If

there are any mobile SCBSs, the latency between the MBS and the SCBS should be short

enough to track the state changes that may occur with the change in the location of the
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SCBS. In this study, we assume that SCBSs locations are �xed.

Latency

After the training is complete and the Q tables are generated, each SCBS would require

feedback from the MBS to update its state 
. This may cause additional latency in the

network, depending on how frequently the SCBS is programmed to update its state.

Since we consider stationary SCBSs and SCUEs, we do not consider latency constraints.

As long as an SCBS can identify its state correctly, it does not have to concern with

coherence time in a multi-path channel while assigning the transmit power level and FO

to the SCUE.

Overhead

Any overhead caused due to the proposed algorithm lies in the communication between

the MBS and all the SCBSs and storing their respective state values and Q tables. We

consider all the base stations and equipment to have su�cient computing power, for this

overhead to be negligible.

Convergence

We do not add any constraints for SCUEs to ease the burden on the RL algorithm

to converge without adding too many restrictions since the action space here is fairly

limited. While calculating the reward function, we do consider the improvement of SINR

for SCUEs as well, so that the MARL algorithm does not always choosepmin .

Fairness

To consider fairness in terms of the resources allocated to the SCs, we use Jain's fairness

index in (3.9) that allows the algorithm to allocate resources fairly to the SCs instead of

prioritizing for MUE performance. We discuss the implications of this and compare with

the other reward function in the next section.

Complexity & Optimality

We consider a multi-agent Q-learning framework that has to �nd the appropriate action

values from the set of possible actionsA for all the possible states in the setS for U
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number of small cells in the network in a distributed manner. The complexity of our

algorithm at each cell can be given byO(jSjjAj ), where j:j denotes cardinality of the set.

Q-learning has been proven to converge to the optimal solution in [64]. The algorithm

may at times converge prematurely with the� -greedy approach yet it is still used in

practice because it o�ers signi�cant time reduction in convergence.

3.4 Numerical Results

We assume that each MUE transmits with a physical resource block consisting ofK = 12

symbols andN = 12 subcarriers. The subcarrier spacing and the carrier frequency are set

to 16:67 kHz and 2 GHz, respectively. To simulate path loss between the MBS and the

MUE, and between the MUE and the SCUE, we use the urban dual strip path loss models

from [1]. The transmit power levels for the SCs vary frompmin = 5 dBm to pmax = 15

dBm in 10 steps. The fractional FO values are swept from 0 to 1 with increments of 0:1,

i.e., � 2 f 0; 0:1; 0:2; :::; 0:9g. For the � -greedy method, we start training with � = 1 and

decay it with time as � = � � e� 10� 6 t . For the deployment, we consider a dense urban

scenario with a dual strip apartment block, similar to the scenario being considered in [3].

In our simulations, the MUE is located approximately 140 m away from the MBS. The

MUE is in a corridor inside a building. The dimensions of the corridor are assumed to be

10 m� 50 m. Adjacent to the corridor on both sides are total ten rooms of dimensions

10 m� 10 m. Each room has one SCBS randomly placed within it and interfering at the

MUE. In all our simulations, the SNR between the MUE and the MBS is maintained to

be 20 dB, whereas the SNR for the SC changes according to its allocated transmit power.

As a measure of the time it takes for our proposed algorithm to converge, we provide

the number of iterations in Fig. 3.2. Our simulation runs until the reward function starts

converging to a constant value, for a given number of SCBSs in the network. We consider

three di�erent con�gurations of the scalar weightsW1 = f 1; 1g, W2 = f 10; 1g and W3 =

f 1; 10g for f � 11; � 12g in R1 in (3.8) and for f � 21; � 22g in R2 in (3.9) to observe how they

a�ect convergence. We �nd that our simulation does not converge to a single value when

using W3, so we exclude those plots. Fig. 3.2 shows how changing the scalar weights in

the reward function can a�ect the convergence of the algorithm. To show the e�ect of

changing the candidate solution space size on convergence, we consider two di�erent sized

action spaces (A i : f pi ; � i g) for training our algorithm. The action spaceA 1 is the one

described in the paragraph above andA 2 : jpi j = 2; � 2 f 0; 0:5g.
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Figure 3.2: Convergence of the algorithm in di�erent reward con�gurations.

In Fig. 3.3, we show the value of the reward function against the number of iterations

as our algorithm progresses. In this particular case, we have �ve SCs in the network fully

overlapping with the MUE, the reward function used isR2 and Gaussian �lter is used.

At every iteration, one SCBS chooses an action and the reward changes correspondingly.

Eventually, as all SCBSs explore all the possible action values, they all converge to take a

certain action that maximizes the reward function. Hence, these actions that the SCBSs

converge to are essentially determined by the formulation of the reward function.

In Fig. 3.4, we compare the capacity for the MUE obtained from the proposed algo-

rithm for a given number of interfering SCs under various simulation settings. One of the

settings is based on full overlapping, where all the SCs choose the maximum transmit

power level available to them (p = 15 dBm) and do not use POT (� = 0). The second plot

for comparison is a state-of-the-art algorithm proposed in [3]. As expected, the results in

Fig. 3.4 show that the full overlapping exhibits the worst performance. The algorithm we

compare to by Amiri et. al. in [3] uses a co-operative multi-agent Q-learning approach

to assign optimal transmit power levels to all interfering users in a two-tier HetNet. On

the other hand, our algorithm optimizes each SC for optimal transmit power as well as

FOs. The additional bene�ts of using POT in addition to the power control are clear

from the �gure since our proposed algorithm provides a higher capacity for the MUE.

Thus, our approach �nds a trade-o� for both actions of the SCs so that it improves the
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Figure 3.3: Tracing the reward function value in one simulation.

MUE capacity compared to any other simulation setting. For the proposed algorithm, we

use two di�erent con�gurations of the scalar weights for both of the reward functions.

When we give equal scalar weights, i.e.,f � 11; � 12g = f � 21; � 22g = W1, we achieve higher

capacity when R2 is used. Here we give equal weight to improving the MUE capacity

and to improve individual SCUE capacity if usingR1 or the fairness index if usingR2.

When we usef � 11; � 12g = f � 21; � 22g = W2 instead, the algorithm prioritizes improving

the capacity of the MUE, in turn achieving a higher performance.

In Fig. 3.4, we compare the proposed algorithm by using the two di�erent prototype

�lters, i.e., Gaussian (non-orthogonal) and RRC (orthogonal). FMT with a Gaussian

�lter outperforms the one with RRC in all simulation settings. Even in the presence

of self-interference due to the non-orthogonality of the pulse shapes, by allowing the

transmission to �t more subcarriers for a given bandwidth, Gaussian �lters lead to a

lower CCI. These results also corroborate with the �ndings in our previous results in

[22].

We compare the proposed method in terms of the BLER of the MUE in Fig. 3.5.

Using f � 11; � 12g = f � 21; � 22g = W2 during training prioritizes the capacity improvement

of the MUE, the result of which is evident again here. When usingR1 with f � 11; � 12g =
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Figure 3.4: MUE capacity vs. the number of small cells.

W1, the instantaneous change in the SCUE capacity can be negative which sometimes

causes negative reward values, eventually leading to non-ideal values for power and FO

allocation. We use the Extended Pedestrian A model (EPA) for characterizing multi-

path channel between the MBS and MUE. For the channel between the SCs and MUE,

we use the ITU channel model for an indoor o�ce [55]. All simulations have �ve SCs

interfering with the MUE and consider quadrature phase shift keying (QPSK) modulated

FMT symbols. At the receiver, we use a maximum likelihood sequence estimation (MLSE)

equalizer. We also use a rate 1=2 low-density parity check (LDPC) code, where the parity

check matrix is generated according to the DVB-S.2 standard.

To observe the e�ect of the two reward functions on the performance of the SCUEs, we

compare the average cumulative distribution function (CDF) of the BLER at the SCUE

in Fig. 3.6. UsingR2 with equal scalar weights provides better performance than other

con�gurations shown in the plot. Since usingf � 11; � 12g = f � 21; � 22g = W2 prioritizes

power and FO allocation to improve MUE performance, the SCUE performance su�ers

as SCUEs are assigned the same FOs in some cases and they fully overlap with each

other.
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Figure 3.5: BLER vs.Es=N0 at the MUE (Fading channel).

3.5 Conclusion

We propose a multi-agent Q-learning approach to mitigate interference in a HetNet that

accounts for the PHY waveform being used, POTs and transmit power control of SCs.

Our simulation results show superiority in throughput performance compared to a state-

of-the-art algorithm. Since the action space of our algorithm is larger, this superiority

comes at a cost of higher computational complexity. The proposed algorithm can be

extended to a larger scenario that accommodates multiple tiers of layers in the HetNet

and incorporates a deep-Q learning-based algorithm, which will potentially reduce the

training complexity while allowing us to rede�ne the states to be based on exact locations

of the agents.
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Figure 3.6: CDF of the BLER at the SCUE.
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Chapter 4

Learning-Aided Spectrum Sharing

for 3D IoT Networks Exploiting 3D

Antenna Patterns, Partial

Overlapping Tones, and Power

Control

Driven by the rapid proliferation of the Internet of Things (IoT) technologies, managing

interference emerges as a crucial challenge, especially with the increasingly dense deploy-

ment of IoT devices. The addition of aerial elements such as UAVs in the IoT wireless

networks complicates the interference dynamics further due to the distinct characteris-

tics of 3D environments. In this chapter, considering FMT multi-carrier waveforms, we

propose a novel 3D spectrum sharing strategy between aerial and ground IoT nodes.

Our approach uses POT coupled with TPC and DS, to e�ectively mitigate interference

in scenarios with multiple IoT pairs competing for the same frequency resources. At the

core of our approach is an o�ine MAQL algorithm, tasked with the intelligent adaptation

of frequency o�sets (FOs), transmit power levels, and antenna dipole selection. After the

MAQL algorithm converges using an� -greedy approach, we obtain an optimized policy

that enhances the sum capacity of the network. Our numerical results show that the

proposed 3D interference mitigation approach provides signi�cant sum capacity gains

compared to other existing approaches reported in the literature.
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4.1 Introduction

The evolution of wireless network technologies is perpetually driven by the growing re-

quirements for throughput and an enhanced quality of service (QoS) in response to the

exponential growth in wireless devices. In this hyper-connected era, the IoT emerges as

a frontier technology, characterized by its acceleration and enabling interconnection of

billions of devices in the imminent future. IoT apparatuses, potentially clustered with a

density at the scale of thousands of units per square kilometer, present a paradigm shift

in network topologies and operational dynamics. According to [28], the total number of

global IoT connections is expected to increase from approximately 13.2 billion in 2022 to

34.7 billion in 2028. Such dense, uncoordinated networks will create intricate challenges,

notably in spectral e�ciency and throughput optimization, given the complex multi-user

interference scenarios they may encounter, and the cost complexity and size limitations

of IoT devices.

Considering the recent advances in wireless IoT networks, the scope of the coverage

area has extended to 3D space considering the substantial gains that can be achieved in

terms of mitigating interference and subsequently improving the data rates, as opposed to

the traditional 2D terrestrial networks [48]. For example, UAVs have emerged as enablers

of several future applications for wireless communications. An example of a dense IoT

network with aerial nodes is shown in Fig. 4.1. In this network, there are simultaneous

ground-to-ground (G-to-G) and ground-to-air (G-to-A) links in the same environment. In

3D networks, it is critical to consider the impact of the 3D radiation pattern on the link

quality [38] and interference. For example, dipole antennas used in common IoT devices

do not provide uniform antenna gain in the elevation angle domain, unlike the azimuth

angle domain. Furthermore, the radiation pattern can vary depending on the orientation

of the dipole antenna [21]. The horizontally oriented dipole antenna pattern can give

high antenna gain to the high-altitude aerial devices and low interference signal power to

the ground devices. In [45], the mixed orientations dipole antenna setup at the ground

transmitters is shown to improve the achievable sum rate of the aerial IoT networks.

POTs have emerged as a prominent technique to alleviate the CCI challenges inherent

in uncoordinated networks. By introducing a distinct FO for individual links, equivalent

to a fraction of the frequency spacing between adjacent subcarriers, POT can reduce

the multi-user interference across interfering links. For optimal e�cacy of POT, the

PHY prototype �lter being used plays a crucial role [16]. Thus, by allowing the use

of the spectrum between two adjacent tones, POT provides an additional dimension for
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Figure 4.1: A dense IoT network with multiple interfering links.

mitigating interference in wireless networks.

In this chapter, we develop ano�ine MAQL algorithm to mitigate interference in

3D networks. We use POTs, TPC, and antenna DS as the three action parameters which

may be dynamically adjusted to reduce the interference. Since the algorithm is trained

beforehand and available to all the users within the network, there is no time delay in

assigning appropriate action values given the states of all the nodes within the network.

For POT, we consider FMT, which is a subset of �lter-bank multicarrier (FBMC), that

allows for every subcarrier to be �ltered individually while allowing complex modulation

symbols [60], forming a grid-like structure in the time-frequency plane that partially over-

lapping subcarriers can exploit. We demonstrate the bene�t of the proposed algorithm

using extensive numerical results.

The rest of the chapter is organized as follows. We discuss the existing literature

related to our work in Section 4.2. In Section 5.2 we describe the system model and all

the related aspects. In Section 4.4 we introduce the joint use of POT, DS, and TPC for

interference mitigation in 3D networks. In Section 4.5 we describe the formulation of our

MAQL algorithm. We demonstrate the bene�ts of the proposed algorithm in Section 4.6

using computer simulations, and we conclude the chapter and discuss �nal remarks in

Section 4.7.
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4.2 Literature Review

Several existing works in the literature have studied the e�ect of the antenna radiation

pattern on performance. An analytical model for capturing the e�ects of the 3D radiation

pattern and the orientation of the dipole antenna is proposed in [12], which studies

practical massive multiple-input-multiple-output (MIMO) systems for cellular-connected

drone communications. The authors propose the 3D space antenna �eld pattern and the

polarization model with single and cross-dipole antennas. The e�ect of the orientation

of the dipole antenna is considered as well. Randomly oriented cross-dipole antennas

for multiple antenna ground stations are found to resolve the concern of polarization

mismatch and the antenna radiation pattern.

The e�ect of the vertical and horizontal orientations of dipole antennas in ground-

to-air communication links has been studied experimentally in [38, 6] and analytically

in [62, 45]. In [38], two di�erent antenna orientation experimental setups for a receiver

dipole antenna are compared in path loss and channel impulse response (CIR) modeling.

The impact of the placement of the antenna mounted in a drone for the Rician K-factor

is investigated in [6]. In [62], the performance of time-di�erence-of-arrival (TDOA)-based

localization of UAVs using ground sensors combined with the vertical and horizontal

orientations of the dipole antenna pattern is explored. The interference mitigation by 3D

radiation pattern using a cross-dipole antenna in aerial IoT networks is proposed in [45],

the authors show that the diversity of antenna patterns due to the orientation of dipole

antenna can improve the sum capacity of the 3D space networks, especially when the

height of the aerial IoT devices becomes higher.

In [16], the concept of POT is introduced. In POT, interference energy observed at

a victim receiver is mitigated by partially overlapping the individual subcarriers via an

intentional carrier frequency o�set between the links. It is argued that the self-interference

arising due to the use of POT can be more easily addressed than the dominant other-user

interference, potentially yielding higher spectral e�ciencies with POT.

The related research on POT in the literature is largely based on using partially

overlapping channels (using all the available spectrum) to improve throughput in wireless

networks. For instance, partial overlapping channels are used in [66] to improve the

throughput in a remote wireless device-to-device (D2D) network using UAVs, in [25] by

broadly considering wireless mesh networks (WMNs) scenarios, and in [84] for a WMN

scenario speci�c to IoT devices. However, these studies do not consider the e�ect of

the waveform used in the PHY. Individual subcarriers and several di�erent types of
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Table 4.1: Literature review

Ref. Description Learning
Technique

Prototype
Filter/
POT

Dipole
Selection

Transmit
Power
Control

3D
Wireless
Network

[3] Learning-based power control in two-tier
HetNets.

MAQL 7 7 3 7

[23] RL-Based POT and TPC Adaptation in
HetNets.

MAQL 3 7 3 7

[77] Hybrid approach: deep Q-learning
(DQN) to learn o�oading strategy and
Q-learning for resource allocation in mo-
bile edge computing (MEC) networks.

DQN,
Q-learning

7 7 7 7

[18] Formulate resource allocation in cellular
networks as a stochastic game and solve
using multi-agent reinforcement learn-
ing.

MAQL 7 7 3 3

[50] Deep reinforcement learning for power
allocation

Deep
Q-learning

7 7 3 7

[46] Deep reinforcement learning for beam-
forming, power control and interference
coordination in cellular networks.

Deep
Q-learning

7 7 7 7

[78] Optimizing resource allocation in Het-
Nets using deep Q-learning.

MAQL 7 7 3 7

[72] Power allocation in UAV-assisted emer-
gency wireless networks.

Deep
Q-learning

7 7 3 3

[45] Low complexity interference mitigation
scheme using antenna dipole selection.

N/A 7 3 7 3

[83] Optimizing power control for interfer-
ence mitigation in HetNets.

Multi-
agent
deep RL

7 7 3 7

[41] Joint scheme for interference alignment
and subchannel allocation in ultra-dense
wireless networks

Graph the-
ory

7 7 7 7

[20] Optimizing resource allocation in UAV
deployment

Multi-
agent
RL

7 7 3 3

[11] Path planning algorithm in a cellular
network with UAVs.

Deep RL 7 7 3 3

[84] Partially overlapping channels for capac-
ity enhancements in an IoT network.

N/A 3 7 7 7

[16] POT for interference mitigation in unco-
ordinated networks.

N/A 3 7 7 7

[12] Analytical modeling for the 3D radia-
tion pattern and orientation of dipole an-
tenna.

N/A 7 3 7 3

[62] Analysis of the impact of antenna dipole
pattern on the accuracy of localization.

N/A 7 3 7 3

[38] Experimental evaluation of antenna ori-
entation in terms of path loss and chan-
nel response

N/A 7 3 7 3

[6] Experimental analysis on the impact of
the placement of the antenna mounted
in a drone.

N/A 7 3 7 3

This
work

Multi-agent learning to optimize power
control, partial overlapping of PHY pro-
totype �lter, and antenna dipole selec-
tion in 3D networks.

Multi-
agent
Q-learning

3 3 3 3
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waveforms are considered in [16], which lays a theoretical foundation for the detailed

analysis of POT.

More recently, machine learning (ML) based approaches for interference mitigation

have become popular to improve system performance. In wireless networks, RL is also

commonly used to solve resource allocation [75, 80] and power allocation problems [4].

For example, in [75], the energy e�ciency maximization problem of a hybrid-powered

dense network is studied, considering an actor-critic RL technique. In [80], the authors

introduce RL-based decentralized resource allocation techniques while taking strict delay

constraints into account inherent in vehicle-to-vehicle networks. A distributed RL algo-

rithm is utilized for maintaining fairness and quality of service in dense heterogeneous

networks in [4, 61, 8]. In [46], authors propose a deep Q-learning-based algorithm that

solves an optimization problem considering power control, beamforming, and interference

coordination for sub-6 GHz and above-6 GHz bands. In Table 4.1, we summarize some

of the recent works exploring ML-based as well as traditional approaches for resource al-

location and interference mitigation and compare them to our present work to highlight

our key contributions.

4.3 System Model

In this study, we consider a dense IoT network with a mix of aerial and terrestrial devices

as shown in Fig. 4.1. The transmitter (Tx) and receiver (Rx) pairs are distributed in 3D

space. We consider that all the transmitters are terrestrial devices whereas the receivers

may be aerial or terrestrial. We assume that there is no central entity, e.g. a base station,

controlling the resource management for these links. An example of such an IoT network

is an agricultural IoT scenario, where UAVs are used to collect data from sensors on

the ground, and there may be other G-to-G links operating simultaneously in the same

spectrum.

4.3.1 3D Topology Based Path Loss Model

The key characteristics of a wireless channel between a transmitter and a receiver can be

modeled using the path loss, fading model, and antenna gain. To model the path loss,

let the Cartesian coordinates of theuth transmitter be (xTx
u ; yTx

u ; zTx
u ) and similarly the

Cartesian coordinates of the receiver be (xRx
u ; yRx

u ; zRx
u ). Now, the 3D distance between
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the transmitter and receiver of theuth pair can be given as

d3D
u;u =

p
(xTx

u � xRx
u )2 + ( yTx

u � yRx
u )2 + ( zTx

u � zRx
u )2: (4.1)

Using this distance, the free space path loss (FSPL) can be modeled as

FSPL (dB) = 10 log10

�
� f

u;u

�
= 20 log10

 
4�d 3D

u;u

�

!

; (4.2)

where � is the wavelength of the signal (in meters). Further, to model the small-scale

fading, we consider� f as the fading coe�cient and denoteGTx
u and GRx

u as the antenna

gains for theuth transmitter and uth receiver respectfully. The channel coe�cientgu;u

is then given by

Gu;u = � f
u;u

q
PuGTx

u =(� f
u;u )GRx

u ; (4.3)

wherePu is the signal power from the transmitter.

4.3.2 Path Loss Considering LoS/NLoS Probability

The path loss in a ground-to-air (G-to-A) link within a speci�c environment, whether it

be suburban, urban, or densely urban, can be profoundly in
uenced by the probability

of line of sight (PLoS). This probability is primarily governed by the presence of various

structures in the environment, such as buildings, trees, and other obstacles. To accurately

account for the PLoS in the path loss calculations for such scenarios, the international

telecommunication union (ITU) has proposed statistical models, as documented in ref-

erence [35]. These models provide a valuable framework for estimating the likelihood of

achieving a direct line of sight between a ground-based transmitter and an aerial receiver,

such as a UAV. By incorporating these models into our analysis, we can better under-

stand and optimize wireless communication systems operating in complex and obstructed

urban environments.

PLoS =
mY

n=0

2

6
41 � exp

0

B
@�

h2
�

1 � (n+1 =2)
m+1

� 2

2
 2

1

C
A

3

7
5 ; (4.4)

where m = 
oor( r
p

�� � 1), r is the ground distance between the transmitter and

receiver.

The PLoS in (4.4) has been simpli�ed in [2] to a Sigmoid function using the following
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approximation

PLoS =
1

1 + a1 exp
�
� a2

�
180�

� � a1
�� ; (4.5)

wherea1 and a2 are determined by the environment. Theoretical analysis related to the

ergodic achievable rate for the above-discussed scenario has been studied in [45] without

considering multi-carrier waveforms or learning-enabled interference mitigation.

4.4 3D Spectrum Sharing with Terrestrial and Aerial

Links

In this section, we discuss three key aspects that can enhance spectrum sharing and

interference mitigation in 3D IoT network, which are partially overlapping tones, antenna

dipole selection, and transmit power control. We discuss how each aspect helps to improve

the overall system performance and why all should be considered simultaneously as action

parameters in our proposed MAQL framework.

4.4.1 PHY Prototype Filters

Consider K p links uniformly distributed in an area where each link consists of a Tx

and an Rx. AmongK p links, consider any one to be a link of interest with indexu for

u 2 f 1; :::; K pg. The rest of the Tx are then considered to beaggressorsand the Rx of

the link of interest is the victim. We model the transmitted signal from the Tx of theuth

link as

su(t) =
1X

l= �1

N � 1X

n=0

X u
ln gln (t); (4.6)

where X u
ln is the information symbol to be transmitted from theuth Tx, l is the time

index, n is the subcarrier index,N is the total number of subcarriers, andgln (t) is the

synthesis function [17] that mapsX to the time-frequency domain in a lattice structure

as gln (t) = p(t � l� 0)ej 2�n� 0 t , where p(t) is the prototype �lter being used, � 0 is the

time spacing between two consecutive symbols and� 0 is the spacing between any two

subcarriers.

The received signal at theuth Rx can be calculated as

yu(t) =
UX

i =1

Z

� i;u

hi;u (� i;u ; t)si (t � � i;u )dt + w(t) ; (4.7)
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wherehi;u (t) is the channel impulse response between the desired Rx ofuth pair and Tx

of i th pair (one of which is the desired signal),si (t) is the transmitted signal from the Tx

of the i th pair, and w(t) is the additive white Gaussian noise (AWGN). The information

symbol ~X u
mk can be obtained by calculating the projection ofyu(t) onto the analysis

function 
 mk (t) = p(t � m� 0)ej 2�k� 0 t as [17]

~X u
mk = hyu(t); 
 mk (t)i ; (4.8)

where m and k are the time and subcarrier indices at the receiver, respectively. By

grouping terms related to the interference, (5.5) can be written as

~X u
mk =

desired symbol
z }| {
X u

mk Au
mkmk +

self-interferencez }| {
K � 1X

l= � K +1

N � 1X

n=0

X u
mk Au

lnmk

+
X

i 6= u

K � 1X

l= � K +1

N � 1X

n=0

X i
mk A i

lnmk

| {z }
co-channel interference

+ Wu|{z}
AWGN

: (4.9)

where Gu and Gi are the channel gains at the desired signal and thei th aggressor,

respectively, X i
mk is the symbol of the i th aggressor,Au

mkmk and A i
nlmk represent the

coe�cients obtained through the corresponding ambiguity functions of the desired signal

and i th aggressor, respectively, which can be calculated as [16]:

A i
nlmk =

Z

�

Z

�

Z

t
gln (t � � )ej 2� � f i (t � � ) 
 mk (t)ej 2��t dtd� d�; (4.10)

where � f i is the intentional FO given to the i th aggressor.

For POT, the amount of CCI and the amount of self-interference (SI) in (4.9) are

adjusted though � f i . By sacri�cing the orthogonality of the pulses on the desired link

through more time-dispersive �lters, an intentional FO prevents aggressors' transmit

pulses from fully overlapping with the receiver �lters. Hence, it can reduce CCI even if

the pulses are not aligned in time, which results in higher throughput for Tx-Rx links.

In Fig. 4.2, we show an example for POT using non-orthogonal �lters. In this case, there

are two links, namely link 1 and link 2 that are partially overlapping. In this case, �f i is

half of the carrier spacing. For a large network, the assignment of the FOs for each link

should be chosen such that the capacity of the entire network should be optimized. Also,
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Figure 4.2: An example case of POT between a pair of IoT links.

the parameters of the �lters need to be optimized as they also a�ect the SI, as can be

seen from (5.7).

Prototype Filter Gain

Upon careful observation of all the four elements in (4.9), it can be noted that the gain

for the desired part of the symbol (GPOT
u;u ) is

GPOT
u;u = jAu

mkmk j; (4.11)

whereas the gain for self-interfering part (GSI
u;u ) and the gain for the i th interfering link

(GCCI
u;i ) are expressed as

GSI
u;u = jAu

lnmk j; (4.12)

GCCI
u;i = jA i

lnmk j; (4.13)

Further, we have seen in (5.7) that partial overlapping can signi�cantly impact the

ambiguity function. Thus, partial o�sets applied to the di�erent interfering links will play

a key role in the gain obtained for the desired as well as undesired parts of the signal.
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(a) Y-axis dipole. (b) Z-axis dipole.

Figure 4.3: Dipole �eld pattern in Cartesian coordinates.

Gaussian Prototype Filter

In our previous works [22] and [23], we have shown that using the Gaussian non-orthogonal

�lter provides the best performance in terms of interference reduction between partially

overlapping users when compared against orthogonal (RRC) and hybrid (IOTA) PHY �l-

ters [17]. Hence, in this work, we use only the Gaussian �lter in our simulations. Gaussian

�lters can be mathematically expressed as follows:

p(t) = (2 � )1=4e� ��t 2
; (4.14)

where� is the parameter that controls the dispersion of the Gaussian pulse (0< � � 1)

in time as well as frequency domain. The smaller the value of� , the more dispersion it

has in the time domain. For� = 1, the �lter is isotropic in both time and frequency.

4.4.2 Antenna Radiation Patterns

We consider two dipole patterns that every link can choose from, namely, y-axis dipole

and z-axis dipole. In Fig. 4.3(a) and Fig. 4.3(b) we show the normalized antenna �eld

pattern (Fy or Fz) for the y-axis dipole and z-axis dipoles respectively. Comparing the

gains provided by both patterns, a link (Tx and Rx) may choose the appropriate pattern

that provides the highest gain. If the y-axis dipole is used, the normalized antenna �eld
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pattern (Fy) can be given by [45]:

Fy (�; � ) =
cos

�
�
2 cos (cos� 1 (sin (� ) sin (� )))

�

sin (cos� 1 (sin (� ) sin (� )))
; (4.15)

where � is the elevation angle and� is the azimuth angle. It can be noted from (4.15)

that the gain from using the y-axis dipole depends on both� and � . For the z-axis dipole,

on the other hand, the �eld pattern is shown to be [45]:

Fz(� ) =
cos

�
�
2 cos (� )

�

sin (� )
: (4.16)

Depending on the spatial positioning of the Rx in a link, choosing one dipole pattern

may provide additional gain in terms of improving the SINR, as has been shown in [45].

Moreover, the chosen dipole pattern not only increases the signal strength for the desired

Rx, but it may also diminish the interference strength for another interfering link. This

property combined with low complexity and low cost of implementation makes DS an

attractive approach for interference mitigation in aerial IoT nodes. Now, the gain from

using DS is de�ned as in (4.3), and if we assume an omnidirectional antenna at the Rx,

GRx
u = 1. Considering unit transmit power, the gain from DS for theuth link can be

reduced to:

GDS
u;u = � f

u;u

q
GTx

u =(� f
u;u ) ; (4.17)

whereGTx
u = Fy (�; � ) in (4.15) or GTx

u = Fz(� ) in (4.16) depending on the choice of the

dipole in DS.

4.4.3 Transmit Power Control

TPC can help to manage the severe interference in dense IoT networks with high fre-

quency reuse. In TPC, the transmit power of a Tx is meticulously calibrated to best �t

the objective, i.e., to reduce interference and improve sum capacity of the network. TPC

may also address other issues such as the near-far problem that is common in wireless

uncoordinated networks, and enable frequency reuse within a network for two links su�-

ciently far from each other. More speci�cally for IoT networks, however, TPC may allow

for extended life of battery powered IoT devices for which power conservation is a critical

constraint.

In this work, we implement TPC by usingLp discrete power levels for each Tx in the
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network. Based on the speci�c scenario and where all the IoT nodes are placed, each Tx

may adapt the power level to help improve the sum capacity of the network.

4.4.4 SINR Formulation

We have calculated the gains from POT and DS in a link in (4.11) and (4.17), respectively.

Using these derivations, the SINR for a desired link (�u) may be calculated as

� u =
Pu

�
GDS

u;u

� 2 �
GPOT

u;u

� 2

Pu
�
GSI

u;u

� 2
+

P
i 2 � Pi

�
GCCI

u;i

� 2 �
GDS

u;i

� 2
+ Wu

; (4.18)

where � represents the set of interfering links,Pu and Pi are the transmit powers of the

desired signal and thei th interfering signal after TPC, respectfully, GDS
u;i is the antenna

dipole gain for thei th interfering signal.

Based on (4.18), it can be said that all the three adaptation mechanisms we have

discussed earlier in this section, namely the POT, DS and TPC, play a crucial role in

the SINR of a link. However, evaluating the optimal value of all three variables for each

link from all their possible combinations can be very complicated and computationally

demanding. Considering that we are dealing with IoT networks which may be limited in

computational power and battery life, reducing the complexity in �nding the appropriate

actions for the three variables becomes imperative. Hence, we formulate an o�ine MAQL

problem for our scenario which we will discuss in the next section.

4.5 Multi-agent Q-learning Framework

In this study, we consider multi-agent Q-learning to address the interference mitiga-

tion problem in 3D IoT networks, by exploiting the di�erent dimensions described in

Section 4.4. Q-learning is a model-free RL algorithm whose learned decision policy is

determined by state-action value functionQ [74], which estimates long-term discounted

rewards for each state-action pair.

The study of multi-agent systems within the �eld of reinforcement learning (RL)

introduces unique challenges and opportunities. Unlike the traditional RL settings where

a singular agent interacts with an environment, multi-agent Q-learning considers multiple

agents that co-exist within a shared environment. Depending on the scenario, these agents

may compete, cooperate, or simply coexist in the environment. Managing multiple agents
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within the same environment adds a layer of complexity, as the action of any agent

in
uences the state transitions and consequently the rewards of others, leading to a

dynamic where the optimal strategy for one agent often depends on the strategies adopted

by others.

The multi-agent Q-learning algorithm extends the classical Q-learning framework.

For each agent, the Q-value, represented asQ(s; a), captures the expected cumulative

reward of taking actiona in state s. The di�erence here is the inherent assumption that

the environment is no longer stationary due to the presence of other learning agents.

Consequently, agents need to account for the strategies of their peers when updating

their Q-values.

Mathematically, the update rule for multi-agent Q-learning for a given agent can be

represented as:

Qnew(st ; at )  (1 � � )Qold(st ; at ) (4.19)

+ �
�
Rt + 
 max

a02A
Qold(st+1 ; a0)

�
;

wherest and st+1 are the current and next state, respectively,at is the action taken at

state st , Rt is the reward for taking actionat at state st , � is the learning rate,
 2 [0; 1)

is the discount parameter, andA is the set of possible actions. Notably, this equation

does not factor in the explicit actions of other agents, implying that each agent learns

implicitly about the others through changes in the environment.

After the training process, the algorithm converges to optimal Q-values for each state-

action pair [74], Q� (s; a) and the optimal policy can be obtained by acting greedily in

every states as

� � = arg max
a2A

Q� (s; a) : (4.20)

In the remainder of this section, we will de�ne the rewards, states, and actions de�ned

for MAQL in our 3D IoT scenario.

4.5.1 Reward Functions

We consider three di�erent reward functions in our study. Each of these rewards is de�ned

so as to improve the ergodic rate in some aspect. Moreover, we assume that the IoT

network will have a central entity (e.g. LoRa gateway) that may transfer information

about the total number of links present in the network to all the pairs.
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The �rst reward function Ri
1;t is de�ned for the i th link in the network, for i 2

f 1; 2; :::; K pg and it tries to improve the ergodic rate of its pair. We refer to this type of

learning asgreedy learning, and Ri
1;t is mathematically represented as

Ri
1;t = � 11

�
C i

t � � 12
�

; (4.21)

where � 11 and � 12 are scalar parameters that may be tuned to optimize the learning

performance. The second reward functionR2;t accounts for the sum ergodic rate of the

entire network. Correspondingly, it is mathematically represented as

R2;t = � 21

" K pX

i =0

C i
t � � 22

#

; (4.22)

where� 21 and � 22 again are scalar hyper-parameters that may be tuned to optimize the

learning performance.

Finally, we formulate a reward function that targets improving the sum capacity of

the entire network at any given iteration during the learning phase by comparing the

current sum ergodic rate at the current instantt to the previous instant (t � 1):

R3;t = � 31

" K pX

i =0

C i
t �

K pX

i =0

C i
t � 1

#

; (4.23)

where � 31 is the only hyper-parameter. Due to the nature of the reward functions, we

name Q-learning usingR2;t and R3;t as \collective learning".

After the training phase is over, a Tx-Rx pair can look up the ideal action based

on the given state. The state and action formulation are described in the subsequent

subsections.

4.5.2 States

In a multi-agent system, the state of an individual agent may directly a�ect the perfor-

mance of the entire system, especially since all pairs reuse the same frequency resources.

Moreover, the distance between a TX and any particular RX determines the strength of

the signal as well as the interference in the wireless network. Taking this into account,

we de�ne the states depending on the location and positioning of the nodes in a pair. To

de�ne the state, we formulate the following distance parameters:
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ˆ Distance parameterdi ; i 2 f 0; 1; : : : dmaxg that will quantize the two-dimensional

ground distance between a transmitter and the corresponding receiver uniformly.

ˆ Height parameterhi ; i 2 f 0; 1; : : : hmaxg that will quantize the height of the UAV

(receiver) with respect to the ground (transmitter) uniformly.

The total number of combinations of each of these two variables can be denoted by

Nc = ( dmax + 1) � (hmax + 1). Now, let M denote a matrix of sizeNc � 2 where we collect

all the possible combinations for these two variables. The distance parameters of each

of the K p pairs can be represented by an index �i , which is a row ofM . A vector of

all the indices of theK p pairs in the system is considered to be the state of the system.

Mathematically, for a network with K p pairs, this state can be represented by

S = f � 1; � 2; : : : ; � K p g: (4.24)

4.5.3 Actions

Based on the current state, an agent can take one of the following actions:

ˆ Change CFO (� f ): The agent can change its intentional fractional CFO to reduce

interference.

ˆ Change power level (p): The agent can change its power level to reduce interference

with the other agents.

ˆ Dipole pattern (f d): The agent can choose between the two dipolesFz and Fy to

change its 3D antenna radiation pattern to reduce interference with other agents.

The exploration-exploitation trade-o�, fundamental to all RL algorithms, gains a

new dimension in multi-agent scenarios. Strategies like� -greedy, for instance, need to be

adapted to this context, considering the intertwined learning paths of the agents.

4.5.4 The � -greedy approach

One of the predominant strategies employed in multi-agent Q-learning is the� -greedy

approach, a method that delicately balances between the exploration of the state-action

space and the exploitation of current knowledge [64]. The� -greedy strategy operates un-

der the premise that while an agent primarily exploits the best available option|choosing
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Table 4.2: Simulation parameters for the considered 3D IoT network scenario.

Parameter Value

Center frequency (f 0) 915 MHz

Bandwidth 200 KHz

SNR 20 dB

Minimum radius of the circle
on the ground plane (m0)

10 m

Maximum radius of the circle
on the ground plane (mmax )

100 m

the action with the highest Q-value|it occasionally, with a probability denoted by � , ex-

plores other actions. This probability ensures a diverse exposure to the state-action space,

thereby preventing the premature convergence to suboptimal policies. The approach is

formally represented as follows:

at =

8
<

:

Random action with probability �;

arg max
a

Q(st ; a) with probability 1 � �:
(4.25)

In a multi-agent learning context, the implications of the� -greedy strategy are pro-

found, especially for the 3D IoT scenario in this chapter. When multiple agents interact

within a shared environment, the exploration by one agent could lead to state transitions

that provide informative feedback for other agents. This interplay introduces complex

dynamics, as the randomness implied by� -exploration from numerous agents contributes

to an ever-evolving landscape, where each agent's learned policy continually adapts to

the actions of others. Moreover, the collective exploration facilitated by the� -greedy ap-

proach ensures a comprehensive assessment of the state-action space in scenarios where

the agents' policies are interdependent, thus fostering robustness in the learned poli-

cies. This characteristic is particularly vital in environments with high-dimensional state

spaces or intricate inter-agent dynamics, where the probability distribution of taking

certain actions a�ects the learning process and performance of all agents involved.

Moreover, the collective exploration facilitated by the� -greedy approach ensures a

comprehensive assessment of the state-action space in scenarios where the agents' policies

are interdependent, thus fostering robustness in the learned policies. This characteristic

is particularly vital in environments with high-dimensional state spaces or intricate inter-
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Figure 4.4: 3D topology of the IoT network with one Tx-Rx pair.

agent dynamics, where the probability distribution of taking certain actions a�ects the

learning process and performance of all agents involved.

4.6 Simulation Results

4.6.1 Simulation Setup

All of the simulation results presented in this section are generated using the relevant

MathWorks toolboxes. We consider �ve Tx-Rx pairs in the wireless network reusing the

same frequency resources. Fig. 4.4 demonstrates the placement of the Tx and Rx nodes

for an example case with a terrestrial Tx node and an aerial Rx node. As can be seen from

the �gure, the terrestrial as well as the aerial node is placed with a uniformly distributed

azimuth angle � . The radius r for the aerial as well as the terrestrial nodes is selected

according to a uniform distribution such that r0 � r � rmax . The elevation angle (� )

for the aerial receiver can be expressed as� = tan � 1( r
h ). For the results shown in this

chapter, r0 = 10 m and rmax = 100 m. Moreover, the aerial Rx is �xed at (0; 0; h) whereh

represents the height. We consider three �xed heights for the UAV receivers in our results,

namely, 50 m (low altitude), 150 m (medium altitude), and 400 m (high altitude) for fair
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(a) Convergence ofR1 (b) Convergence ofR2 (c) Convergence ofR3

Figure 4.5: Reward values versus time for all three cases indicating eventual convergence.

comparison with the results in [45]. Other simulation settings are listed in Table 4.2.

The FBMC grid used for data transmission considers bursts ofK = 12 subcarriers

and N = 12 time domain symbols being transmitted continuously. The prototype �lter

used for FBMC is a Gaussian �lter as shown in (4.14), with� = 0:1.

While forming the states for the MAQL algorithm, we usedmax = hmax = 8. Thus

the two-dimensional distance and the height are each divided into nine discrete levels,

making a total combination of 81 states for each of the pairs. For the three actions, the

following range of values are considered -

ˆ POT : Choose from the ten equally spaced fraction valuesf 0; 0:1; 0:2; : : : ; 0:9g.

ˆ TPC : Choose from ten equally spaced values between 5 dBm to 30 dBm.

ˆ DS: Choose between the two dipole patterns (y-axis and z-axis).

For training the MAQL algorithm, we use the� -greedy approach. We start the simulation

with � = 0:99 and decay it with each iterationt as � t+1 = � t � e� 0:025� t .

4.6.2 Reward Function Convergence

In this section, we show the convergence of all three reward functions during the training

period. As mentioned earlier, we considerK p = 5 pairs in all subsequent simulations.

During the training phase in MAQL, the algorithm will start with an exploration phase,

where it will explore all the possible actions at random. This is due to the nature of the

� -greedy approach, where we enable the algorithm to explore through all the possible

actions with a probability of � .
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Figure 4.6: Optimizing � 22 for height = 150 m usingR1.

In Fig. 4.5a, it can be seen that the simulation starts with exploring the di�erent

action values causing 
uctuations in the reward value initially. Eventually, the learning

algorithm chooses one set of actions and the reward converges to one value. The reward

value of only one of the �ve pairs is displayed here, but the other pairs also converge

similarly.

In Fig. 4.5b, we show the convergence of thecollective learningusing R2. During the

learning period of this simulation, the sum capacity at every instant is compared to the

parameter � 22. Hence, when the algorithm converges, it converges to zero. In Fig. 4.5c

we can see that sinceR3 considers the di�erence between the sum capacity at the current

and previous instants, respectively, when the algorithm converges the rewardR3 is zero.

4.6.3 Optimizing Reward Hyperparameter

The values of� 12 and � 22 in R1 and R2 in (4.21) and (4.22) respectively can be optimized

for di�erent number of pairs in the system and for di�erent heights. Fig. 4.6 shows an

example case for a system usingR1 as the reward function and the �xed height for the

UAV is 150 meters. We obtain similar optimal values of� 22 for the di�erent cases using

Monte Carlo simulations, which are listed in Table 4.3.
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Table 4.3: Optimal � 22 for di�erent cases.

h = 50 (m) h = 150 (m) h = 400 (m)

R1 0 2 2

R2 9 10 12

Figure 4.7: Comparing probability of choosing vertical dipole.

4.6.4 Dipole Selection

In Fig. 4.7 we compare the probability of opting for a y-axis dipole orientation, for the

three distinct reward functions for three di�erent heights. The probability for dipole se-

lection, upon usingR2 and R3 as reward matrices, appears to be indiscriminate with

respect to the percentage of aerial receivers. This behavior stems from the inherent de-

sign of these reward functions, which are oriented towards improving the network's sum

capacity, irrespective of the speci�c actions taken for any state.

Using R1, however, the objective for a pair is to improve its own capacity, for which

it is imperative to choose the vertical dipole pattern. As will be demonstrated later,

choosing a vertical dipole seems to help improve the capacity. Another point to note is

that the higher the UAV height, the higher the probability of selecting the vertical dipole.
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Figure 4.8: Comparison for aerial Rx with �xedh = 50 m (low altitude).

4.6.5 Sum Ergodic Rate

In Fig. 4.8, we compare the sum capacity of pairs versus the percentage of aerial receivers

amongst the �ve pairs. For the results obtained using MAQL, we use the three reward

functions described in Section 4.5. We consider two distinct sets of actions with each of

the reward functions,A 1 and A 2. The set A 1 considers POT, TPC, and DS whereasA 2

considers POT and TPC only, resulting in a total of six simulation results.

Our baseline approach is full overlapping, where all the pairs have a �xed dipole

pattern, no partial overlapping and no transmit power control. As expected, the perfor-

mance of this method is the worst. The algorithm proposed by [45] is a low complexity

methodology to switch between the two dipole patterns, which gives the highest gain at

each receiver. In our proposed approach we use POT and TPC along with dipole pattern

selection, leading to much improved sum ergodic rate.

In Fig. 4.8, we compare the sum ergodic rate for aerial Rx at a �xed height of 50 m,

and in Fig. 4.9 we compare the percentage gain over the baseline of full overlap with no

dipole. As has been discussed in Section 4.5,R1 prioritizes the individual capacity of a

pair over the sum capacity of the network, whereasR2 and R3 prioritize the sum capacity.

However, results show that usingR1 yields the highest sum capacity. This is because even

though the algorithm converges to the optimal actions for TPC and DS, usingR1 is more

likely to yield vertical dipole (y-axis dipole) as shown in Fig. 4.7. Choosing the vertical

dipole provides an additional gain in terms of signal reception for the aerial Rx, and
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Figure 4.9: Comparison for % gain over full overlap with no dipole for �xedh = 50 m
(low altitude)

because of the �eld pattern of this dipole, the interference to the terrestrial Rx from

other links also reduces.

We also show results by using the action setA 2. As can be seen, the improvement in

performance that comes from using POT and TPC only is su�cient to provide signi�cant

gain in comparison to the two baseline results, i.e., full overlapping with no intelligent

actions and [45]. When dipole selection is added, the performance improves even further.

When we increase the �xed height (h) of the aerial Rx to be 150 m, as shown in

Fig. 4.10, two observations can be made on the new set of results. One is that when

DS is used, the peak sum ergodic rate (at 80% aerial Rx) increases with altitude. This

is because the interference from other links weakens with distance, whereas the desired

signal still maintains gain due to the direction of the vertical dipole pattern. The second

observation is that when DS is not used (dotted curves), the sum ergodic rate actually

drops. This is because without DS we do not leverage the bene�ts of a vertical dipole

at all, and there is no scope for improved signal power for aerial receivers. The desired

signal actually loses signal strength with distance in this case.

In wireless networks, TPC is a popular mechanism to reduce inter-link interference in a

system. On top of TPC, we have seen that using POT can provide signi�cant improvement

in the sum ergodic rate. Furthermore, adding dipole selection leads to additional gains

in all scenarios, as can be seen from the plots. Thus, simultaneous use of POT, DS, and

TPC is a key enabler of performance enhancement 3D IoT scenarios.

78



Figure 4.10: Comparison for aerial Rx with �xedh = 150 m (medium altitude).

Figure 4.11: Comparison for % gain over full overlap with no dipole for �xedh = 150
m (medium altitude)
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Figure 4.12: Comparison for aerial Rx with �xedh = 400 m (high altitude).

In Fig. 4.14-4.17, we present cumulative distribution function (CDF) plots for indi-

vidual ergodic rates for each link within the �ve pairs in the system. Each distinct CDF

curve corresponds to a varying percentage of aerial receivers in the simulation. As de-

picted in Fig. 4.14, the CDF curves associated with a scenario where 80% of the receivers

are aerial demonstrate superior performance in comparison to all other curves. These

results corroborate our observations from the earlier results in this chapter where we

compare the sum ergodic rates of all �ve pairs.

It can also be noted in Fig. 4.15 that when only POT and TPC are used as actions, the

individual ergodic rates are worse than in Fig. 4.14 also leading to lower sum capacities

seen earlier in this chapter. In the scenarios with dipole selection and full overlapping

in Fig. 4.16 and with full overlapping in Fig. 4.17, all the links su�er heavy interfer-

ence compared to the learning-based methods and the performance di�erence between

di�erence altitudes is not as di�erentiable.

4.7 Conclusion

In this chapter, we propose a MAQL framework, speci�cally tailored for interference mit-

igation in high-density 3D IoT networks with aerial receivers. We formulate the states by

quantizing not just the 2D distance, but also the altitude of the aerial receiver, thus ac-

knowledging the unique spatial context of the aerial IoT nodes. In terms of agent actions
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Figure 4.13: Comparison for % gain over full overlap with no dipole for �xedh = 400
m (high altitude)

Figure 4.14: CDF of individual link ergodic rates using rewardR1 and POT, TPC and
DS with �xed h = 50 m.

within the MAQL framework, we incorporate a strategy by leveraging POT, TPC, and an-

tenna DS. This multidimensional action space allows for a more adaptive and responsive

approach to interference management, critical in the dynamically changing environment

of dense aerial networks. Our simulation results show substantial enhancements in sum

capacity, as high as 10x in some scenarios compared to the baseline approach. These gains
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Figure 4.15: CDF of individual link ergodic rates using rewardR1 and POT and TPC
with �xed h = 50 m.

can be attributed to the implementation of POT and DS, underlining their e�ectiveness

in interference mitigation in 3D networks. Overall, our work provides a robust solution

for interference management using MAQL by formulating states and actions that may

be universally applicable in 3D IoT networks.
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Figure 4.16: CDF of individual link ergodic rates using dipole selection only (full overlap)
with fixed h = 50 m.
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Figure 4.17: CDF of individual link ergodic rates using full overlapping with fixed h = 50
m.
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Chapter 5

Interference Mitigation in IoT

Networks with Partial Overlapping

and Reinforcement Learning

Partially overlapping tones are known to help mitigate co-channel interference in unco-

ordinated multi-carrier networks by introducing intentional carrier frequency offset to

the transmitted signals. In this report, we explore the use of POT with reinforcement

learning in dense networks where multiple links access time-frequency resources simulta-

neously. We propose a novel framework based on Q-learning, to obtain the FO for the

multi-carrier waveform used for each link. In particular, we consider FMT systems that

utilize Gaussian, RRC, and IOTA based prototype filters. Our simulation results show

that the proposed scheme enhances the capacity of the links by at least 30% in AWGN

channel at high SNR, and even more so in the presence of severe multi-path fading. For

a wide range of interfering link densities, we demonstrate substantial improvements in

the outage probability and multi-user efficiency facilitated by POT, with the Gaussian

filter outperforming the other two filters.

5.1 Introduction

IoT is a rapidly growing technology that is expected to connect billions of devices in the

near future. IoT devices can be densely located in area on the order of 103 per km2[51].

Hence, they can form very dense uncoordinated networks and face spectral efficiency

and throughput challenges due to complicated multi-user interference scenarios. POT
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have recently gained attention for mitigating the CCI in uncoordinated networks. By

introducing an intentional FO for each link equal to a fraction of the frequency spacing

between two subcarriers, POT facilitates a reduction of multi-user interference among

neighboring links.

The related research on POT in the literature is largely based on using partially

overlapping channels (using all the available spectrum) to improve throughput in wireless

networks. For instance, partial overlapping channels are used in [66] to improve the

throughput in a remote wireless D2D network using unmanned aerial vehicles (UAVs),

in [25] broadly considering WMNs scenarios, and in [84] for a WMN scenario specific

to IoT devices. However, these studies do not consider the effect of the waveform used

in the PHY. Individual subcarriers and several schemes for waveform are considered in

[16], which lays a theoretical foundation for the analysis of using different waveform

types in POT. In [81], the authors explore POT for the cellular networks and propose an

algorithm, called Play n Wait, to assign FOs sequentially where one user scans for the best

possible FO while all other users have to wait for several seconds. This assumption may

not hold for a practical uncoordinated network. In this study, we focus FO assignment

problem for POT as in [81] and aim at addressing this challenge with RL.

In wireless networks, RL is commonly used to solve resource allocation [75, 80] as well

as power allocation problems [4]. For example, in [75], the energy efficiency maximiza-

tion problem of a hybrid-powered dense network is studied, considering an actor-critic

RL technique. In [80], the authors introduce RL-based decentralized resource allocation

techniques while taking strict delay constraints into account inherent in vehicle-to-vehicle

networks. A distributed RL algorithm is utilized for maintaining fairness and quality of

service in dense heterogeneous networks in [4, 61, 8]. In [46], authors propose a deep Q-

learning based algorithm that solves an optimization problem considering power control,

beamforming, and interference coordination for sub-6 GHz and above-6 GHz bands.

In this report, we develop an o�ine Q-learning algorithm to assign intentional FO to

each link. Since the algorithm is trained beforehand and available to all the users within

the network, there is no time delay in assigning these FOs. For POT, we consider FMT,

which is a subset of filter-bank multicarrier, that allows for every subcarrier being filtered

individually while allowing complex modulation symbols [60], forming a grid-like struc-

ture in the time-frequency plane that partially overlapping subcarriers can exploit. We

utilize Gaussian, RRC, and IOTA based prototype filters with the FMT POT framework,

and study the associated trade-offs for using them with POT. With numerical results, we

demonstrate the benefits of using POT with FMT in terms of improvements in capacity,
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Figure 5.1: An uncoordinated network.

ME, and outage probabilities considering common propagation channels.

The rest of the chapter is organized as follows. Section 5.2 discusses the system model.

Section 5.3 describes our reinforcement learning based algorithm, while Section 5.4 de-

scribes the formulation of the ME in POT. Section 5.5 demonstrates the simulation results

related to the proposed learning scheme. We finalize our report in Section 5.6 with some

concluding remarks.

5.2 System Model

Consider U links uniformly distributed in an area where each link consists of a trans-

mission point (TP) and a reception point (RP). Such a network is shown in Figure 5.1.

Among U links, consider any one to be a link of interest with index u for u 2 f1; :::; Ug.
The rest of the TPs are then considered to be aggressors and the RP of the link of interest

is the victim. We model the transmitted signal from the TP of the uth link as

su(t) =
1X

l=�1

N�1X
n=0

Xu
lngln(t); (5.1)

where Xu
ln is the information symbol to be transmitted from the uth TP, l is the time

index, n is the subcarrier index, N is the total number of subcarriers, and gln(t) is the
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synthesis function [17] that maps X to the time-frequency domain in a lattice structure

as

gln(t) = p(t� l�0)ej2�n�0t; (5.2)

where p(t) is the prototype filter being used, �0 is the time spacing between two consec-

utive symbols and �0 is the spacing between any two subcarriers.

The received signal at the uth RP can be calculated as

yu(t) =
UX
i=1

Z
�i;u

hi;u(�i;u; t)si(t� �i;u)dt+ w(t) ; (5.3)

where hi;u(t) is the channel impulse response between the desired RP of uth pair and TP

of ith pair (one of which is the desired signal), si(t) is the transmitted signal from the

TP of the ith pair, and w(t) is the AWGN. The information symbol X̃u
mk can be obtained

by calculating the projection of yu(t) onto the analysis function


mk(t) = p(t�m�0)ej2�k�0t (5.4)

as [17]

X̃u
mk = hyu(t); 
mk(t)i ; (5.5)

where m and k are the time and subcarrier indices at the receiver, respectively. By

grouping terms related to the interference, (5.5) can be written as

X̃u
mk =

desired symbolz }| {
GuX

u
mkA

u
mkmk +

self-interferencez }| {
Gu

K�1X
l=�K+1

N�1X
n=0

Xu
mkA

u
lnmk +

X
i 6=u

Gi

K�1X
l=�K+1

N�1X
n=0

X i
mkA

i
lnmk| {z }

co-channel interference

+ Wu|{z}
AWGN

;

(5.6)

where Gu and Gi are the channel gains at the desired signal and the ith aggressor,

respectively, X i
mk is the symbol of the ith aggressor, Aumkmk and Ainlmk represent the

coefficients obtained through the corresponding ambiguity functions of the desired signal

and ith aggressor, respectively, which can be calculated as [16]:

Ainlmk =

Z
�

Z
�

Z
t

gln(t� �)ej2��fi(t��)
mk(t)e
j2��tdtd�d�; (5.7)
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Figure 5.2: Illustration of Full and partial overlapping. Partial overlapping results in
significant reduction in other-user CCI.

where ∆fi is the intentional FO given to the ith aggressor. Now, from the above formu-

lation, the SINR of the uth pair (Γu) can be given by

Γu =
jGuA

u
mkmkj2

jGuj2
P

l

P
n jAunlmkj2 + jGij2

P
l

P
n jAinlmkj2 +Wu

(5.8)

C = BW� log2(1 + Γu) (5.9)

For POT, the amount of CCI and the amount of SI in (5.6) are adjusted though

∆fi. By sacrificing the orthogonality of the pulses on the desired link through more

time-dispersive filters, an intentional FO prevents aggressors’ transmit pulses from fully

overlapping with the receiver filters. Hence, it can reduce CCI even if the pulses are not

aligned in time, which results in higher throughput for TP-RP links. Figure 5.2 shows

an illustration of this concept at the filter level considering one aggressor. For a large

network, the assignment of the FOs for each link should be chosen such that the capacity

of the entire network should be optimized. Also, the parameters of the filters need to be

optimized as they also affect the SI, as can be seen from (5.7).
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5.2.1 Prototype Filters

The filters used in (5.1) and (5.5) determine the inter-symbol interference characteristics.

In this study, we consider three filters for analysis:

1. RRC filter: The Root-Raised-Cosine (RRC) filter is popular in literature and is

used for orthogonal schemes (it satisfies the Nyquist criterion). Mathematically, it

is represented as

p(t) =

8>>>>>><>>>>>>:

1� � + 4�
�
; t = 0

�p
2

h�
1 + 2

�

�
sin
�
�
4�

�
+
�

1� 2
�

�
cos
�
�
4�

�i
; t = � 1

4�

sin

�
(1��)�t

�
+4�tcos

�
(1+�)�t

�
�t

�
1�16�2t2

� ; otherwise

;

where � is the roll-off factor. For � = 0, the RRC becomes a sinc function.

2. Gaussian filter: It can be mathematically expressed by

p(t) = (2�)1=4e���t
2

;

where � is the parameter that controls the dispersion of the Gaussian pulse (0 <

� � 1). Smaller the value of �, more dispersion it has in the time domain. For � = 1,

the filter is isotropic in both time and frequency.

3. Isotropic Orthogonal Transform Algorithm (IOTA): IOTA transforms the Gaussian

filter so as to make the adjacent lattice points orthogonal [17]. Mathematically, it

can be expressed as

piota(t) = F�1O�0FO�0p(t) ;

where p(t) is the Gaussian function, F and F�1 are the Fourier and inverse Fourier

transformation operations respectively, and Oa is the orthogonalization operator.

IOTA filter satisfies the Nyquist criterion due to Oa, and the operation is given as

Oap(t) =
p(t)q

a
P1

k=�1 jjp(t� ka)jj2
; p(t) 2 R :
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While RRC filters give a set of orthogonal functions, which is a commonly used for single-

carrier schemes, Gaussian pulses yield a non-orthogonal base where the basis functions are

localized in both time and frequency optimally. IOTA filter is derived from the Gaussian

filter. A Gaussian filter is modified such that when it is orthogonal to its shifted versions in

time and frequency. Therefore, its time-frequency characteristics are similar to Gaussian

filter [17]. The ambiguity plots using these filters and the effect of their corresponding

filter parameter is shown later in Figure 5.3.

5.3 Combining Q-Learning with POT

In this study, we consider Q-learning to address the FO assignment problem. Q-learning

is a model-free RL algorithm whose learned decision policy is determined by state-action

value function Q [74], which estimates long-term discounted rewards for each state-action

pair. We assume that the pairs in the network do not communicate with each other since

we consider an uncoordinated network. We also assume that once an aggressor TP-RP

pair enters the network, they stay active. Let Su be the number of aggressors adjacent

to the uth link. The parameter Su is estimated though a simple counting method, i.e.,

Su increases by 1 if the SINR of the uth link drops by more than 3 dB or decreases by 1

if the SINR increases by 3 dB. Each pair actively monitors Su.

For the sake of illustrating the proposed scheme, consider a network with U = 3

links. When the first link is established, there is no aggressor. After the first aggressor

enters the network, it will fully overlap with the victim at the first link. In this case,

TPs at the victim link increases its counter by 1 (if the SINR drops by more than 3

dB). The aggressor senses transmission at this desired frequency and it also increases its

count by 1. At this point, the first aggressor knows that it is the second to enter the

network and it takes the FO provided by the Q-learning algorithm for Su=2 = 1. When

the second aggressor enters, it can again fully overlap with the victim at (u = 1)th link.

Now, the number of aggressors from the perspective of the second aggressor is Su=3 = 1.

Hence, it takes the same FO as the first aggressor, which results in both aggressors

fully overlapping. Therefore, both aggressors increase their counters, i.e., Su=2 = 2 and

Su=3 = 2 and infer that there are two aggressors in the network. Since the victim has fully

overlapped with both aggressors, its count will also be Su=1 = 2. The trained Q-table is

stored in each TP-RP pair. Therefore, each link looks for the FO values that avoid full

overlapping for the new count. Through this sequence, the aggressors will also keep in
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memory the order in which they enter the network to ensure they do not pick the same

offset provided by the proposed algorithm.

The Q-learning algorithm is trained separately for different values of Su in this study,

adding another dimension to the Q-table. For every Su value, all the aggressors choose

from the set of possible actions and observe the corresponding rewards. The algorithm

goes through a state-action value iteration process dictated by (5.10) and computes the

optimal value of each state-action pair.

The states in our Q-learning algorithm are the current FOs for all the aggressors.

There are two possible actions that an agent can take in every iteration during training -

1) Change FO: The RL algorithm can change the FO by a fraction of the frequency carrier

spacing and 2) Change dispersion parameter : choose the filter dispersion parameter to

reduce the interference. In this report, we focus on changing the FO, while the use of the

dispersion parameter in the action space is left as a future study. In each time step, the

agent updates the Q(s; a) value, where s and a are one of the possible states and actions

respectively, by recursively discounting future rewards and weighing them by a positive

learning rate �:

Qnew(st; at) (1� �)Qold(st; at) + �[r + 
max
a02A

Qold(st+1; a
0)]; (5.10)

where st and st+1 are the current and next state, respectively, at is the action taken

at state st, r is the reward for taking action at at state st, 
 2 [0; 1) is the discount

parameter, and A is the set of possible actions. After the training process, the algorithm

converges to optimal Q-values for each state-action pair [74], Q�(s; a) and the optimal

policy can be obtained by acting greedily in every state s as

�� =a2A Q
�(s; a): (5.11)

In this study, the reward r is defined as the improvement in capacity due to the change

in FO and/or the filter parameter, which can be expressed as

r = �1(Ct � Ct�1); (5.12)

where Ct is the current sum-capacity of the entire channel calculated during simulations,

Ct�1 is the sum capacity in the previous iteration, and �1 is a weight parameter that

can be tuned. The change in the sum capacity after an iteration may be very small

and �1 allows us to amplify it for faster convergence. The Q-value at every state is the
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current capacity of the desired user, given the current FO and the filter parameters for the

aggressors. After training, uth TP-RP pair can look up the ideal FO and filter parameter

based on Su.

5.4 Multi-user Efficiency in POT

The ME is a measure of the signal quality over the total interference in the network. In

[71], asymptotic ME for the desired signal u is defined as

�u ≜ lim
�!1

eu(�)

G2
u

; (5.13)

where eu is the effective energy of the desired signal at the uth user and � is the

standard deviation of the noise in the channel. For a conventional detector (i.e., single-

user matched filter [71]), �u is simplified to

�u = max2

�
0; 1�

P
iGi%i;u
Gu

�
; (5.14)

where %i;u is the correlation factor between the desired user and the ith aggressor. For

our case, the partially overlapping between the victim and aggressor links due to inten-

tional FOs leads to correlation between them. So this intentional FOs can be considered

analogous to the correlation factor. From (5.6), the energies of the desired signal of user

u, the SI, and the CCI can be calculated as

ES = G2
uA

2
mkmk ; (5.15)

ESI = G2
u

K�1X
l=�K+1

N�1X
n=0

A2
nlmk ; (5.16)

EOI =
X
i

G2
i

K�1X
l=�K+1

N�1X
n=0

A2
nlmk : (5.17)

The effective symbol energy for the desired user after taking the interference into account
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is then calculated as

eu = G2
uA

2
mkmk �G2

u

K�1X
l=�K+1

N�1X
n=0

A2
nlmk

�
X
i

G2
i

K�1X
l=�K+1

N�1X
n=0

A2
nlmk :

(5.18)

As a result, the ME is obtained as

�u =
eu
G2
u

= max2

�
0; 1�

p
ESI + EOI

GuAmkmk

�
: (5.19)

5.5 Simulation Results

In this section, we evaluate the performance of the proposed learning method with com-

puter simulations. We uniformly distribute the TPs and RPs in an area of 1 km2 and pair

them. Considering IoT applications, we assume a modestly small resource allocation for

data with N = K = 12 for all links in the network. We use QPSK modulation throughout

the simulations. To calculate path loss, we use the free-space path loss model without

loss of generality of the proposed scheme and is given by

PL =

�
�

4�di

�2

: (5.20)

The carrier frequency is 800 MHz with the bandwidth of 200 kHz for each TP-RP link.

In current simulations, we keep the filter parameter to be constant (� = � = 0:2). The

multi-path channel is modeled based on extended pedestrian A (EPA) specified in Long-

Term Evolution (LTE) standards, unless otherwise stated. All the relevant parameters

are tabulated in Table 5.1.

5.5.1 Effect of Filter Parameters on Interference

In this section, we analyze the impact of the dispersion parameter on the systems per-

formance. In Figure 5.3, we compare the ambiguity plots for RRC, Gaussian and IOTA

filters for different dispersion parameters. For Gaussian and IOTA filters, when the dis-

persion parameter � = 1, the energy is distributed equally in the time and frequency

domain (i.e., isotropic) as in Figure 5.3(h). It is also noticeable that the IOTA filter has

more energy spreading through the time-frequency plane as compared to the Gaussian
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