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Befoichvaw ont giuar o ovyypapéas avtig e epyooiog kar 0Tl kabe fonbeia v omoio giya yio THV
TPOETOIUATIO. THS EIVAL TANPWS AVAYVWPLGUEVN KoL OVOPEPETOL OTHV epyacia. Emiong, éyw ratoypayer
TIC OTOIES THYES QO TIC OMOLEG EKOVOA. YPHON OE0OUEVMYV, IOV, EIKOVWYV KOl KEWWEVOD, EITE OUTEG
avapépoviar okpifag eite mapappacuéves. Emmiéov, Pefarcdvm ot avth n Epyacio mpoETOUCTTIKE OT0
EUEVOL TPOOWTIKG, ELOKG. WS TTVYI0KY epyoaia, oto Tunuo Myyovikav [IAnpopopixns koi Hicktpovikwy
2votyuarwv tov ALIIA.E.

H mapoboa epyooio amotedet mvevuotixn idioxtnoio tov portnty Taoiod Xpvoootouov-2Epyov oo v
EKTOVHOE. 2T0 TAGLO10 THG TOATIKNG OVOIKTHS TPOTHOONS, O GVYYPOPEAS/ONUIODPYOS EYWPEL 010 A1eBVES
Tavemotiuio e EAGIOS ddeLa ypHong Tov JIKOIWUATOS OVATOPAYWDYHGS, OOVEIGUOD, TOPOVTIOCHS OTO
KO1VO K01 WHPLOKNS 010y 0GNS THS EPYOTiag Oledvag, ae NAEKTPOVIKN LOPPH KOl O OTOLOONTOTE UEGO, Yio,
O100KTIKODG K01 EPEVVHTIKODS OKOTOVGS, avey aviaildyuatos. H avoikti mpoofiaon oto mAnpes keiuevo
NG EPYaociag, 0ev onuaivel ko’ 010VORTOTE TPOTO TOPOYWDPNCY OIKOLWUGTDV OLOVONTIKNG 1010KTHOTIOG
0V GUYYPAPER/ONUIODPYOD, OVTE ETITPETEL TV OVOTOPOYDYY, OVOONUOGIEDTH, OVILYPOQYH, TWOANG,
eumopikn ypron, olovoun, éxdooy, uetapoptwan (downloading), avaptyon (uploading), uetdppoon,
TPOTOTOINON UE OTOLOVONTOTE TPOTO, TUNUOTIKG, 1] TEPIANTTIKG. THS EPYOCLAS, XWPIC TH PHTH TPONYOVUEVN
EYypapn GUVOIVESH TOD GVLYYPAPER/ONULOVPYOD.

H éyxpion ¢ dumhopotikng epyaciog and 1o Tunua Mnyavikav [Tinpoeopikng kot Hiektpovikmv
Yvotudtev Tov Atebvoig Havemotnuiov g EALGSOG, dev vTOONADVEL ATAPOITHTMG KoL ATOSOYN TOV
OATOYEMV TOV GLYYPAPEX, EK LEPOVS Tov Tunpatog.
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Abstract

The main target of the current thesis is to research and study the performance of the IEEE
802.11ax amendment in high density wireless local area networks. For that purpose we inspect and
evaluate the application of machine learning algorithms by considering various deployments on both
normal and high dense scenarios. The normal scenarios provide a first view on how wireless networks
operate and the performance due to the variation of certain parameters. We then consider more dense
scenarios recreating potential real world problems leading us to discover if machine learning algorithms
are efficient and applicable to next generation networks.

Nowadays where telecommunications make huge step forward evolution steps combined with
the ever increasing number of users, the need for higher and higher data rates and the 5th and 6th
generation networks, already on the way, wireless connections gathered the interest of the technological
community. For that reason with our research, we dive as deep as we could on the nature of wireless
networks and reinforcement learning. Initially the thesis provides an introduction on the history of
wireless networks and how they reached the point they are in our days. We also dig out the features and
the optimization IEEE 802.11ax amendment is going to bring in compare with its ancestors.

In the first chapter we study the evolution of the IEEE 802.11 standards and applications that have
introduced through the years. We focus on the first high throughput amendments IEEE 802.11n/ac and
we then consider the IEEE 802.11ax amendment which is the main point of interest in our research. The
second chapter introduces networking simulators a crucial tool for both network designers and
researchers, by particularly focusing on Komondor an IEEE 802.11ax wireless network simulator.

In the next chapter we execute various scenarios in simple topologies in order to assess the
performance due to the variation of parameters like transmission power and sensitivity, trying to
understand their importance and influence to the overall performance. In chapters 5 and 6 consider
reinforcement learning by introducing the learning method of Multi Arm Bandits and learning strategies.
We then apply and study different action selection strategies. Furthermore, Chapter 6 re-creates a real
deployment by applying again Reinforcement Learning (RL) technologies in order to investigate their
impact to more dense scenarios.

Finally, Chapter 7 concludes the thesis by presenting our findings on the performance of the IEEE
802.11ax amendment in high dense scenarios and illustrates how reinforcement learning improves
performance. Finally, we propose what can be done as future work about the feasibility of smart
algorithms by especially mentioning the drawbacks of RL algorithms that have to overcome in order to
be effectively applied in high dense scenarios.
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Iepiinyn

Koazd v dibpketa ekmOVNoNG NG TTUYLOKNG EPYAciog, Pactkd HEANUA Kot KOPLog 6TdY0g TV
N perétn tov mpotokdArov IEEE 802.11ax, a&ohoydviag v amd3061 TV 6€ TOAD TUKVE acVpUOTA
diktoa. Xt Sudpkeln TG HEAETNG KOTAPEPULE VO YPNCILOTOMGOVUE [0 CNUOVTIKY TEYVOAOYiO, TNV
UNYOVIKY padnom, mov pmopel vo amoTteAécel Pacikd YOpOKTNPIOTIKO TOV JIKTO®V 6TO UEAAOV.
Anpiovpynoape TOG0 GEVAPLA LLE TUKVE AGVPHOTO OIKTVA OGO KOl OTAEG TAPASTAGELS SIKTOMV Ol OTTO1ES
pog Pondnoayv vo KataAdPovE EKTEVEGTEPO TNV PUOT] TOV TAPOUETP®V TOV TIS OTOTEAOVY KOOMG Kot
TOV EMATOCEDV TOL UTOPEL VO VILAPYOLY Ge Kamole aAlayr. Emiong ota cevipid pag, 6mov vanpyoay
TUKVEG GLOTLYIEG SIKTV®V, KATAPEPOLE VO PIEOVIE [0l TPAOTN LATIE GTLG SOLUVOTOTNTES TV aAyopiBuwmy
pMyavikn pabnong.

O topéag TOV TNAETIKOVOVIOVY Kl TOV AcVPUATOV SIKTO®V £xel e€elyBel paydaia Ta televtain
xpévio, Tpoomabmvtog va KaAOWEL TIg avayKes TS OA0 Kot avéavopevng Cnmnong vy vynAotepeg
TaYOTNTEG KO TEPLGGOTEPEG OVVOTOTNTES A0 TOVG YPNOTES. O EMEPYOUEVES YEVIEG AOVPLATMOV SIKTVWOV
5G kot 6G €govv TpafnEet TNV TPOooyN TG EPEVVNTIKNG KOWVOTNTOC. £2G €K TOVTOL 1 VO] TNG EPELVAC
HOG omoTeAEl pio TpooTdfeLn Yo avadelln TG TOPEINg TOV AGVPUOT®V SIKTV®V, OO TNV 0PYN TOVG
UEYPL TNV EMOYN MOG, E0TIALOVTOC GTO TPWTOKOALO TTOL B0l £YEL TPOTAYDVIGTIKO POAO GTNV GUVEELQ
g épevvac pog, To IEEE 802.11ax. [ToapdAAnio KEVOUUE Lo EKTEVEGTEPT OVAALGN GTLS SLVATOTNTES
TOV 0AYopiOU®V pUNyaviKng LaONoNg, ETIKEVIPOVOVTAG TO EVOLAPEPOV LG TNV EVIGYLUEVT Labnon M
omoia Ba ypnoomonBei extevéoTepa GTa TEPAUATA LLOC.

210 TPAOTO KEQALO Tapovctalovpe v totopio e&EMENC Tov TpoTtokoArov IEEE 802.11, pali
e EMEKTAGELS KO ovaPabuicelg mov £pepay ETTAEOV SUVATOTNTEG GTA AGVPLATO GIKTVO OTO TEEPOUCLLOL
TV ypdvov. Idwitepn pveia yivetan ota tpdta Tp@tdKorlia vyning anddoong IEEE 802.11n/ac mov
AmOTELEGAV TOVG TVAGVEG dnuovpyiag Tov TpwtokdAlov IEEE 802.11ax tovilovtog Tic TpTomopies
oV £epe o€ avTiBeEDT LE TOVG TPOYOVOLS TOV. ZTNV GLVEYELD 6TO OEVTEPO KEPAANO PBpickovue Eva
TOAD GNUAVTIKO EPYOAELD Yiot TNV HEAETN Ko TNV €EEMEN TV AGVPUATOV SIKTV®OV, TOV TPOCMUOIWTES
SkTOV. Xg avtd 10 KePaiawo Bo cuvavtioovpe kot tov Komondor, tov mpocouoit) o omoiog
YPTOLLOTOONKE KOTA TNV EKTELECT] TOV TEPOUATOV Kot pag Bondnoce oty cuAAoyn ctoyyEimy.

To akdrovbo kepdrato 4, Oo LTOPOHGULE VO TO YUPUKTNPIGOVLE GOV L0 EIGAYMYT GTOV KOGLO
TOV ACVPUOTOV OIKTO®V KOOMG mopovctdloviag omAéc TOTOAOYIEC, WECH ONO TPOGOUOIDGELS
KATOQEPOUE VO, OOVUE TNV EMIOPAOT] SUPOP®Y TOPAUETPOV GTNV GUVOMKN amdd00T| TOV SIKTOMV.
Yuveyilovtog TV €pELVA HOG, TO ETOUEVO dVO KEQAANLO 5 Kot 6 TPAyUaTEHOVTIOL TNV EVIGYVUEVN
péonon, v pébodo exudOnong Multi Arm Bandit kaBd¢ kot TV QopLOY TOVG GE OVATOPAGTAGELG
TPOPANUATOV TIC KAONUEPVOTNTAS LLOGC.

Tnv épevvd pag KAeivel 1o Ke@Aalato 7 0ToL TopadETOLUE OAN LG GTO, CUUTEPAGHOTA TTEPT TNG
amoTeELEGLATIKOTNTOG TOV TPp®mTokOALoL IEEE 802.11ax o€ mukvd diktva mtapabdétovtag mapdAinia tnv
duvatoTnTO TG EVIGYLUEVNG LaBnong va fondroet éumpaxta v e£EMEN TOV AGVPUATOV SIKTO®V GTO
pérdov. Kietvovtog mapouotdlovtal KATOlES TPOTAGELS Y10 EKTEVESTY] EPEVVA GTO UEALOV OVOPOPIKA
pe v Proociudtra Evmvav adyopifuwnv oto topéa Tov SIKTHOV KaddOG LIdpyovV TOALE eUTOS10 TOL
TPETEL VO, OVTIUETOTIGTOVV Y10, VO UTOPECOVY 01 &V AOY® adyopiBuot va, ypnoomombovy. [daitepa og
TUKVE AGVPUOTO OTKTLO.
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Chapter 1

Chapter 1: Introduction

At the dawn of the 21st century where the Mobile Internet came, new technologies and applications
appeared that immediately redefined aspects of our lives, work and even entertainment, that we could
not even imagine before. The increasing number of wireless connected objects, from computers, laptops
and smart watches to tiny sensors for industrial, and not only use, triggered a surge in mobile data traffic.

Wireless networks have faced a breathtaking evolution through the years. Since the beginning of
their existence with the packet radio based ALOHANET, which was developed at the University of
Hawaii in 1971 and connected seven campuses spread out of four islands and achieved data rates on the
order of 20 Kbps, did not stand still but evolved dramatically. From the “legacy” 2 Mbit/s IEEE 802.11
(1997), to the 11 Mbit/s of IEEE 802.11b (1999), the 54 Mbit/s of IEEE 802.11a/g (1999,2003), the 600
Mbit/s of IEEE 802.11n (2009) and the above Gbit/s rates of the IEEE 802.11ac (2013), now almost
five decades after ALOHANET, the main focus of the next generation wireless networks (e.g., the fourth
generation or 4G and the beginning of 5G) is to introduce the feature of heterogeneity.

As different wireless access technologies are integrated to co-operate with each other in terms of
coverage area, support, bandwidth and price, dynamic network selection scheme is required to support
quality of service (QoS) but also loading balance. The already extreme traffic load wireless networks
accommodate, forced the IEEE 802.11 community to create the [EEE 802.11ax Task Group to develop
a new set of physical layer and medium access control layer specifications in order to keep the pace with
the ever increasing number of users, offering a sustained multi-Gb/s throughput in high density
scenarios.

However, an emerging tool that can effectively address a variety of problems and challenges
wireless networks are called to cope with, especially in dense scenarios, is reinforcement learning.
Reinforcement learning is one of the most important sections of machine learning which had a
significant impact on the development of Artificial Intelligence the past 20 years. Reinforcement
learning (RL), is based on an agent whose job is to optimize an objective in long terms while interacting
with the environment, structured on trial and error. There are plenty of reinforcement learning algorithms
applied in surveyed studies like Q-Learning, Deep Reinforcement Learning and Multi Arm Bandits
(MAB). Although, in this study we are going to focus on the last mentioned.

In the MAB model, a single applied agent, sequentially takes actions and receives a random reward
generated by a corresponding distribution while the main objective is to maximize the aggregated
reward. The MAB framework allows us to properly approach the exploration-exploitation trade-off in
face of uncertainty. In contrast with classic RL algorithms, MAB is a stateless fact that allows it to
construct a policy which should be followed in future situations. Despite that MAB has been very
popular in wireless communication, the application of reinforcement learning in order to improve next-
generation wireless deployments efficiency is disputed.

In the current research we are going to investigate the benefits that IEEE 802.11ax brought to
wireless local area and the hurdles it has to face alongside with the side effect todays WLANSs and next
generation networks are going to get by applying reinforcement algorithms. The remaining of this
research is constructed as it follows: In Chapter 2 we are taking a close look to the evolution of the IEEE
802.11 standards from the first version in 1999 till the last revision released IEEE 802.11-2016. We take
a snick picture of the enhancements the extension amendments brought focusing on legacy IEEE
802.11a/b/g and their features. Extended presentation will be made for the first high throughput [EEE
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802.11n/ac amendments focusing on the most notable features they brought on wireless networking.
This chapter ends with the comprehensive research on IEEE 802.11ax, its features, obstacles that has to
face and application that have made in our literature for further extension of its capabilities.

In Chapter 3 we see wireless network simulators, a very handful tool in wireless networking. The
rest of the chapter that will follow is a small tutorial on Komondor, a high density wireless network
simulator designed for the IEEE 802.11ax and next generation networks. We are going to present the
features that makes him stands out in comparison with other well-known simulating tools. Continuing
in Chapter 4, with the help of Komondor we are going to investigate the nature of wireless networks and
the variables that have direct impact to its performance in order to try to understand the hierarchy, if
existed, of them that might affect more than others.

Then, in Chapter 5 we introduce Multi Arm Bandits algorithms into wireless networking and how
this algorithms work. We are going to mention the important parts that we have to focus on during the
setup of this smart algorithm. For the rest of the chapter which also extends and in Chapter 6 we are
going to investigate through various simulations even in highly density scenarios the effectiveness of
such technologies. Finally in Chapter 7 we export our overall results of the feasibility of technologies
on wireless networking proposing the same time what should be investigated in a bigger scale in order
to have a greater view about this issue.

12
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Chapter 2: The IEEE 802.11 family at a glance

2.1 Introduction to WLANS and its applications

The field of wireless networking (WN) is a rapidly emerging technology developed to provide
high bandwidth access to users in a specific area without tethered on a wired network. Wireless local
area networks faced huge evolution steps since the current time where the next generation wireless
networks are even ready to fully replace the wired connection. The difference between wired and
wireless technology occurs to the fact that wireless prioritize the needs of the users of each system as it
is developed, like that to provide the mobility where needed, like rental car check in or conventions
where wired connection is not possible.

Wireless networking technology, even when it first came out, had many early adopters due to the
“premium mobility” as it was characterized feature this systems brought. From stores and warehouse
for inventory control, WN usage increasingly used in hospitals, university campus and other wide area
facilities where most users are on the go and their bandwidth needs are not so high. In addition to the
breakthrough feature of mobility, WN found application in environments where the cable installation
was either not possible due to its manufacturing like historic buildings or expensive and impractical
such as in trading floors.

The IEEE committee begun working on wireless local area networks since 1990 and the first
standard IEEE 802.11a (legacy) was released in 1997 and approved in 1999. The general architecture
provided by the IEEE committee introduced two primary topologies. In the first topology, we meet basic
service set (BSS), a fundamental building block similar to cells in cellular networking, which constituted
a group of stations operating in a specific geographical area known as basic service area as shown in
Figure 2.1, under the control of a single coordination function. The application of this topology was
designed to provide complete coverage in big facilities by deploying multiple access points.

The second topology supported by the IEEE 802.11 standard is ad hoc network also known as
independent BSS (IBSS). Ad hoc network applications was in first focused in applications such as file
sharing in conference room and extend the range of the current network. In our days Ad hoc networks
involved in more even crucial applications such as in heath sector by monitoring patients, in military
application creating a network among all soldiers, environmental application for weather forecasting
even in crisis condition where it can be used for emergency signals. Both of these topologies are
developed that way that thev can co-exist in the same environment.

Backbone network (i.e., distribution system)
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Figure 2. 1 Wireless architecture [27]
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Those infrastructure networks are established by using Access Points (AP). Access Points are
similar to base stations in cellular network and their responsibility occurs to range extension by
providing the necessary integration points to connect multiple BSSs. The connection of multiple BSSs
forms an extended service set (ESS). The including BSSs of the larger ESS are using a common
distribution system which is considered as the main responsible for Medium Access Control (MAC)
level transports which can be either wired IEEE 802.3 Ethernet or another IEEE 802.11 wireless
medium.

In order to achieve all of these features, wireless networks had to overcome many challenges and
constraints that their counterparts do not have to deal with. Starting point is the frequency allocation. In
addition with the cellular networks that operate in unlicensed bands, on WN is required for all users to
operate on a common band. Each one of this bands must be approved and licensed from every single
one country respectively which is time consuming procedure.

Another major challenge is the limitation of the interference between networks and their
reliability. With the dramatic increase WLANS in shopping malls, offices, airports etc. the overlapping
effect between the coverage area of each networks and the collisions occurred when simultaneous
transmission have been made is a daily problem in wireless networking. A more in depth response to
the problem came with the IEEE 802.11n amendment which began the transition to Multiple Input
Multiple Output technologies providing crucial improvements in MAC layer allowing multiple
transmissions up to 4 spatial streams.

In early years there was a huge luck of trust from the users about the security that can be provided
in wireless networking communications. In addition with their counterpart where in wired networks the
transmission medium can be physically secured and controlled, in WN is more difficult to secure the
transmission as the transmission medium is the atmosphere. Despite that fact, through the years the
medium encryptions have been dramatically evolved and the cost needed to be achieved also drop down.
In our days that challenge is almost disappeared as the users are pretty convinced for the protection they
have been offered.

With the dramatic evolution of Wi-Fi technologies, the number of the devices that, in the current
time this research is made, are connected daily from phones, computers to tiny sensors to industrial areas
even released in the nature is calculated near 5.000 million, 5 times more than it was in 2004 and they
predict that this number is going to be increased even more. As the most of this devices consist of
wireless devices, the challenge of power consumption is real even in our days where low power SoCs
and processors are applied to these devices. Therefore we see especially in amendments like IEEE
802.11ax are very power efficiency and with “sleeps” mode focused
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Last, but not least, another major challenge which is the main reason of all those new
technologies, is the performance. The physical limitation alongside with the extra problems
combinations of previously mentioned challenges like the interference or the power consumption made
it really hard for network developers and researchers to create a capable amendment to fully exploit the
capabilities of wireless networking. Evidence of that is itself the history of the progressive evolution of
the WN where from IEEE 802.11a with throughput 11Mbit/s we finally arrived into today’s amendments
IEEE 802.11ax where the possible throughput reaches 7 Gbit/s.

2.2 The first phases of IEEE 802.11 family

In the last 20 years, a number of amendments, that later in years constructed the family of IEEE
802.11 standards, has been proposed in order to make wireless connectivity for fixed and portable
devices feasible. The start of the IEEE 802.11 standard [4] was in June 1997 where the IEEE finalized
published the first standard and provided three main solutions, a frequency hopping, a direct sequence
spread spectrum in the 2.4 GHz band alongside with an infrared Physical Layer (PHY) at 316-353 THz.
It provided two modes for the given data rate where the basic was 1 Mb/s and the optional was around
2 Mb/s and it implemented a carrier sense multiple access with collision avoidance (CSMA/CA) in
addition with the collision detection IEEE 802.3 had. The launch of a standard like this had a tremendous
success in the market creating a basis for future improvements and extensions. As we will see continuing
the journey through the history of the IEEE 802.11 amendments the letter next to the IEEE 802.11
standard most of the times refer to a feature the current amendment includes.
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Figure 2. 3 The evolution of IEEE 802.11 standards [25]
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The first extensions of the IEEE 802.11 standard did not take long to come out as in September
and December of the same year IEEE 802.11a/b had already been started. From the beginning IEEE
802.11a achieved a huge step forward regarding data rate in compare with the previous version reaching
the range of 54 Mb/s with the addition of the orthogonal frequency division multiplexing PHY . Although
the operation of the specific extension in the 5GHz band and the lack of interoperability with the devices
did not go well. In contrast the [EEE 802.11b project operating in 2.4 GHz achieved to boost the data
rate of the DSSS PHY to 11 Mb/s surpassing the preferred at this moment FHSS PHY due to its voice
and data services. Both of the fore mentioned amendments where finally approved in September of
1999. For literature reasons in June of 1999 started IEEE 802.11d that added support for additional
regulatory domains and if approved in June of 2001.

The lack of IEEE 802.11a to be used, led in September of 2000 the start of IEEE 802.11g
amendment. Except of the introducing the OFDM to the 2.4 GHz band allowing data rates around
54Mb/s, IEEE 802.11g amendment extended the DSSS signaling allowing the devices to move from the
IEEE 802.11 standard to IEEE 802.11-2007 standard [1]. Main purpose of the revision of the IEEE
802.11 standard was to define one MAC and several PHY specifications for wireless connectivity for
either fixed or mobile stations within a local area. The same time IEEE 802.11h started in order to meet
the needs of European regulatory for the band of 5 GHz and introduced at the end of 2003 while one
year later in 2004 IEEE 802.11j introduced for the same reasons for 4.9-5 GHz operations in Japan.
With the IEEE 802.11h amendment dynamic frequency selection and transmit power control
mechanisms in MAC as the operation of SGHz band in each country is subject of different legislation.
Again for literature reasons two more amendments introduced during the IEEE 802.11-2007 standard
IEEE 802.11¢ and IEEE 802.11i. Both of them they were MAC enhancements extensions for support of
Quality of Service and Security respectively.

In February 2012 a new revision of the IEEE 802.11 standard [2]approved focusing on specific
technical correction and clarifications the previous revision was missing in terms of WLANs and
provided enhancements on the existing MAC and PHY functions. Trying to provide the user experience
of the Fast Ethernet performance a new project where the targeted data rate was on top of the MAC
layer. So that in September of 2009 IEEE 802.11n was introduced, delivering up to 600 Mb/s and for
that reason they called it “high throughput”. Further information for this amendment such as IEEE
802.11ac we will see in Chapter 2.2 as their features where breaking through and they made a huge lip
on wireless networking technology. The IEEE 802.11ac amendment characterized also as “very high
throughput” was developed under the International Telecommunication Unions requirements as an IMT
Advanced standard. Main target of developing such amendments was to achieve data rate more than 1
Gb/s in frequencies lower than 6GHz.

2.4 and 5 GHz bands
802.11b

11 Mbit/s, DSSS

= 802.11a
1= 54 Mbit/s, OFDM

802.11g
54 Mbit/s, OFDM

80211 — SRR 802.11n 802.11ac
=L > = 100Mbit/s, OFDM + MIMO = 16bit/s, OFDM + MU MIMO

mm Wave ——» B802.11ad

—— White Spaces —>  B802.11af

R ——» B802.11ah
Sub 16 Extensions to new bands

Figure 2. 4 IEEE 802.11 major amendmends [9]
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Despite all of these major updates, many amendments came through all this time enhancing the
functionality of the previous standards. Approved in September of 2004 IEEE 802.11p created targeting
at car to car communications. Operating in 5.85-5.95 GHz Intelligent Transportation Systems (ITS)
application band in USA and the 5.855-5.905GHz band allocated in Europe it was focused on limiting
the feature of latency and longer distance communications. The final approval came in June of 2010.
Other amendments such as IEEE 802.11y/k/r/s/u/v/w/z where created for either WN management, new
operations setup or security enhancements. Following the same pattern in the revision of IEEE 802.11-
2016 standard [3], except of the IEEE 802.11ad amendment which was introduced in December 0of 2012,
where similar to IEEE 802.11ac included enhancements targeting the above 1 Gb/s throughput but now
it the 60GHz band, new amendments such as IEEE 802.11aa/ae/af where introduced too featuring
enhancements for audio video streams, new network security standards at the MAC layer and new
operation space spectrum in the VHF and UHF bands between 54-790 MHz known as White-Wi-Fi or
Super Wi-Fi respectively.

2.3 The breaking through IEEE 802.11n and IEEE 802.11ac amendments

2.3.1 IEEE 802.11n

The rapid increase of the user demand for faster connections created the interest for gigabit
wireless LANs. To reach closer to high throughput revision of the WLAN standard, the IEEE committee
formed TGn task group in late of 2003 in order to start the development of the IEEE 802.11n amendment
(For literature the “n” represent next generation). At the start of the development of this amendment the
main goal was to achieve throughput at least double as fast as its ancestor IEEE 802.11a/g performed
and surpass the border of 100 Mb/s and also include backwards compatibility to legacy devices. To this
research many known companies such as Atheros Communications, Broadcom, Motorola, Intel etc.
contributed by depositing suggestions for this new amendment. Till February there were two drafts
selected from the IEEE where they approached the enhanced the development of this amendment from
different perspectives. The first one suggested to use the bandwidth used at the IEEE 802.11b/g networks
and with the application of MIMO technology the achievable throughput could be around 135 Mb/s.

The counterpart proposed that even by the doubling of the available bandwidth from 20MHz to
40 MHz the main goal of the essential doubling of the throughput was achievable. Although with the
addition of other, more sophisticated processing techniques TGn devices where able to transmit up to
315Mb/s. Both proposals as the time passed by where evolved by offering both MIMO communication
and optional 40 MHz bandwidth. Due to the division into two opposite camps neither was able to obtain
the majority vote needed to be approved. So in July of 2005 members of each groups agreed to create a
joint proposal which was submitted in TGn in January of 2006. Finally in September of 2009 IEEE
802.11n amendment was introduced even higher throughput at the rate of 600 MB/s.

In order to achieve that significant step forward in terms of throughput a combinations of
enhancement techniques bot in MAC and PHY layer have been made. The first enhancement that we
already mentioned was the exploit of the channels width of 40MHz which was twice larger than in
previous IEEE 802.11 PHY’s. Following we have the increase of the coding rate where from 3/4 we
moved to 5/6 which lead to the reduction of the redundancy bits inserted during the coding process.
Despite all this new techniques included, the most notable feature was the transition to MIMO
technologies. The use of multiple antennas allowed to exploit the multipath phenomena leading to
throughput and range increasing alongside with the reduction of the bit error rate.

The same time MAC layer received crucial improvements in terms of reducing the overhead both
in interframe spaces, preambles and control frames. A new Reduced Interframe Space (RIFS) was
introduced of 2us in contrast of the 10 and 16us of the Short Interframe Space (SIFS) in order to separate
each transmission of the same station. Also the IEEE 802.11n added two frame aggregation methods,
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Aggregated MAC Service Data Unit (A-MSDU) and Aggregated MAC Protocol Data Unit (A-MPDU)
improving the overall transmission reliability and a reverse direction protocol allowing the transmitting
stations to efficiently transfer to another stations who want to transmit without initiating a data transfer.

Other secondary features included on the IEEE 802.11n amendment was the Quality of Service
for delay sensitive applications and power saving feature in order to increase battery life in mobile
devices. The same time an extended channel switch announcement was added so each access point could
select between the supported 20MHz and 40 MHz channel while improved the radio recourse
management efficiency of multiple APs in a network. Last but not least another feature that was also
included was the support of fast roaming.

2.3.2 1EEE 802.11ac

The continuous effort in pursuit after the IEEE 802.11n devices achieved to reach data rates in
amount of 600 Mb/s, in September of 2008 a new Task Group started working on a new amendment
IEEE 802.11ac. Main target of the current amendment was to achieve throughputs beyond 1 Gb/s in the
band of 5GHz. The IEEE 802.11ac maintained most of the features of its ancestor such as the binary
convolutional coding for forward error correction, the basics of the MIMO technologies, the modulation
coding schemes and the regular guard interval. Although in order to achieve the wanted increase of its
throughput IEEE 802.11ac introduced new mechanisms like Multi user multiple input multiple output
(MU-MIMO), larger channel bandwidths and a new a new amplitude modulation of 256 quadrature.

To cope with the problem that many terminals were not deployed with more than 1 or 2 antennas
due to manufacturing reasons leading to lower data rates than the new amendment could achieve, IEEE
802.11ac introduced MU-MIMO. Besides increasing the number of spatial streams up to eight the [EEE
802.11ac was the first to introduce the Downlink (DL) MU-MIMO, allowing the simultaneously
transmission to four clients at a data rate in amount of 866 Mb/s which concludes in 3.46 Gb/s overall.
The Uplink MU-MIMO in contrast was postponed for future amendments because due to the tight
synchronization required, a complete amendment redesign needed.

Continuing into the newly introduced features, the IEEE 802.11ac amendment kept the channel
bandwidths of 20 and 40 MHz introduced in IEEE 802.11n and added to more bandwidths of 80 and
160 MHz. The 80MHz channel mode uses two individuals 40MHz channels, likewise in 160MHz where
is constructed by two individuals 80MHz channels, but with some extra subcarriers to fill the unused
tones. That was the main reason this amendment was developed to operate in the 5 GHz band as there
was no room for 80 and 160 MHz channels in the 2.4GHz band. In addition two new MCSs are
introduced on 256-QAM with 3/4 and 5/6 coding rates having as results 20-30% improvement
performance. With the maximum number of spatial stream the use of 160MHz channel, for a single
spatial stream using 256-QAM the possible data rates of this amendment was up to 7 Gb/s increasing
the data rate of a 10x factor in comparison with IEEE 802.11n.
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Last but not least, the MAC layer faced many enhancements mostly focused on the multi channels
operations. In order to increase its efficiency despite the support of both A-MSDU and A-MPDU which
have although been enhanced by the increasing their size from 7935 to 11406 bytes and 65535 to
1048575 bytes respectively a new hybrid type of aggregation is available by the combination of these
two. Closing this section, the IEEE 802.11ac provided support of Very High Throughput capabilities by
transmitting beamforming control with sounding protocol and compressed beamforming feedback, DL
MU-MIMO and transmission opportunity power save through the field of management frame. For
literature reasons it is important to mention that this was the first time that an amendment focused on
improving the total network performance instead of a single link.

2.4 1EEE 802.11ax and next generation wireless networking

Recent years the popularity of the IEEE 802.11 WLAN for indoor solutions combined with the
huge global traffic which reached 24.3 Exabyte per month in 2019 , 10 times more than it was in 2014,
created the issue of the overlapping basic service set (OBSS) leading to performance degradation. Trying
to design an extension of IEEE 802.11ac, the IEEE standards committee created a High Efficiency
Wireless LAN Study Group (HEW WLAN SG) which later is already known as Task Group AX. Main
target of this task group was to develop an amendment which will improve the efficiency of wireless
networks in high density scenarios. This amendment was IEEE 802.11ax.

The specification framework documents of IEEE 802.11ax started in 2014 but finally released at
the end of 2016. Like the first draft which created in December 1 and balloted in January 2017 such as
the second draft which created one year later, did not reached the required threshold to be officially
released. Only the third version accomplished to pass through the ballot, although it was planned to be
finalized by 2019 there are many open issues that need to be addressed
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Table 2. 1 Main features of IEEE 802.11ax compared with legacies [13]

The main scope of this amendment was to improve the user experience in dense deployments
either in residential environments where OBSS are created by the deployment of a large number of
WLAN access points in a small geographical area or in Outdoors and Stadium scenarios. Also IEEE
802.11ax had to improve the spectrum reusability alongside with the interference created in OBSS’s
scenarios. In addition major issue was to maintain and improve the power efficiency, as the most used
devices are mobile and battery dependent, which did by introducing several new PHY’s and MAC
features allowing multi user access. Continuing the IEEE 802.11ax extended the support of parallel
transmission in frequency domain enabling both UL and DL MU parallel access. Finally the task group
worked for a backwards compatible amendment and focused on both indoor and outdoor operations on
the band between 1 and 6 GHz.

Key feature of IEEE 802.11ax in contrast with the previous amendments, was the use of the
Orthogonal Frequency-Division Multiple Access (OFDMA). This addition of OFDMA in WiFi was a
step towards the cellular networks where it is widely used. The application of the OFDMA achieved 6
times higher throughput than the legacy according to the TGax investigations. With OFDMA, neighbor
subcarriers are grouped into resource units (RU) with different sizes, allowing its sender to choose the
best RU for each particular receiver. There are seven types of RU’s in IEEE 802.11ax amendment. We
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have 26-tone RU, 52-tone RU, 106-tone RU, 242-tone RU, 484-tone RU which is used only in
40/80/160MHz bandwidths, 996-tone RU available in 80/160 MHz bandwidth and finally 2*996-tone
RU seen only in 160 (80+80) MHz bandwidth. It is notable that IEEE 802.11ax was the first IEEE
802.11 standard amendment to introduce OFDMA.

As its ancestor IEEE 802.11ac which was the first to introduce MU-MIMO including only DL
transmissions, IEEE 802.11ax came to establish both DL and UL simultaneous transmission. When
grouped stations transmit simultaneously, their signals can be distinguished through spatial streams. Due
to the fact that for both complexity and cost reasons AP’s are usually equipped with multiple antennas
in contrast with STA’s where fewer antennas are installed, MU-MIMO can take full advantage of this
multi-antenna deployment allowing simultaneous both UL and DL transmissions improving spectrum
utilization alongside with transmission rate improvement. With IEEE 802.11ac the maximum number
of STA’s that could simultaneously transmit was 4 when with the IEEE 802.11ax amendment, this
number increased up to 8.

In IEEE 802.11ax the PHY layer faced many enhancements to meet the needs of the main scope of
the amendment. The first change concerned the physical coding decision. Despite the fact that Binary
Convolutional Coding (BCC) was mandatory while Low Density Parity Check (LDPC) was only
optional for traditional IEEE 802.11, IEEE 802.11ax requires both of them. As it was proposed when
the transmission bandwidth is above 20 MHz LDPC should be preferred instead of the BCC which is
otherwise selected for transmission in lower bandwidths lower or equal to 20 MHz. LDPC was used in
previous IEEE 802.11n/ac amendments for Forward Error Correction (FEC). With LDPC the
computational cost would be lower than in BCC but it is strictly in distinguished application scenarios.
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Figure 2. 9 OFDMA throughput against Legacy distributed coordination function [13]
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There was also introduced a new optional modulation technique enriching the legacy BPSK, 16-
QAM, 64-QAM and 256-QAM. This technique was 1024-QAM where it could be used in indoor
scenarios where the channel conditions are very good achieving 25% gain in compare to IEEE 802.11ac.
It was measured that combined with the FEC, in addition with a more fine-grained subcarrier division
and a new designed guard interval, IEEE 802.11ax could achieve the maximum throughput of 9.6 Gb/s
in a 160MHz spectrum.

The same time in order to improve the spectral efficiency both for indoors and outdoors
communications the TGax decided to increase the Fast Fourier Transform four times than that was used
in IEEE 802.11ac. For that purpose it defined four High Efficiency PHY layer convergence Protocol
data Unit (HE-PPDU) formats in order to support different technologies and scenarios. The first one
was HE-SU-PPDU referring to connection between an AP and a single STA or between two STA’s. In
that format compared to the previous IEEE 802.11ac amendment we see Repeat L-SIG, an enhancement
of the previous L-SIG, which is used to confirm when a PPDU is HE format through automatic detection.
Also a packet extension is included extending the time for the receiver to process data.

Afterwards we see HE-MU-PPDU and HE-TB-PPDU format. The first mentioned allowed the
simultaneous transmission through OFDMA and MU-MIMO and it was based to the single user format.
In contrast the trigger-based format was in charge for the UL MU transmission. Last but not least we
have HE-ER-SU-PPDU format. This format was created in order to improve the transmission coverage
of the outdoor scenarios through DCM narrowband RU transmission.

L-STF L-LTF s1G | sIG HESIGA | HESSTF | HELTF Data

Resouree Indicating|

HE-STF | HE-LTF Data

L-STF L-LTF SIG | sIG HE-SIGA

HE-STF | HE-LTF Data

HE-STF | HE-LTF Data

L- | RL- | HE-SIGA

L L-LTF g6 | sig (4 symbols)

HE-STF | HE-LTF Data

I (a)
HESTF | HE-LTF Data
. | L~ |RL- [ - X
L-STF L-LTF s16 | s1G HE-SIGA | HE-SIG-B (b)
HE-STF | HE-LTF Data
HE-STF | HE-LTF Daia
I (C)

Figure 2. 10 HE-PPUD: a) SU format b) MU format c) TB format d) ER SU format
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The last PHY layer enhancement considered to be the frequency selective scheduling. This
feature is extra beneficial for OFDMA systems in terms of frequency diversity. Main mission of this
feature is to increase throughput gains for stations located far away from the transmission point. That
happens by allocating physical resource blocks with the minimum possible fading. Overall the IEEE
802.11ax amendment tends to adapt a Dual Sub-Carrier in order to improve the performance and the
robustness in either narrow band interference or high dense deployments.

At the MAC level enhancements, the IEEE 802.11ax amendment introduce dynamic PHYCCA
modifications allowing multiple transmission to coexist. Even in high density deployments the
application of the Dynamic Sensitivity Control algorithm could optimize the existing deployments with
the proper tuning. This idea was transferred also to the transmit power mechanisms. The goal of the
dynamically tuning of the transmission power was to reach a target Signal to Interference plus Noise
Ratio. Both of this techniques focused on increasing the spectral reuse.

Continuing features like BSS coloring where each BSS was marked with a specific “color”
allowing each station to abandon receiving frames from neighboring BSSs has been added alongside
with the utilization of two NAYV timers for each station. An Intra-BSS NAV was added except from a
regular NAV in order to handle its timer only when frames of the assigned BSS allowing the stations to
ignore RTS/CTS in overlapping cases. Both of these features lead to remarkable when used in IEEE
802.11ax targeting use cases. Other notable features of the IEEE 802.11ax amendment was the power
saving techniques in order to utilize energy which could either extend the sleep time or allow the awake
time to be reduced.

As the IEEE 802.11ax amendment is moving towards Long Term Evolutions (LTE) technologies
the challenges that it has to face are about its viability as a communication network such as its support
to the Internet of Things paradigm. Starting with, in contrast with the LTE networks, Wi-Fi networks
do not operate in licensed bands where interference level is not guaranteed. Also the LTE network
channel is divided in blocks, for the DL channel the base station selects an arbitrary subset of resource
blocks in order to transmit data to the user and the UL the resource blocks need to be continued. Those
restrictions in Wi-Fi makes the development of an optimal scheduler very complicated. Despite its
limitations, IEEE WLANSs can be the connecting bridge with loT paradigms because the huge data
exchange from mobile devices can be handled by cellular technologies.
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[22]

2.5 Literature research

From another perspective, except from the already including features of the existing
amendments a key technique capable to solve complex problems in wireless networks is machine
learning (ML). In their survey on the applications of ML in wireless networking [32],the authors
mentioned that the continuous expansion of the network scale, the diversification of services alongside
with the difficulty of algorithms to proper adapt to dynamic network environment and the infeasibility
of traditional centralized to handle such number of nodes make the idea of machine learning very
popular. The main idea behind the implementation of such algorithms in wireless networks is due to its
ability to “learn” useful information from either input data or the environment leading to performance
improvements.

It is very important to also underline that machine learning helped us to realize that ultimately
our goal was self-organized networks. Machine learning can divided into three classes, supervised,
unsupervised and reinforcement learning. In supervised learning a learning tries to learn a general rule
by providing them a set of inputs and their desired outputs. In unsupervised learning, data are not labeled
and the agents have to create a structure from the given inputs. Last but not least is reinforcement
learning, one of the most important part of machine learning because of its huge impact to the Artificial
Intelligence (Al). In reinforcement learning an agents continuously interacts with its environments and
a policy according to a reward-cost feedback.
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Concluding from their researches in [24] & [32], we see that machine learning has already
stepped up and has many application in our days. As we can see in Figure 2.12, despite the open issues
there are, deep reinforcement learning has been applied in various networks taking care serious
objectives such as network security, data collection network access, etc. Although as the authors
mentioned there are a lot of unresolved challenges machine learning techniques can outline, there are
many open issues to solve in the future. While the ML based techniques are capable of selecting the
suitable backhaul/fronthaul solution, the cost of large delays and pre-processing of asynchronous
information can be harmful. So a balance between the information and the learning performance agent
consume.

The positive outcomes that machine learning algorithms do not stop there. During the survey
we see that in deep reinforcement learning approaches, it is possible for users to get achieve the
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maximum possible throughput. Although to reach that point users must report continuously their local
state which will might be difficult in future networks. With the next generation of IoT and the large
volume of data traffic, with features such as distributed caching are able to achieve a more cost-efficient
solution. Overall what they conclude is that enabling wireless networks to operate intelligently is not
fully feasible yet as we are already in primary stages and there are a quite a number of issues that have
to be addressed and need further investigation.

Multi Arm Bandits framework although, which has a main role in our research, has been very
popular the past years into wireless communication problems. In Multi Arm Bandits learning model a
learning agent obtains information from the environment and reacts according to what actions are
performed. In this model exists a tradeoff in face of uncertainty between taking the current best action
and gathering information in order to achieve larger rewards in future. In their research [18], the authors
wanted to address the Spatial Reuse problem in uncoordinated WLANSs through Multi Arm Bandits as
these networks are performance limited due decentralized channel access mechanisms. So the authors
decide to set the MABs to apply adjustments on Transmit Power Control and the Carrier Sense
Threshold trying to find the best possible combination in term of the frequency channel alongside with
the transmit power and the sensitivity of the WLANSs in scenarios as we can see if Figure 2.14 below.
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B

Figure 2. 13 The MAB main process [32]
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Figure 2. 14 A scenario of two overlapping WLANs and the agents learning procedure [18]
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Although as it is highlighted interactions such like these, especially in next gen deployments set
to be extremely complex. As we already mentioned before MAB unlike other Reinforcement Learning
algorithms, does not consider a specific state. A state might refers to a specific moment where the agent
was involved allowing the agent to construct a policy which follows in future situations and keeps
building by requiring new knowledge in each new interaction. As the author mention, the learning
through states in unknown environment increase even more the complexity. The main contributions of
their work except to showcase how the modification of parameters affect the network performance, were
to give an insight of using learning in decentralized and adversarial wireless networks such as evaluate
the performance of self-adapting networks in Dense scenarios.

The reward given to the agent after each action is defined in two different ways, as selfish reward
and as environmental reward. Through comprehensive research they conclude that despite the first
strategy the action of the agents is granted according only to its own throughput in addition with the
second which judge how good its actions were based on the mix-max throughput of the whole network,
the potential of applying uncoordinated MABs in dense WLANSs are capable to achieve the hope for
decentralized deployments. Albeit that they emphasize that there is a lot of future work must be done as
other important challenges must be over-come yet such inter-WLAN communication in order to get to
that point.
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Chapter 3: Komondor a high density IEEE 802.11ax simulator

3.1 Introduction

A useful tool that we widely used during our experiment, was Komondor, an IEEE 802.11 high
density for next generation wireless networks simulator created by the wireless networking research
group of Universitat Pompeu Fabra in Barcelona. According to the authors of an insight of the
Komondor [31], Komondor is an open source tool having as main purpose to serve either as an academic
or education tool and simulate the behavior of IEEE 802.11ax amendment designed to boost spectral
efficiency. Komondor is an event driven based simulator based on the CompC++ COST library with
simplified physical layer dependencies and high event processing rate, which occurs due to the
simplification of the core operation, resulting in the outperformance compared to other well-known
wireless network simulators. Other advantages of the aforementioned simulator is that some of the rest
simulators are either no open source or they have some inherent limitations such as high complexity.
The motivation for creating a tool like Komondor, as the authors mention, were the lack of next-gen
Wlan simulator in combination with the lack of analytical model techniques, the high complexity and
the large execution time of the other existing simulators. Another serious motivation was the need for
application of Machine Learning based agents in the simulation tools.

3.2 WLAN Simulators

In our days where large scale wireless networks researches, new untested protocols and
architectures are created, a simulation tool for the verification of their functionality and their
performance and accuracy, is absolutely necessary as the cost of launching a system like this again and
again until we reach the optimal version is not possible. Computer-based simulations, like the ones we
are going to see during the past of this research with the help of such a network simulator, Komondor,
are very important for researching groups, designers etc. as the networks simulators are capable to
provide realistic results and help them understand how the networks and its protocols behave through
their performance. As the authors mentioned in [5], the basic steps in order to run a proper simulation
are four as they follow.

The first one is to develop a model which in our case the new “model” developed is the IEEE
802.11ax amendment and the features it brought to wireless technology which was and the main reason
of the creation of our current using simulator. The second and the third step are to create various
simulation scenarios and collecting statistics from the output of simulators. With these two steps we
dealt extensively during our research as we created and simulated a various numbers of different
scenarios and extracted our results from the logs provided of our simulating tool which we visualized
an analyzed for the sake of our research. The visualization of those results constitutes the fourth of our
basic steps to run a simulation.

i Open- Source . . 1lax ML/based
Simulator c uﬁerm lang, Complexity GUI features module

ns-3 Yes Ci+ High No! Partial Nt
ns-2 Yes C++'0Tel Lo Mol No Mo
OMNET++ No G- Medium Yes No Mo
OPNET No Cor Medium Yes No Mo
MNetSim No Java Lo Yes No Mo
Komondor Yes CiC++ Lo My Partial Yes

Table 3. 1 Networking simulators comparison [31]
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The available wireless networks can be divided into two categorize, continuous-time and discrete-
event. Continuous time simulators divide the simulation time into small pieces which keeps track of
them all the time. In addition discrete event simulator are faster than continuous time as the events are
only used to mention system changes. The family of the most popular wireless simulators consist of the
ns-3 which is a high complexity open-source simulator based in C++ library, ns-2 also an open source
simulator with great accuracy and low complexity. Other simulators, are OMNET++, OPNET and
NetSim, which are not open-source simulators which Medium complexity. Although we have to mention
that except our simulator, Komondor, which we extensively present and ns-3 all the fore mentioned does
not support features of the IEEE 802.11ax amendments that we study in the current research. The lack
of next generation wireless technology capable simulating tool as we conclude combined with the
limitations that ns-3 suffers from, makes Komondor a very promising tool for next-gen networks.

Closing this section we must emphasize that it is not proper to characterize simulators as ‘“bad”
or “good”, its one is selected by the researchers requirements. Although the optimal features that a
network simulator has to establish is to keep a good balance between efficiency, accuracy and how much
user friendly is.

3.3 Usage tutorial

As we mentioned, Komondor is an event-based simulator strictly depended on the CompC++
library. The simulator is operating in particular Linux Environment while a 64-bit system is highly
recommended. Its execution mode is performed by the console with the input files and arguments
provided. Komondor uses a set of inputs which includes information about the nodes, system
configurations, and simulation times, machine learning methods etc. After the insert of the input files,
Komondor initializes the main module “Komondor.cc” which authority is to process the input given,
initialize each one node separately and generate the network and within the simulation time given it
gathers information about the network it is each time generated, exporting the results into logs for the
user.

INPUT .
komandor_main.cc:

: -....... Komondor_main.cc node.h: start()
¢ Console inputs +: setup()
H I H . I .
! Inputlll - ' - Process input Initialize variables
: [ - Sel up syslem ® - Parlorm “connects”
! Generate nodes Start traffic generator
H G5

- Start transmission

- End fransmission c

- Traffic generation |~ Si nl;a_

- Handle backoff imusation

OUTPUT

| Output files |
: +logs 1
: y : - Gather statistics "
i y - - Close output files [+ g:ﬁﬁ :::;::1::;"5
: i m - Prasent rasulls
beeeeim/=---!  komondor.cc: stop() node.h: stop()

Figure 3. 1 Komondor’s execution flowchart [31]
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Figure 3. 2 Komondor’s state and event diagram

In order to achieve that stage our simulation has to go through some states that represent each time
which nodes is involved and how it behave when new events occur. The first state is the sensing state
which has two existing purposes. First one is that our node following the CSMA/CA operation it senses
the given channel, after its backoff counter has ended, for any traffic load in order to take access of the
medium. If the channel is occupied the backoff of the node freezes till the medium is free. Except from
the medium access purposes, the node senses the channel when it waits a responding transmission.

Continuing we have transmit and receive state. Both of them are after the sensing state and they are
the states responsible for either transmitting or receiving and decoding incoming packets. It is important
to mention that when a transmission is occurred the receiving capabilities of the node are cut out during
the end of the current transmission. In addition when a node tries to receive an incoming packet and a
new event is occurred by another node, if the interference is high enough, the incoming packet could be
discarded leading us to the packet loss effect.

Between all the before mentioned states, there is the waiting state. Main mission of this state is to
detect packet losses when there are interruption in the network. More specifically when a node transmits
either one Request-to-Send or Clear-to-Send or even a data packet, then it awaits a corresponding
message similar to Clear-to-Send, a data package or an Acknowledgment/Block Acknowledgement
packet. If that respond does not happen in the given time, the timeout mechanism is triggered resets to
sensing state and assumes that the given packet is lost.

Last but not least we have the NAV state. When a node is entering NAV is due to the fact that it
successfully received a frame addressed to a different destination, leading to set at NAV timer which
sensing the primary channel addressed to the node. Every time a new frame is received successfully
before the NAV timer expires, it updates the timer. All of the events that trigger the previously
mentioned states are lined up on the time axis and handled by the core itself. In order to overcome the
obstacle that when two events are scheduled simultaneously cannot really be executed the same time
leading to inconsistencies, Komondor creates to temporary variables. This variables handle the
timestamp its event was generated making our simulator behave like it is in a real world situation.

There are four modes of execution available in Komondor. First and foremost we have the “Basic
execution” where all the parameters for the operation of a basic wireless network are indicated. In this
mode 9 arguments are required for the execution. Then we have the “Quick execution” where a basic
execution can be performed with only the mandatory arguments are required, as we are going to see in
table 3.2. Third execution mode is the “Script based” where our execution is handled by a bash script.
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Last but most important is the “Execution with agents”. In this case as we include smart agents, we must

add corresponding parameters in order to inform about the creation of the agents. In this case all of the

arguments are needed to be specified at the console.

During the simulation nodes interact with each other by sending packets until the simulation time

is over when a set of output files is generated where they include network performance information.

Mandatory inputs except the simulation time and the seed, which refer to a random seed for the

experiment, are the nodes files and the configuration model, then we can select if we want to apply

machine learning agents into our simulations and decide which information we want to be logs we want

to be saved.

When we presented the execution modes we talked about mandatory and “optional” arguments on

the input at the console. In table 3.2 below there is a detailed presentation of all the arguments which

can be used as input to our simulator highlighting the ones that mandatory for the basic execution

scenario.
Table 3. 2 Arguments passed through console

Mandatory Nodes input Contains information about the current nodes
(channel used, transmission power etc.)

Optional Agents input Contains information about the applied agents

Optional Output filename Path to the output file

Optional Simulation Code Code for the specific simulation

Optional Save System Logs Flag indicating the ability to save the system
logs

Optional Save node Logs Flag indicating the ability to save the node logs

Optional Save agent Logs Flag indicating the ability to save the agent
logs

Optional Print system Logs Flag indicating to print system logs

Optional Print node Logs Flag indicating to print node logs

Optional Print agent Logs Flag indicating to print agent logs

Mandatory Sim time The Simulation time (seconds)

Mandatory Seed Random seed for the experiment

In older versions of Komondor the simulation environment was also an input file but in the current
version this research is written, configuration model file is a default editable file which is not imported

as input at the console and contains global parameters which replicate the whole environment of our

experiment such as the pathloss model, co-channel interference etc. input parameters can be seen in

table 3.3 below.
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Table 3. 3 Configuration model file

Path-loss model

Path-loss model: (0: LFS, 1: Hata, 2-3: Indoor (1-2), 4-8:
TGax(1-5), 9: Indoor 5Ghz, 10: In-room Loss 5.25GHz,
11: Room-Corridor 5.25GHz, 12: TMB)

Adjacent channel model

Co-channel interference

Collision model

Collision model

Backoff type

Type of backoff: slotted or continuous

pdf backoff

Pdf for generating the backoff: deterministic or
exponential

Simulation_ix_output_script | Simulation index for the scripts output

As we see in table 3.2 there are two input file types that allow Komondor to actually generate the
desired simulation file. The creation of each WLAN is depend on the node input files which is the first
input file type and defines the location including also the characteristics of both Access Points and
Stations. Except from the input files that divide in two types, there are two ways to generate nodes where
they are separated according to the file name. When the keyword of the file is “node” both Access Points
and Stations are described. Elsewhere when the keyword is “aps” only Access Points are defines as the

set of Stations is randomly generated. We can notice the node input parameters in the table 3.4.

Table 3. 4 Nodes file description

Parameters Description

Node code A code assigned to a specific node
Node type Type of the node, either AP or STA
Wlan code A code assigned to a specific WLAN
X(m) Coordinates on axis X (meters)

Y (m) Coordinates on axis Y (meters)

Z(m) Coordinates on axis Z (meters)

Central frequency (GHz)

Defines the frequency band used either 5 or 2.4 GHz

Channel bonding model

Max Log 2 MCS, 6: Uniform Probability Log2)

Primary channel

Defines the channel which is used as primary

Min channel allowed

Left channel in range

Max channel allowed

Right channel in range

TX power

Defines the transmission power (dBm)
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Sensitivity Defines the sensitivity of our APs and STAs (dBm)

Traffic model Traffic Models: (0: Full buffer, 1:Poisson, 2: Deterministic,
3: Poisson Burst, 99: Full Buffer No Differentiation)

Traffic load (pkts/s) Traffic load (packets per second)

Packet length The length of each packet

Num packets aggregated

The number of packets aggregated to be transmitted

Capture effect thr

Minimum capture effect threshold

Capture effect thr

Maximum capture effect threshold

Constant PER Defines a constant Packet Error Rate
Pifs activated For activating PIFS

CW adaption For activating channel window adaption
CwW Fixed Channel Window

CW stage Initial Channel Window stage

Last but not least except from the nodes input as we mentioned, our simulator is capable of using
machine learning models when a given user may need them in order to apply them in the already created
WLAN:Ss. So long the second input file type is the agent input file which includes crucial information
about the agent characteristics such as the available learning methods, the WLAN it is applied etc. In
the current stage agents can only work on their own and not as a part of a centralized system. Alongside
the only available learning method is Multi-Arm Bandits which we are going to see a lot through this
research with other Reinforcement Learning techniques such as Q-learning and Neural Networks are on
the way for future releases. In below we describe more detailed the input parameters of the agent files.

Table 3. 5 Agent input file

Parameters Description
Wian code Defines the code of that WLAN that agent is applied to
Centralized Flag that indicates whether the node is attached to a centralized

system

Time Between Requests | Time between request by the agent to AP

(seconds)

Action channels A list of channels that are available by the agent.

Action cca (dBm) A list of CCA values that are available by the agent

Action tx_power (dBm) | A list of transmission power values that are available by the agent

Max_bw Max bandwidth
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Reward Type of reward used by the agent

Learning Mechanism Type of the learning mechanism used by the agent

Selected strategy Selected strategies: (1: E-greedy, 2: Thompson Sampling, 3:
Sequential)

Till the moment this research is conducted, various features have been tested and implemented on
the current version of Komondor. Such features are the Distributed coordination, Buffering and packet
aggregation, Modulation coding scheme selection, RTOT algorithm for Spatial Reuse and Ready to
Send (RTS)/Clear to Send (CTS) and Network Allocation Vector. Future plans include orthogonal
frequency division multiple access (OFDMA), multi-user multiple input/output (MU-MIMO)
transmission, beam-forming and other ML-Based configurations as Q-learning and Neural Networks
which we already mentioned before

3.4 Applications

In addition with other simulating tools, Komondor is designed that way so it will support the usage
of machine learning based configurations in the future. In Multi Arm Bandits which is the only available
learning method at the current time, smart agents are deployed to wireless networks in order to either
monitor their performance or even use action selection strategies so they can be able to propose new
configurations to the WLAN in search for better performance. In Komondor they have been
implemented three different action selection strategies for MAB’s. As we can easily see in the table 1.4
previously the available selection strategies are E-greedy, Thompson Sampling and Sequential. In the
current research E-greedy and Thompson sampling were used extensively in our experiments as we took
a deeper view of their performance in chapter 3. Except to find out the impact of Machine Learning in
wireless networking by using both of these strategies in our scenarios was a great opportunity to make
a comparison of them through their results and even see how they cooperate when they have to coexist
with the other.

Komondor has been used in various lists of projects as a simulation tool which we are going to
see even further. As we fore mentioned, the biggest advantage of Komondor instead of other simulation
tools, is its capability of using machine learning and the handling of high dense scenarios for next
generation wireless networks. Bright example for that is the research on [7], whereas the authors claim
that the connection link between machine learning and communication systems can be networks
simulators. That was proved by showcasing the potential benefits of ML models implemented in 5G and
6G Wi-Fi networks.

Continuing Komondor was used to prove that the Machine is the key feature for the next generation
wireless networks. As the authors mention in [17], due to the fact that ML can handle the large volume
of data of the ever-increasing complexity networking, the current networks are not ready yet to support
similar applications. The article's target is to present the requirements needed for the future wireless
networks, focusing on 5G and beyond, to include ML.
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3.5 Epilogue

Concluding from this chapter what we can conclude is that Komondor is a reliable wireless
network simulator is validated in a big amount of scenarios against various similar tools like the ns-3
simulator and two analytical tools based on Continuous Time Markov Networks and Bianchi’s
Distributed coordination function model. At the same time due to its very user friendly usage alongside
with the low complexity operation and the new features that supports or is going to support in next
versions like Machine Learning, OFDMA, MU-MIMO, we can say that it is ready fill the gap for the
upcoming next generation networks. Accordingly to the creators of the simulator the support for more
previous IEEE 802.11 amendments such IEEE 802.11n/ac/ad/ay is possible.
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Chapter 4: Understanding WLAN performance

4.1 Introduction

Before we investigate the application of RL in wireless networks we have to fully understand first
the factors that immediately affect the performance of our networks. For that reason, at the beginning of
this experiment we created a number of low complexity scenarios where we investigate how “low
complexity” parameters like the distance, transmission power or the sensitivity can affect the overall
performance. Afterwards, the next step was to introduce reinforcement learning and the learning
strategies that we widely used for the simulation of our scenarios. This chapter is going to create the
base reference by learning the basic concept of IEEE 802.11ax wlans and reinforcement learning.
Having that in mind in chapter 3 we are going to continue the experiment even further and investigate
more real life applications with high density scenarios which is the main issue of this thesis.

At this stage of our experiment, as we have already mentioned, our main focus was to fully
understand how a variation change of network parameters can fully affect the behavior of the whole
system. In order to achieve our target, we created a two networks scenario, where we included 2 Access
Points with 1 Station each. The parameters that have been used on the specific scenario can be seen in
table 4.1 below.

Table 4. 1 Experiment setup

Parameters Values
Central frequency 5.25GHz
Basic channel bandwidth 20 MHz
Data packet size 12000 bits
No. of aggregated packets 64
Min. contention window 16
CCA threshold {-82,-76,-70,-62} dBm
Path loss model TMB
Capture effect threshold 10
Simulation duration 10s

The pathloss model used in our experiment is TMB, an empirical model that according to [33],
combines available data and without requiring any previous computation of traversed obstacles,
providing a selected MCS and number of spatial streams on a specific distance. TMB is more or less the
most suitable pathloss model for indoor environments as it has been tested in a typical office with
multiple partition walls, from the authors that are also the “creators” of the specific model. As we used
the TMB pathloss model, the average distance for overlapping networks is 21 meters. Having that in
mind we applied 5 distance use cases between AP-AP and 2 adjusting the distance between AP-STA, to
our topology as we can see in Figure 4.1
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4.2 Transmission Power (tx_power) use cases

As a starting point on our research, we wanted to create a number of scenarios, where our main
focus will be on the transmission power of our network, as it is easy to foresee the possible outcome of
our actions. So we create a number of cases where we adjust different values of transmission power on
our networks. We assume that as we increase the value of transmission power on our AP’s, the strength
of the signal received from the STA is equally increased. We have to mention on this part of the
experiment that on our topology both networks select by default the same channel, which is also their
primary channel, to transmit in order to also observe if the phenomenon of overlapping networks
appears. We achieved that by creating three transmission power use cases: i) 8 dBm ii) 15dBm iii) 20
dBm where we indicated them as low, medium and high tx_power respectively. Those tx_power cases
have been applied t on 5 different locations where the distance between AP’s increases. The results of
our simulations are represented at the Figure 4.2 below.

Distance AFP-AF
-12 meters
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-24 meters SF Distance AP-STA @
-8 meters Cazes A G meters
Cases B: 14 meters

Figure 4. 1 Current scenario topology. Including "distance use cases" information
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Figure 4. 2 Average throughput (mbps) per transmission power use case for 5 distances
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It is easy for someone not expert in networking to say that as we increase the power someone is
transmitting the performance is also increased. Taking a look on the previous figure (figure 4.2), we can
say that the results are indeed as obvious as everyone could think but it is not as simple as the scenario
is a simple representation mostly created for educational reasons. As we see in fig.2 our power cases are
not increasing equally in each change of the distance between our networks but it is not something that
cannot be explained. Starting from the low power case, we see that from the first transition from 12 to
16 meters, it reaches its maximum possible performance and stays the same at all the other states.

In addition with low power, all the other cases require a bigger distance between our networks and
we can say that it is also scalable. We mention that our cases reach their maximum throughput in line
from the lower to the high power, as the low power changed immediately, the medium power needed to
reach 24 meters between networks in order to reach a high data rate as the high power case we see is
directly opposite to the low power case. It is in mostly all cases the same and only in the last one where
the distance between networks is the biggest then it reaches its highest data rate.

So we decided to divide the explanation of our current test in two sub-sections. In the first section
we are going to take a look at overlapping areas, explaining what they actually are, how they are created
and what is their affection on our wireless networks. Then in the second section we are going to represent
the data rate. As in the first section we are going to what the data rate is and how we can associate it
with the performance we get from our networks.

4.2.1 Overlapping areas

The increased number of devices accessing the internet wirelessly made the need for higher data
rates necessary. For that reason channel bonding, one very promising technique, was recruited in order
to create wider channels by letting two separate channels combine into one, resulting in higher spectrum
efficiency. Although the data rate was increased, the possibility for co-channel interference was
increased making our nodes vulnerable in hidden nodes effect cause as the authors say, as we widening
the channel, the value of Watt per Hertz is reducing which refers to vulnerability of our nodes to
interference. Main target of this section is to make clear the definition of the term “overlapping area”
and what their contribution is to the whole networking system. Since we are also going to face them
during the past of our experiments at the following sections, we will see according to (Barrachina-
Muiioz, Sergio, et al., 2019) if the widening of the channels is indeed the better choice in order to succeed
at higher network performance.

During their research, the authors examined Channel Bonding policies like Dynamic Channel
Bonding and Static Channel Bonding through random allocated high density deployments. As it came
out SCB was viable only in scenarios where the traffic load of our networks was really small. On the
other hand DCB when spectrum adopting policies are applied, can be significantly better compared with
the traditional single channel approaches, especially in high density scenarios. Nonetheless, concluding
the authors emphasize the risk of unfair scenarios where hidden nodes appear and the harmness can be
done in low traffic situations is still real. That fact leaves a headroom for even further work to be done
while machine learning based DCB policies can be the key factor for even further improvement.

4.2.2 Data rate

As we wanted to have a clear view about the parameters that have immediate performance impact,
we decided to examine the outcome of a single network and how it reacts when we change the positions
of grouped stations. Our tx_power in all tests was set at 15 dBm and our CCA was at -82 dBm.
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Figure 4. 3 Distance vs. throughput on a single network

During our simulations, we noticed that as we increased the distance between AP and the STA, the
value of modulation code schematic (MCS), which is directly linked with the data rate and the signal to
interference plus noise ratio (SINR) was decreased causing performance issues. As we can see in Figure
4.3 in high transmission power scenarios we reached almost the maximum possible MCS values,
therefore the maximum data rate and throughput available. In addition in low transmission power
scenarios we reached 0 throughput from our network.

Having that in mind, combined with the fact when two networks share a single channel, they also
have to split in half the available transmission time. We found that data rate on our AP’s was not only
affected due to the overlap between them, but also because the increased distance between our AP and
STA which can justify the degradation of performance in a case on fore-mentioned Figure 4.2.

From the results exported from this scenario, we saw that the performance determination curve of
the high power use case is steeper than both of the other cases. Although the low power use cases follow
the same pattern as it is also steeper than that case with the medium use power case. The descent angle
in our graphs corresponds to the rate that our network's performance decreases as the MCS and the SINR
is getting lower and lower. Except from the angle of our performance curve that can be seen from the
first sight, we notice that in low power cases, our networks even at the case where the distance between
station and access power was the lower one, it did not achieve the max possible modulation coding
scheme.

Continuing in the second case of our experiment, where we also increased the distance between AP
and the STA and set it to 14 meters. The difference between these two cases can be noticed immediately.
In Figure 4.4 we can see that the performance is even more reduced because the distance our signal had
to cover in order to reach our receiving station and due to a possible interference with neighboring
networks.
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Transmission Power (Case B)
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Figure 4. 4 Transmission power use cases in increased AP-STA distance.

In addition with our main topology, seen in Figure 4.2, the results of our current scenarios were not
so simple to explain. Although we only changed the distance between access point and station, the
consequence was that our experiment got unstable. Except that in case B the overall performance was
decreased as we expected, we notice that the results during the progress of our experiment were not
linear as in case A.

This instability starts from the low power use case, where the overall performance, instead of
getting better as we increase the distance between networks, it either reaches zero throughput (16 meters
between AP’s) or has smaller performance than the starting point in 20 meters between AP’s. From that
point and then, the behavior we see is normal as we see our network reach maximum performance. Then
in the rest use power cases, the only difference we have to notice is that we see that in some distance
cases the network A has better performance and in other cases the opposite, something that has minor
significance in comparison with the one we first mentioned.

The above results confess, that despite the common knowledge that high transmission power
implies good data rate performance, we must take in mind also the distance between our AP-STA too.

4.3 Sensitivity (CCA) use cases

Moving further in our research, the next step was to add the parameter of CCA. The value of CCA
determines how sensitive our network is to the interference of the surrounding networks and decides if
our transmitters will transmit or not. As we increase the value of CCA, our network has more chances
to transmit, although the danger of hidden nodes lurks around. It is easy to understand that with these
capabilities, combined with the distance and transmission power, CCA is tightly connected to the
expected throughput.

In order to investigate further CCA, we created 3 cases where we applied 3 different CCA values
to our experiment. So, except for our by default value (-82 dBm) we added: 1) -76 dBm, ii) -70 dBm and
iii) -62 dBm. Observing our results in Figure 4.5, we notice that even from the current phase of our
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experiment, our networks reached their maximum performance much earlier compared to the outcome
we have with the original state scenario. It is interesting to highlight that in high power cases the fact
that by increasing the value of CCA, we did not observe to cause any performance degradation even in
small distance between networks scenario.

High Power (Case A)

W ccA-62NW_A M CCA-62NW_EB CCA-TONW_A [l CCA-TONW_B [ CCA-7T6 NW_A
[l CCA-TE NW_B

100

Rkl

Distance between networks (meters)

-1
(]

%]
w

Throughput (mbps)
3

Medium Power (Case A)

B CCA-62NW_A [ CCA-62NW_B CCA-TONW_A [ CCA-7TONW_B [ CCA-T6 NW_A
W CCA-76 NW_B

60

Distance between neiworks (meters)

=
(=]

Throughput (mbps)
=

Low Power (Case A)

W ccAa-62NW_A [ CCA-62NW_B CCA-TONW_A [ CCA-TONW_ B [ CCA-76 NW_A
W CCA-T6E NW_B

40
30
20 3 3
10
0 ——H-
16 20 24 28

12

Throughput (mbps)

Distance between networks {meters)

Figure 4. 5 Variant sensitivity use cases
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Proceeding to the Case B, were we increased again the distance between our AP-STA location,
consulted by the data logs of our simulator, the increased distance between our Access Point and our
Station, combined with increased value of CCA, resulted the reduction of Signal plus Interference to
Noise Ratio (SINR). Although in some cases the hidden node effect appeared, our AP throughput was
0 mbps as the SINR during the transmission was below our capture effect threshold. In Figure 4.6 we
chose to select specific distances between AP’s in order to cover the low, medium and high distance
cases. As we mentioned earlier the low transmission power is missing from this chart as some CCA
cases from Medium and High power are missing too. That is due to a combination of the high sensitivity

and distance that causes that big performance loss.
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Figure 4. 6 Sensitivity use cases on increased AP-STA distance.

42



Understanding WLAN performance

12 meters

(calculated as the distance
between

4 meters
7 meters
10 meters

Figure 4. 7 Forcing hidden nodes topology

In order to make clear the effect of hidden nodes, we decided to create a new topology, which can
be said to be more “efficient” to notice that effect. In this case we will focus on the effectiveness of the
topology, sensitivity and we will introduce one new variable, capture effect threshold. So as we see in
Figure 4.7, by changing the topology of our networks we executed our scenarios, similar to the previous
cases to observe the behavior of our networks.

As we noticed in our data logs, during our experiments, when the sensitivity was set at the default
value the interference between our networks was none and the only thing affected our performance was
either the transmission power or the distance between AP and the STA.

Although it was interesting to apply different CCA values in the specific topology as we mentioned
earlier, by increasing the CCA, our networks will have more chances to transmit but the cost can be
great if the hidden node effect appears. The crucial parameter in this point is the capture effect threshold.
This parameter, determines how strict our network reacts to interference taken by neighbor networks
and transmitters. Taking that in mind, we saw that by putting the stations at gradually increasing
distance, the SINR value, in some cases, dropped even below our threshold causing both of our networks
unable to transmit successfully.

The next step was to try changing that threshold. First we put the lowest possible value but having
in mind that our networks do not transmit without checking if our channel is in use, the result that we
got from our simulations were really close as it can be seen in Figure 4.8. Although by increasing the
capture effect threshold, our networks have been stricter in order to transmit, we noticed that we did not
have any performance impact. That situation exists because our networks do not transmit simultaneously
most of the time.
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Figure 4. 8 Capture effect and CCA use cases at different topology
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Trying to interpret the above figure, we can see excluding the cases with -70 and -82 CCA which
are similar and we are going to comment continuation of the chapter, we see that -62 sensitivity case, is
a straight to the bottom scenario as the results are pretty low in terms of performance and in some cases
even zero.

Now coming to the next two cases, we can notice that they are pretty the same, although there is
something really serious to talk about. The curve -82 CCA case is bigger than that in -70, that means
that in all capture effect cases in -70 dBm sensitivity, our scenarios hold higher performance much more
that all the other scenarios.

4.4 Epilogue

In this chapter we studied about some basic and simple parameters used in wireless networking and
we tried different applications of them in order to see their influence. Concluding from this chapter we
can understand that the possible combinations we could try in order to create the optimal performance,
are a lot as the numbers of the available parameters, that affect our performance, to configure is huge.
Specifically in random allocated Wireless local area networks, which can be found in our daily life,
doing the configuration by hand is impossible. There is where machine learning can make their entrance
something that we will investigate in the next chapter.
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Chapter 5: Network self-adaption by learning

5.1 Introduction

At this stage we are going to apply machine learning and more specifically Reinforcement
Learning. A classic reinforcement learning problem model that we are also going to use during our
experiments, is Multi Arm bandits. Our target in the current phase of our research, is to introduce MABs
and explain how they work. Afterwards we are going to present two types of the learning strategies that
are used in our scenarios (E-greedy and Thompson Sampling) more detailed, stating the pros and cons
and finally we are going to try to prove if smart algorithms like MABs can be the feature needed to make
the technological leap in to the next generation wireless networks.

5.2 Multi Arm Bandits

The MAB’s problem is indeed a one-state Markov decision process. In MABs a smart agent, that
simultaneously trying to retrieve knowledge from each environment, while optimizing its decision based
on the existing knowledge, applies a configuration on the wireless network of its competence. Regarding
the performance its configuration achieves, our agents enriched his knowledge with information, leading
him to propose a new configuration. The configuration that is chosen most of the time as our experiment
comes at its end of the test is proposed as the optimal one, regarding the learning strategy used. In order
to get step by step deeper into the multi arm bandits problem and gradually increase the complexity of
our research, we decided to apply in the beginning, only one agent in one of our networks so to evaluate
its performance and observe how it reacts to its environment. After that we will apply agents on both of
our networks in order to investigate how they cooperate and their effect on our networks as a whole.

The privileges our agents will have for start, will be limited allowing them to control only a specific
parameters on our networks which in our case, this parameter will be the transmission power. As the
experiment goes on we will promote the agent’s authority by increasing their responsibilities of our
agents by allowing him to handle the control of the sensitivity of our networks too. This chapter will
end with the application of a second agent both having restricted responsibilities and a more loose case,
while we will be observing the impact of the coexistence of our agents in the environment of our
networks. Although there is a controversial choice we have to take and this is about the learning strategy
that we set for our smart agents to use. Facing that dilemma of learning strategies, we decided to try two
of them, e-greedy and Thompson Sampling. So we thought that we should take advantage of this
opportunity and make a small comparison of the outcome and extend our research even further. The
parameters that will be used on our agents file are presented at the table 5.1 below.
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Table 5. 1 Agents setup

Time between requests 1 second
Actions cca (dBm) {-82,-76,-70,-62} dBm
Actions tx_power (dBm) {8,10,15,20} dBm
Learning mechanism 1 (Multi Arm Bandits)
Selected strategy 1 (E-greedy) | 2 (Thompson
Sampling)

5.3 Learning Strategies

Learning strategy is in general an individual way of organizing and using a particular set of “skills”
in order to accomplish tasks more effectively. In our case, this task is the performance of our networks.
Before we continue to the experimental part of our research, it will be useful to mention some important
information about what learning strategies are and how they operate. Also we are going to notify the
exploration-exploitation dilemma that occurs and has a direct impact to our network environment. Two
learning strategies that we are going to focus on this chapter are E-greedy and Thompson Sampling, as
those are the learning strategies we use widely in our scenarios.

5.3.1 E-greedy vs. Thompson Sampling & Exploration-Exploitation dilemma

The first learning strategy we are going to see as we mentioned before, is E-greedy. E-greedy is a
simple selection method that tries to keep a balance between exploration and exploitation by choosing
randomly one of them where the epsilon seen on its name refers to the probability of choosing to explore.
It can be categorized as a semi-uniform strategy due to its greedy behavior where most of the time
exploitation is preferred than exploration.

Exploration and Exploitation are two terms widely used in learning strategies as we already saw
during the small presentation of E-greedy and we will also meet them as we move through with the
presentation of Thompson Sampling. With exploration, a smart agent is allowed to extend his current
knowledge, by choosing different actions without taking in mind only the performance. This knowledge
based thinking leads to long term benefits while improving the possible accuracy of the estimated values.

Exploitation on the other hand, is a greedy minded model choosing action in order to get the best
reward by exploiting the current estimated action-value. This happens against exploration as when an
agent explores, the estimated actions-values are more precise but when it exploits the reward might be
bigger. Those two prospects cannot be chosen simultaneously and that is what is called the exploration-
exploitation dilemma.

Thompson Sampling is a randomized algorithm where exploration is being achieved by choosing
the arm with the “best” sampled mean. The basic idea assumes there is a prior distribution on the
underlying parameters of the reward distribution of every arm and at each time step an arm is selected
based on its posterior probability of being the optimal. The algorithm continues to sample all actions
that could be optimal, shifting those arms that are considered to underperform while finding finally the
optimal one.
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5.4 One agent application

As we already mentioned, the first step on understanding reinforcement learning and multi arm
bandit model while applying smart agents at the same time on our networks was by deploying a single
one agent only in one of our networks. The instructions the agent was given, where to find the ideal
transmission power for the best possible throughput. In table 5.1 where the agent setup is mentioned,
we see that in the CCA parameter is a list with a various number of possible values, although in this
stage we will use the by default value of -82 dBm.

It is important to emphasize that in contrast to our experiments in the first phase, we had to
significantly increase the simulation time from 10 to 300 seconds, so our reinforcement learning
algorithm would have the proper time needed to provide us accurate results. This decision was made as
during the simulation test it has been seen that during our runs at 10 seconds some “levers” have not
been chosen at all from our agents. Despite that, the upcoming results will be isolated from the last 10
seconds of our simulations so the comparison with the origin scenarios will be fairer.

As our experiment went on, the results seen in Figure 5.1 were mostly confusing, despite the fact
that in some cases (i.e at 16 and 20 meters distance between networks) that even our “simple” agents
had better results than that we had in our origin performance but not as we have expected, we could say
that in overall the results when we applied the smart agents had worse performance driving us to question
the ability of RL algorithms to properly configure wireless networks. However it is interesting to
mention that when we deployed “enhanced” agents with higher privileges in the cases where the simpler
agents outperformed the original state, now we see a huge increase of performance and the overall results
are closer to those ones where no agents were applied.

Comparing the two different action learning strategies, we see that as we use the simple agent the
Thompson Sampling has better overall results than E-greedy but as more parameters come in the hands
of the agents we see that it is the other way round. Another point that we must highlight is that in some
cases the simpler choice the better one as we can see complex agents are outperformed from simpler
ones.
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Figure 5. 1 One agent application with simple (tx) and “enhanced” (tx,cca) agents
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Summing up we see that the smart agents and the reinforcement learning algorithms did not perform
as we were thinking but it may be more complex than we thought the usage of features like that. For
that reason we wanted to investigate a little bit further on why that happens, so we wanted to try a
different approach topology to check if the location of our networks is indeed the main factor that pre-
decides the max throughput.

5.4.1 A different approach topology

The result we exported in the previous scenarios made us wonder as we mentioned if the topology
of our networks is the main factor that has the biggest effect on the maximum throughput of our wlans.
In order to answer this question we created a new scenario with a different topology as it appears in
Figure 4.7 so we can either confirm or contradict our theory. The configuration used in this case was the
same with the previous ones scenarios on both our AP’s, STA’s and agents.

Looking at the outcome of this experiment as we can see in Figure 5.2 below, we see that the impact
of the agents was more noticeable when we gave the agents the highest authority in our cases compared
to our outcome in the previous case. From the starting point we see that our agents achieve much higher
performance except one specific case (when the difference between networks is at 16 meters) where
there may be a bunch of reasons for that performance dip might be. The specific topology made the
learning process difficult enough as consulted by the simulation logs we see that its “lever” had been
chosen less times than in previous cases. So as more time was added to the execution time of the
scenario, we got better and better results each time. Despite that we see that in the scenarios when we
applied smart agents which handle only the transmission power, our networks are still outperformed in
most of the cases from the original scenario where no agent was applied. That fact made us think about
the tier those parameters that we gave to our agents to handle are in the chase for optimal configured
networks, as in the majority of our cases agents handling only one parameter like transmission power
did not have the impact expected.
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Figure 5. 2 One agent application on a different topology
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5.4.2 E-greedy vs. Thompson Sampling

The selection of the proper “action selection strategy” to be applied in a multi arm bandit problem
is not trivial. Both e-greedy and Thompson Sampling have been tested as objects of research and we
have seen that both give great results. The exploration-exploitation dilemma is the trigger point that
makes it difficult to choose most of them.

During the simulations, we see that e-greedy was not so fair in terms of choosing all the available
arms, something that we have been expecting as the chances of exploring are really small. So the result
of this is that some available arms are not even used in some cases. Although as we can obviously see
in table.3&4 the performance compared to Thompson Sampling is pretty much the same. In addition
while we used the Thompson Sampling strategy, we saw that the chances on each arm were fairly
distributed.

5.5 Coexisting agents

The next level of our research, after investigating the influence of RL algorithms in WLANS in a
simple scenario, was to apply agents in all of our networks. Main target of this step is to observe how a
set of similar agents interact with each other and of course we will focus on the performance of outcome.
In the first part of this section we will see how similar learning type agents coexist in the same
environment and we will continue in the next one, where we will investigate how different learning type
agents react to each other and of course how this heterogeneity affects neighboring networks.

5.5.1 Similar agents

The topology preferred for this case, was the one seen in Figure 4.7 as we wanted to put our agents
in a more intense environment. As we applied a second agent with the same action learning strategy, we
executed the same “distance cases” between our Access points and Stations, as in the previous scenarios
and the results we got were very interesting. In this part it is important to highlight that we used both E-
greedy and Thompson Sampling so we can extend their comparison part more detailed.
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Enhanced agents of the same type application
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Figure 5. 3 Two agents of the same type application in simple (tx) and enhanced (tx,cca) version

At Figure 5.3, we represent the overall results of our networks at 5 different distances between
Access Points and Stations. For one more time we see that the major upscale in performance is given
when the “complex” agents are deployed. More specifically we notice that either in one of our networks
or even in both of our networks, our performance is much better than in the original case. It is interesting
to highlight that using E-greedy we get better performance earlier than Thompson Sampling exceeding
of course the performance of the cases without agents although reaching lower values than Thompson
Sampling. Compared with the previous results when only transmission power is used, we will assume
that there is something wrong and that our agents did not accomplish their obligations but it is not that
simple. While we checked the logs from and the statistics the simulator provided us during the
simulation execution, we noticed that even though when we set our agents having in mind the optimal
throughput, they both decreased the transmission power of their networks in most cases. Although that
happened because our agents wanted to increase the transmission time of our networks which indeed
achieved around 10-20%.

5.5.2 E-greedy & Thompson Sampling coexistence

Despite the answer of the upcoming question, if we could have better performance if we use two
opposite directed learning strategies, can be easily predicted, we wanted to investigate how a set of
networks using agents with different action learning strategies will perform. For this one we picked the
topology seen in Figure 2.1 and the results can be seen on the Figure 5.4 below.
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E-greedy vs. Thompson Sampling simple agents
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Figure 5. 4 Overall throughput (mbps) using both action learning strategies the same type.

Trying to interpret the results, we had mixed feelings about the outcome. The results are mostly
one sided in our cases. We noticed from our logs that in the first case when our agent only handled the
transmission power the Thompson Sampling overcame E-greedy keeping it at low throughput exceeding
also by a lot the original scenario without agents. Although, when we proceeded and authorized our
agents to handle both transmission power and CCA, we noticed that the Wireless Networks were one
sided from the opposite side now. The network where E-greedy applied tried to take advantage of the
decision of TS agent to decrease its own transmission power and increased his own according to our
simulating logs achieving high performance. Interesting here is to highlight that despite that Thompson
Sampling was in lower priority, achieved better performance than that in our starting case. Overall we
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observed that in most cases the wlan with the TS agent had access to the transmission channel less than
the other one where e-greedy was applied.

5.6 Epilogue

During this chapter we presented reinforcement learning algorithms and different learning
strategies while we applied our knowledge in various simulating scenarios to export our conclusion
about how effective they can be. From our extensive tests, we noticed that as more parameters are
handled by a smart agent the better performance we can get but everything comes with a cost. Having
more complex agents, the time needed for our smart agents to be properly trained is increased
accordingly.
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Chapter 6: Multi-agent High Density Networks

6.1 Introduction

After our current work, we understand that when we refer to the performance of a network, it is not
only the throughput of it, but a wide range of variables we have to take in mind. For sure, we saw that
the application of RL algorithms like MABs can be very helpful in the hunt of the optimal setting in our
networks.

Now we decided to level up and move to a bigger scale scenario, something which can occur in our
daily life. So in order to avoid possibly ideal scenarios, using a Random Node generator by specifying
the restriction we want to set for our nodes, we created 2 new scenarios. The restrictions that have been
set on the generator can be found in the table 6.1 below.

Table 6. 1 Node generator

Scenario Map Width: 100 m

Scenario Map Width: 100 m

Number of desired Wlans: {3,5}

Minimum Number of STA’s

Maximum Number of STA’s

Minimum distance between AP’s: 10 m

Minimum distance between AP’s-STA’s : 3m

In this part of our research we are going to test how our agents perform, when the number of either
the wlans or the station included are highly increased. We are going to execute two different scenarios
were the number both of station and AP’s is the same as it follows:

1. Wlans with 3 STA’s each
1. 5 Wlans with 3 STA’s each

The setup of the rest of the scenarios, will be the same as it has been with all of the previous phases
of our research. The outcome of this phase is not only to see how variables like transmission power and
sensitivity affect but also to notice how agents work and their viability in more dense scenarios.

The series that followed for the integration of this phase was similar to the other phases despite the
bigger data volume. We executed our scenarios for 10 seconds with no agents applied, in order to have
a starting point on our test so we can have a baseline of comparison with the upcoming scenarios where
agents will be applied. The scenarios where agents of all kinds will be applied, the simulation time will
be set at 300 seconds, in order to give our smart agents the proper time to extend their knowledge
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6.2 3 WLAN - 3 Stations

In the first phase of the current experiment we are going to test 3 different wireless networks, where
each one will have 3 stations. In order to have acceptable results the deployment of our access points
and stations has been randomly with the use of our generator. Now during the simulations, we parted
the cases into sub cases. One is called “simple agents” where the agents handled only the transmission
power and the other called “complex agents” where the agents handled both transmission power and
CCA. (We decided in this current thesis not to add channel selection as one of the parameters that agents
can allocate and set it as a target for future work). The results were pretty interesting for both cases can
be seen at the Figure 6.1 below.

During our research we saw that using agents which handle more than one parameter of our
networks had a perceived performance advantage compared with cases where our agent configured only
one parameter where in our case was transmission power. Although we agreed we that hypothesis, in
this case things got complicated. As we see in mentioned results we can make an overall conclusion that
by applying a “simple” agent as we call them. Despite the fact that only in one case and more specifically
in Access Point A, our smart agent’s scenarios had lower performance than the “original” case, the
degradation was really small when in the rest of our networks we had more than 20% increase of
performance.

Contrary to the simpler scenario, when more complex agents applied the situation was twisted. We
noticed a greedier behavior from our networks whatever the learning strategy was and the performance
was not as balanced as we had in the previous results. In this case only one wireless network got full
advantage of the capabilities of more complex agents reaching above 43% performance increase
compared to the other two which performance gradually collapsed. Our second network got a small
performance degradation, which could be understandable if its surrounding networks upgraded, but
instead of that we reach to our third network almost stop transmitting cause as we can see in table.11
when Thompson Sampling was applied the performance degradation was around 35% and in the worst
case when E-greedy was applied our Access point could not transmit.

The outcome on this stage of our research was only the start of our try to see how smart agents
work when they are applied in more density scenarios than we have already faced till the start of our
experiments. Continuing our research in the next chapter, we are going even further by inserting more
wireless networks on our scenarios creating a high density case.
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Application on AP_B
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Figure 6. 1 Simple & complex agent’s application

6.3 5 WLANS -3 Stations

In addition to the previous case where 3 wlans had only applied, in this case the addition of two
more wireless networks made things a lot different. From the first moment when we executed the
original scenario where no agents have been applied as we saw in Figure 6.2 the effect of the high
density cases networks appears immediately. The overall performance on our networks can be calculated
lower than we faced in previous cases which is an event that we regularly encounter in our daily life
which is also the main reason we decided to prepare this thesis. A major factor that we already knew
that we will face due to the complexity of our scenario, was the time that the learning procedure of our
agent would be needed in order to extract proper results, making things messier in the end.

We can say that in this specific scenario the power and the capabilities of reinforcement learning
and smart agents can be seen. Through the results we can testify that almost in almost cases using either
one or the other learning strategy our major target which is the performance increase is achieved. This
positive effect of our smart agents can be also noticed in our “complex” scenarios as either one or both
learning strategies achieve huge performance increase that in the simpler performance or either the
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strategy that in “simple” scenario did not have the expected performance, now it can be near to what we
expected.

A major note that we can make by looking at the table 6.1, is that between the two learning
strategies e-greedy because of its nature to choose grindingly the action with the best performance, had
almost in every case better results than Thompson Sampling. Either way, this experiment is the most
important outcome of this current report that is capable of handling high density situations and that is
what we should focus on in the future.

6.4 Epilogue

With this chapter we close our research on the wireless networks and the effect of application of
reinforcement learning on them in more dense scenarios closer to what we encounter in our daily lives.
During the scenarios we executed in this part of our research we faced different behavior from our
agents. What we can overall conclude is that indeed the application of algorithms like this are viable for
next generation networks.

5 WLAN Application
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Chapter 7: Conclusions and future work

In this work, we aimed to study the feasibility of applying reinforcement learning on dense wireless
local area networks such as react to the impact of the IEEE 802.11ax amendments feature to overcome
these issues. To that purpose, we made an historical reference on the evolution of the IEEE 802.11
family, analyzing the legacy versions with its continuously increasing features alongside with their
extensions. We made a more comprehensive presentation on IEEE 802.11n/ac, the first high and very
high throughput amendments which tried to overcome the threshold of 1 Gbps on the band of both
2.4GHz and 5 GHz. In addition with the massive increase of the performance with a combination of
other MAC and PHY’s enhancements, those two amendments where the ones that introduced the MU-
MIMO technologies to the wireless networking community. Finally we reached to the IEEE 802.11ax
amendment that came to continue the work of its ancestor and produce new features that will overcome
the most common obstacle of our days, the high density between networks.

As the reinforcement learning has been widely used the last years in order to overcome the current
amendment could not come through. For that reason we selected Komondor, a wireless networking
simulator to handle and supervise our scenarios validated against both other Simulators and two
analytical tools based on Continuous Time Markov Networks and Bianchi’s Distributed coordination
function model. In contrast with other well-known simulators such as NS-3, OPNET etc., Komondor
was developed that way focusing for next generation wireless networks implementing new features like
machine learning algorithms. Its low complexity, alongside with the high event processing rate,
OFDMA and MU-MIMO (which is not implemented till this research has been made) makes it capable
to fill the gap for the upcoming generations.

The first step of our research was focused on understanding the function of a network and how the
variation of one of its parameters could affect its performance. For that purpose we created two
difference simple topology scenarios with two only networks in order to also force phenomena’s such
as hidden nodes. Although the center of our attention were on the handling of the transmission power
and the sensitivity of our networks which where the parameters that we chose to be the main actors
through all the current work. By creating three different use cases for each of them for low, medium and
high values, with the help of Komondor we executed our scenarios in our topologies. Each topology had
too different use cases were the distance between our networks was varied. From this first phase we
conclude that each change may have a huge impact to the overall performance and even though
sometimes we can predict that change, most of the times it is unknown what is going to finally happen.
For sure the combinations in order to find the optimal setup are a lot in number and doing that by hand
is an impossible task for current time deployments.

The next step was to apply machine learning and more specific in our case reinforcement learning
in our already done scenarios. Due to the limitation of Komondor as the only RL learning mechanism
implemented the current time this research has been done, we selected Multi Arm Bandits learning
mechanism to apply in our scenarios. The same time in order to face the exploration & exploitation
dilemma two different strategies were selected to be used (E-greedy & Thompson Sampling) taking the
chance to make a starting comparison between them. Our plan was to apply one agent at a time on one
of our networks and then step by step add a second one of the same strategy learning type, handling only
one the two available parameters. Finally we allowed both of them to be in charge of allocating the
proper value for both of our available parameters and even applied different strategy learning type agents
so we could observe their co-existence. Our conclusions on this part was that for better performance
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more complex agents needed handling more parameters where that could be harmful as more time will
be needed for our agent to be “trained”.

The final part of our work was focused in the main question of our research, if machine learning
algorithms are capable to help wireless networking overcome the issues created in high density
deployments. For that reason we created random allocated topologies of 3 and 5 networks respectively
with a specific number of 3 stations per network. The pattern we followed in this part of our experiment
was not the same with the previous ones. In this part we applied smart agents to all of our networks
creating two use cases where they stood out in the number of parameters each smart agent was in charge
of. The outcome of this part of our research was the most important because it is visible through our
metrics that the advantages smart agents and machine learning algorithms are existing even in a small
range scenario where only two parameters are handled by such technologies.

As a final conclusion we can reassure that machine learning algorithms will be for sure a new
feature for the next generation wireless networks because their capabilities are huge and when the
implementation of more machine learning in wireless networking will be done there is going to be a
huge step forward in terms of performance. Future will also consider the application of more complex
agents allocating more and more parameters but it is important to overcome the hurdle of the time needed
for our agents to be trained and the performance gain of current and future networks.

59



REFERENCES

[1] "IEEE Standard for Information Technology - Telecommunications and Information Exchange
Between Systems - Local and Metropolitan Area Networks - Specific Requirements - Part 11:
Wireless LAN Medium Access Control (MAC) and Physical Layer (PHY) Specifications," in
IEEE Std 802.11-2007 (Revision of IEEE Std 802.11-1999), vol., no., pp.1-1076, 12 June 2007,
doi: 10.1109/IEEESTD.2007.373646.

[2] "IEEE Standard for Information technology--Telecommunications and information exchange
between systems Local and metropolitan area networks--Specific requirements Part 11:
Wireless LAN Medium Access Control (MAC) and Physical Layer (PHY) Specifications," in
IEEE Std 802.11-2012 (Revision of IEEE Std 802.11-2007) , vol., no., pp.1-2793, 29 March
2012, doi: 10.1109/IEEESTD.2012.6178212.

[3] "IEEE Standard for Information technology—Telecommunications and information exchange
between systems Local and metropolitan area networks—Specific requirements - Part 11:
Wireless LAN Medium Access Control (MAC) and Physical Layer (PHY) Specifications," in
IEEE Std 802.11-2016 (Revision of IEEE Std 802.11-2012), vol., no., pp.1-3534, 14 Dec. 2016,
doi: 10.1109/IEEESTD.2016.7786995.

[4] "Standard for Information Technology - Telecommunications and information exchange
between systems - Local and Metropolitan Area networks - Specific requirements - Part 11:
Wireless LAN Medium Access Control (MAC) and Physical Layer (PHY) specifications," in
ANSVIEEE Std 802.11, 1999 Edition (R2003) , vol., no., pp.1-512, 30 Nov. 1998, doi:
10.1109/IEEESTD.1998.8684613.

[5] A. Kumar, S. K. Kaushik, R. Sharma and P. Raj, "Simulators for Wireless Networks: A
Comparative Study," 2012 International Conference on Computing Sciences, Phagwara, 2012,
pp- 338-342, doi: 10.1109/ICCS.2012.65.

[6] A. Merentitis, K. Rasul, R. Vollgraf, A.-S. Sheikh, and U. Bergmann, “A Bandit Framework for
Optimal Selection of Reinforcement Learning Agents,” arXiv:1902.03657 [cs, stat], Feb. 2019.
Available: http://arxiv.org/abs/1902.03657

[7] B. P. Crow, I. Widjaja, J. G. Kim and P. T. Sakai, "IEEE 802.11 Wireless Local Area Networks,"
in IEEE Communications Magazine, vol. 35, no. 9, pp. 116-126, Sept. 1997, doi:
10.1109/35.620533.

[8] Boris Bellalta, Katarzyna Kosek-Szott, AP-initiated multi-user transmissions in IEEE 802.11ax
WLANs, Ad Hoc Networks, Volume 85, 2019, Pages 145-159, ISSN 1570-8705,
https://doi.org/10.1016/j.adhoc.2018.10.021.

[9] D. Deng, K. Chen and R. Cheng, "IEEE 802.11ax: Next generation wireless local area

networks," 10th International Conference on Heterogeneous Networking for Quality,

60


https://doi.org/10.1016/j.adhoc.2018.10.021

Reliability, Security and  Robustness, = Rhodes, 2014, pp. 77-82,  doi:
10.1109/QSHINE.2014.6928663.

[10] D. F. Bantz and F. J. Bauchot, "Wireless LAN design alternatives," in IEEE Network, vol. 8,
no. 2, pp. 43-53, March-April 1994, doi: 10.1109/65.272940.

[11] D. Kwon, S.-W. Kim, J. Kim, and A. Mohaisen, “Interference-Aware Adaptive Beam
Alignment for Hyper-Dense IEEE 802.11ax Internet-of-Things Networks,” Sensors, vol. 18, no.
10, p. 3364, Oct. 2018 [Online]. Available: http://dx.doi.org/10.3390/s18103364

[12] D. Skordoulis, Q. Ni, H. Chen, A. P. Stephens, C. Liu and A. Jamalipour, "IEEE 802.11n MAC
frame aggregation mechanisms for next-generation high-throughput WLANS," in IEEE
Wireless Communications, vol. 15, no. 1, pp. 40-47, February 2008, doi:
10.1109/MWC.2008.4454703.

[13] E. Khorov, A. Kiryanov, A. Lyakhov and G. Bianchi, "A Tutorial on IEEE 802.11ax High
Efficiency WLANSs," in IEEE Communications Surveys & Tutorials, vol. 21, no. 1, pp. 197-
216, Firstquarter 2019, doi: 10.1109/COMST.2018.2871099.

[14] Eng Hwee Ong, J. Kneckt, O. Alanen, Z. Chang, T. Huovinen and T. Nihtild, "IEEE 802.11ac:
Enhancements for very high throughput WLANSs," 2011 IEEE 22nd International Symposium
on Personal, Indoor and Mobile Radio Communications, Toronto, ON, 2011, pp. 849-853, doi:
10.1109/PIMRC.2011.6140087.

[15] F. Wilhelmi, M. Carrascosa, C. Cano, A. Jonsson, V. Ram, and B. Bellalta, “Usage of Network
Simulators in Machine-Learning-Assisted 5G/6G Networks,” arXiv:2005.08281 [cs, eess], May
2020.Available: http://arxiv.org/abs/2005.08281.

[16] F. Wilhelmi, S. Barrachina-Mufoz and B. Bellalta, "On the Performance of the Spatial Reuse
Operation in IEEE 802.11ax WLANSs," 2019 IEEE Conference on Standards for
Communications and Networking (CSCN), GRANADA, Spain, 2019, pp. 1-6, doi:
10.1109/CSCN.2019.8931315.

[17] F. Wilhelmi, S. Barrachina-Munoz, B. Bellalta, C. Cano, A. Jonsson and V. Ram, "A Flexible
Machine-Learning-Aware Architecture for Future WLANSs," in IEEE Communications
Magazine, vol. 58, no. 3, pp. 25-31, March 2020, doi: 10.1109/MCOM.001.1900637.

[18] Francesc Wilhelmi, Sergio Barrachina-Mufioz, Boris Bellalta, Cristina Cano, Anders Jonsson,
Gergely Neu, Potential and pitfalls of Multi-Armed Bandits for decentralized Spatial Reuse in
WLAN:S, Journal of Network and Computer Applications, Volume 127, 2019, Pages 26-42,
ISSN 1084-8045, https://doi.org/10.1016/j.jnca.2018.11.006.

[19] G. R. Hiertz, D. Denteneer, L. Stibor, Y. Zang, X. P. Costa and B. Walke, "The IEEE 802.11
universe," in [EEE Communications Magazine, vol. 48, no. 1, pp. 62-70, January 2010, doi:
10.1109/MCOM.2010.5394032.

[20] H. A. Omar, K. Abboud, N. Cheng, K. R. Malekshan, A. T. Gamage and W. Zhuang, "A Survey
on High Efficiency Wireless Local Area Networks: Next Generation WiFi," in IEEE

61


https://doi.org/10.1016/j.jnca.2018.11.006

Communications Surveys & Tutorials, vol. 18, no. 4, pp. 2315-2344, Fourthquarter 2016, doi:
10.1109/COMST.2016.2554098.

[21] K. Dovelos and B. Bellalta, "Breaking the Interference Barrier in Dense Wireless Networks
with Interference Alignment," 2018 IEEE International Conference on Communications (ICC),
Kansas City, MO, 2018, pp. 1-6, doi: 10.1109/ICC.2018.8422928.

[22] M. S. Afaqui, E. Garcia-Villegas and E. Lopez-Aguilera, "IEEE 802.11ax: Challenges and
Requirements for Future High Efficiency WiFi," in IEEE Wireless Communications, vol. 24,
no. 3, pp. 130-137, June 2017, doi: 10.1109/MWC.2016.1600089WC.

[23] N. Butt, R. Di Taranto, D. Sundman and L. Wilhelmsson, "On the feasibility to overlay a
narrowband IoT signal in IEEE 802.11," 2017 IEEE 28th Annual International Symposium on
Personal, Indoor, and Mobile Radio Communications (PIMRC), Montreal, QC, 2017, pp. 1-7,
doi: 10.1109/PIMRC.2017.8292330.

[24] N. C. Luong et al., "Applications of Deep Reinforcement Learning in Communications and
Networking: A Survey," in IEEE Communications Surveys & Tutorials, vol. 21, no. 4, pp. 3133-
3174, Fourth quarter 2019, doi: 10.1109/COMST.2019.2916583.

[25] Qu, Q., Li, B., Yang, M. et al. Survey and Performance Evaluation of the Upcoming Next
Generation WLANs Standard - IEEE 802.11ax. Mobile Netw Appl 24, 1461-1474 (2019).
https://doi.org/10.1007/s11036-019-01277-9

[26] R. Khan, S. M. Bilal and M. Othman, "A performance comparison of open source network
simulators for wireless networks," 2012 IEEE International Conference on Control System,
Computing and Engineering, Penang, 2012, pp. 34-38, doi: 10.1109/ICCSCE.2012.6487111.

[27] R. O. LaMaire, A. Krishna, P. Bhagwat and J. Panian, "Wireless LANs and mobile networking:
standards and future directions," in IEEE Communications Magazine, vol. 34, no. 8, pp. 86-94,
Aug. 1996, doi: 10.1109/35.533925.

[28] R. V. Nee, "Breaking the Gigabit-per-second barrier with 802.11AC," in IEEE Wireless
Communications, vol. 18, no. 2, pp. 4-4, April 2011, doi: 10.1109/MWC.2011.5751287.

[29] S. Banerji and R. S. Chowdhury, “On IEEE 802.11: Wireless LAN Technology,” IJIMNCT,
vol. 3, no. 4, pp. 4564, Aug. 2013, doi: 10.5121/ijmnct.2013.3405.

[30] S. Barrachina-Mufioz, F. Wilhelmi, and B. Bellalta, “To overlap or not to overlap: Enabling
channel bonding in high-density WLANSs,” Computer Networks, vol. 152, pp. 40-53, Apr.
2019, doi: 10.1016/j.comnet.2019.01.018.

[31] S. Barrachina-Mufioz, F. Wilhelmi, I. Selinis and B. Bellalta, "Komondor: a Wireless Network
Simulator for Next-Generation High-Density WLANSs," 2019 Wireless Days (WD),
Manchester, United Kingdom, 2019, pp. 1-8, doi: 10.1109/WD.2019.8734225.

[32] Sun, Yaohua & Peng, Mugen & Zhou, Yangcheng & Huang, Yuzhe & Mao, Shiwen. (2019).
Application of Machine Learning in Wireless Networks: Key Techniques and Open Issues.
IEEE Communications Surveys & Tutorials. PP. 1-1. 10.1109/COMST.2019.2924243.

62



[33] T. Adame, M. Carrascosa and B. Bellalta, "The TMB path loss model for 5 GHz indoor WiFi
scenarios: On the empirical relationship between RSSI, MCS, and spatial streams," 2019
Wireless Days (WD), Manchester, United Kingdom, 2019, pp. 1-8, doi:
10.1109/WD.2019.8734243.

[34] T. Paul and T. Ogunfunmi, "Wireless LAN Comes of Age: Understanding the IEEE 802.11n
Amendment," in IEEE Circuits and Systems Magazine, vol. 8, no. 1, pp. 28-54, First Quarter
2008, doi: 10.1109/MCAS.2008.915504.

[35] W. Deng, S. Kamiya, K. Yamamoto, T. Nishio and M. Morikura, "Thompson Sampling-Based
Channel Selection Through Density Estimation Aided by Stochastic Geometry," in [EEE
Access, vol. 8, pp. 14841-14850, 2020, doi: 10.1109/ACCESS.2020.2966657

[36] Zheng, J., Gao, L., Wang, H. ef al. Joint Downlink and Uplink Edge Computing Offloading in
Ultra-Dense HetNets. Mobile Netw Appl 24, 14521460 (2019).
https://doi.org/10.1007/s11036-019-01274-y

[37] Zhou, R., Li, B., Yang, M. et al. DRA-OFDMA: Double Random Access Based QoS Oriented
OFDMA MAC Protocol for the Next Generation WLAN. Mobile Netw Appl 24, 1425-1436
(2019). https://doi.org/10.1007/s11036-019-01268-w

63



