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Abstract

In this dissertation, we consider wireless systems for ultra-reliable low-
latency communication (URLLC). URLLC systems are required for example
in industrial closed loop control systems, where data must be transmitted
within a short target delay of at most a few milliseconds. Violations of this
deadline could result in costly failures, and should therefore occur only with
very low probability, with target violation probabilities of 10−8 and below.
This presents a number of novel challenges from a research perspective. First
of all, the wireless channel is changing over time due to fading. When the
system cannot exploit diversity to mitigate the effects of fading in each trans-
mission attempt, then the transmitter may need to adapt the rate of the
channel code to the current channel state in order to reduce the probability
of transmission errors. However, time-varying data rates and transmission
errors lead to a random queueing delay of the data, which may exceed the
maximum delay that is tolerated by the application. In order to ensure that
violations of the deadline occur only with very small probability, the evalua-
tion of the system performance must therefore take this queueing delay into
account. Second, many traditional performance models for the physical layer
of wireless communication systems do not hold when the communication la-
tency is short. For example, many previous works in wireless communications
assume that by using channel coding, one can achieve error-free communica-
tion at the channel capacity. This model is no longer accurate when the
blocklength of the channel code is very short, as it is the case in URLLC
systems. Another assumption that becomes invalid at very short latency is
that the transmitter can perfectly estimate the current state of the channel.
With only few resources available for channel estimation, it will not be possi-
ble to obtain accurate channel state information (CSI). Thus, the transmitter
cannot perfectly adapt the coding rate to the current channel state, which
will result in transmission errors.

In this dissertation, we apply stochastic network calculus to analyze the
queueing delay of the system, while using realistic models of the physical
layer transmissions that take imperfect CSI and finite blocklength effects into
account. We then investigate three different types of systems.

First, we consider a single-antenna system and consider the effects of chan-
nel coding at finite blocklength, as well as imperfect CSI. One of the main
challenges in this context is that no closed-form expression for the joint de-
coding error probability due to channel coding at finite blocklength and due
to imperfect CSI exists, so that higher-layer performance analysis remains
infeasible. We solve this challenge by combining recent results from informa-
tion theory on finite-length coding with an approximation for the estimation
uncertainty due to imperfect CSI, which allows us to derive a closed-form ap-
proximation for the resulting joint decoding error probability. This expression
can then be used to find the optimal rate adaptation scheme with respect to
the delay performance, i.e., the optimal trade-off between the selected coding
rate and the resulting error probability. We use these results also to deter-
mine the optimal training sequence length, i.e., the optimal trade-off between
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the time spent on channel estimation and the time remaining for the actual
data transmission.

Second, we consider downlink transmissions in a multi-antenna systems
with multiple users. Specifically, we consider MISO (multiple-input single-
output) systems, which means that a transmitter with multiple antennas can
transmit data to several users that have a single antenna each. If the transmit-
ter has perfect CSI, it can apply beamforming and send data simultaneously
to multiple users, without the signal sent towards one receiver creating any
interference at the other receivers. However, with imperfect CSI, the beam-
forming is imperfect, resulting in substantial interference between the signals
for the different users, which can again lead to decoding errors. We derive
closed-form approximations for the error probability due to this interference,
and apply our previous results to take also the finite blocklength effects into
account. Interestingly, although we observe a substantial quantitative perfor-
mance loss due to imperfect CSI, the qualitative behavior and the optimal
number of simultaneously scheduled users remains very similar.

Third, we consider a system that uses non-orthogonal multiple access
(NOMA) in the uplink. In the NOMA uplink, two devices may access the
channel at the same time, mutually interfering with each other. Fortunately,
the interference of one of the users can be mitigated by applying successive
interference cancellation (SIC). However, when the chosen transmission rates
are selected based on imperfect CSI, the decoding of one or both users can fail.
We provide closed-form approximations for the decoding error probabilities
for both SIC and a more general joint decoding scheme. Furthermore, we also
take the effects of finite blocklength coding into account. The error probability
for each user depends on the rates chosen for both users, and we determine
the optimal trade-off between both rates such that the delay performance of
both users is optimized. Nevertheless, we find that in delay-limited systems
with realistic system assumptions, NOMA may result in lower performance
than orthogonal access, even with optimized system parameters.
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Sammanfattning

I den här avhandlingen betraktar vi trådlösa system för ultra-pålitlig låg-
latens kommunikation (“ultra-reliable low-latency communication”, URLLC).
URLLC-system erfordras exempelvis i industriella slutna reglersystem, där
data måste överföras med en fördröjning av högst några millisekunder. Över-
trädelse av denna tidsfrist kan leda till kostsamma fel och bör därför endast
ske med mycket låg sannolikhet – t.ex. högst 10−8. Detta presenterar ett antal
nya utmaningar ur forskningsperspektiv. Först och främst ändras den trådlö-
sa kanalen över tiden på grund av “fading”. När systemet inte kan utnyttja
mångfald för att mildra effekterna av fading vid varje överföringsförsök, kan
sändaren behöva anpassa kanalkodens grad till det nuvarande kanaltillståndet
för att minska sannolikheten för överföringsfel. Tidsberoende datahastigheter
och överföringsfel leder emellertid till en slumpmässig köningsfördröjning av
data, vilket kan överskrida den maximala fördröjningen som tolereras av ap-
plikationen. För att säkerställa att överträdelser av tidsfristen endast sker med
mycket liten sannolikhet, måste utvärderingen av systemprestandan därför
ta hänsyn till denna köningsfördröjning. För det andra är många traditio-
nella prestandamodeller för det fysiska lagret av trådlösa kommunikations-
system inte giltiga när kommunikationsfördröjningen är kort. Till exempel
antar många tidigare verk i trådlös kommunikation att felfri kommunikation
vid kanalkapaciteten kan uppnås med hjälp av kanalkodning. Denna modell
är inte längre giltig när blocklängden för kanalkoden är mycket kort, vilket
är fallet i URLLC-system. Ett annat antagande som blir ogiltigt vid myc-
ket korta latenser är att sändaren kan mäta kanalens nuvarande tillstånd på
perfekt vis. Med endast få resurser tillgängliga för kanaluppskattning är det
inte möjligt att få exakt kanalinformation (“channel state information”, CSI).
Sändaren kan sålunda inte perfekt anpassa kodningsgraden till det nuvarande
kanaltillståndet, vilket resulterar i överföringsfel.

I den här avhandlingen tillämpar vi stokastisk nätverkskalkyl för att ana-
lysera systemets köningsfördröjning med realistiska modeller av dataöverfö-
ring på det fysiska lagret som tar hänsyn till ofullkomlig CSI och effekterna
av ändliga blocklängder. Vi undersöker sedan tre olika typer av system.

Först betraktar vi ett enkelantennsystem och överväger effekterna av ka-
nalkodning vid ändlig blocklängd, såväl som ofullkomlig CSI. En av huvudut-
maningarna i detta sammanhang är att inget uttryck med sluten form finns
för den gemensamma avkodningsfelsannolikheten på grund av kanalkodning
vid ändlig blocklängd och ofullkomlig CSI, så prestationsanalys på högre la-
ger är fortfarande omöjligt. Vi löser denna utmaning genom att kombinera en
aktuell resultat från informationsteori om kodning med ändlig längd med en
approximation för estimeringsosäkerheten på grund av ofullkomlig CSI, vilket
tillåter oss att härleda en approximation med sluten form för den resulterande
gemensamma avkodningsfelssannolikheten. Detta uttryck kan sedan användas
för att hitta det optimala kodningsgradanpassningsschemat med avseende på
fördröjningsprestandan, dvs den optimala avvägningen mellan den valda kod-
ningsgraden och den resulterande felsannolikheten. Vi använder även dessa
resultat för att bestämma den optimala träningssekvenslängden, dvs den op-
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timala avvägningen mellan tiden som spenderas vid kanaluppskattning och
tiden som återstår för den faktiska dataöverföringen.

För det andra anser vi nedlänkstransmissioner i ett flerantennsystem med
flera användare. Specifikt betraktar vi MISO-system (“multiple-input single-
output”, dvs flera ingångssignaler och en enda utgångssignal), vilket innebär
att en sändare med flera antenner kan överföra data till flera användare som
var och en har en enda antenn. Om sändaren har perfekt CSI kan strålform-
ning appliceras och data kan skickas samtidigt till flera användare, utan att
signalen som skickas mot en mottagare skapar störningar hos andra. Men
med ofullkomlig CSI är strålformningen också ofullkomlig, vilket medför stor
interferens mellan signalerna för de olika användarna, vilket igen kan leda till
avkodningsfel. Vi erhåller approximationer med sluten form för felsannolikhe-
ten på grund av denna interferens, och tillämpar våra tidigare resultat för att
även ta hänsyn till effekterna på grund av ändliga blocklängder. Intressant
är att det kvalitativa beteendet och det optimala antalet samtidiga plane-
rade användare förblir mycket snarlika, även om vi observerar en väsentlig
kvantitativ prestandaförlust på grund av ofullkomlig CSI.

För det tredje betraktar vi ett system med “non-othogonal multiple-
access” (NOMA) i upplänken. I NOMA-upplänken kan två enheter komma åt
kanalen samtidigt, vilket skapar ömsesidig interferens. Lyckligtvis kan interfe-
rensen av en av användarna mildras genom att tillämpa successiv interferens-
avskrivning (“successive interference cancellation”, SIC). Men när de valda
kodningsgraderna för sändning väljs enligt ofullkomlig CSI, kan avkodningen
för en eller båda användare misslyckas. Vi försörjer approximationer med slu-
ten form för avkodningsfelssannolikheter för både SIC och ett mer generellt
gemensamt avkodningsschema. Vidare tar vi också hänsyn till effekterna av
kodning med ändliga blocklängder. Felsannolikheten för varje användare be-
ror på de kodningsgrader som valts för båda användarna, och vi bestämmer
den optimala avvägningen mellan båda graderna så att båda användarnas
fördröjningsprestanda optimeras. Ändå finner vi att NOMA i fördröjnings-
begränsade system med realistiska systemantaganden kan resultera i lägre
prestanda än ortogonal åtkomst, även med optimerade systemparametrar.



List of Papers

The thesis is based on the following papers:

[A] S. Schiessl, J. Gross, and H. Al-Zubaidy, “Delay Analysis for Wireless Fad-
ing Channels with Finite Blocklength Channel Coding,” Proceedings of the
18th ACM International Conference on Modeling, Analysis and Simulation of
Wireless and Mobile Systems (MSWiM), Cancun, Mexico, Nov. 2015, pp. 13–
22.

[B] S. Schiessl, H. Al-Zubaidy, M. Skoglund, and J. Gross, “Finite Length Coding
in Edge Computing Scenarios,” Proceedings of the 21th International ITG
Workshop on Smart Antennas (WSA), Berlin, Germany, Mar. 2017, pp. 1–6.

[C] S. Schiessl, H. Al-Zubaidy, M. Skoglund, and J. Gross, “Delay Performance
of Wireless Communications with Imperfect CSI and Finite-Length Coding,”
IEEE Transactions on Communications, vol. 66, no. 12, pp. 6527–6541,
Dec. 2018.

[D] S. Schiessl, J. Gross, M. Skoglund, and G. Caire, “Delay Performance of the
Multiuser MISO Downlink under Imperfect CSI and Finite-Length Coding,”
IEEE Journal on Selected Areas in Communications, vol. 37, no. 4, pp. 765–
779, Apr. 2019.

[E] S. Schiessl, F. Naghibi, H. Al-Zubaidy, M. Fidler, and J. Gross, “On the Delay
Performance of Interference Channels,” IFIP Networking Conference, Vienna,
Austria, May 2016, pp. 216–224.

[F] S. Schiessl, M. Skoglund, and J. Gross, “NOMA in the Uplink: Delay Analysis
with Imperfect CSI and Finite-Length Coding,” (submitted to IEEE Trans-
actions on Wireless Communications), arXiv preprint arXiv:1903.09586 Mar.
2019.

ix



x

In addition to papers A-F, the following journal and conference papers have also
been (co)-authored by the author of this thesis:

[G] F. Naghibi, S. Schiessl, H. Al-Zubaidy, and J. Gross, “Performance of Wiretap
Rayleigh Fading Channels under Statistical Delay Constraints,” IEEE Inter-
national Conference on Communications (ICC), Paris, France, May 2017,
pp. 1–7.

[H] D. van Dooren, S. Schiessl, A. Molin, J. Gross, and K. H. Johansson, “Safety
Analysis for Controller Handover in Mobile Systems,” Proceedings of the 20th
IFAC World Congress, Toulouse, France, Jul. 2017, pp. 10090–10095.

[I] M. Vilgelm, S. Schiessl, H. Al-Zubaidy, W. Kellerer, and J. Gross, “On the
Reliability of LTE Random Access: Performance Bounds for Machine-to-
Machine Burst Resolution Time,” IEEE International Conference on Com-
munications (ICC), Kansas City, MO, USA, May 2018, pp. 1–7.

[J] S. Schiessl, J. Gross, and G. Caire, “Delay Performance of the Multiuser
MISO Downlink,” IEEE Global Communications Conference (GLOBECOM),
Abu Dhabi, UAE, Dec. 2018, pp. 206–212.



xi

Acknowledgements

First and foremost, I would like to thank my supervisor Prof. James Gross
for all the support, encouragement, and motivation he has given me over the
course of my work as a PhD student. His broad knowledge on various topics
in the field of wireless communications and other fields has proved invaluable,
while his thorough feedback has allowed me to publish my results in the
best possible form. Above all, I would like to thank James for his kindness
and encouragement whenever I encountered difficulties. I would also like to
thank Prof. Mikael Skoglund for many helpful discussions and for making
ISE such a great place for PhD students. I’m grateful to my co-author Dr.
Hussein Al-Zubaidy, who introduced me to queueing theory and stochastic
network calculus and gave me numerous valuable comments on the submitted
papers. I would also like to thank Prof. Giuseppe Caire from the CommIT
department at TU Berlin, who hosted me as a guest researcher for several
months and not only shared his vast knowledge with me, but also provided
a very friendly work environment. It was a pleasure to work as a TA with
Prof. Joakim Jaldén, who showed so much dedication in teaching. I want
to thank my teachers James, Mikael, Ming Xiao, Lars Kildehøj, and Ragnar
Thobaben, and all other professors and senior researchers at ISE, including
Tobias Oechtering, Markus Flierl, Magnus Jansson, Peter Händel and Saikat
Chatterjee. I would especially like to thank Prof. Mats Bengtsson for the
constructive feedback from the advanced review.

Furthermore, I would like to express my gratitude towards my student co-
authors Farshad Naghibi, Dirk van Dooren, and Mikhail Vilgelm, who gave
me interesting insights into their fields of research, and towards my senior co-
authors Prof. Markus Fidler, Dr. Adam Molin, Prof. Karl Henrik Johansson,
and Prof. Wolfgang Kellerer.

I am very grateful that I was able to stay at KTH and at TU Berlin. The
nice environment in both places will be missed. I would like to thank my col-
leagues at the ISE (former: Communication Theory) division, including, but
certainly not limited to Antonios, Arun, Baptiste, Boules, Dora, Ehsan, Far-
shad, Gerd, Germán, Guang, Gustav, Jalil, Jaya, Jin, Hadi, Hamed, Haopeng,
Håkan, Hasan, Henrik, Mahboob, Majid, Manuel, Marie, Moritz, Movitz,
Nan, Peter, Phuong, Pol, Pravin, Qiwen, Sahar, Sheng, Yu, and Zhao. I
especially enjoyed the lunches, where we discussed highly technical and philo-
sophical topics, like the geopolitical implications of different elections, how to
send rockets into the sun, or the difference in average bed sizes between coun-
tries (most of those conversations did not end up in a discussion on nuclear
winter). Furthermore, I thank the people at CommIT, including Alexander,
Andreas, Cagkan, Jana, Mahdi, Mozhgan, Osman, Rafael, Saeid, Thomas,
and Xiaoshen for making it such a pleasant stay. Special thanks go to Raine
Tiivel, who was always quick to help me in any administrative matters, my
colleague Manuel Olguin, who translated the abstract of this dissertation and
was also a great neighbor, to recently appointed Professor Hadi Ghauch, who
helped me with optimization problems and general life advice, to Hasan Basri
Celebi for proofreading my thesis, and to Antonios Pitarokoilis for proofread-



xii

ing and for being there, whether to go out for a beer or to explain information
theory.

I would like to thank my mother and my father, as well as my brother
Michael and my sister Katharina, for all the support and love they have given
me during this time. I always knew that you were there for me. Danke!
My friends Georg, as well as Philipp, Markus, Georg (the other one), and
Michael shortened the long Swedish winters when they visited. However, I
cannot be thankful enough to my girlfriend Niki, who encouraged me to take
the position and gave me immeasurable love, support, and motivation during
all these years. Despite all difficulties, she stayed with me all this time over
such a long distance and made my life happier, and I will be forever grateful
for that.

Sebastian Schießl
Stockholm, May 2019



Contents

Abstract v

Sammanfattning vii

List of Papers ix

Acknowledgements xi

List of Acronyms xvii

I Summary 1

1 Introduction 3
1.1 Queueing Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2 Physical Layer Models . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2 Overview of this thesis’ contributions 23
2.1 Background and Related Work . . . . . . . . . . . . . . . . . . . . . 23
2.2 General Approach and Scope of the Thesis . . . . . . . . . . . . . . . 26
2.3 Finite Blocklength Coding and Imperfect CSI . . . . . . . . . . . . . 34
2.4 Multiuser MISO Downlink . . . . . . . . . . . . . . . . . . . . . . . . 45
2.5 Non-Orthogonal Multiple Access (NOMA) in the Uplink . . . . . . . 50
2.6 Works Outside the Scope of this Thesis . . . . . . . . . . . . . . . . 58

3 Conclusions 61

References 63

II Publications 71

A Delay Analysis of Wireless Fading Channels with Finite Block-
length Channel Coding 73

xiii



xiv Contents

A.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
A.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
A.3 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
A.4 Stochastic Network Calculus . . . . . . . . . . . . . . . . . . . . . . . 80
A.5 Service Characterization in the Finite Blocklength Regime . . . . . . 84
A.6 Numerical Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
A.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

B Finite Length Coding in Edge Computing Scenarios 99
B.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
B.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
B.3 Queueing Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
B.4 Delay Bounds at Finite Blocklength . . . . . . . . . . . . . . . . . . 107
B.5 Numerical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
B.6 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . 113
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

C Delay Performance of Wireless Communications with Imperfect
CSI and Finite-Length Coding 115
C.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
C.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
C.3 Joint Analysis of Imperfect CSIT and Finite Length Coding . . . . . 126
C.4 Numerical Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . 135
C.5 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . 143
Appendices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

D Delay Performance of the Multiuser MISO Downlink under Im-
perfect CSI and Finite-Length Coding 149
D.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
D.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
D.3 Analysis – Ideal Case . . . . . . . . . . . . . . . . . . . . . . . . . . . 158
D.4 Analysis – Realistic Case . . . . . . . . . . . . . . . . . . . . . . . . 161
D.5 Numerical Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172
D.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

E On the Delay Performance of Interference Channels 185
E.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187
E.2 Stochastic Network Calculus for Wireless Channels . . . . . . . . . . 189
E.3 Performance of Interference Channels . . . . . . . . . . . . . . . . . . 192
E.4 Numerical Investigation . . . . . . . . . . . . . . . . . . . . . . . . . 200
E.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 205



Contents xv

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 205

F NOMA in the Uplink: Delay Analysis with Imperfect CSI and
Finite-Length Coding 209
F.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 211
F.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 214
F.3 Analysis – Ideal Case . . . . . . . . . . . . . . . . . . . . . . . . . . . 217
F.4 Imperfect CSI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 222
F.5 Imperfect CSI and Finite-Length Coding . . . . . . . . . . . . . . . . 227
F.6 Numerical Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 230
F.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 239
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 239





List of Acronyms

ARQ automatic repeat request

AWGN additive white Gaussian noise

CDF cumulative distribution function

CSI channel state information

CSIR CSI at the receiver

CSIT CSI at the transmitter

ECN edge computing node

i.i.d. independent and identically distributed

IoT Internet-of-things

LDPC low-density parity-check

LoS line-of-sight

MGF moment-generating function

MIMO multiple-input multiple-output

MISO multiple-input single-output

MTC machine-type communications

mMTC massive MTC

M2M machine-to-machine

NOMA non-orthogonal multiple access

OMA orthogonal multiple access

PDF probability density function

xvii



xviii Contents

QoS quality-of-service

QPSK quadrature phase-shift keying

SIC successive interference cancellation

SIMO single-input multiple-output

SINR signal-to-interference-and-noise ratio

SISO single-input single-output

SNC stochastic network calculus

SNR signal-to-noise ratio

URLLC ultra-reliable low-latency communications

ZFBF zero-forcing beamforming



Part I

Summary





Chapter 1

Introduction

In the past decade, the amount of traffic served by cellular communication systems
has increased more than 100-fold, such that more than 5.7 billion subscribed users
worldwide now create a traffic of more than 20 EB (exabytes), i.e., more than 20
billion GB (gigabytes) per month. Over the past 5 years, the total amount of mobile
broadband traffic increased between 50% and 80% from year to year [1]. The goal of
the upcoming 5th generation (5G) of cellular systems is to provide enhanced mobile
broadband (eMBB) with an up to 1000-fold increase in the total amount of data
served by the network in the same area compared to 4th generation (4G) systems,
which is especially important for applications like high-definition video streaming
in densely populated locations [2, 3].

In addition to providing higher data rates to human users, 5G will greatly en-
hance the support for applications based on machine-type communications (MTC),
also known as machine-to-machine (M2M) communications. MTC can be broadly
divided into two classes: massive MTC (mMTC) and mission-critical MTC [4].
Massive MTC deals with devices for the Internet-of-things (IoT), i.e., with a mas-
sive number of sensor-type devices with low-cost wireless transceivers that operate
on battery power. The key challenge for engineers in this field is providing wireless
access to such a large number of devices, while minimizing the power consump-
tion such that their batteries can last for years. This is particularly challenging
for low-cost devices that have only limited capabilities [4]. On the other hand,
mission-critical MTC, sometimes also known as industrial IoT, is aimed towards
applications like closed-loop control systems in an industrial factory, the smart
electricity grid, or traffic safety [4–8]. Mission-critical MTC applications usually
generate only small amounts of data, but require communication with very short
latencies on the order of at most 1 to 10 milliseconds [5, 6, 9, 10]. The communi-
cation system must be extremely reliable with respect to this deadline, with some
applications requiring reliability of 1 − 10−8 (i.e., 99.999999%) and above [9, 11].
One of the driving forces for realizing such ultra-reliable low-latency communica-
tions (URLLC) with wireless technology is the so-called fourth industrial revolution
(“Industry 4.0”), where wireless technology will enable flexible and modular pro-
duction systems in industrial factories. Existing wireless systems do not yet provide
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the required short end-to-end latency and high reliability that would be required to
replace the wired connections between sensors, controller, and actuators [11]. An-
other field that will require URLLC is the electric power grid. In the power grid, all
connected power generators must be synchronized to a common frequency, which is
held at 50 Hz in Europe. Frequency synchronization becomes increasingly difficult
due to the increasing number of distributed generators with time-varying power
outputs, most notably solar panels and wind turbines, where the generated output
power can change quickly due to moving clouds or gusts of wind. In order to con-
trol the grid frequency, the output of the generators must be constantly monitored
and controlled, which requires reliable low-latency communications [11]. As a final
example, we consider traffic safety, which can be greatly enhanced if vehicles can
communicate with each other, as well as with traffic lights and other road signals
to inform each other about potential dangers without delay. Reliable low-latency
communications will also allow autonomous vehicles to form a platoon, where the
vehicles keep a short and fixed distance between each other, which increases the
road capacity and reduces energy consumption due to reduced air resistance [12].
These are just a few examples to illustrate the growing demand for wireless systems
that support URLLC.

In this dissertation, we analyze how ultra-reliable low-latency communications
(URLLC) could be achieved with wireless technology in different scenarios. Due
to the stochastic nature of wireless channels, it is extremely challenging to design
wireless systems that provide the required latency and reliability [3,10,13,14]. One
of the reasons is that wireless transmissions are subject to noise. In conventional
systems that transmit very large data packets, the effects of noise can be mitigated
very well through channel coding, such that noise will cause only few transmission
errors. However, in URLLC systems with small data packets, the system suffers
from a rate loss and a non-zero transmission error probability due to the finite
length of channel code [15]. Another reason is channel fading, which means that
the strength of the wireless signal varies over time, space, and frequency. Fading
occurs because the signal is reflected on a large number of surfaces (for example
walls, floors, etc.), and the reflected signals arrive at the receiver with different
phase shifts, which can lead to a constructive or destructive alignment of the signals,
and thus, to a time-varying signal-to-noise ratio (SNR). These effects may result in
transmission errors and time-varying data rates of the transmissions on the physical
layer, such that the data at the transmitter does not always immediately reach the
receiver. In this case, the transmitter can store data in a buffer for transmission
in subsequent time slots. However, this buffering causes a time-varying delay on
the link layer of the wireless system. In this dissertation, we investigate this delay
through a queueing analysis, which we summarize in the following Sec. 1.1. Then,
in Sec. 1.2, we present performance models for the physical layer transmissions in
low-latency wireless systems.
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1.1 Queueing Analysis

The mathematical analysis of queueing systems dates back at least to the year
1909, when A. K. Erlang published his study on “the theory of probabilities and
telephone conversations” [16, 17]. From the perspective of a telephone company,
telephone conversations would start randomly and last for a random duration, and
it was therefore possible that the system would become congested, i.e., that all
available telephone lines were busy. The telephone company would try to determine
the minimum number of lines such that the probability of congestion remained
low. Using mathematical models for the arrival of phone conversations (referred
to as customers in classical queueing theory) and duration of phone calls, system
engineers were able to determine the corresponding congestion probabilities [16,
17]. This classical queueing analysis for random arrivals can be employed in many
different scenarios, e.g., customers waiting at the register in a supermarket, aircraft
landing at an airport, or computing tasks waiting to be served by a processor [16].

While classical queueing theory works well for circuit-switched communication
networks like classical telephone lines, the analysis often becomes intractable for
modern computer networks such as the Internet, where the connections are packet-
switched instead of circuit-switched. Thus, a different methodology is required
to study the queueing delay and buffering requirements in computer networks.
Cruz [18] developed a deterministic network calculus to derive explicit guarantees
on the maximum delay and backlog of a traffic stream routed through the Internet,
where routers must buffer a traffic stream that exceeds the instantaneous service
rate. Assuming that the traffic has bounded mean arrival rates and bounded bursti-
ness and that each router guarantees a minimum service rate (which is reasonable
when there are wired connections between routers), deterministic network calculus
can be used to derive explicit performance guarantees for a traffic stream [19,20].

Deterministic network calculus is not sufficient for traffic with stochastic behav-
ior, or for wireless channels with time-varying and random characteristics. In such
scenarios, a probabilistic approach is required. To analyze the probabilistic distri-
bution of finite queueing delays, the deterministic network calculus by Cruz was
therefore extended to a a stochastic network calculus (SNC) [20, 21]. Chang [21]
analyzed queueing systems based on the theories of large deviations and effective
bandwidths. Based on these concepts, Wu and Negi [22] derived the effective ca-
pacity framework to approximate the quality-of-service (QoS) in wireless networks.
Fidler [23] derived closed-form probabilistic bounds on the end-to-end delay in con-
catenated networks. This thesis mainly makes use of the framework by Al-Zubaidy
et al. [24], who studied stochastic network calculus in a transform domain.

Other approaches to the queueing analysis of wireless fading channels were given
for example by Tassiulas and Ephremides [25], who developed an algorithm for
resource scheduling in probabilistic wireless networks, and used Lyapunov stability
to prove that the queueing system is stable, i.e., does not grow to infinity [26].
However, for applications that require short delays, guaranteeing that the queueing
delay is less than infinite is not sufficient. Some works used queueing analysis based
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on discrete channel models like the two-state Gilbert-Elliott model [27] or finite-
state Markov chains [28]. These finite-state models do not adequately describe the
continuous nature of wireless fading channels.

The remainder of this section is structured as follows: we start with a general
description of queueing systems in discrete-time systems Sec. 1.1.1, followed by a
summary of the queueing analysis using SNC in a transform domain [24] in Sec. 1.1.2
and a summary of effective capacity in 1.1.3.

1.1.1 General Description
Queueing systems can be modeled in terms of their arrival, service, and depar-
ture processes. We describe these processes in relation to a wireless system, where
the data arriving at the transmitter is stored in a transmit buffer, and the wire-
less system, which serves the buffer in a first-in-first-out (FIFO) fashion, cannot
always transmit all data in the buffer immediately, leading to a queueing delay.
In this example, the arrival process A(t) denotes the number of bits that enter the
transmit buffer. For example, these could be sensor readings generated by an appli-
cation. The service process S(t) describes the number of bits that could potentially
be transmitted over the wireless channel. Finally, the departure process D(t) de-
scribes the number of bits that are actually transmitted, which corresponds to the
maximum of the service process and the amount of data waiting in the buffer.

The arrival, service, and departure processes can be used to describe the delay
in the queue. First, we define the cumulative processes

A(s, t) =
t−1∑
u=s

A(u) (1.1)

S(s, t) =
t−1∑
u=s

S(u) (1.2)

D(s, t) =
t−1∑
u=s

D(u) . (1.3)

Then, the backlog (the amount of data in the queue) at time t is defined as

q(t) = A(0, t)−D(0, t) (1.4)

and the queueing delay or virtual delay1 W (t) at time t is defined as

W (t) ∆= inf {u ≥ 0 : A(0, t) ≤ D(0, t+ u)} , (1.5)

i.e., the number of time slots it takes for data that arrived prior to time t to depart
from the queue. The delay violation probability pv(w, t) at time t is defined as the

1The virtual delay W (t) is defined as the delay that a data bit arriving at time t will experience
if all other previously arrived bits are served before [19], which is always the case when the
transmitter uses FCFS (first come, first serve), also known as FIFO (first in, first out) scheduling.
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probability that W (t) exceeds the deadline. An even stricter metric is given when
we take the supremum of the delay violation probability over all time t:

pv(w) ∆= sup
t≥0
{P {W (t) > w}} . (1.6)

Unfortunately, due to the complex relationship between arrival, service, and depar-
ture processes, we typically cannot express the delay violation probability pv(w)
through an analytical formula. We can obtain pv(w) empirically by simulating the
queueing system using the Monte-Carlo method, generating random instances of
the arrival and service processes A(t) and S(t). From this, we can determine the
cumulative departures D(0, t+ u), and thus, the delay W (t), and count how many
times W (t) exceeds the target deadline w.

We illustrate in Fig. 1.1(a) some example values for the cumulative arrival, ser-
vice and departure processes, and show the resulting queueing delay in Fig. 1.1(b).
In the example, we assume a constant arrival process of A(t) = 200 bits. The
considered samples of S(t) are not always sufficiently high to transmit all data
immediately, leading to a queueing delay. At t = 2, a total of A(0, t) = 400 bits
have arrived in the system, but until t = 7, not all data has departed from the
queue. Finally, at t = 8, the system can transmit the last bit of information that
arrived before t = 2. Therefore, at t = 2, the smallest value of u that satisfies
A(0, t) ≤ D(0, t+u) is 6, so that the delay W (2) is equal to 6 time slots. Assuming
that a maximum queueing delay of w = 5 time slots is tolerated, we observe one
violation of the deadline (at t = 2) out of the considered 20 time slots, so the delay
violation probability pv(w) would be coarsely approximated as 1/20.

When the delay violation probability pv(w) is very small, e.g., on the order of
10−8, the queueing system would need to be simulated over a huge number of time
slots in order to obtain pv(w) empirically with adequate confidence. Thus, the
empirical approach quickly becomes intractable, and an analytical approach will
be required to determine pv(w). In the following Sec. 1.1.2, we present stochastic
network calculus [21,23,24,29], which provides analytical upper bounds on the delay
violation probability pv(w). In Sec. 1.1.3, we then briefly summarize the framework
of effective capacity, which provides approximations for pv(w). Stochastic network
calculus (SNC) and effective capacity both depend on the same statistical metrics
of the service process. However, effective capacity is based on the theory of large
deviations and provides an approximation for pv(w) that is shown to be accurate
only in the limit of very long deadlines w. For systems that require low delay
violation probabilities at short target deadlines w, SNC may thus be preferred
over effective capacity, as SNC provides strict upper bounds on the delay violation
probability pv(w) that hold even for short deadlines w. Another advantage of SNC
is that it can be used to analyze systems with random arrival traffic and multi-hop
communication systems, i.e., transmissions where data is sent from the transmitter
to the intended receiver via multiple other devices that act as relays. Contrary to
that, the effective capacity analysis is based on the assumption of constant arrivals
and cannot easily be applied to multi-hop systems, as the analysis becomes quite
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Figure 1.1: Example illustration of a queueing system. (a) Cumulative arrival, ser-
vice, and departure processes A(0, t), S(0, t), and D(0, t), respectively. (b) Queue-
ing delayW (t).

involved even for two-hop systems [30]. In this thesis, we therefore exclusively apply
stochastic network calculus.

1.1.2 Stochastic Network Calculus

Like deterministic network calculus, stochastic network calculus is related to linear
system theory, which considers the filtering of signals. In classical linear system the-
ory, the filtering of a signal is described as a convolution of the filter response with
the incoming signal. The combined effect of multiple concatenated filters can be
described by the convolution of the filters. Similarly, in network calculus, the effects
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of each network element can be described as a convolution of that element’s service
curve with that of the incoming arrival traffic [21]. Furthermore, the concatena-
tion of network elements can be expressed by the convolution of their respective
service curves, which allows for simple characterizations of the backlog and delay
experienced by a traffic stream routed over numerous network elements. Notably,
for deterministic network calculus, the convolution is not performed in standard al-
gebra, but in a (min,+)-algebra, where the standard addition operator is replaced
by the minimum, and the standard multiplication operator is replaced by addi-
tion [21]. The stochastic network calculus based on the works by Chang [21] and
Fidler [23,29] is also based on (min,+)-algebra. In this framework, an upper bound
on the delay violation probability can be derived based on the moment-generating
functions (MGFs) of the arrival and service processes.

Stochastic network calculus can be used to analyze the queueing performance
in wireless fading channels. However, fading channels are often described by the
distribution of the signal-to-noise ratio (SNR) of the wireless signal, whereas the
transmission rate is typically assumed to be logarithmic in the SNR. This means
that there is no linear relationship between the random SNR, for which the distri-
bution is known, and the service process, which determines the queueing behav-
ior. Therefore, Al-Zubaidy et al. recently proposed a stochastic network calculus
in a transform domain, where the system can be described by a (min,×)-algebra
(the standard summation operator is replaced by the minimum, and the standard
multiplication is not replaced) instead of (min,+)-algebra [24]. Specifically, the bit-
domain arrival, service, and departure processes, A(t), S(t), and D(t), respectively,
are transformed into the so-called SNR-domain by using the exponential function,
resulting in the SNR-domain arrival, service, and departure processes:

A(t) = eA(t) (1.7)
S(t) = eS(t) (1.8)
D(t) = eD(t) . (1.9)

Using these definitions, an upper bound on the delay violation probability pv(w)
can be obtained from the Mellin transform of the SNR-domain arrival and service
processes A(t) and S(t), assuming that these processes are independent and iden-
tically distributed (i.i.d.) between time slots. The Mellin transform of a random
process X is defined as [24]

MX (θ) = E
[
X θ−1] . (1.10)

For the interested reader, we now summarize the derivations of this bound from [24].
The resulting bounds, which will be used throughout the thesis, are given at the
end of this section.
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Derivations of the SNC Delay Bounds

We define the cumulative processes in the SNR domain as

A(s, t) = eA(s,t) =
t−1∏
u=s
A(u) (1.11)

S(s, t) = eS(s,t) =
t−1∏
u=s
S(u) (1.12)

D(s, t) = eD(s,t) =
t−1∏
u=s
D(u) . (1.13)

As the exponential function is monotonically increasing, the delay W (t) can also
be expressed using the SNR-domain processes instead of the bit-domain processes:

W (t) = inf {u > 0 : A(0, t) ≤ D(0, t+ u)} , (1.14)

The queueing behavior of the system can then be described by a (min,×) algebra,
where the standard summation is replaced by the minimum, and the multiplication
operator remains a multiplication. Equivalently to the convolution in standard
algebra, the convolution of two processes X and Y in (min,×)-algebra is defined as

X ⊗Y(s, t) ∆= inf
s≤u≤t

{X (s, u) ·Y(u, t)} . (1.15)

Furthermore, the (min,×)-deconvolution is defined as

X �Y(s, t) ∆= sup
0≤u≤s

{
X (u, t)
Y(u, s)

}
. (1.16)

For a work-conserving [21, 23] service S(s, t), which in the example of wireless
transmissions simply means that the wireless link is always active whenever there
is data waiting in the transmit buffer, the relationship between the arrival, service,
and departure processes can then be described by a (min,×)-convolution [24]:

D(0, t) ≥ A⊗ S(0, t) . (1.17)

Using the above relationship, the delay can be expressed as [24] (see also [23])

W (t) = inf
{
u > 0 : A(0, t)

D(0, t+ u) ≤ 1
}

(1.18)

≤ inf
{
u > 0 : A(0, t)

A⊗ S(0, t+ u) ≤ 1
}

(1.19)

= inf
{
u > 0 : sup

0≤v≤t+u

{
A(0, t)

A(0, v) · S(v, t+ u)

}
≤ 1
}

(1.20)
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= inf
{
u > 0 : sup

0≤v≤t+u

{
A(v, t)

S(v, t+ u)

}
≤ 1
}

(1.21)

= inf {u > 0 : A� S(t+ u, t) ≤ 1} . (1.22)

Therefore, the delay violation probability at time t is bounded as

P {W (t) > w} ≤ P {A� S(t+ w, t) > 1} . (1.23)

We follow [24] and define the short-hand notation for Mellin transform of a
cumulative process:

MX (θ, s, t) = E
[
X (s, t)θ−1] . (1.24)

Using the moment bound, which is equivalent to the Chernoff bound and is
given for θ > 0 as [21,24]

P {X > a} ≤ a−θE
[
Xθ
]

(1.25)
= a−θMX(θ + 1) , (1.26)

the delay violation probability at time t is bounded as [24]

P {W (t) > w} ≤ E
[
(A� S(t+ w, t))θ

]
(1.27)

= E
[

sup
0≤v≤t+w

{
A(v, t)θS(v, t+ w)−θ

}]
. (1.28)

We can furthermore apply the union bound to obtain

P {W (t) > w} ≤
t+w∑
v=0

E
[
A(v, t)θS(v, t+ w)−θ

]
. (1.29)

A slightly more complicated proof [24] shows that the bound can be slightly tight-
ened by replacing t + w in the upper limit of the sum by t. When the arrival
and service processes are mutually independent, it follows that the delay violation
probability in time slot t can be bounded for any θ > 0 as

P {W (t) > w} ≤
t∑

v=0
MA(1 + θ, v, t)MS(1− θ, v, t+ w) (1.30)

for any θ > 0. When the arrival and service processes A(t) and S(t) are i.i.d.
between time slots, this simplifies to

P {W (t) > w} ≤
t∑

v=0
MA(1 + θ)t−vMS(1− θ)t+w−v . (1.31)
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From this result, the delay violation probability pv(w) over all times t can be
bounded by letting t→∞:

pv(w) = sup
t≥0
{P {W (t) > w}} (1.32)

≤ K (θ, w) , (1.33)

where we defined the kernel function

K (θ, w) = lim
t→∞

t∑
v=0
MA(1 + θ)t−vMS(1− θ)t+w−v . (1.34)

Delay Bounds

The sum in (1.34) corresponds to a geometric series. If the stability condition

MA(1 + θ)MS(1− θ) < 1 (1.35)

holds, the series converges:

K (θ, w) = MS(1− θ)w

1−MA(1 + θ)MS(1− θ) . (1.36)

If the stability condition does not hold, the kernel will be infinite, so that a mean-
ingful upper bound on pv(w) cannot be obtained. Noting that (1.33) holds for any
θ > 0, we therefore obtain the bound on pv(w):

pv(w) ≤ inf
θ>0
{K (θ, w)} . (1.37)

While we have considered in this section only the queueing delay for a single-hop
transmission with a single queue, stochastic network calculus can also be used in the
analysis of multi-hop systems with several concatenated links. This is useful when
analyzing a network of concatenated wireless links, for example, when relaying is
used. In [24], the problem was solved for multi-hop queueing where all wireless
links are identical. Petreska et al. solved the problem for non-identical links [31].

1.1.3 Effective Capacity
Wu and Negi have proposed the framework of effective capacity for analyzing the
delay violation probability in wireless channels [22]. The effective capacity for the
cumulative service process S(s, t) depends on its log-moment generating function,
which is given for an i.i.d. service process S(t) as

Λ(−θ) = logE
[
e−θS] . (1.38)

Then, the effective capacity is defined as [22]

cE(θ) = −Λ(−θ)
θ

. (1.39)
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Based on the theory of large deviations, the effective capacity can be used to ap-
proximate the delay violation probability, assuming a constant arrival rate α in bits
per time slot:

pv(w) ≈ pNEB · e−θ
∗αw (1.40)

where pNEB is the probability of a non-empty buffer, and θ∗ = c−1
E (α) is determined

from the inverse of (1.39). The probability pNEB of a non-empty buffer cannot
always be determined analytically [22], but is upper-bounded by 1. Thus, the
following approximation holds for w →∞:

pv(w) ≈ e−θ
∗αw . (1.41)

The analysis using effective capacity is closely related to the analysis with
stochastic network calculus. Specifically, both approaches depend on the moment-
generating function E

[
eθS] of the bit-domain service process S(t), which is (except

for a shift by 1) the same as the Mellin transform on the SNR-domain service
process S :

MS(θ) = E
[
e(θ−1)S

]
. (1.42)

However, while the effective capacity framework is based on the theory of large
deviations and thus only provides approximations for pv(w) that hold in the limit
w → ∞ (the approximations can be accurate even at short delays w, but this is
not mathematically proven), stochastic network calculus provides mathematically
proven upper bounds on the delay violation probability pv(w) even for short target
delays w.

1.2 Physical Layer Models

In the previous section, we have introduced the delay violation probability pv(w) as
a metric for the reliability of a communication system from a link layer perspective.
However, the results are only meaningful if the underlying models of the physical
layer transmissions are accurate. In this section, we first review a classical result
by Shannon on the channel capacity. The Shannon capacity can be used to model
the performance of wireless communication systems when the blocklength of the
channel code is very long. We then discuss more realistic models which take into
account that the channel codes have only finite length.

1.2.1 General System Model and Channel Capacity
We consider wireless transmissions in a frequency-flat channel with a bandwidth
of B Hertz, and assume a time-slotted system with fixed time slots of duration T .
In this section, we only consider a single-antenna system, also known as single-
input single-output (SISO). The wireless signal in each time slot can then be well
represented by n = BT complex-valued samples [32]. We thus assume a discrete
channel model with n complex samples or channel uses, and we consider two types
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of channels: first, we describe additive white Gaussian noise (AWGN) channels
without fading; second, we consider fading channels.

AWGN Channels

In a non-fading AWGN channel, i.e., a channel where the strength of the received
signal remains constant over time and frequency, each complex sample of the re-
ceived signal can be expressed as

Y = X + Z , (1.43)

where X denotes the symbol sent by the transmitter, which has average power
E
[
|X|2

]
= ρ, and Z corresponds to additive white Gaussian noise. Without loss of

generality, we assume that the circularly-symmetric complex Gaussian noise Z has
unit variance: Z ∼ CN (0, 1). Thus, the signal-to-noise ratio (SNR) γ of this channel
is given as γ = ρ. If the data bits were modulated directly to the transmitted signal
samples, some of the samples would experience large realizations of the noise that
would corrupt the bits, so that the transmissions would be unreliable. However,
the reliability of the transmissions can be greatly improved through channel coding
by combining many of the samples. For example, one can combine all n complex-
valued samples in each time slot into one codeword of n symbols. The coding rate
r is then defined as the ratio of the amount of data bits in the codeword over the
total number of symbols n. In case the codeword length n is very long, specifically
in the limit n→∞, it was shown by C. E. Shannon [33] that in theory, there exist
coding schemes such that the system can transmit with vanishing error probability
when the channel coding rate r is below the capacity of the channel. This result
can be explained using the law of large numbers: for infinitely long codewords, the
noise z can be averaged over infinitely many samples, such that individual samples
with large realizations of the noise will be averaged out by other noise samples. For
an AWGN channel with SNR γ = ρ, the capacity in bits per symbol is given as [32]

c = log2(1 + γ) . (1.44)

Fading Channels

When the signal at the receiver consists of reflections of the transmitted signal on
multiple paths, the strength of the received signal is time-varying. Each of the n
samples of the received signal can then be expressed as

Y = HX + Z , (1.45)

where H denotes the complex-valued fading coefficient, X denotes the symbol sent
by the transmitter with average power E

[
|X|2

]
= ρ, and Z corresponds to additive

white Gaussian noise with unit variance. In this thesis, we assume a block-fading
model, where the fading coefficient H remains constant during the duration of one
codeword, which spans over one time slot, but is i.i.d. between time slots. Without
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loss of generality, we can assume normalized fading coefficients with E
[
|H|2

]
= 1

so that the instantaneous SNR Γ of the channel is given as Γ = γ̄|H|2, where γ̄ = ρ
denotes the average SNR. Several stochastic models exist for the distribution of H.
In this thesis, we mainly focus on Rayleigh fading, where H ∼ CN (0, 1), and Rician
fading, where H ∼ CN (µH , σ2

H). Notably, we also assume that the transmitter
cannot adjust the power ρ to the channel state to optimize the performance.

However, in case the transmitter and receiver have perfect channel state infor-
mation (CSI), i.e., perfect knowledge of the current fading coefficient H and the
SNR Γ, the transmitter can adapt the coding rate to the channel. When the chan-
nel state is known, the fading channel in the current time slot becomes an AWGN
channel with constant and known SNR (denoted by lower-case letters γ = γ̄|h|2
to emphasize that these values are known, i.e., not random). Thus, in a specific
time slot with SNR γ, the wireless system using very long codewords can achieve
a coding rate of c = log2(1 + γ), which changes from time slot to time slot, along
with the SNR.

On the other hand, in case the SNR Γ is not (or not perfectly) known at the
transmitter, or if the transmitter does not adapt the coding rate, there is a certain
probability that the transmission is in outage, i.e., that the instantaneous capacity
log2(1 + Γ) is smaller than the coding rate selected by the transmitter. In case of
outage, reliable communication is impossible. The probability for this outage event
is denoted as

εout = P {log2(1 + Γ) < r} . (1.46)

For a given value of ε, the outage capacity or ε-capacity cε denotes the largest rate r
such that P {log2(1 + Γ) < r} ≤ ε:

cε = sup {r ≥ 0 : P {log2(1 + Γ) < r} ≤ ε} . (1.47)

The outage capacity corresponds to the maximum achievable transmission rate
subject to a maximum tolerable error probability ε, assuming that the blocklength
n is very long.

Fading Channels with Imperfect CSI

The state of the fading channel changes from time slot to time slot. Therefore,
if the transmitter wants to adapt the coding rate r to the current state of the
channel, it will first need to obtain information about the current channel state.
This can be accomplished by sending a training sequence of known symbols to the
receiver, which estimates the current fading coefficient H and sends that estimate
back to the transmitter through a feedback channel. In case the training sequence
has only finite length, the transmitter can only obtain an imperfect estimate ĥ of
the actual fading coefficient H, and will only have an imperfect estimate γ̂ = γ̄|ĥ|2
of the actual SNR Γ = γ̄|H|2. As a result, when the transmitter adapts the coding
rate r to the imperfect estimate ĥ, it is still possible that the channel is in outage.
The probability of those outage events can still be obtained by (1.46) as shown
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above, but the evaluation must now be performed with respect to the conditional
distribution of the fading channel, conditioned on the estimate ĥ. In addition
to outages due to imperfect CSI at the transmitter (CSIT), imperfect CSI at the
receiver (CSIR) can adversely affect the decoding process at the receiver. Imperfect
CSIR is not relevant at very long blocklength n of the channel code: the system
can use

√
n symbols as pilot symbols, which allows the receiver to estimate the

channel. This leads to perfect CSIR at a negligible estimation overhead as n→∞.
However, imperfect CSIR will become relevant at finite n and will be discussed in
Sec. 1.2.5.

1.2.2 Finite-Length Channel Coding in AWGN channels

Despite the fact that the Shannon capacity model is a theoretical result that holds
only in the limit of infinitely long blocklength n, it is fairly accurate even when the
blocklength is finite. However, n should be quite long, e.g., on the order of tens of
thousand symbols, where one can communicate at rates very close to the channel
capacity with error probabilities of 10−4 and below [32]. It was also shown that
long low-density parity-check (LDPC) codes can transmit within a tiny fraction of
the capacity [34]. Due to its accuracy at long blocklengths, the Shannon capacity
model is widely used in the analysis of communication systems, and also in the
queueing analysis [22–24].

However, when the blocklength n is short, the system experiences errors with
probability ε > 0 even when the rate is below the channel capacity. Researchers who
study the performance of finite-blocklength codes from an information-theoretic
perspective are interested in the maximum coding rate that can be achieved sub-
ject to a given error probability ε. Since exact solutions are typically intractable,
the research focuses on two types of bounds: achievability bounds and converse
bounds. Achievability bounds describe the performance that could theoretically be
achieved when a certain type of codewords and a certain type of decoder is used.
It does not matter whether there currently exists a corresponding encoder and
decoder that can be implemented with reasonable complexity, it is sufficient that
there exists a theoretical, arbitrarily complex encoder and decoder that achieves
the performance. On the other hand, converse bounds describe the performance
which cannot be exceeded by any coding scheme, no matter how complex or well-
designed. Polyanskiy et al. [15] provide a comprehensive summary of earlier results
in this field: already more than 50 years ago, Feinstein [35], Shannon [36, 37],
and Gallager [38] derived different achievability bounds for finite-length coding,
and converse bounds were derived for example by Wolfowitz [39] as well as Shan-
non, Gallager, and Berlekamp [40]. Polyanskiy et al. [15] also derived several new
achievability and converse bounds. For many parameters of interest, the newly
derived bounds are very tight, i.e., the achievability and converse bounds are close.
This means that the achievability bounds are close to the maximum coding rates.
Furthermore, Polyanskiy et al. presented a closed-form approximation for the max-
imum coding rate in AWGN channels for a given probability of error, similar to
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the approximations for discrete memoryless channels that had been earlier pro-
posed by Dobrushin [41] and Strassen [42]. Specifically, it was shown that for an
AWGN channel with SNR γ, the maximum coding rate r(n, ε) that can be achieved
by a code of blocklength n complex-valued symbols, subject to a maximum error
probability ε is given by2

r(n, ε) = c−
√
V
n
Q−1(ε) +O

(
logn
n

)
, (1.48)

where c = log2(1 + γ) is the channel capacity, V is called the channel dispersion,
which in this case is given as

V =
(

1− 1
(1 + γ)2

)
(log2 e)

2
, (1.49)

and Q−1(x) is the inverse of the Gaussian Q-function Q(x) =
∫∞
x

1√
2π e
−t2/2dt.

Assuming that the noise has unit variance, the SNR γ describes the power constraint
on the transmitted codewords. This power constraint differs from the expected per-
symbol power constraint E

[
|X|2

]
= γ that was used in Sec. 1.2.1 for infinitely long

codes. For infinitely long codes, the code symbols X should be chosen according
to an i.i.d. Gaussian distribution [32], and the average power of the code symbols
X then converges to the expected value γ as n → ∞ due to the law of large
numbers. However, the law of large numbers does not apply when n is finite.
In the related literature on finite-length codes, different power constraints on the
codewords x ∈ Cn are used, for example a maximal power constraint (‖x‖2 ≤ nγ),
an equal-power constraint (‖x‖2 = nγ) or an average power constraints (the average
power over all codewords is equal to nγ). Equation (1.48) holds under any of
these constraints [15]. The Landau notation O (log(n)/n) in (1.48) means that
the remaining terms grow only as fast as log(n)/n, i.e., they become negligible
compared to the second term (which grows as

√
n/n) as n→∞. It was shown that

for many parameters of interest, the achievable rate can be well approximated by
ignoring the term O (log(n)/n):

r(n, ε) ≈ c−
√
V
n
Q−1(ε) , (1.50)

Thus, for a given rate r, the probability of decoding errors can be approximated as

ε ≈ Q

(
log2(1 + γ)− r√

V/n

)
. (1.51)

Due to the relation to the Gaussian/normal distribution, (1.50) is referred to as
the normal approximation. Although (1.50) was shown to be accurate for many

2In [15], the authors assume a real-valued AWGN channel of n symbols. In this dissertation,
the codewords have n complex-valued symbols, which corresponds to 2n real-valued symbols.
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Figure 1.2: Illustration of the normal approximation (1.50) for the achievable coding
rate for SNR γ = 6 dB, ε = 10−3. A converse bound (based on codewords with
equal-power constraint [15, Thm. 41]) and an achievability bound (the κβ-bound
[15]) are also shown. The plots were created using the SPECTRE toolbox [43].

parameters, the approximation may become inaccurate for very small blocklength
(e.g., n < 100) or for very small epsilon (e.g. ε < 10−5). In those cases, the
maximal coding rate r(n, ε) according to the normal approximation may be very
small compared to the capacity c = log2(1 +γ), whereas the normal approximation
is only considered accurate when the rate is a large fraction of the capacity, e.g.,
r > 0.8 · c [15]. In Fig. 1.2, we compare the normal approximation to an achiev-
ability bound and to a converse bound derived in [15]. The maximal coding rate
lies somewhere in the gray-colored area between the achievability bound and the
converse bound. Due to the small difference between the bounds for n > 100, the
normal approximation, which also lies between the bounds, can be considered ac-
curate for these parameters. However, for very small n, the bounds become loose,
and the normal approximation may no longer be accurate.

The work by Polyanskiy et al. has sparked lots of interest in the topic of com-
munication with finite-length codes. In [14], a summary of several related works
is provided. It should however be noted that existing codes cannot yet achieve
the performance predicted by the normal approximation. Nevertheless, for some
parameters, the performance of existing codes is already fairly close [44]. Fur-
ther improvements in channel coding schemes could close the gap between the cur-
rently achievable rates and the theoretically achievable rates even further. Examples
for coding schemes that are considered as candidates for ultra-reliable low-latency
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communications include LDPC codes, BCH (Bose, Chaudhuri, and Hocquenghem)
codes, tail-biting convolutional codes, and Polar codes [14, 44, 45], which all have
different advantages and disadvantages depending on the blocklength, SNR, or de-
sired error probability. Moreover, the computational complexity of the encoders
and decoders affects the latency and should therefore also be taken into account.

1.2.3 Finite-Length Coding in Multiuser Systems
Finite-length coding complicates the analysis of systems where multiple users trans-
mit data simultaneously on the same communication resource. While the Shannon
capacity in (1.44) is maximized for code symbols that follow an i.i.d. Gaussian dis-
tribution [32], the maximum coding rates with finite-length codes as approximated
by (1.50) cannot be achieved by i.i.d. Gaussian codewords. This is because when
n is finite, the law of large numbers does not apply, such that the actual power of
i.i.d. Gaussian codewords would sometimes violate the maximal, equal, and average
power constraints for which (1.50) was shown to be accurate. In order to achieve the
maximum coding rate, the system would need to use codewords that are not i.i.d.
Gaussian but satisfy those power constraints. However, if one of the transmitters in
a multiuser system uses a non-Gaussian codeword, then the other transmissions are
subject to non-Gaussian interference, such that the interference cannot be treated
as Gaussian noise, and (1.50) no longer holds for the other transmissions. Scar-
lett et al. [46] analyzed the performance of simultaneous transmissions at finite
blocklength and derived a normal approximation for the performance when the
system employs i.i.d. Gaussian codewords. This approximation has the same form
as (1.50), but the formula for the dispersion V is different:

Viid(γ) = 2 · γ
1 + γ

(log2 e)
2
. (1.52)

For the special case where multiple users simultaneously transmit data to a com-
mon receiver, which is also known as non-orthogonal multiple access (NOMA), the
achievable rates under finite-length coding were studied by MolavianJazi [47,48].

1.2.4 Finite-Length Channel Coding in Fading Channels
The performance of finite-blocklength channel codes in fading channels was ana-
lyzed by Yang et al. [49–51]. The authors showed that for many classes of fading
channels, the channel dispersion V is zero, such that the achievable rate is closely
approximated by

r(n, ε) = cε +O
(

logn
n

)
. (1.53)

Notably, there is no term
√
V/n in (1.53) because the dispersion was shown to be

zero. This result suggests that the blocklength of the channel code has very little
impact on the achievable rate in those types of fading channels. Consequently,
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r(n, ε) in (1.53) will quickly converge to the outage capacity cε, faster than the
achievable rate in (1.50) converges to the capacity c [50]. However, this does not
hold for all types and parameters of fading channels; sometimes, the convergence
of (1.53) to cε may be slower. Consider for example a Rician fading channel with
H ∼ CN (µH , σ2

H). In case the line-of-sight (LoS) component µH remains constant
and the variance σ2

H of the non-LoS component converges to zero, the channel
converges to an AWGN channel with constant SNR, where the achievable rate is
given by (1.50). In that case, the convergence to the capacity occurs on the order
of 1/

√
n, so (1.53) does not hold for such a channel.

In order to approximate the performance of finite-length codes for different types
of fading channels, Yang et al. proposed to extend the normal approximation (1.51)
to fading channels, which is reasonable when the receiver has perfect CSI [51]:

ε ≈ E

[
Q

(
log2(1 + Γ)− r√

V/n

)]
, (1.54)

where V is given by (1.49) and the expectation is taken with respect to the distri-
bution of the random SNR Γ. The accuracy of this approximation can be verified
by using a lower bound [50, Cor. 3] on the achievable coding rate based on the
κβ bound. This lower bound can be evaluated numerically, an implementation for
single-input multiple-output (SIMO) Rician fading channels is available online [43].
Notably, while it was assumed for the approximation (1.54) that the receiver has
perfect CSI, the lower bound holds even in case the transmitter and the receiver
only know the LoS component µH of the Rician channel, but not the instantaneous
value of the fading coefficient H (no instantaneous CSI).

1.2.5 Finite-Length Coding and Imperfect CSI
We have noted previously that if the transmitter has only imperfect CSIT, then
outages will occur. For very long blocklength n, and still assuming perfect CSIR
(which can for example be obtained by using

√
n symbols as pilots), the packet

error probability is then equal to the outage probability, conditioned on the known
channel estimate ĥ. This argument can be directly extended to finite-length codes:
under imperfect CSIT, the transmitter does not know the instantaneous value of the
channel state. This can be interpreted as a transmission in a different, hypothetical
fading channel where the transmitter has no instantaneous CSI. The distribution of
the channel state in this hypothetical fading channel is assumed to be equal to the
conditional distribution (conditioned on the estimate ĥ) in the original fading chan-
nel, and this distribution is known at the transmitter. The error probability when
using finite-length codes under imperfect CSIT is therefore given by (1.54), but this
expression must now be evaluated with respect to the conditional distribution of
the channel state.

However, we have so far considered only the case where the transmitter has
imperfect CSIT, and ignored imperfect CSIR, which can also lead to decoding
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errors. Assume that the receiver has the channel estimate ĥ and receives the signal

y = HX + Z (1.55)
= ĥX + H̃X + Z , (1.56)

where H̃ = H − ĥ denotes the unknown channel estimation error and Z denotes
white Gaussian noise. Then, the receiver could interpret ĥX as the signal-of-
interest, whereas the terms H̃X + Z would act as noise. This approach means
that the receiver treats the channel estimate as if it were the true channel, which
is known as mismatched decoding. The performance of mismatched decoding is
difficult to analyze, as the considered noise term is not independent of the signal.
Unfortunately, when decoding needs to be performed within a single time slot, one
cannot apply a result by Hassibi and Hochwald [52] that is widely used in the related
literature for imperfect CSIR (and infinitely long codes). This result states that in
the worst case, the noise H̃X + Z can be replaced by a white Gaussian noise term
with the same variance. However, that work deals only with the ergodic capacity
of the system, and the underlying argument is based on the implicit assumption
that decoding is performed not in a single time slot, but over an infinite number
of time slots, with infinitely many realizations of the channel estimation error H̃.
Contrary to that, when decoding needs to be performed within a single time slot,
one cannot average over different realizations of H̃, and this result does not apply.
Furthermore, this result does not apply to finite-blocklength codes.

Several authors have studied the performance of finite-length codes under im-
perfect CSIR. Potter et al. [53] presented a saddle-point approximation for the
achievable rate in Rayleigh fading channels with imperfect CSIR and mismatched
decoding, but those results cannot be applied to a scenario where the transmitter
also adapts the coding rate based on imperfect CSIT. Scarlett et al. [54] analyzed
mismatched decoding for channels with discrete input/output alphabets. Liva et
al. [55] derived an upper bound on the error probability under mismatched de-
coding based on Gallager’s random coding bound. The evaluation depends on
the choice of specific modulation schemes and LDPC codes. Ferrante et al. [56]
studied mismatched decoding in multiple-input multiple-output (MIMO) channels
with quadrature phase-shift keying (QPSK) modulation. However, [54–56] all make
specific assumptions about the input alphabets or about the modulation and cod-
ing scheme and cannot easily be generalized. Recently, Östman et al. [57] derived
achievability bounds for Rician fading channels where the receiver estimates the
channel based on a limited number of pilot symbols and performs mismatched
decoding (specifically, scaled nearest-neighbor decoding). Mismatched decoding,
i.e., treating the channel estimate as if it was perfect, is suboptimal compared to
other decoding schemes that perform joint estimation and decoding. Therefore,
the results provide a strict lower bound on the achievable rates, but this lower
bound may not be tight [57]. Another approach to analyze the performance im-
pact of imperfect CSIR, in the special case where the analysis is conditioned on
a particular channel estimate, is to apply a result from [50]. In case of Rayleigh
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fading channels, the conditional distribution of the actual fading coefficient H,
conditioned on a channel estimate ĥ with Gaussian channel estimation error, is
distributed as H ∼ CN (ĥ, σ2

H̃
), which corresponds to the distribution of a Rician

fading channel with LoS component ĥ. In this case, the previously mentioned lower
bound [50, Cor. 3] on the achievable rate can be used to determine the performance
when both the transmitter and the receiver only know the imperfect channel esti-
mate ĥ. However, this lower bound may not be tight either. This is because the
bound is based on the assumption that the transmitter and receiver have the same
imperfect channel estimate, whereas many wireless systems may need to use pilot
symbols in the downlink transmissions (i.e., after the original training sequence
and after the channel estimate is sent as feedback to the transmitter) not only for
channel estimation, but also for time synchronization, carrier frequency offset cor-
rection or other purposes. These pilots could make the CSIR significantly better
than the CSIT, so that it would often be wrong to assume that the receiver only
knows the same imperfect estimate ĥ as the receiver. We conclude that there are
no results in the related literature that are proven to provide tight lower bounds on
the maximum coding rate under imperfect CSIR. The achievable performance of
communications under imperfect CSIR may be significantly above the lower bounds
in [50,57]. Thus, simply assuming that CSIR is perfect may lead to a more accurate
performance model than these lower bounds, especially when there are additional
pilot symbols in the downlink. However, the lower bounds can still be highly useful,
as they can be used to determine the minimum achievable rates and the worst-case
performance impact of imperfect CSIR.



Chapter 2

Overview of this thesis’
contributions

In this chapter, we will first present in Sec. 2.1 some background and an overview
of related works that are relevant to this dissertation. Then, in Sec. 2.2, we will
present our general approach for optimizing the delay performance of ultra-reliable
low-latency communications (URLLC) systems.

We then summarize the contributions of the papers considered in this thesis,
which are given in Part II. The summary is structured into three parts. First, in
Sec. 2.3, which summarizes papers A, B, and C, we consider a system with a sin-
gle transmitter-receiver pair with only a single antenna each. Second, in Sec. 2.4,
which summarizes paper D, we consider a system where a transmitter with multiple
antennas sends data to multiple users in the downlink. Third, in Sec. 2.5, which
summarizes papers E and F, we consider systems where multiple users simultane-
ously send data in the uplink to a common receiver.

Finally, in Sec. 2.6, we provide brief descriptions of the paper G, H, I, and J,
which were co-authored by the author of this dissertation.

2.1 Background and Related Work

2.1.1 Physical Layer Analysis for Short-Packet Communications
This thesis considers communications with ultra-high reliability and very low la-
tency. In order to achieve transmissions with very low latency, wireless communi-
cation systems cannot send very large data packets, as large packets would cause
a long transmission delay on the physical layer. Instead, the system must send
short packets, which means that the codewords of the channel code are short. In
Sec. 1.2, we have summarized several works from information theory that analyze
the performance of channel codes with finite length. However, with short code-
word lengths and in the presence of fading, communication systems cannot always
achieve ultra-high reliability on the physical layer. This may be especially true for
industrial factory environments, which correspond to one of the main areas where

23
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URLLC will be required. In a factory, the wireless signal sent from the transmitter
may not have a direct line-of-sight (LoS) path to the receiver, but will be reflected
on a large number of surfaces on moving robots and other machines. A reasonable
model for the resulting fading distribution is given by the Rayleigh fading model,
which derives from the assumption that the wireless signal cannot travel on a direct
path between the transmitter and receiver but reaches the receiver via reflections
on a very large number of surfaces. However, for Rayleigh fading channels with low
SNR, the outage capacity scales linearly with the outage probability ε [32]. This
means that unless the rate of the channel code is extremely small, the transmission
error probability in Rayleigh fading channels cannot be extremely small, such that
the system may not be able to achieve ultra-high reliability on the physical layer
under Rayleigh fading.

In order to improve the reliability of the physical-layer transmissions and enable
URLLC systems in the presence of fading, the authors in [3, 7, 13, 57–60] analyze
systems with large orders of diversity: instead of considering only a single instance
of the fading channel, which may have a high probability of being in deep fade,
one would consider multiple instances at once. The probability that all of these
instances are in deep fade at the same time is very low. In general, diversity is avail-
able in three dimensions: time, frequency, and space. Time diversity means that
the fading channel changes over time due to mobility in the system (for example,
moving machines) and will not stay in deep fade for a very long time. However,
exploiting time diversity, i.e., waiting for the channel conditions to change (and
possibly improve), may not be an option for low latency systems. Frequency diver-
sity means that the fading conditions change with frequency [32]. The coherence
bandwidth describes how much of a difference in the frequency is required until the
fading conditions at one frequency are significantly different from the fading condi-
tions at another frequency. However, the coherence bandwidth may be very large,
as it is reciprocal to the multipath delay spread Td, i.e., to the length difference
between the shortest and the longest signal paths [32]. For example, if the longest
and shortest path have a length difference of 10 meters, the corresponding multi-
path delay spread is Td = 10 m/c0 ≈ 33 ns (where c0 ≈ 3 · 108 m/s is the speed
of light), resulting in a coherence bandwidth on the order of 1/Td ≈ 30 MHz, ac-
cording to [32]. Simultaneous transmissions over a very wide bandwidth (multiple
coherence bandwidths) occupy large frequency bands, which remain unavailable for
other users in the system, or may not even be available due to regulatory constraints.
Lastly, diversity can also be exploited in the spatial dimension by equipping the
transmitter and/or the receiver with multiple antennas. The resulting channels are
referred to as multiple-input multiple-output (MIMO). As a rule-of-thumb, the dis-
tance between antennas should be at least half a wavelength of the wireless signal in
order to achieve full diversity gain1 [32]. However, the required minimum antenna

1Using two differently polarized antennas can add one diversity branch even if the antennas
are close [61]. Directional antennas may also increase the diversity, but the diversity gain from
both approaches is limited.
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distance is fairly large, for example around 6.25 cm in the 2.4 GHz frequency band,
making it impossible to achieve large orders of spatial diversity on small devices,
e.g., on sensor devices inside a machine. Transmissions at larger frequencies with
wavelengths in the millimeter range would allow for more spatial diversity, but the
signals at higher frequencies exhibit a significantly higher path loss, and may be
easily blocked by walls and objects [5]. The so-called millimeter-wave technology
may thus not be suitable in industrial environments. We conclude that a com-
munication system should always try to exploit all available forms of diversity in
order to achieve reliable low-latency communications for a single user, but in many
practical systems, the available diversity order may still be small.

2.1.2 Link-Layer Analysis

With only low diversity, fading will lead to a time-varying SNR of the received
signal, which can lead to transmission errors and time-varying data rates. Thus,
the transmitter is not always able to transmit all incoming data immediately, and
must store data in a transmit buffer for transmission in the following time slots.
This leads to a queueing delay on the link layer of the system. Researchers have
applied various approaches to analyze the resulting link-layer performance.

Throughput Analysis for Short-Packet Communications

With respect to finite-blocklength codes, Polyanskiy et al. [15] and Wu and Jindal
[62] have studied also the link-layer performance, assuming fixed transmission rates.
Makki et al. [63] considered finite-length codes in fading channels, where the coding
rates were either constant or adapted to perfect CSI. However, all of these works
only considered the expected throughput, which does not describe the distribution
of the random delay experienced by the data in the transmit buffer.

Queueing Analysis for Conventional Wireless Systems

To study the random delay of wireless systems on higher layers, researchers have
therefore applied queueing theory. As we have discussed in Sec. 1.1, approaches
based on discrete channel models like in [27, 28], as well as the Lyapunov drift ap-
proach from [25], which was used for example in [64], are not sufficient to study
the distribution of the queueing delay in wireless channels with continuous fading
distributions. Thus, a number of works use either the frameworks of stochastic net-
work calculus [23,24], which we summarized in Sec. 1.1.2, or effective capacity [22],
which we discussed in Sec. 1.1.3, to analyze the delays in wireless systems. These
works assume that the blocklength of the channel code is very long, such that on
the physical layer, the system can achieve transmission rates equal to the Shannon
capacity without transmission errors. For example, Petreska et al. [31] studied the
end-to-end delay in multi-hop networks. Matthaiou et al. [65] studied the delay per-
formance in multiple-input single-output (MISO) fading channels. Soret et al. [66]
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applied the central limit theorem to derive the effective capacity of Rayleigh fading
channels with time correlation. Optimal power allocation in Nakagami-m fading
channels was studied by Tang and Zhang [67], who found that the optimal strategy
under stringent delay requirements converges to total channel inversion. Jorswieck
et al. [68] studied the effective capacity when the transmitter has no instantaneous
CSI but knows only the covariance matrix of the channel. The delay performance
in the non-orthogonal multiple access (NOMA) downlink, i.e., when multiple users
are simultaneously served on the same channel, was studied by Choi [69], Yu et
al. [70], and Xiao et al. [71]. Qiao et al. [72] studied the optimal rate allocation
in the uplink under NOMA. However, all of these works used a model where the
codewords are assumed infinitely long, which may be highly inaccurate for URLLC
systems.

Queueing Analysis for URLLC Systems

To the best of our knowledge, only few researchers have studied the distribution
of the queueing delay of wireless systems while assuming realistic models for the
physical layer transmissions. Ramis et al. [73] considered rate adaptation at the
transmitter under imperfect CSIT assuming convolutional coding. However, the
authors only studied the average queue length and average packet delay, which
does not describe the tail of the delay distribution. Gursoy [74] studied the effective
capacity of a system where the blocklength is finite and the rate is adapted to a
perfect channel estimate. The author assumed that the error probability is constant
over all fading states and showed that there exists a unique optimum for the error
probability. Recently, Devassy et al. [75] studied the delay performance in URLLC
systems and considered not only finite-blocklength effects, but also analyzed the
impact of undetected errors. However, this study is limited to non-fading binary-
input AWGN channels, and it is unclear whether the results can be generalized to
fading channels.

2.2 General Approach and Scope of the Thesis

In this work, we study the delay performance of URLLC systems. The system
may encounter delays during several steps in the transmission process, e.g., during
the encoding and decoding of the channel code, or during the transmission itself
(propagation delay), but those delays are usually fairly constant and span only
a fraction of a transmission slot. On the other hand, the queueing delay in the
transmit buffer is random and may span multiple time slots. In order to guarantee
that a wireless system with rate adaptation can communicate reliably within a short
latency, we therefore need to focus our analysis on the queueing delay.

We furthermore note that although the queueing delay only describes the delay
on the link layer of the wireless system, it might often describe the overall delay
on the application layer very well. This is because the considered systems and
applications will generally not experience long delays due to random medium access
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Figure 2.1: Schematic illustration of the assumed system model.

and routing on the network layer. First of all, any random medium access procedure
would correspond to a fairly large probability that a device does not obtain a
transmission opportunity, so that reliable communication within a short latency
would be impossible. For URLLC systems, some form of coordinated or guaranteed
medium access is required [4]. Guaranteed medium access with specific resource
blocks allocated to each user is also quite reasonable when the incoming traffic at
the devices is periodic [76]. For other traffic types, channel access may lead to
a large signaling overhead and will need to be carefully designed [60], but such
considerations are beyond this thesis. Concerning the network layer, we assume
that data communications remain fairly local, e.g., between sensors, controllers, and
actuators in an industrial plant. We envision that dedicated controllers are placed
often directly in the local network. Otherwise, when control tasks are executed
on shared computing resources, the applications can usually not be run in distant
cloud computing centers, as the transmission delays to the computing centers would
result in unacceptably long delays. Instead, the computing resources are expected
to be placed close to the wireless access points, which is commonly referred to
as fog computing [77] or edge computing [6], which eliminates long latencies on
the network layer. In conclusion, we assume that the latency of the data from an
application-layer perspective is mainly determined by the latency experienced on
the link layer of the wireless system, where our main concern should be the queueing
delay experienced in the transmit buffer, as illustrated in Fig. 2.1.

2.2.1 Queueing Analysis for a Basic System Model

Many related works on the queueing analysis of wireless networks such as [22–24]
are based on the assumption that the state of the fading channel is perfectly known
at the transmitter and the receiver, and that the codewords are sufficiently long
such that transmission rates equal to the Shannon capacity can be achieved. Under
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those assumptions, and for a specific value of the instantaneous SNR γ (which
remains constant during each time slot but changes independently between time
slots) the channel in a specific time slot is an AWGN channel with SNR γ. Thus,
in each time slot t, the transmit buffer is served by the time-varying service process
S(t) = n log2(1 + γ(t)) bits, where γ(t) denotes the instantaneous SNR of the
channel, which changes from time slot to time slot, and n is the number of channel
uses in each time slot. The time-varying service may lead to a queueing delay. The
queueing delay will also depend on the arrival process A(t), i.e., on the amount of
data generated by the application in time slot t. We usually assume in this thesis
that A(t) is equal to a constant α in order to focus on the time-varying nature
of S(t).

We use in this dissertation the framework of stochastic network calculus in a
transform domain by Al-Zubaidy et al. [24] to analyze the queueing performance.
Specifically, we want to ensure that the queueing delay violates deadline w only
with a very small probability. As we have shown in Sec. 1.1.2, the delay violation
probability pv(w) is upper-bounded for any parameter θ > 0 by the kernel func-
tion K (θ, w), which is given by (1.36) when the stability condition (1.35) holds (and
is infinite otherwise). The Kernel function K (θ, w) depends on the Mellin trans-
form of the SNR-domain service process S = eS = en log2(1+γ). In case of Rayleigh
fading, the distribution of the SNR γ is exponential, with γ̄ denoting the average
SNR, and the Mellin transform of S is known in closed form [24]. Specifically, we
find that

MS(θ) = E
[
Sθ−1] (2.1)

= E
[
e(θ−1)n log2(1+γ)

]
(2.2)

= E
[
(1 + γ)θ̃−1

]
(2.3)

=
∫ ∞

0
(1 + γ)θ̃−1 1

γ̄
e−

γ
γ̄ dγ (2.4)

= e
1
γ̄ γ̄θ̃−1

∫ ∞
1
γ̄

uθ̃−1e−udu (2.5)

= e
1
γ̄ γ̄θ̃−1Γ

(
θ̃,

1
γ̄

)
(2.6)

where θ̃ = (θ − 1)n log2(e) + 1 and

Γ(θ, x) =
∫ ∞
x

uθ−1e−udu (2.7)

is the upper incomplete gamma function. Using this expression, one can obtain the
kernel K (θ, w), which is always an upper bound on the delay violation probability
pv(w). In order to obtain a tight bound on pv(w), one can then iterate over different
values of the parameter θ > 0.
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Figure 2.2: Queueing Analysis for a basic system model with γ̄ = 10 dB, n =
200. (a) SNC bounds: Kernel function K (θ, w) versus θ, w = 5. Constant arrival
process A(t) = α with α ∈ {200, 300, 400} bits/slot. The markers show the minimal
values. (b) Delay violation probability pv(w) from SNC bounds and from several
simulations (each over 1010 time slots) when α = 300.

In Fig. 2.2(a), we illustrate the value of K (θ, w) over the parameter θ under
different assumptions on the arrival process A(t), which we assume to be equal to
the constant α. The tightest bound on the delay violation probability pv(w) is
given by the minimum over these values, which is indicated by markers. For the
middle curve with α = 300, the bound on pv(w = 5) is found to be approximately
3.2 · 10−6. In Fig. 2.2(b), we verify these bounds for α = 300 through Monte-Carlo
simulations. Several different simulation runs were performed (shown in different
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colors), each considering 1010 time slots. We note that even with a such large
number of simulated time slots, delay violation probabilities below 10−8 cannot be
tightly approximated, which underscores the need for an analytical approach. The
analytical bound on pv(w) is about one order of magnitude above the simulated
values. A similar gap was observed in other works on stochastic network calculus,
e.g. [24,31] and may be caused by the application of the moment bound and union
bound in the derivation of the SNC bound, which was outlined in Sec. 1.1.2. Most
importantly, the slope of the exponential decay observed in the bounds matches
the slope of decay in the empirical values of pv(w), so that the bounds only show a
small relative difference to the empirical values at small values of pv(w).

2.2.2 Queueing Analysis with Realistic Models

Due to the effects of finite-length channel coding and imperfect CSI, which were
discussed in Sec. 1.2, low-latency systems always exhibit a non-zero transmission
error probability ε. The error probability always depends on the data rates r,
which the transmitter must select based on the channel estimates. There exists
an inherent trade-off between the data rate and the error probability. Selecting
lower data rates will decrease the error probabilities and will allow more reliable
transmissions, but lower rates can also mean that not all data in the transmit
buffer can be sent, which can also lead to queueing delays. The fundamental trade-
off between the selected data rate r and the corresponding error probability ε will
be explained in this section based on the example of paper C, which considers a
single-input single-output (SISO) scenario with a single user and imperfect CSI. For
perfect CSI, the analysis is the same, except that there is no need to differentiate
between the estimated and the actual values of the channel state. For the multiuser
MISO case and for the NOMA scenario, the trade-off will show similar properties
and will be explained in the corresponding papers. In a single-user SISO system,
the transmitter must adapt the coding rate r to the channel estimate ĥ. In case
of SISO, the phase of ĥ is not used at the transmitter; only the magnitude |ĥ|,
or equivalently, the estimated SNR γ̂ = γ̄|ĥ|2, is used. We then define the rate
adaptation function Φ as a mapping from the estimated SNR γ̂ to the coding rate
r, i.e., r = Φ(γ̂). To stay consistent with the notation in paper C, we denote the
blocklength of the channel code as nd, which is less than the total length n of each
time slot when the overhead for channel estimation and CSI feedback is considered.

Service Model for Transmissions with Non-Zero Error Probability

For a given rate adaptation function Φ, the buffer or queue at the transmitter is
served by the time-varying service process S(t), which is given as ndΦ(γ̂(t)) when
the transmission in time slot t is successful. However, when a decoding error occurs,
the receiver must discard the received signal. We always assume that the receiver
detects decoding errors and indicates an error to the transmitter through a feedback
link. Thus, in case a transmission error occurs, the transmitter will simply leave



2.2. General Approach and Scope of the Thesis 31

the data in the transmit buffer for transmission in subsequent time slots, and the
service S(t) is zero in that event. In conclusion, the service process S(t) in the bit
domain is given as

S(t) =
{

nd · Φ(γ̂(t)) with prob. (1− ε)
0 with prob. ε

. (2.8)

This mode of operation basically corresponds to an automatic repeat request (ARQ)
scheme. However, different from conventional ARQ, the erroneous packet is not
simply retransmitted as it is; instead, the transmitter will create a new codeword
with a different rate Φ(γ̂), according to the channel conditions in the next time
slot.

As we discussed above, both high decoding error probabilities and low data rates
can lead to a queueing delay. For each channel estimate γ̂, the receiver therefore
needs to determine the optimal trade-off between the selected rate r = Φ(γ̂) and the
corresponding error probability ε such that the delay violation probability pv(w)
is minimized. How can this optimal trade-off be found? We first consider this
trade-off for non-URLLC systems, where the optimal trade-off is different than for
URLLC systems.

Optimization Problem for Throughput Maximization

For systems where latency and reliability are not a primary concern, one would
select the expected throughput (or goodput) as a performance metric, which is
given as the expected value of the service process:

E [S ] = E [(1− ε)ndΦ(γ̂)] . (2.9)

One would then select the rate adaptation function Φ such that (1 − ε)ndΦ(γ̂) is
maximized for each channel estimate γ̂. However, the expected goodput does not
measure the distribution of the queueing delay and is therefore not a suitable metric
for delay-limited systems.

Optimization Problem for URLLC systems

For URLLC, we generally want to ensure that the system is highly reliable with
respect to a given target deadline w, which is determined by the application. Thus,
we want to select an optimal rate adaptation function Φ∗ such that the delay
violation probability pv(w) for the given target delay w is minimized. The actual
delay violation probability pv(w) cannot be derived analytically, and we therefore
use the analytical upper bound (1.37) on pv(w). Specifically, for any θ > 0, the
kernel function K (θ, w) is an upper bound on pv(w). According to this approach,
we want to determine the rate adaptation function Φ∗θ that minimizes K (θ, w) for
some parameter θ > 0. For a specific θ, the kernel (1.36) is monotonically increasing
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in the Mellin transformMS(1−θ) of the SNR-domain service process S (assuming
that the stability condition (1.35) holds). Thus, we can determine Φ∗θ as

Φ∗θ = arg min
Φθ

K (θ, w) (2.10)

= arg min
Φθ

MS(1− θ) (2.11)

= arg min
Φθ

E
[
ε+ (1− ε)e−θndΦθ(γ̂)

]
(2.12)

= arg min
Φθ

∞∫
0

(
ε+ (1− ε)e−θndΦθ(γ̂)

)
f(γ̂)dγ̂ (2.13)

where the expectation is taken with respect to the distribution of the estimated
SNR γ̂. However, this problem is difficult to solve analytically, especially when no
closed-form analytical expression for the relationship between the rate Φθ(γ̂) and
the error probability ε is available. In such a scenario, we quantize the distribution
of γ̂ to N points, where the values γ̂i have probability mass pi:

Φ∗θ ≈ arg min
Φθ

N∑
i=1

(
ε+ (1− ε)e−θndΦθ(γ̂i)

)
pi (2.14)

For each SNR value γ̂i, one can then iterate over different quantized values of the
rate r, compute the corresponding values of ε, and select the rate r that results in
the lowest value of ε + (1 − ε)e−θndr. This numerical approach yields the optimal
rate adaptation function Φ∗θ for a specific parameter θ.

Overall, the optimal rate adaptation function that minimizes pv(w) is then
approximately given by

Φ∗ ≈ Φ∗θ∗ , (2.15)

where the optimal value θ∗ of the parameter θ can be found by iterating over θ
and identifying the value θ for which K (θ, w) based on the specific optimal rate
adaptation functions Φ∗θ becomes minimal.

2.2.3 Scope of the Thesis
Based on the concepts presented above, we study in this dissertation the delay per-
formance of wireless systems in various scenarios and under different assumptions.
The scenarios considered in the different papers are summarized in Table 2.1.

Specifically, in papers A, B, and C, which will be summarized in Sec. 2.3, we
consider a system with a single transmitter-receiver pair which each have a single
antenna. We start with an analysis that considers only the effects of finite-length
coding in paper A, and demonstrate in paper B that the analysis can be extended to
determine the end-to-end delay in a multi-hop scenario with uplink transmissions,
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Paper Scenario Code length CSI
A

Single-User SISO
Finite Perfect

B Finite Perfect
C Finite Imperfect
D Multiuser MISO Downlink Finite Imperfect
E Multiuser Uplink (NOMA) Infinite Perfect
F Finite Imperfect

Table 2.1: Overview of the scope of the thesis. We consider different scenarios and
make different assumptions on the codeword length and on the quality of the CSI.

delay at a computing node, and downlink transmissions. Then, in paper C, we also
take the effects of imperfect CSI into account.

In paper D, which is summarized in Sec. 2.4, we consider a scenario where the
transmitter has multiple antennas. Multiple antennas at the transmitter are not
only useful to achieve a beamforming gain (i.e., a diversity gain) in the transmission
towards a single user, but can also be used to serve several users K at the same time
(i.e., to achieve a multiplexing gain). We study in this work the optimal trade-off
between the beamforming and multiplexing gain, taking both imperfect CSI and
finite-length coding into account.

Finally, in papers E and F, which are summarized in Sec. 2.5, we consider
scenarios where multiple transmitters are active at the same time. In paper E, we
assume that the transmissions of a single transmitter-receiver pair are disturbed by
interference from several other transmitters (interferers). The analysis also applies
to a non-orthogonal multiple access (NOMA) scenario where a base station receives
signals sent from several users on the same channel and must decode the signals
under their mutual interference, but the analysis holds only for the special case
where one of the users is always decoded in the presence of interference from the
other users. In paper F, we generalize these results. We assume a NOMA scenario
where a base station receives signals sent from two transmitters. Using successive
interference cancellation (SIC), the base station can decode the first signal and
remove the interference from that signal so that the second signal is interference-
free. Thus, depending on the decoding order, which may change from time slot
to time slot, each user will sometimes experience interference and sometimes not.
We determine the optimal decoding orders for SIC decoding, and the optimal rates
when a more general joint decoder is used. Furthermore, we determine decoding
error probabilities and optimal rates when the base station must assign the rates
based on imperfect CSI and when the codewords have finite length.
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2.3 Finite Blocklength Coding and Imperfect CSI

2.3.1 Paper A

In this work, we analyze the delay performance of a communication system when
the blocklength of channel code is finite, but the channel state information (CSI)
at the transmitter and receiver is perfect. To model the performance of finite-
length codes, we employ the normal approximation from [15] that was presented in
Sec. 1.2.2.

Several authors have studied the effects of finite-length codes on the link-layer
performance of wireless systems. Specifically, Polyanskiy et al. [15] not only pre-
sented the normal approximation, but also showed a simple optimization problem
for the trade-off between the coding rate and the error probability in a non-fading
AWGN channel. Wu and Jindal [62] considered the performance of the system
in fading channels, but only optimized the system with respect to the expected
goodput, and did not consider the delay performance. Closest to our work are
the results in [74], where the authors used effective capacity instead of stochastic
network calculus. Although the authors did not provide closed-form expressions
for the effective capacity, they proved that there is a unique optimum value for the
error probability.

The main contributions of this work are:

• We derive a series expansion for the channel dispersion of AWGN channels,
which allows deriving closed-form approximations for the Mellin transform
of the SNR-domain service process, and thus, closed-form analytical upper
bounds on the delay violation probability.

• We validate by extensive Monte-Carlo simulations that the analytical results
are indeed upper bounds on the delay violation probability. The slope of
decay of the delay violation probability over the target delay is the same for
the simulations and for the bounds.

• We show numerically that finite blocklength effects may have a significant
impact on the performance and must be taken into account.

• We investigate the trade-off between the error probability ε and the different
data rates. We confirm through simulations that the optimal choice of ε
according to the analysis matches the optimal ε accoding to the simulations.

System Model

We assume a Rayleigh block-fading channel, where the SNR γ follows an expo-
nential distribution with mean γ̄ and changes randomly from time slot to time
slot. However, we still assume in this work that the transmitter and receiver have
perfect channel state information (CSI). When the SNR is perfectly known, the
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channel in each time slot is an AWGN channel with SNR γ. When an error prob-
ability ε is tolerated, the maximum achievable data rate per channel use closely
follows Polyanskiy’s normal approximation [15, Thm. 54], which was presented in
Sec. 1.2.2:

r(n, γ, ε) ≈ log2(1 + γ)−
√
Vbit

n
Q−1(ε) , (2.16)

where the dispersion in bits is given as

Vbit = Vnat(log2 e)2 , (2.17)

and
Vnat = 1− 1

(1 + γ)2 (2.18)

is the dispersion in natural units (nats). Please note that the notation used in the
paper slightly deviates from the notation used in this summary and in the other
papers in the thesis. To simplify discussions, we assume that there always exists a
coding scheme that satisfies (2.16) with equality. The error probability ε is assumed
to be fixed, and the corresponding data rate is always given by (2.16).

Problem Statement

The goal of this work is to determine a bound on the delay violation probability
pv(w) using stochastic network calculus. This bound depends on the Mellin trans-
form of the SNR-domain service process S = eS . Specifically, we need to determine

MS(θ) = E
[
e(θ−1)nr(n,γ,ε)

]
, (2.19)

where r(n, γ, ε) is given by (2.16). While the above expected value could poten-
tially be found by a numerical integration, an analytical solution will not only
provide potentially better insights into the qualitative system behavior, but also
yield solutions with significantly lower computational complexity, which is particu-
larly beneficial in this scenario because the computation will need to be iterated not
only over different parameters θ > 0, but also over different error probabilities ε.

Analysis

First, we derive a series expansion for the square root of the dispersion Vnat. The
accuracy of the series expansion is illustrated in Fig. 2.3. Even with only 3 terms
in the series, the approximation is accurate for γ > −10 dB.

We then apply a series expansion for the exponential function, resulting in a
series expansion for the Mellin transformMS(θ). However, as the expansion of the
exponential function must be applied to every term in the series expansion of

√
Vnat,

the computational complexity would increase exponentially in the number of terms
used to approximate

√
Vnat. Thus, the series expansion for the Mellin transform



36 Overview of this thesis’ contributions

SNR (dB)
-20 -10 0 10 20 30

√

V
(S
q
u
ar
e
R
o
ot

of
D
is
p
er
si
on

)

0

0.2

0.4

0.6

0.8

1

√

V ≈ 1 (High SNR approx.)
√

V approx. with 1 term
√

V approx. with 2 terms
√

V approx. with 3 terms
√

V (exact)

Figure 2.3: Series expansion for
√
Vnat, with different truncations.

MS(θ) needs to be efficiently truncated. We present a heuristic for truncating
the series: the maximum exponent in each term must not exceed L. We show
numerically that the resulting values for the Mellin transform are very accurate
even when the series is truncated with L = 10, resulting in a fairly small number
of considered terms.

Numerical Results

Using the analytical expressions for the Mellin transform, we obtain analytical
bounds on the delay violation probability. The resulting bounds on pv(w) are
shown in Fig. 2.4, along with the actual pv(w), which is obtained empirically from
Monte-Carlo simulations. We observe that there is a gap between the bounds and
the actual values of pv(w), but the slopes of the curves match exactly. For the
considered scenario, finite blocklength coding leads to a significant performance
loss, which is correctly predicted by the analytical bounds.

Furthermore, we investigate the trade-off between the error probability ε and
the corresponding rates r(n, γ, ε). Large values of ε naturally lead to large values of
pv(w), but small values lead to very low data rates, which may also cause violations
of the deadline. For the considered scenario, we determined that the SNC bound on
pv(w) is minimal for ε ≈ 1.38%. We then performed Monte-Carlo simulations of the
queueing system over 2 · 1010 time slots to obtain the actual values of pv(w) empir-
ically. We found that ε = 1.38% resulted in the smallest value of the actual pv(w)
(out of all considered values). Thus, we found that the optimal system parameter
(in this case: ε) can be determined from the analytical bounds on pv(w); extensive
simulations are not required. Motivated by this result, we apply the approach of
optimizing the parameters based on the SNC bounds also in our subsequent works.

2.3.2 Paper B

In this work, we consider the delay performance in an edge computing scenario with
uplink, computing node, and downlink. For the uplink and downlink, the system
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0 1 2 3 4 5 6 7 8 9 10

V
io
la
ti
on

P
ro
b
ab

il
it
y
p
v
(ŵ
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Figure 2.5: Delay violation probability pv(w) (SNC bounds and simulations) for
w = 5 time slots vs. error probability ε. Parameters: γ̄ = 2 dB, n = 168, α = 24
bits/slot. Simulations performed over 2 · 1010 time slots.

model is similar to the model used in Paper A, with the difference that we consider
here the more general Nakagami-m fading instead of Rayleigh fading. Nakagami-m
fading with m = 1 describes the SNR of a Rayleigh fading channel with a single
transmit and receive antenna. On the other hand, Nakagami-m fading with m > 1
describes the SNR at the receiver in SIMO or MISO Rayleigh fading channels with
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Figure 2.6: The edge computing scenario from a queueing perspective.

m antennas [78, p. 859].
We assume that the edge computing node can process data at a limited, constant

rate, so that in some cases, there may be queueing also at the edge computing node,
in addition to the queueing in the transmit buffers for uplink and downlink. This
multi-hop queueing system is illustrated in Fig. 2.6. The delay performance of
multi-hop queueing systems can be analyzed using stochastic network calculus. For
a symmetric setup, where all hops share the same characteristics, multi-hop systems
were analyzed in [24]. For asymmetric hops, the SNC bounds were derived in [31].

The main contributions of this paper are:

• We extend the results from [79] (paper A) and derive a series expansion for
the Mellin transform of the service process under Nakagami-m fading.

• Based on [31], we analyze the delay performance of the multi-hop system.

• We investigate how to optimally split the available resources between the
uplink and the downlink transmissions.

System Model

The considered system consists of a transmitter that sends data in the uplink to a
base station. Close to the base station, i.e., at the edge of the mobile network, an
edge computing node processes the data and sends the results in the downlink to
a different device in the downlink. In each time slot, the edge computing node can
only process a fixed amount of data (denoted as SECN). Therefore, buffering occurs
not only in the transmit buffers of the uplink and downlink, but also before the
edge computing node. We assume that the amount of data processed as input by
the edge computing node may not be equal to the amount of output generated by
the node. However, we want to focus the analysis on the wireless transmissions, and
therefore assume a simple, linear relationship: the edge computing node generates
one output data bit for every φ processed input data bits. The system model is
illustrated in Fig. 2.6 from a queueing perspective.

For the wireless transmissions in the uplink and downlink, we assume a system
model that is similar to the model considered in paper A. We still assume that the
transmitter has a perfect estimate of the current channel state. However, instead
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of Rayleigh fading, we now assume that the channel is Nakagami-m fading, where
the probability density function of the SNR is given as

f(γ) = mm

γ̄mΓ(m)γ
m−1e−

mγ
γ̄ , (2.20)

with γ̄ denoting the average SNR.

Problem Statement

The main goal in this work is to study the delay performance of the system. Similar
to paper A, we want to derive closed-form approximations for the resulting Mellin
transform of the SNR-domain service process S. Furthermore, we assume that the
uplink and downlink transmissions share the same resources, and we thus want to
determine how to optimally split the resources between uplink and downlink.

Analysis

To derive the Mellin transform

MS(θ) =
∞∫

0

e(θ−1)nr(n,γ,ε)f(γ)dγ , (2.21)

we first note that the term e(θ−1)nr(n,γ,ε) can be expanded as a series of exponents
of (1 + γ), according to the results in paper A. However, the PDF of the SNR γ
includes a factor γm−1, which cannot be directly combined with the exponents of
(1 + γ). To combine the factors, we apply the binomial theorem:

γm−1 = (γ + 1− 1)m−1 (2.22)

= (1 + γ)m−1
∞∑
µ=0

(
m− 1
µ

)
(−1)µ

(
1

1 + γ

)µ
. (2.23)

Using this series expansion for the PDF of γ, which consists only of exponents of
(1 + γ), we can then obtain a series expansion for the Mellin transformMS(θ) of
the service process. We considered only the cases where m is integer. For integer
m, all terms of (2.23) with µ ≥ m are zero and the series (2.23) does not need to
be truncated.

Numerical Results

In Fig. 2.7, we plot the minimum delay w that an application must be able to
tolerate if violations of the delay w should occur with a probability of at most
10−6. We plot the delay against the number of symbols nUL used for the uplink
transmissions. The total number of channel uses n = nUL + nDL in the uplink and
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Figure 2.7: Minimum delay w such that pv(w) < 10−6. γ̄UL = 8 dB, γ̄UL = 5 dB,
mUL = 2, mDL = 1, n = 500, A = 500 bits, SECN = 2A, φ = 2.

downlink combined is fixed to n = 500, so this figure implicitly shows the trade-off
between nUL and nDL. We consider a system where the amount of data sent in the
uplink is twice as much (φ = 2) as the amount of data sent in the downlink, and
the uplink channel is stronger than the downlink channel (higher average SNR and
higher Nakagami-m factor). First of all, we find that for the parameters considered
in this work, the effects of finite-length channel coding have a significant impact on
the delay performance of the system. Second, we find that when the effects of finite-
length coding are ignored, the system should allocate slightly fewer resources for the
uplink than for the downlink. The optimal points slightly change when the finite
blocklength effects are taken into account; in this case, the system should allocate
approximately the same amount of resources to the uplink and to the downlink.
Furthermore, we find that the resource trade-off is asymmetric: the system can
still achieve reliable communication when nUL = 300 (and thus, nDL = 200), but
not when nUL = 200 and nDL = 300. These results indicate that the trade-off
between uplink and downlink resources shows a fairly complex behavior. Finding
the optimal trade-off therefore requires a proper end-to-end queueing analysis based
on realistic system models.

2.3.3 Paper C

In this paper, we investigate the joint performance impact of imperfect CSI at the
transmitter and finite blocklength channel coding. Specifically, due to imperfect
CSI at the transmitter, it is possible that the actual capacity of the channel is
below the selected rate r, and due to finite blocklength effects, it is possible that
transmissions fail even in case the capacity is above the rate.

The most important contributions of this paper are:
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• We develop a closed-form approximation for the decoding error probability
due to both imperfect CSI and finite blocklength effects. We show that with
this approximation, the rate adaptation problem becomes convex in the ap-
proximate error probability.

• We verify that the approximation is sufficiently accurate for the rate adapta-
tion problem.

• We numerically analyze the delay performance due to imperfect CSI and
finite-length coding, and find that even when the overhead and imperfections
of channel estimation are taken into account, rate adaptation is often superior
to fixed-rate transmissions. Moreover, we study the optimal trade-off between
the training sequence length and the blocklength of the channel code used for
data transmission.

System Model

We assume that the transmitter first sends a training sequence of length nt to the
receiver, from which the receiver obtains the estimate ĥ of the fading coefficient.
The receiver sends the estimated SNR γ̂ = γ̄|ĥ|2 through an error-free feedback link
of nf symbols back to the transmitter. The transmitter must then select the code
rate r = Φ(γ̂) based on the imperfect channel estimate γ̂, and transmit a codeword
with ndΦ(γ̂) data bits in the remaining nd = n − nt − nf symbols. Although,
to the best of our knowledge, the joint performance impact of imperfect CSI and
finite-length coding has not been analyzed in the related literature, we can apply
existing results. Specifically, we showed in Sec. 1.2.5 that the overall decoding
error probability in that case is closely approximated by evaluating (1.54) over the
conditional distribution of SNR Γ, conditioned on the channel estimate γ̂:

ε ≈ E

[
Q

(
log2(1 + Γ)− r√

V/nd

)∣∣∣∣∣ γ̂
]
, (2.24)

This error probability model is based on the assumption that the receiver will
obtain nearly perfect CSI during the actual data transmission phase, which is quite
reasonable for many wireless system where the data transmissions are accompanied
by pilot symbols that help the receiver estimate the channel. Nevertheless, we will
verify the accuracy of (2.24) based on the lower bound [50, Cor. 3] for the case when
there are no additional pilots and the receiver has only the imperfect estimate ĥ of
the channel.

In the paper, we did not yet discuss the achievability bounds for mismatched
decoding that were published later in [57], which might also be used to estimate
the worst-case performance loss due to imperfect CSIR. Furthermore, those results
could be used to estimate the performance in case the receiver obtains an improved
(but still imperfect) estimate through a limited number of additional pilot symbols
during the data transmission phase. However, in case the channel estimate at the
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receiver becomes different from the estimate at the transmitter, the performance
analysis would need be performed over all possible combinations of transmitter
estimates and receiver estimates, which would introduce additional complexity into
the analysis.

Problem Statement

In this work, we want to determine the optimal trade-off between the number of
symbols spent on channel estimation and the number of symbols spent on actual
data transmissions. In order to determine this trade-off, we must first determine
the optimal rate adaptation function Φ as described in Sec. 2.2.2. However, the rate
adaptation problem cannot be efficiently solved if the decoding error probability ε
in (2.24) is only given in the form of an integral, as evaluating this integral becomes
infeasible when a large number of parameters (different combinations of estimated
SNR γ̂, rate r, average SNR γ̄, blocklength nd, and training sequence length nt)
must be considered. Therefore, in order to solve the rate adaptation problem, a
closed-form approximation for the error probability is required.

Analysis

In the analysis, we first consider the conditional outage probability εout, which
corresponds to the decoding error probability when the blocklength of the channel
code is very long. Thus, in the beginning of the analysis, we ignore finite blocklength
effects. Outages occur because the actual SNR Γ of the channel is different from
the estimated value γ̂ and might be below the selected rate Φ(γ̂). We find that the
channel estimation error Γ̃ = Γ − γ̂ can be approximated as Γ̃ = Γ̃G + Γ̃δ ≈ Γ̃G,
where Γ̃G is Gaussian, whereas Γ̃δ ≥ 0 is typically small compared to Γ̃G and can
therefore be ignored.

We then consider the effects of finite blocklength channel coding, but we initially
assume that the channel estimates are perfect, i.e., we ignore the effects of imper-
fect CSI at first. We note that the error-probability ε in (1.51) due to finite-length
coding can be interpreted as an outage probability of a channel with random capac-
ity. We denote this random capacity as the blocklength-equivalent capacity Cb. A
similar interpretation was offered by Durisi et al. [14], who interpret the channel as
a bit pipe of randomly varying size, and assume that errors occur when the coding
rate is above the size of the bit pipe. Interestingly, this concept can be directly
extended to fading channels where the exact value of the SNR is not known, and
the variations in Cb depend on variations in the SNR (due to imperfect CSI) as
well as on the finite blocklength effects. Thus, we show that the error probability
ε in (2.24), which captures both imperfect CSI and finite-length effects, can be
interpreted as the outage probability of a channel with random capacity Cb.

However, the distribution of this random capacity Cb cannot easily be deter-
mined, as the two kinds of variations in Cb cannot be directly combined. In order
to solve this problem, we apply a first-order Taylor approximation to the finite-
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blocklength variations. As a result, the finite-blocklength variations are approxi-
mated as Gaussian variations in the SNR. Combined with the Gaussian approx-
imation Γ̃G for the channel estimation error, we find that the variations can be
approximated as a sum of two independent Gaussians, so that the variations in Cb
can be described by a single Gaussian random variable. Thus, the error probability
ε can be approximated (the approximation is denoted as ε′) through the Gaussian
Q-function. Furthermore, the formula for ε′ given the rate r can be inverted, allow-
ing the transmitter to determine the rate r given a target error probability ε′. We
then find for each specific channel estimate γ̂, the rate adaptation problem (2.14)
is convex in the approximate error probability ε′.

Results

In the numerical evaluations, we must validate the accuracy of our results. This vali-
dation consists of two parts: validation of the derived approximation, and validation
of the system model itself. First, we must verify that the derived approximation ε′
for the error probability ε is sufficiently accurate. In Fig. 2.8(a), we show that the
approximation ε′ is accurate enough to determine a nearly optimal rate adapta-
tion function. The selected rate that was chosen according to the approximation ε′
(dashed curves)2 is very close to the selected rate when the optimization always de-
termines the exact value of ε numerically (solid curve). More importantly, the value
ofMS(1−θ), which determines the delay performance according to stochastic net-
work calculus, remains nearly the same. We confirm in Fig. 2.8(b) that this means
that the bounds on the delay violation probability pv(w) according to stochastic
network calculus (curves without markers) are practically identical for the approx-
imate and exact solutions. We then performed simulations of the queueing system
to determine the actual pv(w) (curves with markers), and confirmed that the actual
values of pv(w) are also identical.

The Figures 2.8(a) and 2.8(b) also show the selected rates and resulting delay
performance when the rates are either selected such that the error probability ε
remains fixed over all γ̂, or when the rates are not optimized for minimum delay,
but for maximum goodput. The resulting delay violations probabilities are an order
of magnitude above the optimum, which underscores the importance of optimal rate
adaptation.

The second part of the validation concerns the accuracy of the system model
itself, i.e., we must verify that the normal approximation (2.24) for the error proba-
bility ε is accurate, even though (2.24) is based on the assumption of perfect CSIR.
The validation of the system model is given in the appendix of the paper, where
we evaluate the lower bound [50, Cor. 3] on the achievable rate to show that even

2We show two dashed curves, one of them with a restriction ε′ > 10−3 and the other one with
no restriction on ε′. The restriction has almost zero effect on the delay performance; it was used
to ensure that the normal approximation (2.24) is not used for very small values of ε where it
could become inaccurate.
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Figure 2.8: (a) Choice of r(γ̂) in percent of ĉ = log2(1 + γ̂) vs. estimated SNR γ̂
for different rate adaptation schemes. nt = 25, nd = 200, γ̄ = 15 dB, θ = 0.01. (b)
Delay violation probability pv(w) (obtained from simulations over 1011 time steps)
and its respective upper bound vs. target delay w. nt = 25, nd = 200, γ̄ = 15 dB,
arrival rate α = 350 bits/slot.
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Figure 2.9: Performance for n = 400, nf ∈ {0, 75, 150}; nt and rates always chosen
optimally. (a) Expected goodput vs. average SNR γ̄. (b) Maximum arrival rate α
vs. average SNR such that for target delay w = 5 slots, pv(w) < 10−8.

when the receiver only knows the imperfect channel estimate ĥ, our performance
metrics are sufficiently accurate.

In Fig. 2.9, we investigate the delay performance under imperfect CSI and finite-
length coding, and compare the performance of the considered system using rate
adaptation to a system that transmits at a fixed rate. In Fig. 2.9(a), we con-
sider only the expected goodput, i.e., we ignore the delay performance. When the
rate adaptation system requires a lot of additional overhead for sending the chan-
nel estimate back to the transmitter, fixed rate transmissions may outperform the
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rate adaptation schemes in terms of expected goodput. However, when consid-
ering URLLC systems with a maximum delay of 5 time slots, the rate adaptation
schemes heavily outperform the fixed rate scheme, even when the feedback overhead
is assumed to be large.

2.4 Multiuser MISO Downlink

2.4.1 Paper D
In this work, we consider a system where a mobile base station with M antennas
must serve Ktot users with delay constraints, which have only a single antenna
each. The channel from the base station to a receiver can thus be described as
multiple-input single-output (MISO). Multiple antennas at the transmitter can be
used to transmit data in the direction of the user’s channel, which is known beam-
forming. This leads to a diversity gain, making the individual transmissions highly
reliable. As M increases, the relative variations in the received signal strength be-
come smaller, an effect known as channel hardening [80]. However, a transmitter
with M antennas can also achieve a multiplexing gain by serving K users at once.
This is especially interesting for URLLC systems, where the multiplexing gain could
not only result in an increased sum throughput, but can also reduce the time re-
quired to serve all users, possibly resulting in lower latency. To avoid interference
between the received signals, the transmitter can employ zero-forcing beamforming,
which means that the signal transmitted to each of the K ≤M users lies in a sub-
space that is orthogonal to the other users’ channels. However, as more users are
scheduled, it becomes more and more difficult to transmit the signal to each user in
a subspace that is orthogonal to all other users, resulting in a lower beamforming
gain. In this work, we study the optimal number of users K that should be served
simultaneously, i.e., we study the trade-off between the multiplexing gain and the
beamforming gain with respect to the delay performance.

For URLLC systems, it is important that the performance loss due to imper-
fect CSI and finite-length coding, which was analyzed in paper C for single-user,
single-antenna systems, is taken into account. For the multiuser MISO downlink,
imperfect CSI is particularly problematic: due to imperfect CSI, zero-forcing beam-
forming can no longer completely eliminate the interference between the users’ sig-
nals.

Our contributions can be summarized as follows:

• We derive two closed-form approximations for the outage probability due to
interference caused by imperfect CSI at the transmitter.

• Using the approach from paper C, we derive approximations for the error
probability that also take finite-length channel coding into account.

• Our simulations show that for many parameters of interest, one of the ap-
proximations acts as an upper bound on the error probability, while the other
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one acts as lower bound.

• Even though our numerical results show that imperfect CSI leads to a sig-
nificant quantitative decrease in performance, the qualitative behavior of the
system remains the same. In particular, we still observe a strong channel
hardening effect. The optimal number of scheduled users is only reduced
slightly (mainly due to the channel estimation overhead).

• Finally, our results show that finite-length coding has only a small additional
performance impact if the channel estimates are inaccurate. However, when
the CSI quality increases, finite blocklength effects become more relevant.

System Model

We assume that a transmitter with M antennas must serve a large number of
Ktot users (Ktot � M) within a deadline of w time slots. In each time slot, the
transmitter serves only a small number of scheduled users K ≤ M using ZFBF.
The channel is assumed to be Rayleigh-fading.

Since the transmitter can only serve a subset of the Ktot users in each time
slot, there is a scheduling problem: which of the Ktot users should be scheduled in
a particular time slot? In order to simplify discussions, we assume that all Ktot
users have the same arrival traffic, channel conditions and delay requirements. For
fairness, each user should then be scheduled exactly once in a superframe of length
T time slots. The number of users K that must be scheduled in each time slot is
then given as K = Ktot/T , which we assume to be integer. We note here that these
simplifications are used to avoid long discussions about optimal scheduling. The
analysis of the error probability of the physical layer transmissions does not depend
on these simplifications in any way. Futhermore, it is important to note that the
scheduling decision is not based on the instantaneous CSI of the channels, contrary
to the works by Yoo et al. [81,82]. Obtaining CSI for a large number of Ktot users
in every time slot would be infeasible for the considered low-latency systems. Our
assumption is also motivated by the findings by Ravindran et al. [83], who showed
that it is better to collect accurate CSI from a few users than to collect inaccurate
CSI from a large number of users.

We assume a time-division duplex (TDD) system where the users send a train-
ing sequence in the uplink channel so that the base station can obtain the estimated
channel matrix Ĥ. The zero-forcing beamforming vectors vj are then computed
based on the estimated channel Ĥ. This means that the downlink transmissions
must be accompanied by pilots that allow the receiver to estimate the channel. Mo-
tivated partially by the findings in paper C, we assume for simplicity that imperfect
CSIR will not significantly affect the performance when the number of downlink
pilots is greater or equal to the number of uplink training symbols.
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Problem Statement

The paper first deals with an ideal system model where the CSI is assumed to be
perfect and channel codes are assumed to be very long. For this model, we study
the optimal number of scheduled users K in each time slot. Large values of K mean
that the transmitter can serve all users within a shorter time T , which could result
in lower delay. On the other hand, large values of K lead to a lower beamforming
gain, so that the individual data rate of each transmission decreases. We want to
determine the optimal number of scheduled users K when the system is subject to
delay constraints.

In the second part of the paper, we take finite blocklength effects and imperfect
CSIT into account. This brings interesting new aspects to the trade-off between
the multiplexing and beamforming gain. On the one hand, the channel estimation
overhead and the existence of residual interference due to imperfect CSIT would
suggest that in URLLC systems, the transmitter should scheduled a smaller number
of users. On the other hand, scheduling fewer users means increased latencies
and fewer possible retransmission opportunities for each user. Thus, even though
scheduling a larger number users K results in worse performance for the individual
transmissions, the overall reliability of the system with respect to the deadline could
potentially be improved due to an increased number of retransmissions. In order
to determine the delay performance for a specific number of scheduled users K,
we must first obtain the probability of decoding errors, which we find are mainly
caused by the unknown interference due to imperfect beamforming.

Analysis

For the ideal system model with perfect CSI and long channel codes, the SNR at
the receiver follows a scaled χ2 distribution, and the Mellin transform of the SNR-
domain service process in this scenario can be determined using the same approach
as in paper B.

When the transmitter has imperfect CSI, then the actual signal strength at
the receiver (denoted as G) may be below the estimated value ĝ, so that outages
can occur. Furthermore, due to imperfect CSI, the transmitter cannot perform
perfect zero-forcing beamforming (ZFBF), so that each of the users will experience
interference from the signals of all the other users. Without loss of generality,
we analyze the distribution of the signal-to-interference-and-noise ratio (SINR) of
user 1, and the corresponding outage probability

εout = P
{

log2(1 + SINR) < r|Ĥ
}
, (2.25)

conditioned on the known channel estimate Ĥ. The interference at user 1 depends
on the estimation error e1 of the channel of user 1, as well as on the beamform-
ing vectors v2, . . . ,vK of the other users. However, even though the beamforming
vectors are always orthogonal to the channels of the other users, they are not
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Figure 2.10: Validation of the approximations for εout using Monte Carlo simula-
tions: εout vs. r for M = 8, K = 5, nt = 10.

orthogonal towards each other. Therefore, the powers of the interference terms,
which are given as ρ|e1vj |2, are correlated. The beamforming vectors, and thus,
their mutual correlations, are different for every instance of the estimated channel
matrix Ĥ. In order to obtain a closed-form solution to the problem, we conjecture
that the worst-case scenario for URLLC systems occurs when the beamforming
vectors vj are almost identical. This results in the largest variance of the sum of all
interference powers IΣ, and thus, to a large probability that the interference is very
large. On the other hand, the best-case scenario occurs when the beamforming vec-
tors are completely orthogonal, resulting in the lowest variance of the interference.
We conjecture that the worst-case scenario corresponds to an approximate upper
bound on εout for the parameters of interest, whereas the best-case scenario will be
an approximate lower bound on εout. Based on the assumptions of correlated or
uncorrelated interference, we then determine two closed-form approximations for
the outage probability.

Fig. 2.10 confirms that the two approximations are upper and lower bounds
on εout for the parameters of interest (i.e., for ε < 0.1; for larger values of ε, the
approximations may no longer be bounds, but such values of ε are unsuitable for
URLLC). For this figure, we generated a large number of random matrices Ĥ and
selected only those matrices where the estimated capacity for user 1, i.e., log2(1 +
ĝ) = log2(1 + ρ|ĥH

1 v1|2) was between 5.99 and 6.01. If we assume for example that
the transmitter wants to keep the outage probability below 10−4, then the actual
rate that is required to keep εout below 10−4 can be determined through Monte-
Carlo simulations, and varies roughly between 4.4 and 4.8 bits for the considered
matrices Ĥ, depending on how much the interference terms are correlated. On the
other hand, through our analytical approximations, the transmitter can quickly
determine that it should select a rate R somewhere between 4.3 and 5 bits, which
demonstrates the usefulness of the derived approximations. We found in all further
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Figure 2.11: Ktot = 120 users, M = 8, n = 400 symbols, PΣ = 20 dB, different
values of PUL. (a) Expected service E [S ] in bits per slot vs. K. (b) Delay violation
probability pv(w) (from SNC) vs. α. Deadline w = 120 slots.

evaluations that the two approximations are either upper or lower bounds on ε as
predicted, or they are close approximations.

Furthermore, we apply the techniques developed in paper C to take also the
effects of finite-length coding into account. The difficulty in determining proper
finite blocklength approximations is that the codewords which achieve (1.50) may
be non-Gaussian, which would result in non-Gaussian interference at the other
users and would make the analysis of the achievable data rates at those other
users intractable. To avoid these problems, we apply a recent result from Scarlett
et al. [46] for codewords with i.i.d. Gaussian distribution, resulting in Gaussian
interference.

Results

We first consider a system without any delay constraints and analyze the expected
goodput of the system, i.e., the average service that each user will on average achieve
in each time slot. In Fig. 2.11(a), we observe that for the considered parameters
and when assuming perfect CSI (also assuming no channel estimation overhead),
this metric is maximized when the transmitter always schedules K = 6 users simul-
taneously. Although scheduling fewer users K would increase the individual data
rates in each transmission attempt, it would also reduce the frequency of each user
being scheduled, resulting in a lower average service.

We then consider a system where the CSI is still assumed to be perfect, but the
overhead from nt = 10 channel estimation symbols (plus an additional nt,DL = 10
pilot symbols in the downlink) for each user is considered. The total amount of
overhead increases withK, so that the transmitter should schedule onlyK = 5 users
for best performance. Then, imperfect CSI is taken into account, with different
values of the uplink training power PUL resulting in different CSI quality. The
curves show the performance according to the approximate upper and lower bounds
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on εout, and according to Monte-Carlo simulations. Although imperfect CSI leads
to a significant performance loss, the expected service rate of the system is still
maximal at K = 5.

In Fig. 2.11(b), we consider the delay performance of the system. When we
consider the system with perfect CSI, it is noteworthy that over a wide range of
the arrival rate α, the delay violation probability remains extremely small (well
below 10−8). Only when α becomes very close to the average service rate of around
110 bits/slot, the delay violation sharply increases to 1. This can be related to
the channel hardening effect of multi-antenna systems. However, it is surprising
that such a strong channel hardening effect occurs in this case, even though the
transmitter schedules K = 5 or K = 6 users at a time, which significantly reduces
the diversity gain compared to scheduling only a single user. It is furthermore
interesting that this approximate zero/one queueing behavior still holds when im-
perfect CSI is taken into account. When the CSI quality is poor (PUL = 10 dB),
the slopes in pv(w) become much less steep, but pv(w) remains almost zero for a
wide range of relevant arrival rates α. Furthermore, we found that the optimal
number of scheduled users K remains at K = 5 in this scenario. Thus, even though
imperfect CSI causes a significant quantitative loss in the expected service rate, the
qualitative system behavior remains similar even under queueing constraints. This
is quite different from the findings in paper C for the single-antenna scenario, where
we found that imperfect CSI has only a moderate impact on the expected service
rate, but a massive impact on the delay performance. In the paper, we also show
results that consider the effects of finite-length coding. Finite-blocklength effects
only become relevant when the CSI becomes highly accurate, and do not seem to
affect the qualitative system behavior.

2.5 Non-Orthogonal Multiple Access (NOMA) in the
Uplink

In the final part of the thesis, we consider a scenario where multiple users transmit
data on the same frequencies at the same time. In other words, the channel access
is non-orthogonal, such that the transmissions create mutual interference. In pa-
per E, we consider the delay performance for one of those users when the received
signal-of-interest experiences interference from one or several other transmissions.
The interference from the other users is treated as noise and thus impairs the perfor-
mance. In paper F, we consider a non-orthogonal multiple access (NOMA) scenario
where two users simultaneously send data to a common receiver (which we assume
to be a base station of a mobile network). In that case, the base station can decode
one of the signals, and remove the corresponding signal from the received signal.
The other user can then be decoded without the interference from the first user.
This process is known as successive interference cancellation (SIC). However, while
the transmissions of the second user are interference-free, the first user still suffers
from interference. To create fairness between the two users, the SIC decoding or-
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der must be changed based on the different channel conditions and different delay
requirements of the users.

The scenario from the first paper also describes a special case of the scenario
considered in the second paper. Specifically, if we assume that the SIC decoding
order is fixed and one of the users is always decoded first, then that user always
experiences interference, and the delay performance for that user can be analyzed
like in the first paper. The second user will not experience interference, so its
delay performance is already known, see for example [24]. It is noteworthy that
several recent papers on NOMA [70,84,85] consider downlink transmissions instead
of uplink. Contrary to the uplink, the decoding order in downlink transmissions
cannot be varied. The user with the stronger channel must always first decode the
signal intended for the weaker user, perform SIC, and then decode its own signal.
As a result, the optimization problem considered in paper F (optimal decoding
order) exists only for uplink transmissions.

2.5.1 Paper E

This paper studies the delay performance of a system where the transmissions are
affected by interference from one or more other transmissions.

Our main contributions are:

• We derive the Mellin transform of the SNR-domain service process S for a
system that experiences interference from several other transmitters.

• We show numerically that the delay performance depends not only on the
average sum power of the interference, but also on the number of interferers.

System Model

Contrary to the previously discussed papers, we assume here that the transmit-
ter has perfect knowledge of the signal-to-interference-and-noise ratio (SINR) and
always transmits at a rate equal to log2(1 + SINR), where transmission errors do
not occur (i.e., we assume very long channel codes). The signal-of-interest and the
interference signals are all subject to Rayleigh fading. Different interference signals
must have different average powers, but we can choose the average interference
powers to be only slightly different from each other.

Note that in this paper, different from the rest of the thesis, γ̄ denotes the ratio
of the average signal power to the average interference-plus-noise power.

Problem Statement

We want to determine the delay performance of a system that is subject to time-
varying interference, and determine how the structure of the interferers affects the
performance.
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Analysis

For the considered scenario, the cumulative distribution of the SINR is known
from [86]. For the analysis of the delay performance, we then need to solve an
integral of the form

I =
∫ ∞

1

zθ−2

z + a− 1e
−zdz . (2.26)

We first assume a < 2. In that case, we can apply the series

1
b+ 1 =

∞∑
n=0

(−1)nbn, for |b| < 1. (2.27)

and find that

I =
∫ ∞

1

zθ−3

1 + a−1
z

e−zdz (2.28)

=
∫ ∞

1

∞∑
n=0

(
−a− 1

z

)n
zθ−3e−zdz , (2.29)

where each term can be solved in closed form. Otherwise, when a > 2, we can split
the integral into a part where z < a − 1 and another part where z > a − 1, plus
a vanishingly small part in between. For the second part, the condition a−1

z < 1
holds, so that we can apply the series expansion as shown above. For the first part,
we can apply a similar expansion. This results in a series expansion for the Mellin
transform of the service process. The error due to truncating the series is shown to
be bounded.

Results

In Fig. 2.12, we investigate the delay performance of the system when the system
is subject to different arrival rates (denoted here as ρ), for different numbers of
interferers |I|, while keeping the average sum of the interference powers constant.
We plot the minimum delay w that the system will need to tolerate if the maximum
delay violation probability must remain below 10−6. We find that the system
can operate at shorter delay when there is only a single interferer in the system
instead of several interferers with the same combined strength. When the number
of interferers grows to infinity while the sum interference power remains constant,
then the instantaneous sum of the interference powers converges to a constant
(according to the law of large numbers). Thus, the interference becomes equivalent
to noise with constant power. The plots also show the delay performance of this
noise-limited case.

We find that reducing the number of interferers results in lower latency, even
though the sum interference power remains fixed. This is because reducing the
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Figure 2.12: Delay bound (wε) in slots versus the number of interferers (|I|) for
different arrival rates ρ ∈ [1.8, 2.0, 2.2] with fixed average signal power to average
interference-plus-noise power γ̄ = 8 dB, average SNR γ∅ = 15 dB for the signal-
of-interest, and ε = 10−6. The delay for the noise-limited case with average SNR
γ∅ = 8 dB is also shown.

number of interferers results in a higher variance of the interference signal, i.e., a
higher probability that the interference is small, which occasionally results in very
high SINR and very high data rates. In the paper, we present further results which
show that a smaller number of interferers results in a large increase of the expected
service rate, but in a relatively smaller increase of the maximum arrival rate under
delay constraints. Thus, reducing the number of interferers leads to a performance
gain due to higher service rates, but this gain in the rate does not fully translate
into the same gain in the delay performance.

2.5.2 Paper F

We now study the delay performance when non-orthogonal multiple access (NOMA)
is used. It is known that using NOMA can improve the ergodic sum capacity of
wireless systems compared to conventional orthogonal multiple access (OMA) [87].
Specifically, we consider a system where two users simultaneously transmit data in
the uplink to the mobile base station. In this case, the receiver (base station) can
employ successive interference cancellation (SIC). When the base station succeeds
in decoding the signal from one of the users, it can reconstruct the codeword sent by
that user and subtract the corresponding signal from the received signal. Then, the
received signal contains only the signal from the second user, so that the second
signal can be decoded without interference. Without interference, the users can
achieve higher data rates than when interference is present. The decoding order
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can also be reversed, such that the second user experiences interference, while
the first user enjoys interference-free transmissions and higher data rates. In this
work, we study the delay performance of the system in order to determine whether
NOMA can improve the system performance compared to OMA even under delay
constraints. The performance of NOMA depends on the decoding order of the two
users when SIC decoding is used. Furthermore, we also consider a more general
joint decoder at the transmitter, where the transmitter can choose not only between
two decoding orders, but between many different rate pairs in the capacity region.

For URLLC systems, we have already found in previous works that the perfor-
mance is impaired by imperfect CSI at the transmitter and by the fact that the
blocklength of the channel code is finite. In order to determine whether NOMA of-
fers better performance than OMA (orthogonal multiple access) in URLLC systems,
we must therefore take these effects into account.

Our main contributions are

• We determine the optimal decoding order when the base station uses SIC
decoding.

• We determine the optimal rates selected by the users when the base station
uses joint decoding.

• We derive closed-form approximations for the decoding error probabilities due
to imperfect CSI, assuming SIC decoding (for joint decoding, long derivations
are not required).

• Based the approach developed in paper C and results by Scarlett et al. [46]
and MolavianJazi [48], we take the effects of finite-length coding into account.

• We show numerically that NOMA with joint decoding can often significantly
outperform OMA, especially when there is a large difference between the
average SNR of both users.

• On the other hand, NOMA with SIC decoding may often perform worse than
OMA, especially when taking imperfect CSI and finite-blocklength effects into
account.

System Model

The signal-to-noise ratios of the two users’ signals are denoted as γ1 and γ2, re-
spectively. In the first part of the paper, we assume that these values are perfectly
known at the base station, whereas in the second part, we assume that the base
station has only imperfect channel estimates γ̂1 and γ̂2, similar to the assumptions
in papers C and D. The base station then informs the users through an error-free
feedback link about the rates r1, r2 at which they should encode the data. When
the base station employs SIC decoding, then the rates are determined by the de-
coding order. Either signal 1 is decoded directly (under the interference from signal
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2), and signal 2 is interference-free so that the users can achieve the rates

r1 < log2

(
1 + γ1

γ2 + 1

)
(2.30)

r2 < log2(1 + γ2) . (2.31)

Otherwise, if signal 2 is decoded directly, and signal 1 is interference-free, then the
rates

r1 < log2(1 + γ1) (2.32)

r2 < log2

(
1 + γ2

γ1 + 1

)
(2.33)

are achievable. More generally, the capacity region of the two-user multiple access
channel is given by all rates r1, r2 satisfying

r1 < log2(1 + γ1) (2.34)
r2 < log2(1 + γ2) (2.35)

r1 + r2 < log2(1 + γ1 + γ2) . (2.36)

The rates in the capacity region are achievable by a decoder that decodes the
received signal of both users jointly [88]. In Fig. 2.13, we illustrate the difference
between the capacity region and the achievable rate regions for SIC decoding for
different instances of γ1 and γ2. With SIC decoding, only the green regions are
achievable, whereas joint decoding can achieve all points in the capacity region,
including the region highlighted in blue.3

Problem Statement

We want to determine the delay performance of NOMA systems, in order to deter-
mine whether NOMA is superior to OMA under delay constraints. In order to solve

3The blue points in the capacity region could also be achieved by time-sharing between the
SIC decoding orders, or through a rate-splitting approach [89]. However, to avoid confusion, we
refer to a decoder that can achieve all rate pairs in the capacity region as joint decoder, as opposed
to a decoder that can achieve only the SIC rate region.



56 Overview of this thesis’ contributions

this question, we need to determine the optimal rate allocations (r1, r2) = Φ(γ1, γ2)
for both users such that the delay violation probabilities of both users are jointly
minimized. For a realistic system with imperfect CSI and finite-length coding, the
optimal rate allocation (and thus, the delay performance) can only be found when
the relationship between the selected rates and the decoding error probabilities is
given by analytically tractable expressions.

Analysis

We first consider the scenario where the base station has perfect knowledge of
the instantaneous channel states (γ1, γ2). For this case, we must determine an
optimal rate allocation scheme (r1, r2) = Φ(γ1, γ2). For a base station that uses
SIC decoding (this scenario was already studied through a different approach by
Qiao et al. [72]), the rate allocation corresponds to choosing one of two decoding
orders. After quantizing the distribution of the SNR values, we identify the rate
adaptation problem as a 0-1 knapsack problem, and show that the greedy algorithm
to solve this problem will converge to the optimal solution as the quantization
intervals decrease. In case of joint decoding, we find that the problem is convex and
employ the Karush-Kuhn-Tucker (KKT) conditions [90] to determine the optimal
rate adaptation function Φ in closed form.

We then turn to the more realistic scenario with imperfect CSI. The base station
must then select the rates (r1, r2) based on the imperfect estimates (γ̂1, γ̂2) of the
SNR. However, as the actual SNR values (Γ1,Γ2) are different from the estimates
(γ̂1, γ̂2), outages may occur, such that one or both signals cannot be decoded.
Furthermore, in case the first user cannot be decoded, then the signal cannot be
removed through SIC, so outages of the first user usually lead also to outages of
the second user. The outage probabilities εout for SIC decoding depend on the
distributions of both actual SNR values (Γ1,Γ2) conditioned on their respective
estimates (γ̂1, γ̂2). Thus, a two-dimensional integration is required to determine
the exact value of εout. We first approximate the integral over one dimension by
the Gaussian Q-function and apply the Chernoff bound, which allows us to derive
a closed-form approximation for the outage probabilities.

We then apply the results from [46] and the method developed in paper C to take
finite blocklength effects into account in case of SIC decoding. For joint decoding,
we show that the results in [48] can also be applied to fading channels, and then
the finite-blocklength error probability can also be determined based on the method
from paper C.

Results

In Fig. 2.14, we show how different SIC decoding orders affect the delay performance
of the system. First, in the upper plot in Fig. 2.14(a), we show which rates r1 =
Φ1(γ1, γ2) the base station assigns to user 1 when the system has optimized the delay
performance of user 2, subject to the constraint that user 1 must achieve a delay
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Figure 2.14: Average SNR: γ̄o
1 = 30 dB, γ̄o

2 = 15 dB. n = 250, nd = 200, α1 = 560,
α2 = 320 bits per time slot. Two different rate adaptations Φ (top/bottom). a)
Optimal rate r1 = Φ1(γ1, γ2). b) Delay violation probability pv(w) (From SNC
bounds and from simulations, 95% confidence intervals shown).

violation probability pv(w) < 10−8 for a target delay of w = 5 time slots. In the
lower-right region (large γ1 and small γ2), user 1 experiences only little interference
and is decoded first, which benefits user 2, but does not impair the performance of
user 1 too much. In the upper-right region (small γ1 and large γ2), user 1 would
achieve only very small rates if it were decoded first, therefore, it is decoded after
user 2, i.e., without interference. For the given parametrization, user 1 achieves
lower latencies than user 2, as seen in Fig. 2.14(b). If the system is optimized
such that a longer delay of w = 10 with pv(w) < 10−8 is acceptable for the first
user, then we observe that the upper-right region, where user 1 is decoded last and
achieves higher rates, becomes smaller. With these decoding orders, user 2 achieves
better delay performance than user 1. We conclude that the delay performance of
the system depends on the SIC decoding order, which can be optimized with the
presented solution.

In Fig. 2.15, we investigate the system performance under different delay con-
straints. We compare a hypothetical system with perfect CSI in Fig. 2.15(a) to a
more realistic system with imperfect CSI in Fig. 2.15(b). In both cases, we do not
yet consider finite-blocklength effects and assume an infinite blocklength (Shannon
capacity) model. We first note that there is no difference between SIC decoding
and joint decoding in the ergodic capacity. However, when the delay requirements
become more strict, then we observe larger and larger differences between joint
decoding and SIC decoding. For a target delay of w = 5, NOMA with SIC de-
coding can hardly outperform OMA. When comparing the perfect and imperfect
CSI models, we notice that imperfect CSI barely affects the ergodic capacity or
the achievable rates when a fairly long latency of w = 10 can be tolerated. On
the other hand, for a short target delay of w = 5, imperfect CSI leads to a sig-
nificant performance loss. We furthermore note that under imperfect CSI, NOMA
with joint decoding still seems to work well, but the performance advantage of
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Figure 2.15: Max arrival rates α1, α2 in bits per time slot s.t. pv(w) < 10−8 for
different w. Average SNR: γ̄o

1 = 30 dB, γ̄o
2 = 15 dB. n = 250, nt,1 = nt,2 = 25,

nd = 200. a) Perfect CSI b) Imperfect CSI.

NOMA-SIC over OMA disappears completely. When finite blocklength effects are
taken into account as well, then NOMA-SIC will often perform worse than OMA.
Thus NOMA with SIC decoding often seems to be unsuitable for URLLC systems.
While joint decoding performs better, joint decoding is a fairly theoretical concept,
and due to its complexity, this concept may not be feasible, especially for URLLC
systems where extremely complex decoding would consume too much time. This
means that even though NOMA provides a gain in the sum ergodic capacity, it may
not be suitable for URLLC systems.

2.6 Works Outside the Scope of this Thesis

2.6.1 Paper G

In this paper, we considered a wiretap channel where an attacker can eavesdrop
on the conversation. The analysis is built on a result by Wyner [91]. In case the
SNR of the signal at the legitimate receiver exceeds the SNR at the eavesdropper,
the system can secretly transmit information to the legitimate receiver without the
eavesdropper gaining any information about the secret message. This information-
theoretic approach to secrecy in communication systems is fundamentally different
from classical cryptography, which is based on symmetric algorithms like the Ad-
vanced Encryption Standard (AES) and asymmetric algorithms like elliptic curves,
and rely on the (mathematically unproven) assumption that an attacker without
access to the secret key (and without an unrealistic amount of computing power)
would be unable to decrypt the message [92]. We investigate in this work a fading
channel where the SNR of the legitimate receiver, as well as the SNR of the eaves-
dropper are time-varying. Interestingly, the analysis of the queueing performance
for the wiretap channel is closely related to the analysis of the interference channel
that we considered in paper E.
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2.6.2 Paper H

In this work, we studied the performance of a closed-loop control system where
the links between the plant and the control unit are not perfectly reliable. Such a
scenario would occur for example when the plant is connected wirelessly to a mo-
bile base station, with the control application being executed directly at the base
station. The connection between the access point and the plant (for example, a
platoon of trucks driving autonomously on a road) might become weak, resulting
in high transmission error probability, so that the control process should be handed
over to another base station with better connection to the plant. However, per-
forming a handover is complex, and we assume that in the worst case, the plant is
uncontrollable during the handover. We investigate in this paper how to analyze
the conditions under which a handover can be performed safely, i.e., without the
system reaching an unsafe state. For the example of platooning, an unsafe state
would occur when the distance between the trucks becomes too small (resulting in
emergency braking) or too large (disconnecting from the platoon).

2.6.3 Paper I

In this paper, we investigate the burst resolution time in a random access channel.
In a network with a massive number of MTC devices, establishing the connections
between the devices and the mobile base station is time-consuming because the
devices access the channel randomly (without coordination). If two devices access
the same channel resources, a collision occurs, and neither device will gain a con-
nection to the base station. This is particularly problematic in case of a burst in
channel access attempts, i.e., when many devices try to re-establish a connection
at the same time, which might occur for example in the aftermath of a power out-
age. In order to reduce the probability of collisions during such events, the base
station can broadcast an access class barring (ACB) factor, which determines the
probability of the devices’ channel access attempts. However, the resulting burst
resolution time is random, and its exact analysis is infeasible when the number of
unconnected devices is large. We then split the analysis into two parts: first, we
employ stochastic network calculus to obtain the distribution of the first part of
the burst resolution time where the number of unconnected devices is too large for
an exact analysis. Second, we perform an exact analysis for the resolution time of
the remaining unconnected devices.

2.6.4 Paper J

In this paper, we investigate the delay performance of a multiuser MISO downlink
channel under the assumption of perfect CSI at the transmitter and receiver, as well
as very long codewords (Shannon capacity). Thus, the paper mostly corresponds
to a special case of the more general results with imperfect CSI and finite-length
coding in paper D. In addition to paper D, which only considered zero-forcing
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beamforming (ZFBF), we also considered a capacity-achieving zero-forcing dirty-
paper coding (ZF-DPC) coding scheme, also known as ranked known interference
(RKI) [93]. However, the ZF-DPC scheme requires complex coding schemes that
may not be feasible in practical implementations. We study in this work the optimal
number of scheduled users K. For the ZF-DPC scheme, the number of scheduled
users K has a significant impact on the delay performance. For ZFBF, we find that
for the considered parameters, the optimal value of K changes slightly under delay
constraints. Those changes are small and therefore do not contradict the results in
paper D, where we considered different parameters and often found no significant
change in the optimal number of scheduled users.



Chapter 3

Conclusions

In this dissertation, we analyzed the performance of ultra-reliable low-latency com-
munications (URLLC) systems under different settings. We employed stochastic
network calculus to determine the delay violation probabilities, i.e., the distribu-
tion of the queueing delay on the link layer. On the underlying physical layer of
low-latency wireless systems, the performance is significantly impaired by imperfect
CSI and channel coding at finite blocklength. Based on recent information-theoretic
models, we derived closed-form approximations that describe the combined perfor-
mance impact of those effects in different scenarios. Those approximations then
allowed us to find optimal trade-offs between coding rate and error probability,
between channel estimation symbols and data symbols, as well as between multi-
plexing and beamforming. Imperfect CSI and finite-length coding were found to
cause significant performance impairments. Furthermore, we often found that the
considered trade-offs become different when the system is optimized with respect
to the delay performance and not with respect to the expected throughput. Our
approach to analyze the delay performance analysis of URLLC systems based on
the queueing delay may be particularly important for systems that have only low
frequency diversity and a small number of antennas, where the system benefits from
rate adaptation at the transmitter, and where high reliability on the link layer can
only be achieved with retransmissions. However, even for a system with a large
number of antennas (high spatial diversity), it can be beneficial to sacrifice diver-
sity in individual transmissions in order to serve multiple users at once, as we have
shown in paper D.

There is a variety of open research topics in the field of URLLC systems. Specifi-
cally with respect to the research presented in this thesis, we provide three examples
for possible future research:

• Hybrid ARQ: While we have assumed in this work that decoding is performed
only over a single time slot, with erroneous packets simply being discarded,
the performance could be improved by employing hybrid ARQ, which was
considered in other works about URLLC, e.g., [7, 94]. In hybrid ARQ, the
transmitter can send additional redundancy that will help the receiver decode

61
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a packet that could not be decoded previously. However, in case of fading
channels with rate adaptation, transmitting additional redundancy may not
always be optimal. If the channel in the current time slot is very strong,
then it may be better to transmit a new packet at high data rate than to use
the transmission slot to send additional redundancy for an erroneous packet
that contained only little data. The decision between sending redundancy
or sending a new codeword will correspond to an additional optimization
problem.

• Non-perfect error-detection and acknowledgments: We assumed in this dis-
sertation that the receiver can perfectly detect when an error has occurred.
However, this generally requires an outer error detection code, for example, a
cyclic redundancy check (CRC) code, which can lead to a significant overhead
when the packet sizes are small. The problem of undetected errors was consid-
ered in [75] for non-fading channels. Undetected errors can be very dangerous
in critical MTC applications, where a wrong control command could lead to
unpredictable system behavior and even fatal accidents. In addition to unde-
tected errors, the acknowledgment sent from the receiver to the transmitter
could be erroneous. In case the transmitter wrongly assumes that a packet
was decoded successfully, that packet will be removed from the queue, leading
to data loss.

• Performance of existing codes and decoding complexity: We have built the
analysis in this work on theoretic bounds for the achievable rate in commu-
nication systems. While it was shown that the performance of some existing
codes is already fairly close to the theoretic bounds [44], it is not clear how
these codes will perform in the considered scenario with fading channels and
rate adaptation. Furthermore, there exists an inherent trade-off between the
performance of the codes and the decoding complexity [44]. In order to re-
duce the latency, it may sometimes be necessary to choose codes with higher
error probability but lower decoding complexity, i.e., lower delay during the
decoding process.
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