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Abstract

Cellular networks are constantly evolving in order to support the ever-
increasing number of mobile users, and the corresponding growth in wireless
data traffic, coupled with the emergence of new applications. Specifically,
the last generation of mobile networks, i.e., 5G, brought high peak perfor-
mance and extreme flexibility, making it possible to support a diverse set
of applications with heterogeneous yet stringent requirements. One of 5G’s
main novelties is represented by the support for millimeter wave (mmWave)
frequencies, which unlocks an unprecedented amount of previously unused
radio resources. In turn, the latter enables extremely high data rates and low
latencies. Moreover, it is envisioned that the upcoming generation, i.e., 6G,
will unleash additional bandwidth, by further expanding the supported spec-
trum bands to include terahertz (THz) frequencies as well. However, despite
their theoretical potential, mmWave and THz frequencies exhibit harsh prop-
agation conditions which make it challenging to provide ubiquitous high
speed wireless connectivity. To fill this gap, this thesis studies innovative de-
ployment solutions to overcome the unfavorable propagation characteristics
of mmWave and THz communications, paving the way for their widespread

use in the context of 6G cellular networks.

In particular, this thesis (i) presents novel simulation tools, which model
innovative coverage enhancement technologies such as Intelligent Reflective
Surfaces (IRSs), Amplify-and-Forward (AF) relays, and Non-Terrestrial Net-
workss (NTNSs); (ii) presents novel simulation models which improve the
computational complexity of Multiple Input, Multiple Output (MIMO) sim-
ulations; (iii) introduces schemes for optimizing Integrated Access and Back-
haul (IAB) networks; (iv) analyzes the potential of mixed mmWave and THz
links for wireless backhauling; and (v) analyzes the impact of non-ideal con-
trol channels in IRS-aided deployments, and introduces algorithms for miti-
gating the corresponding performance degradation.

This thesis adopts a system-level approach, thus characterizing the net-
work behavior in an end-to-end fashion, and capturing the interplay between
the physical signal propagation and the different layers of the communica-

tions protocol stack. Results demonstrate the effectiveness of the proposed
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solutions, which pave the way towards ubiquitous high-performance mobile
networks.

iv



Sommario

Le reti cellulari sono in constante evoluzione, sia per sostenere il numero
crescente di utenti mobili e la corrispondente crescita del traffico di dati, sia
per far fronte all’emergenza di nuovi scenari d'uso. In particolare, 1'ultima
versione delle reti mobili, ovvero 5G, offre alte prestazioni di picco ed es-
trema flessibilita, permettendo di sostenere un diverso insieme di appli-
cazioni con caratteristiche eterogenee. Una delle principali novita della tec-
nologia 5G e rappresentata dal supporto alle frequenze mmWave, che for-
niscono 1'accesso ad una quantita inedita di risorse radio precedentemente
non utilizzate. Queste ultime consentono trasmissioni dati a velocita es-
tremamente elevate e latenze particolarmente basse. Inoltre, si prevede che la
prossima generazione di reti cellulari, ovvero 6G, supportera ulteriori bande
includendo anche le frequenze THz.

Tuttavia, nonostante il loro potenziale teorico, le frequenze mmWave e
THz presentano condizioni di propagazione estremamente sfavorevoli, che
rendono difficile fornire una connessione wireless veloce ed onnipresente. A
questo fine, questa tesi studia infrastrutture innovative per ovviare all’intrinseca
copertura limitata delle comunicazioni mmWave e THz, aprendo la strada ad
un loro utilizzo diffuso nel contesto delle reti cellulari 6G.

In particolare, questa tesi (i) presenta nuovi strumenti di simulazione,
che modellano tecnologie di miglioramento della copertura innovative come
IRSs, ripetitori AF e NTNs; (ii) presenta nuovi modelli di simulazione che
migliorano la complessita computazionale delle simulazioni MIMO; (iii) in-
troduce schemi di ottimizzazione per reti IAB; (iv) analizza il potenziale di
collegamenti misti mmWave e THz per wireless backhauling; (v) analizza
I'impatto di canali di controllo non ideali in reti supportate da IRSs e intro-
duce algoritmi per mitigare la conseguente perdita di prestazioni.

Questa tesi adotta un approccio di studio a livello di sistema, quindi carat-
terizzando il comportamento della rete nel suo complesso e catturando 1'in-
terazione tra la propagazione del segnale fisico ed i diversi livelli dello stack
protocollare. I risultati presentati dimostrano 1’efficacia delle soluzioni pro-

poste, che aprono quindi la strada verso reti cellulari ubique con alte prestazioni.
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1 Introduction

The significance of mobile networks in modern society is underscored by
their paramount role in facilitating social, professional, and educational in-
teractions. The recent COVID-19 pandemic has served as a bitter reminder
of this critical importance, highlighting how the absence of Internet connec-
tivity can represent a conspicuous hindrance to our daily lives [1]. However,
the current generation of cellular networks, i.e., 5th generation (5G), is found
wanting in providing adequate broadband coverage to rural regions [2]. Fur-
thermore, even in technologically advanced nations, cellular infrastructures
often fall short of meeting the stringent reliability, availability, and respon-
siveness requirements of future mobile networks [3]. The latter will be asked
to remain operational even in the occurrence of natural disasters and cyber-
attacks, emphasizing the need for solutions which offer reliability from both
a technological and a sociopolitical standpoint. Indeed, recent geopolitical
turmoils have expanded the scope of conflict to include the cyberspace, em-
phasizing the imperative of maintaining uninterrupted connectivity in emer-
gency situations. In these contexts, connectivity outages can compromise the
delivery of critical services, inflict significant economic damage, and even
result in loss of lives [4].

In response to the pressing need for reliable wireless connectivity, the In-
ternational Telecommunications Union (ITU) foresees a future where ubiqui-
tous broadband coverage will be achieved by 2030 [5]. This vision is driven
by the imperative to provide seamless connectivity to both humans and an in-
creasingly vast array of intelligent devices, including wearables, autonomous
vehicles, Unmanned Aerial Systems (UASs), and robots [6]. At the same time,
the advent of novel use cases such as holographic communications, Extended
Reality (XR), and tactile applications will further exacerbate the requirements
for peak throughput and latency identified for 5G’s enhanced Mobile Broad-
band (eMBB) and Ultra-Reliable Low-Latency Communication (URLLC) use

cases.



1 Introduction

To achieve these ambitious goals, future cellular systems will continue to
evolve and enhance the 5G network paradigm, which has revolutionized the
wireless landscape by introducing flexible virtualized architectures, the sup-
port for millimeter wave (mmWave) communications, and the adoption of
Multiple Input, Multiple Output (MIMO) technologies [7]. Notably, both
academic and industry researchers are investigating how to fully reap the
benefits of mmWaves, with plans to allocate additional spectrum towards
the terahertz (THz) band [8], and to design Artificial Intelligence (Al)-native
networks [9].

The THz and mmWave frequency bands hold significant promise as a
means to achieve peak data rates exceeding Tb/s, as envisioned by the ITU [5].
However, this portion of the spectrum is hampered by harsh propagation
characteristics that make it challenging to realize its full potential. Specifi-
cally, the THz and mmWave bands are plagued by a pronounced free-space
propagation loss, and a marked susceptibility to blockages, for instance due
to buildings, foliage, and other obstacles, which can cause significant attenu-
ation or even complete loss of signal [10, 11]. 5G introduced the preliminary
support for mmWave communications, partly overcoming these issues thanks
to the use of MIMO arrays, beamforming, ad hoc control procedures [12],
and denser urban deployments [13]. Nevertheless, the unfavorable propaga-
tion characteristics exhibited by FR2 and above frequencies pose a significant
challenge to the successful deployment of THz- and mmWave-based 6G wire-
less systems, especially since network densification is particularly costly for
network operators [14].

To extend the limited coverage of mmWave and THz deployments, the
3GPP approved, as part of its 5G NR specifications for Rel-16 [15], Integrated
Access and Backhaul (IAB) as a new paradigm to replace fiber-like infras-
tructures with self-configuring relays operating through wireless backhaul
links. Previous research has demonstrated that IAB systems represent a cost-
performance trade-off [16], since base stations need to multiplex access and
backhaul resources, and wireless backhaul links at mmWave frequencies are
less reliable compared to their fiber counterpart. Furthermore, if the par-
titioning of these spectrum resources is not optimally configured, IAB net-
works can experience excessive buffering, which in turn leads to increased
latency and reduced throughput [17]. Finally, while lower than that of wired
backhaul deployments, the Capital Expenditure (CapEx) costs of IAB instal-



lation may still prove prohibitive for Mobile Network Operators (MNOs) [18].
In light of these limitations, new technologies such as Intelligent Reflective
Surfaces (IRSs) and Amplify-and-Forward (AF) relays are also emerging as
promising alternatives to overcome the coverage issues of mmWave networks
with energy and cost efficiency in mind. An IRS is a meta-surface whose el-
ements can be programmed to manipulate electromagnetic fields in favor
of a specific destination [19]. By passively beamforming incoming signals
without amplification, IRSs can meet the minimum capacity requirements
in dead spots with reduced power consumption compared to approaches
such as IAB [20]. In contrast, AF relays are designed to capture incident
electromagnetic waves from a base station, amplify the received signal, and
re-radiate it towards a targeted area to be served. While IRSs offer advan-
tages in terms of lower power consumption, AF relays have the potential to
achieve higher capacity by actively amplifying signals. However, similarly
to IAB, this comes at the cost of increased complexity, higher system costs,
and potential amplification noise issues [21]. Therefore, ubiquitous connec-
tivity will only be achieved by integrating Non-Terrestrial Networkss (NTNs)
within the depicted 6G wireless ecosystem, reaping their capability to deliver
services anywhere and anytime [22]. In fact, the 3GPP is working on sup-
porting the transparent integration of satellite gateways in the Radio Access
Network (RAN) [23], thus providing coverage to handheld devices in areas
that are unreachable by conventional terrestrial deployment.

Whether these technologies will be able to fulfill future mobile service re-
quirements and, if so, how they can be optimally integrated in 5G and 6G
systems, are still crucial issues that remain unsolved. Indeed, for the next
generation of cellular networks to fully achieve the goal of providing high-
speed wireless connectivity, the above innovative deployment solutions will
need to be properly evaluated and optimized in an iterative research cy-
cle. To this end, it is of paramount importance to characterize the impact
of these solutions on the end-to-end systems, i.e., from the signal propaga-
tion to the Quality of Experience (QoE) perceived by the end users, and in
a reproducible manner. However, performing accurate performance evalu-
ations of disruptive deployment solutions on real-word testbeds is typically
impractical, especially at scale, due to the unavailability of suitable platforms
and/or excessive deployment costs. While these limitations are partly be-

ing addressed with initiatives such as the US-based Platforms for Advanced
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Wireless Research (PAWR) [24], and the European IMAGINE-B5G [25] and
6G-SANDBOX [26] projects, which promote the development of emulation
platforms to enable the controlled experimentation of cellular technologies,
system-level simulators can still play a key role in wireless research. In par-
ticular, system-level simulators can provide a playground for preliminary ex-
perimentation, at a scale which makes it infeasible to perform network emu-
lation, and /or encompassing technologies for which hardware prototypes are
not yet available. These advantages render simulators also well-suited to the
study of Al management and orchestration algorithms [27]. Indeed, in these
contexts the training data must accurately capture the interplay of the whole
protocol stack with the wireless channel. Furthermore, optimization frame-
works such as Deep Reinforcement Learning (DRL) also call for preliminary
testing in isolated yet realistic environments, with the goal of minimizing the
performance degradation to actual network deployments [28, 29]. However,
to fill these gaps, end-to-end network simulators must provide scalability
to realistically-sized deployments, and a compelling performance-accuracy
trade-off in their channel model offerings [30].

In this dissertation, besides providing a detailed overview of the aforemen-
tioned technologies, we advance the State of the Art with improvements that
span from the creation of simulation tools to the design of algorithms and
protocols for innovative deployment solutions. The presented work is the
fruit of the collaboration with numerous researchers from world-leading uni-
versities, companies and research institutions, who played an important role
in reaching these results. To properly acknowledge this collaborative effort,
and the role of all the authors involved, a comprehensive list of the publi-
cations produced throughout my Ph.D. (both accepted, under review and to
be submitted) is reported at the end of this thesis. The latter is organized as
follows.

Chapter 2 provides an overview of the future role of network simulators
in wireless research, and of the most promising key technology enablers for
achieving ubiquitous mobile coverage in 6G. Then, we present novel simu-
lation tools which enable the end-to-end simulation of 5G and 6G network
deployments featuring innovative deployment solutions such as IRSs, AF re-
lays and NTNs. Furthermore, we propose models for improving the com-
putational efficiency of MIMO simulations, enabling the representation of
massive cellular scenarios at scale.



Chapter 3 presents a semi-centralized resource-partitioning scheme for 5G-
and-beyond IAB networks, coupled with a set of allocation policies, and the
first reliability-focused scheduling and path selection algorithm for IAB net-
works. Moreover, we provide a preliminary evaluation of the potential of
mixed mmWave and THz self-backhauled networks.

Chapter 4 analyzes the performance of IRS-aided mobile network deploy-
ments with practical constraints on the IRS reconfiguration period. In this
context, we propose a clustering-based scheduling algorithm which maxi-
mizes the system capacity by first grouping users with similar optimal IRS
configurations, and then by scheduling them jointly to reduce the number of
IRS reconfigurations.

Finally, Chapter 5 concludes this thesis by summarizing its contributions

and providing future research directions.
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2 Simulation tools for future cellular
networks

The preliminary, yet reliable performance evaluation of disruptive research
ideas is a vital step in identifying the most promising key technology en-
ablers for future cellular networks, before further research and development,
and eventual deployment in real-world networks. To this end, while provid-
ing reliable performance estimates, experiments with real testbeds are often
impractical due to limitations in the scalability and flexibility of the involved
platforms, as well as the high cost of hardware components. At the same
time, analytical models usually introduce strong assumptions for the sake
of tractability. End-to-end simulations fill these gaps, by coupling (possibly
simplified) analytical models with the protocol stack accuracy exhibited by
testbeds and/or digital twins.

Additionally, the ever increasing complexity and heterogeneous nature of
wireless networks is poised to be coupled with an Al-native design which,
thanks to the ongoing virtualization, will not be limited to the radio link
level, but will encompass the orchestration of large scale deployments as
well [31]. Nevertheless, how to design, test and eventually deploy manage-
ment and orchestration algorithms is an open research challenge [27]. First,
the training data must accurately capture the interplay of the whole protocol
stack with the wireless channel. Secondly, optimization frameworks such as
DRL also call for preliminary testing in isolated yet realistic environments,
with the goal of minimizing the performance degradation to actual network
deployments [28, 29]. Both these requirements are met by end-to-end simu-
lations, which will thus play a fundamental role in designing and evaluating
the performance of the next generation of cellular networks.

Recently, both academic and industry researchers have been strongly fa-
voring open-source simulators [32], i.e.,, simulators which are made freely

available for both use, modification and redistribution. In general, these char-
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acteristics of these softwares foster decentralized development and open col-
laboration. In this class of simulators, ns-3 is the facto standard in the wire-
less research space, thanks to the already available modules for 5G NR [33,
34], IEEE 8o2.11ad/ay/ax [35-37] and its implementation of the 3GPP TR
38.901 statistical channel model [38]. Nevertheless, ns-3 currently lacks phys-
ical propagation models for most disruptive 6G deployment solutions. Most
notably, ns-3 lacks channel models for AF and IRSs relays (also referred to as
“smart relays"), and/or NTN. Both these technologies are expected to play a
key role in achieving the ubiquitous connectivity target set for 6G networks.
Moreover, the ns-3 TR 38.901 [39] channel modeling framework exhibits limi-
tation in its scalability, thus rendering infeasible the simulation of large-scale
deployments and/or terminals featuring massive-MIMO arrays.

Despite their widespread use, the short- and medium-term suitability of
end-to-end network simulators as performance evaluation tools will largely
depend on their scalability for realistically-sized deployments, and on the ac-
curacy of their channel model [30]. In fact, system-level simulators generally
abstract the actual link-level transmission via an error model, which maps the
Signal-to-Interference-plus-Noise Ratio (SINR) of the wireless link to a packet
error probability [40]. Eventually, the latter is used to determine whether the
packet has been successfully decoded by the receiver. As a consequence,
the accuracy of network simulators heavily depends on the reliability of the
SINR estimation, especially when considering the mmWave and THz bands.
Indeed, these portions of the spectrum entail a major redesign not only of
the physical layer, but also of the whole cellular protocol stack [41], which
makes it paramount to accurately model the peculiar propagation charac-
teristics which they exhibit. For instance, the intrinsic directionality of the
communication requires ad hoc control procedures [12], while the frequent
transitions between Line-of-Sight (LoS) and Non-Line-of-Sight (NLoS) con-
ditions call for an ad hoc transport layer design, such as novel Transmission
Control Protocol (TCP) algorithms [42].

To fill these gaps, in the first part of this chapter we introduce the design
and implementation of channel models for innovative deployment solutions
in ns-3. In particular, Section 2.1 describes a new channel model for ns-3 for
IRS/AF-aided communications which is based on the current 3GPP chan-
nel model for 5G networks standardized in [39]. Then, we present how the

former can be used in conjunction with the ns3-mmwave module [33], which



models the Physical (PHY) and Medium Access Control (MAC) layers of the
5G NR protocol stack to achieve an end-to-end simulation framework for
smart relays. The latter incorporates the interplay with the 5G NR protocol
stack and relative control tasks, as well as the impact of the upper (including
transport and application) layers. Then, we leverage this novel framework
to conduct an extensive simulation campaign to study the performance of
IRS/AF nodes for relaying connectivity requests from end users, compared
to a baseline solution in which relays are not deployed. We demonstrate that
IRSs and AF relays are valid solutions, especially in small networks, even
though high-EIRP AF relays are required to support more aggressive traffic
applications. Based on our simulations, we provide guidelines towards the
optimal dimensioning of IRS and AF configurations, in terms of number of
antenna elements and amplification power.

Section 2.2 presents a new open-source module for ns-3 that implements
the NTN channel model based on the 3GPP specifications described in TR
38.811 [43]. While the described implementation is mainly related to the
channel and the physical layer, a deep understanding of the propagation
model is the first step towards proper protocol design [44], which makes our
module a valuable and accurate tool in the study of NTNs. Specifically, the
module introduces: (i) new simulation scenarios for NTN; (ii) a new Path
Loss (PL) model for the air/space channel in a wide range of frequencies
(from 0.5 GHz to 100 GHz); (iii) the characterization of atmospheric absorp-
tions; (iv) a new fast fading model for the space environment; (v) an antenna
model for both terrestrial and non-terrestrial nodes; and (vi) a new coor-
dinate system to account for the Geocentric Cartesian coordinate system of
satellites.

The second part of this chapter focuses on novel solutions to improve the
scalability of the ns-3 5G NR simulation framework. Specifically, Section 2.3
presents optimizations to the ns-3 implementation of the TR 38.901 channel
model of [45], both at the codebase and at the design level, which aim to pro-
vide wireless researchers with the tools for simulating future dense wireless
scenarios in a computationally efficient manner. Specifically, we significantly
improve the runtime of simulations involving the 3GPP TR 38.901 channel
model [46] by porting the intensive linear algebra operations to the open-
source library Eigen [47]. To this end, we also design and implement a set of

common linear algebra APIs, which increase the modularity of the spectrum
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module with respect to the underlying data structures and algorithms. Ad-
ditionally, we propose a simplified channel model, based on [46], which aims
to provide an additional order of magnitude of runtime reduction, at the
cost of a slight accuracy penalty. Profiling results show that the support for
Eigen, coupled with further TR 38.901 optimizations, leads to a decrease of
up to 5 times in the simulation time of typical MIMO scenarios. Further-
more, the proposed performance-oriented channel model further improved
the runtime of simulations, which now take as low as 6 % with respect to the

full TR 38.901 channel model, with a negligible loss in accuracy.
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2.1 Modeling AF and IRS relays-aided wireless channels

Disruptive technologies, such as IRSs and AF relays, have been proposed as
promising alternatives to overcome the coverage issues of mmWave networks
with energy efficiency in mind [48]. The former are meta-surfaces that can be
programmed to favorably alter an Electromagnetic (EM) field towards an in-
tended destination. Most notably, IRSs are nodes which passively beamform
the impinging signal, without amplification, thus being able to guarantee
minimum capacity requirements in dead spots with lower power consump-
tion compared to IAB [20]. AF relays, instead, are envisioned to capture an
incident electromagnetic wave coming from a base station, to actively amplify
the received signal, and to re-radiate it towards a target area to be served.
They are candidates for achieving higher capacity with respect to IRS nodes,
at the expense of higher cost and amplification noise [21].

Despite their research hype, whether these technologies will be able to ful-
fill 5G (and beyond) service requirements and, if so, how to properly dimen-
sion IRS/ AF systems, are still crucial issues that remain unsolved. While field
experiments with real hardware are infeasible due to scalability and flexibil-
ity concerns, as well as the high cost of testbed components, computer-based
simulations represent a viable approach for testing and calibrating IRS/AF
deployments. Prior works, e.g., [49, 50], have addressed this task, though
focusing on link-level analyses, which typically adopt conservative assump-
tions on the system architecture, and should be taken as a lower bound for
more representative end-to-end performance studies. To fill this gap, in this
section we provide a more comprehensive system-level performance evalua-
tion of IRS/AF deployments using a new simulation framework that operates
end-to-end, thus incorporating the interplay with the 5G NR protocol stack
and relative control tasks, as well as the impact of the upper (including trans-
port and application) layers.

To this end, we first provide a mathematical model for the IRS and AF
relay channels (Sections 2.1.2 and 2.1.3, respectively), based on the standard
3GPP channel model for 5G networks (Section 2.1.1).

Notation. We use boldface upper- and lower-case letters to refer to matrices
and vectors, respectively, while lower-case letters denote scalars. We use Iy
to denote the identity matrix of order N, [®]; to indicate the (j, k)-th entry of

matrix ®, diag(¢y, ..., ¢n) to indicate an N x N diagonal matrix with entries
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2 Simulation tools for future cellular networks

{¢ilj = 1,...,N}. We use the superscripts T, H and * for transposition,
Hermitian transposition, and conjugation, respectively.

2.1.1 The TR 38.901 Channel Model for 5G NR

Throughout this work, we consider the 3GPP TR 38.901 Spatial Channel
Model (SCM) standardized in [39], leaving the study of more accurate chan-
nel models (e.g., based on ray tracing measurements) as part of our future
research. This choice is motivated by the fact that TR 38.901 supports a wide
range of frequencies, from 0.5 to 100 GHz, and can be integrated with realistic
beamforming models. Furthermore, it is suggested and adopted by the 3rd
Generation Partnership Project (3GPP) itself for the performance evaluation
of 5G networks via system-level simulations.

In particular, the TR 38.901 model outlines the procedures for generating
a channel matrix H whose entries H,,(t, T) correspond to the impulse re-
sponse of the channel between the p-th radiating element of the antenna array
of the signal source (S), and the g-th radiating element of the antenna array
of its destination (D), at time t and with delay 7. To model multipath fading,
each of these terms is computed as the superposition of N different clusters,
each of which consists of M rays that arrive (depart) to (from) the antenna
arrays with specific angles and powers. Based on [39], and using the simpli-
fications proposed in [38], the generic entry H),(t, T) of the channel matrix
can then be computed as:

n=1 m=1
00 —1 ,j®
e] n,m K?l me] n,m o D D (2 1)
- K1 oi®hn ol Fix <9”f’”’¢”f’”>
el Pnm el ®Pnm
n,

X ejErTxmnnarwejﬁx’n'mam S (T — 1y,),

where P, and T, represent the common power and delay, respectively, of the
rays belonging to the n-th cluster. (62, ¢n, m*) and (62,,, ¢n, m") denote the
arrival and departure angles of the m-th ray of the n-th cluster, respectively,
each exhibiting uniformly distributed initial phases ®,, ,,. Each ray accounts
for the antenna field patterns F(6, , ¢n,m) and for the power distribution

12
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Hq R Heo
R
| | H B S—
kl) SD
wWaal
BLOCKAGE .
- = D

S

Figure 2.1: A typical urban scenario where a relay (R) can be used to bridge the
signal from a source (S) to a destination (D), that would otherwise com-
municate in NLoS, i.e., the direct link between S and D is blocked due to
obstacles such as buildings and/or vegetation.

among the vertical and horizontal polarizations through the term k;, ,,. For a
complete description of the specific terms appearing in Eq. (2.1) we refer the
interested reader to [38].

Then, a frequency-flat path gain term is added to each channel coefficient
as a function of the carrier frequency f. and the distance d between the end-

points, i.e.,
PL(d, f.) = Alog,y(d) + B+ Clog,,(f:) + X [dB], (2.2)

where model parameters A, B and C depend on the propagation conditions
and the type of environment, and X is an optional term to represent shad-
owing [38].

We consider the transmission of a single data stream xg, i.e., a sequence
of signals, from a source S to a destination D via a relay R, as depicted in
Figure 2.1. Then, the channel matrix is combined with the beamforming
vectors used at S and D, in order to obtain the SINR experienced at D. In
particular, let xg be the signal transmitted from S to D, and ws, wp and wy
be the beamforming vectors used at S, D and the I-th interferer, respectively.
Moreover, we define the following matrices: Hsp is the channel matrix be-
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2 Simulation tools for future cellular networks

tween the source and the destination, Hip is the channel matrix between the
I-th interferer and the destination, Hjg is the channel matrix from the I-th
interferer to the relay, Hsg is the channel matrix between the source and the
relay, and Hpp is the channel matrix between the relay and the destination.
In a relay-free environment, the signal received at the User Equipment (UE)

is computed as:

N
Yyp = 'w]gHSDwsxs —+ Z ngID'waI + wgnD. (23)
=1
where np represents the circularly symmetric complex Gaussian noise vector
with correlation matrix 0’1%11 , and 'ngID'waI is the signal received from the
I-th interferer. Accordingly, the SINR at D reads:

|wl Hspws |03
- 7
Vi [l wh Hipw ||20? + o

(2.4)

where 02 and o7 are the powers of the intended and the I-th interfering sig-
nals, respectively.

2.1.2 A Signal Model for the IRS

An IRS is a planar surface made of Nr low-cost passive reflecting elements
that can be programmed to alter an EM field, for example to achieve three-
dimensional beamforming towards an intended destination. The working
principle is similar to that of a conventional relay, the main difference being
that while the latter amplifies the received signal before retransmitting it, an
IRS reflects and beamforms the signal without introducing any amplification,
thus saving power compared with other relaying solutions [20].

In particular, each element of the IRS acts as an antenna that captures
and reflects the incoming signals, introducing a phase shift on the baseband-
equivalent signal. We denote with ¢, = en. m = 1,...,Ng, the reflection
coefficient of the n-th IRS element, where 60, € [—7, 7| is the induced, con-
trollable phase shift. Adopting a complex baseband notation, the signal
z € CMe*1 reflected by an IRS (denoted as R), impinged with a signal xs

originating from a source S, reads

z = ® HsgwsXxs, (2.5)

14



2.1 Modeling AF and IRS relays-aided wireless channels

where ® is a diagonal matrix defined as ® = diag(¢, ..., ¢n, ), and typically
referred to as IRS configuration. Therefore, the signal received at the intended
destination D (under a far-field assumption with respect to the IRS) can be
expressed as

Yp = ngRDCPHgR'wSxS + 'w]gHSDwsxs + 'w]gnD. (2.6)

2.1.3 A Signal Model for the AF Relay

AF relays have been studied in the context of cooperative communications
as a means to regenerate a relayed signal through amplification, with the
goal of improving the system capacity. Unlike IRSs, AF relays feature a non-
negligible power consumption, and introduce noise amplification.

In this work we consider as AF relay a device equipped with Mt transmit
and Mg receive antennas. Therefore, the signal received at D is:

T T
yp = wpHrp® Hsgwsxs + wp Hspwsxs

—+ ngRDCDnR + 'w]gnD, (27)

where in this case matrix @ also accounts for the amplification gain, and its
structure depends on the specific relay design. Moreover, ng represents the
circularly symmetric complex Gaussian noise vector with covariance matrix
UI%IR Ipi,. Then, the power of the noise term relayed by the AF relay to receiver
D and measured after the combiner at the UE, is

H
5’2NR = <w]§HRD(I>) (’ngRDq>> Ul%IR

I HyrH * 2

(2.8)

2.1.4 A Full-Stack Simulator for IRS/AF Relays

Despite the availability of accurate sub-6 GHz and mmWave channel models,
analytical evaluations of the 5G NR protocol stack introduce several assump-
tions in the system architecture, and are generally not desirable [51]. Ad-
ditionally, 5G/6G cellular networks are rapidly shifting towards open and
controllable network configurations, which further introduce unprecedented

data-driven programmability [52]. In these regards, computer simulators are
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emerging as a valuable tool to let researchers better understand the perfor-
mance of wireless networks, and dimension them accordingly [53].

Several simulators for 5G cellular and vehicular networks are available in
the literature [33, 34, 54—59]. However, they provide a detailed characteriza-
tion of either the lower (i.e., at the link level) or the upper (i.e., at the system
level) layers of the 5G NR protocol stack. Notably, the latter sacrifice PHY
layer accuracy to reduce the computational complexity, but incorporate ac-
curate models of the remainder of the protocol stack, thus enabling scalable
end-to-end simulations. Despite the many software-based evaluation plat-
forms available, to the best of our knowledge there are no end-to-end simu-
lators for IRSs and AF relays. In [60], the authors presented an open-source
module for IAB, even though it was not extended to support passive relays
like IRSs. Moreover, the authors in [61] presented an ns-3 IRS module, but
their work focused on vehicular networks, and did not consider the case of
AF relays. In this work we fill this gap by proposing an ns-3-based simulator
for IRSs and AF relays. Arguably, the main effect of the presence of these
entities is the alteration of the wireless channel between the communication
endpoints. Accordingly, our simulator extends the ns-3 mmwave module [33]
(among the most popular 5G-oriented NR-compliant frameworks to simulate
5G networks) by implementing a new signal model for IRS and AF relays, fol-
lowing the characterization in Sections 2.1.2 and 2.1.3, respectively, which is
then used to compute the SINR experienced by signals transmitted over a

relayed wireless link.

2.1.4.1 Implementation of the IRS/AF Signal Model

In line with [38], we assume that the transmission of the signal xg occurs over
a frequency-selective wireless channel as 5G NR supports network operations
with a bandwidth up to 400 MHz, when using FR2 [62]. Therefore, the
evaluation of the SINR requires, among other things, the computation of the
Power Spectrum Density (PSD) of the useful component of the signal at D,
i.e., Pry, starting from that of the input signal P;,. Additionally, we consider
that both the transmitter and the receiver feature massive MIMO (m-MIMO)

arrays equipped with multiple antenna elements, and use the beamforming
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2.1 Modeling AF and IRS relays-aided wireless channels

vectors ws and wp, respectively. Under these assumptions, the input-output
relationship in (2.3) becomes [20, 63]:

Yp = w]T)HRDCDHSRwSxS + ’ngSD’w5X5 + n+

N . N T (2.9)
Y whHrp®Hrwix; + Y whHipwixy,
=1 I=1

where in turn 7 is defined as:

w[T)nD if IRS,

wgnD + w]gHRDd)nR if AF,

1=

where matrix @ is the relay matrix, i.e., a matrix which fully encodes the
effect of the relay, i.e., either IRS or AF, as described in Sections 2.1.2 and 2.1.3
for the single user case, respectively, over the wireless channel. Notably, S
and D are either in NLoS (in this case they communicate via the relay, and
we consider the direct link towards D to be unavailable), or in LoS (in this
case they do not use the relay). Accordingly, assuming that the source of
interest is in NLOS with respect to its intended destination, (2.9) becomes:

T T
Yp = wDHRDCDHSRwsxs + Z wDHtiixi
Tehos
+ Z w]?)HRDq)HTRU’ixi‘i‘ﬁz

IeInLos

(2.10)

where I os and Inpos are the two disjoint sets of interferers which experience
either an LoS or an NLoS channel towards D, respectively. Then, the PSD of
the useful component of the signal at the receiver can be written as:

Prx(t,f) == Ptx(t,f)’|w1gHRD¢HSRwSH2- (2.11)

Based on the above definitions, our simulator computes the PSD by check-
ing whether the communication from S to D involves a relay. If so, the PSD
is computed according to the following steps.

1. Channel matrices generation. After having identified S and D as the two
endpoints of the communication, the channel matrices Hsg and Hgrp
are computed based on (2.1) [39].
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18

2. Configuration of the relay and beamforming vectors. We assume that the

choice of the beamforming vectors for both S and D (wp and ws),
as well as the relay configuration (®), consist in the choice of a code-
word from a pre-defined codebook. The latter is computed offline by
first defining a set of beam directions {wy,,} which scan a given an-
gular sector via steps of Half Power Beamwidth (HPBW). In particular,
let a,,, be the steering vector corresponding to direction w;, ;. This is
computed as:

278 d (i sina, sin By +iy cos
an,m:[ll"'re]/\ (i nsinfntiv ﬁm)/---,

. o T (2.12)
e]Td((NHfl)smansm‘Ber(Nvfl)cosﬂm)

where 0 < iy < Ny (0 < iy < Ny) is the horizontal (vertical) index of
an antenna element, Ny and Ny are the number of antenna elements
in the horizontal and vertical direction, respectively, and «, and B
represent the azimuth and the elevation angles of wy, ., respectively.
Then, we define the codeboook for the UEs, Next Generation Node
Bases (gNBs) and AF relays as the set {(\/m)_lan,m}, while the
IRS codebook is defined as {a n }

Moreover, we assume that the devices do not have full channel knowl-
edge, i.e., they do not know the realizations of Hsg and Hrp. Then,
in line with the 5G NR beam management procedure [64], the choice
of the codeword in the codebook is performed via exhaustive search,
i.e., by repeatedly sending pilot signals, and measuring the SINR ex-
perienced with various configurations of the codebook. Eventually, we
choose the combination of wp, ws, and ® yielding the highest SINR.

Notably, this procedure is not repeated at each transmission opportu-
nity. Instead, wp, ws, and ® are stored and re-used for the whole
channel coherence time, to mimic the actual 5G NR beam management
procedure, and also reduce the complexity of the simulations. Fur-
thermore, the evaluation of the SINR is performed by neglecting the
small-scale fading terms, to further reduce the overhead. The small-

scale fading will be eventually incorporated in Step 4 of the model.
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3. Long-term computation. Along the lines of [38], the PSD of the transmit-
ted signal x5 at D can be expressed as:

Prx(t/ f) =
= Pu(t, f)||whHrp®Hsgrws||*

= Pi(t, f)|lwh) Hsgpws||® (2.13)

2
Zzsw SRD w?
d=

= Pu(t, f)

In Eq. (2.13), Hsgrp is the equivalent channel matrix between S and D,
whose generic entry K380 (¢, f) is:

WP (t, f) = [Hro(t, f)®Hsr(t, f)]ys
Nrp Nsg Nr Nr

=2 X ) Zhdkn¢kl o

n=1 m=1 k=1 I= (2.14)
ej27wntej27r'rnf

2710t ,j27TT,
e] m e] mf,

where Nrp and Ngr are the number of multipath clusters in Hgrp and
Hgg, respectively. Moreover, w§ and w? denote entries s and d of vec-
tors ws and wp, respectively. Then, Step 3 consists in the evaluation of
the long-term fading:

Np Ns Nr Ng

Ly = E Y ) 2 WY Moy Pt MR, W (2.15)

=1 s=1 k=1 I=

4. Small-scale fading and path loss. The small-scale fading terms are com-
bined with the terms L, ,, to compute the overall fading component of
the PSD of interest:

N Nrp Nsgr 2
Prx(tz f) Ptx t f Z Z Ln mEnm ’ (2~16)
n=1 m=
where
Epm = ejZmJntejZHTnfejZTrvmtejZHTmf_ (2.17)

19



2 Simulation tools for future cellular networks

Additionally, the path loss is computed as in (2.2). Since the useful
signal received at D experiences two channels (from S to R, and from R
to D) as a cascade, as described in (2.9), two path loss terms are added
(in dB), to obtain the final PSD of xg at D as:

Pislt, £)(dB] = PL(dsg, fo)[dB s
+ PL(drp, fo)[dB] + Pre(t, f)[dB]. '

5. Interference and SINR. As the last step, we evaluate the PSDs {P;(t, f)}i=1,.N,
of the N interfering signals at D. To do so, we follow Steps 1—4 as for
the useful component of the signal. However, the beamforming con-
figurations are not optimized as described in Step 2. That is to say,
each interferer uses the beamforming vector yielding the highest SINR
towards its intended destination, while R and D employ the same con-

figurations used in the previous steps. Finally, the SINR is evaluated
— Pl’x(t/ f )

L Pilt, f) + Palt, )
where P, (¢, f) is the PSD of the thermal noise at D.

as:

A(t, f)

2.1.4.2 Integration of the IRS/AF Signal Model in the Simulator

In Section 2.1.4.1 we described how our simulator computes the channel (in
terms of PSD) in case of IRS/AF relays, which is then used to calculate the
end-to-end SINR at the destination D. Notice that the SINR can refer to ei-
ther the SINR relative to the whole bandwidth, for narrowband signals over
frequency-flat channels, or the SINR experienced over a single subcarrier,
for wideband signals transmitted over frequency-selective channels. In the
second case, the SINRs corresponding to the various frequency chunks are
then mapped into a single SINR value, according to additional maps ob-
tained from link-level simulations [40]. Based on that, our simulator defines
a Link-to-System Mapping (L2SM), i.e., a table which associates a given SINR
to a MAC-layer Transport Block (TB) error rate [65], in turn used to decide
whether the TB has been correctly received or not.

The upper layers of the 5G NR protocol stack are modeled based on the
ns3-mmwave module [33], which implements a custom PHY layer supporting

the NR frame structures and numerologies, and a MAC layer with ad hoc
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Figure 2.2: Simulation scenarios, where we deploy one gNB, Ny UEs and, possibly,
a relay. A building (the gray rectangle) blocks the direct link (dashed red
line) from the gNB to the UEs. In turn, the relay guarantees a LoS link
(dashed black line) to all the devices.

beamforming and scheduling policies. The Radio Link Control (RLC) and
Packet-Data Convergence Protocol (PDCP) layers implement network func-

tions such as packet segmentation, retransmissions and/or reassembly.

2.1.5 Performance Evaluation

In this section we describe our simulation setup and parameters (Section 2.1.5.1),
and evaluate the performance of IRSs and AF relays, considering full-stack
network metrics as a function of different antenna array configurations (Sec-

tion 2.1.6).

2.1.5.1 Simulation Setup

In our simulations we consider two simple yet realistic urban canyon scenar-
ios, where we deploy a single gNB, Ny UEs, with Ny = 1 (5) in Scenario 1
(2), as illustrated in Figure 2.2, and a single relay, which can be either an IRS
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Table 2.1: Simulation parameters.

Parameter ‘ Value

Carrier frequency 28 GHz

Total bandwidth 100 MHz

Number of UEs (Ny) {1, 5}

gNB antenna array 8Hx8V

gNB max RF power 33 dBm

UE antenna array 2Hx1V

IRS antenna array {10Hx 20V, 20H x40V,40H x 80V, 60H x 120V}
AF antenna array {4H x4V, 8H x8V, 16H x 16V}
AF amplification 40 dB

Antenna radiation pattern | [39, Table 7.3-1]

UDP source rate 50 Mbps

or an AF relay. The wireless channel is modeled as an Urban Macro (UMa)
link [39]. The LoS/NLo0S condition depends on the geometry of the scenario.
In particular, we assume that the direct wireless link between the UEs and the
gNB is blocked by a building, as illustrated in Figure 2.2, which introduces
an additional penetration loss modeled based on [39, Section 7.4.3.1]. The
end nodes can still communicate in LoS via the relay. Furthermore, we as-
sume that at each Transmission Time Interval (TTI) the relays can arbitrarily
switch configuration to serve a given user and that their phase shifters have

infinite resolution, i.e., we do not account for quantization loss.

Our simulation parameters are reported in Table 2.1. Specifically, the UEs
download User Datagram Protocol (UDP) data, modeled as a constant bit-
rate stream of 50 Mbps, from a remote server. We assume that, at each trans-
mission opportunity towards the generic k-th UE, both AF and IRS relays
can use their optimal configuration, i.e., the codeword yielding the highest
end-to-end SINR towards UE k. The system operates at 28 GHz, with a total
bandwidth of 100 MHz, to be shared among all the devices in Time Division
Multiple Access (TDMA). The gNB is equipped with an antenna array of 64
elements, and uses a power of 33 dBm. For the IRS, we consider a number of
reflecting elements from 200 to 7200. For the AF relay, we consider antenna

arrays from 16 to 256 elements.
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2.1.6 Numerical Results

We now compare the end-to-end performance of IRS- and AF-relay assisted

networks in terms of:

® SINR. It is a measure of the quality of the channel. It depends on
PHY-layer characteristics, including the relative distance between the
transmitter, the receiver and the relay (if applicable), the operating fre-
quency, the propagation conditions, and the channel bandwidth.

* End-to-end throughput. It is measured as the total number of received
bytes per user divided by the total simulation time.

* End-to-end latency. It is measured from the time each packet is generated
at the application layer to when it is successfully received. Accordingly,

it accounts for both transmission and queuing times.

e Packet Error Rate (PER). It is measured as the ratio between the number
of packets delivered with errors and the total number of transmitted

packets.

The IRS/AF performance will be evaluated against a baseline scenario (re-

ferred to as “gNB-only”) in which there is no intermediate relay.

SINR Our analysis starts with the SINR statistics depicted in Figure 2.3, rel-
ative to Scenario 1 with Ny = 1. First, in Figure 2.3a we observe that the
presence of the relay improves the SINR (on average up to +55 dB) com-
pared to the “gNB only” baseline, in which the UE communicates in NLoS.
Notably, as depicted in Figure 2.3b, both IRS and AF relays provide an end-
to-end SINR gain which scales proportionally with respect to the number of
radiating elements at the relay. For the IRS, this effect is given by the beam-
forming gain, as well as by the fact that the power collected by the IRS is
proportional to its surface area, which in turn is proportional to the number
of radiating elements [66].

The AF-assisted configurations always outperform the IRS-assisted ones in
terms of SINR (on average up to +40 dB, with the same number of anten-
nas): this is expected since the AF relay amplifies the signal, thus achieving
a higher end-to-end gain. Notice that the SINR is below o dB when the IRS

is made of fewer than 800 elements, which justifies the use of very large IRS
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Figure 2.3: SINR statistics for Scenario 1.

panels. Indeed, an IRS panel of 60 x 120 elements provides an average SINR
of 13 dB, which is enough to support reliable transmissions as long as com-
munication requirements are not too extreme, as we will demonstrate in the
following paragraphs.

End-to-end throughput In Figure 2.4 we plot the end-to-end throughput ex-
perienced at the application layer, thus considering the impact of the whole
5G NR protocol stack. When Ny = 1 (Scenario 1) the average throughput
is an indication of the ergodic capacity. We see that the throughput for the
“gNB only” baseline is zero, given the very low SINR (below the sensitivity
threshold of most commercial receivers) experienced at the physical layer.
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Figure 2.4: End-to-end per-UE throughput at the application layer in Scenario 1
(wide bars) and Scenario 2 (narrow bars) for different relay configura-
tions.

Interestingly, even though the AF relay with 16 x 16 antennas guarantees, on
average, 15 dB higher SINR than an IRS with 60 x 120 elements (from Fig-
ure 2.3a), we see that the end-to-end throughput of the two configurations
is comparable. This demonstrates that, in a simple scenario with only one
UE, an average SINR of 15 dB is enough to satisfy all traffic requests. In this
case, the IRS is more desirable than an AF relay given its simplicity. Also,
it is not convenient to further increase the IRS size, given that the through-
put is already maximized and equal to the UDP source rate (50 Mbps in our
simulations).

When Ny = 5 (Scenario 2) the average per-UE throughput decreases signif-
icantly with respect to Scenario 1 due to the fact that, in a multi-user scenario,
radio resources must be shared among UEs, which may lead to channel con-
gestion. This result validates the accuracy and realism of our ns-3 framework.
Nevertheless, this effect is less pronounced for very large antenna panels. For
example, for an AF relay of 4 x 4 antennas, the per-UE throughput drops
by almost 60%, while considering an array of 16 x 16 elements the per-UE
throughput decreases by only 2%. Even in Scenario 2, AF-assisted networks
can still sustain the application source rate, as long as at least 16 x 16 anten-
nas are used. On the other hand, IRSs are constrained by the limited SINR
available at the PHY layer, and are never able to achieve the full source rate
offered by the application. The maximum achievable throughput is around
40 Mbps for 60 x 120 elements, i.e., —20% compared to the case of Ny = 1.
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nario 2 (narrow bars) for different relay configurations.

End-to-end latency Finally, in Figure 2.5 we plot the 95-th percentile of the

end-to-end latency experienced at the application layer. We can see that the

performance is generally poor even in the simple scenario in which only one

UE is deployed (Scenario 1), where the latency is higher than 100 ms for most

relay configurations, suggesting that in these cases the system is unstable. In

fact, the use of relays featuring small antenna panels results in very high lev-

els of queuing and buffering, which leads to latency degradation. This issue

can be solved by configuring larger IRS and AF relays, despite the increased

system complexity. For example, an IRS of 60 x 120 elements and an AF relay
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with > 8 x 8 elements can guarantee an end-to-end latency lower than 10 ms,
which is in line with most 5G application requirements. Notice that the la-
tency for the “gNB only” configuration is not particularly representative, as
it is relative to only the correctly received packets. In fact, without the relay,
transmissions are in NLoS and result in several packet losses (see the PER in
Figure 2.6), which makes the system less congested; the (few) packets that
make it to the application layer are then transmitted with lower delay. Nev-
ertheless, the latency is still more than two orders of magnitude higher than
considering the best IRS and AF configurations, an indication that relays are
desirable in these types of networks.

When Ny = 5 (Scenario 2), the latency is generally higher compared to
when Ny = 1. This is expected since UEs are competing for the available
resources. In addition, using UDP as transport protocol, thus with a full
buffer source traffic model, each end-to-end flow does not self-regulate to
the actual network conditions, thus congestion arises. Better performance
could be achieved considering non-UDP traffic: for example, the congestion
control mechanism available in TCP would regulate the source traffic, and
prevent network congestion and buffer overflow.

Notice that, even considering the most aggressive IRS architecture with
60 x 120 elements, the latency is on average above 1000 ms, vs. 6.5 ms in
Scenario 1. This is due to the fact that, in this scenario, more than 20% of the
packets are lost and retransmitted (see Figure 2.6), which increases the packet
delay. For an AF relay with 16 x 16 antennas, instead, the latency is more than
10 times lower and equal to around 130 ms on average, with a PER as low
as 3%, which can still support some key target communication requirements.
We can conclude that IRS-assisted networks, though consuming less power,
are not appropriate in this scenario, unless very large IRS panels are used.
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2.2 Modeling non-terrestrial wireless channels

Satellites have been used from the 1990s to provide basic services such as
phone and Internet access. Notably, Geostationary Equatorial Orbit (GEO)
satellites orbit at 35786 km, and offer global coverage at limited costs, de-
spite the huge propagation delays. Only in the early 2010s have the costs
for satellite launch and maintenance become low enough to allow for huge
constellations of satellites to be launched in the Low Earth Orbit (LEO) [67],
providing wide coverage on the Earth, while promoting low latency. Besides
satellites, both High Altitute Platforms (HAPs) and Unmanned Aerial Vehic-
less (UAVs) stand out as valid cost-effective alternatives for NTNs. UAVs, fly-
ing at low altitudes (typically no more than 1 km), can guarantee on-demand
support for ground networks, for example providing immediate assistance
when cellular towers are overwhelmed or unavailable. HAPs operate in the
stratosphere (from 20 to 50 km), and can be used to shape large coverage
beams in unpopulated areas, or provide services like backhauling and Mo-
bile Edge Cloud (MEC), e.g., to gather and process data generated on the
ground [68, 69].

Despite these premises, however, communication using space or airborne
vehicles introduces new challenges compared to a terrestrial base station, in-
cluding (i) severe PL due to the longer propagation distance, (ii) additional
attenuation from the atmosphere, such as scintillation, rain and clouds, (iii)
Doppler shift due to the orbital mobility of satellites, and (iv) additional
delays, mainly for propagation. While experiments with real testbeds are im-
practical due to limitations in the scalability and flexibility of platforms, as
well as the high cost of hardware components, the option to test network con-
figurations via simulations in a sandbox environment facilitates the research
process. Furthermore, an open-source simulator encourages research in the
field, and offers industries and research institutions a better way to catego-
rize and evaluate technologies. However, the de-facto standard end-to-end
simulator ns-3 currently implements the TR 38.901 channel model only, thus
lacking its NTN extension outlined in TR 38.811 [43]. To fill this gap, we
implement the 3GPP NTN model in ns-3.
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2.2.1 Scenarios and Path Loss Condition

Similarly to the cellular channel model in [46], the NTN model gives the
option to run simulations in four scenarios, to represent different propagation

environments. Specifically:

¢ Dense Urban: Extremely dense environment, with tall buildings acting
as potential blockers.

¢ Urban: City environment, with buildings.
¢ Suburban: Small city, with up to two-storey buildings.
¢ Rural: Open field environment, with little or no buildings.

For satellites, only outdoor communication is possible, since attenuation from
buildings would be enough to make the signal unusable. For HAPs or UAVs,
instead, indoor communication is feasible, even though not yet implemented
in our module.

The 3GPP defines both LoS and NLoS propagation, where the probability
depends on the scenario and the elevation angle. The latter is defined as
the angle between the horizon plane of the ground terminal and the vector
pointing to the NTN platform.

2.2.2 Path Loss

The basic path loss (in dB) can be written as
PL, = FSPL(d, f.) + SF + CL(a, f.). (2.19)
The first term is the free space path loss, which can be calculated as
FSPL(d, f.) = 32.45 + 20log10(fc) + 20log10(d), (2.20)

where f, is the carrier frequency in GHz and d is the distance beteween the
transmitter and the receiver in meters. Notice that, while the channel model
is valid for frequencies from 0.5 GHz to 100 GHz, two frequency bands are
targeted in NTN, i.e., the S-band for frequencies below 6 GHz and the Ka-
band for frequencies of 20 (30) GHz for downlink (uplink) transmissions,
thereby in the millimeter-wave spectrum [70].
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In Eq. (2.19), SF represents the Shadow Fading (SF), and is modeled as
a log-normal random variable of zero mean and variance (Tgp, ie., SF ~
N(0,03;). In order to calculate this variance, the model requires four pa-
rameters: the type of scenario, the frequency, the path loss condition (LoS or
NLoS), and the elevation angle. These parameters are used to find the correct
entry in a table, given in [43]. A similar process is needed to calculate the
clutter loss CL(«, f).

2.2.3 Atmospheric Absorption

The attenuation introduced by the presence of atmospheric gasses was a
marginal factor in the terrestrial channel. This is no longer the case for the
NTN channel, where atmospheric absorption plays a crucial role in the over-
all link budget. A complete and accurate characterization of the atmospheric
attenuation is given in the ITU model [71], and depends on a set of param-
eters which is usually difficult to retrieve in simulations, such as absolute
humidity, dry air pressure, water-vapour density and water-vapour partial
pressure. Therefore, the 3GPP offers a simplified method considering only
ground users placed at the sea level, with an elevation angle fixed to 9o
degrees, and considering mean annual global values for the rest of the pa-
rameters. For elevation angles different than 9o degrees, the calculation is
straightforward. Given the zenith attenuation A, (fc), the additional path
loss due to atmospheric gasses is

Azenith (fc)

PLaag(a, fc) = sin(a)

(2.21)

where a is the actual elevation angle. Atmospheric absorption should be
considered only for frequencies above 10 GHz, or for any frequency in case
of & < 10 degrees.

2.2.4 Scintillation

Scintillation corresponds to the rapid fluctuation in amplitude and phase of
the received signal, caused by the variation of the refractive index of the
channel. Specifically, scintillation depends on location, time of the day, sea-

son, and solar and geomagnetic activity. Stronger levels of scintillation are
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observed only at high latitudes (more than 60 degrees), in auroral and polar
regions.

While a complete absorption model would unnecessarily complicate system-
level simulations, the 3GPP recommends a simplified model for scintilla-
tion [43], which is structured into two components: ionospheric scintillation

and tropospheric scintillation.

Ionospheric Scintillation

Ionospheric scintillation is modeled based on the Gigahertz Scintillation Model [72].
While for the purpose of system-level simulations ionospheric scintillation is
generally negligible at mid latitudes (between 20 and 60 degrees) or at above-

6 GHz frequencies, in all other latitudes and conditions it is modeled as

-15
fc> Pfluc (4 GHZ) (2.22)

PL = | = ,
S,dB < 4 V2

where f. is the carrier frequency, and Py,.(4 GHz) is a scaling factor repre-
senting the ionospheric attenuation level at 99% of the time observed in Hong
Kong between March 1977 and March 1978 at a frequency of 4 GHz [43, Fig-
ure 6.6.6.1.4-1].

Tropospheric Scintillation

Unlike ionospheric scintillation, the effect of tropospheric scintillation in-
creases with the frequency, and becomes significant above 10 GHz. Further-
more, it increases at low elevation due to the longer path of the signal. In
these conditions, tropospheric scintillation is due to sudden changes in the
refractive index due to the variation of temperature, water vapor content, and
barometric pressure. For system-level simulations, the additional attenuation
due to tropospheric scintillation is modeled as the attenuation level at 99% of
the time observed in Tolouse at 20 GHz, reported in [43, Figure 6.6.6.2.1-1].

2.2.5 Fast Fading

As far as the fading is concerned, the 3GPP introduces both a flat-fading and
a frequency-selective model. The flat-fading model, however, can be applied

only if specific conditions are met, including (i) minimum elevation angle of
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20 degrees, (ii) quasi-LOS propagation, (iii) communication in the S-band,
(iv) channel bandwidth of at most 5 MHz, and (v) rural, suburban or urban
scenario. Hence, we consider the more general, though complex, frequency-
selective fading model for NTN. Then, the fading is based on the TR 38.901
model for cellular networks [46] (already implemented in ns-3 in the mmwave

module [73]), but with different parameters as described in [43, Section 6.7.2].

2.2.6 Antenna Model

Different antenna models are defined, depending on the device (satellite,
HAP or UAV, and ground terminal). For satellites, the 3GPP suggests to use
a circular aperture antenna model. Circular aperture antennas are reflector
antennas that offer circular polarization. The normalized antenna gain pat-

tern is given by

1 0 =0;

. 2
4| LD 0 < o] < 907,

G(0) = (2.23)

where Ji(-) is the Bessel function of the first kind and first order, ¢ is the
radius of the antenna’s circular aperture and, given a carrier frequency f,
the value of k is equal to k = 27t f./c, where c is the speed of light in vacuum.

When considering flying vehicles that are not satellites, such as HAPs
or UAVs, the lower distance makes it possible to use Uniform Planar Ar-
ray (UPA) antennas, that is the current standard for UEs and eNB/gNB nodes
in cellular networks according to the TR 38.90o1 model [46].

Finally, for terrestrial terminals, the 3GPP suggests to use either UPA an-
tennas or Very Small Aperture Terminal (VSAT) antennas. The latter model,
in particular, is a common choice in satellite communication, and consists of
a circular reflector antenna of small size (less than 1 m of diameter), to be
typically placed on roofs pointing at the sky. The VSAT radiation pattern is
the same as that of circular aperture antennas for satellites, and is given in

Eq. 2.23.

2.2.7 Coordinate System

In general, the 3GPP defines a simple Cartesian coordinate system where the

position of each node is uniquely described by a set of three values, (x,y,z),
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Figure 2.7: Simplified UML diagram, which depicts the most significant changes

which we introduced to ns-3. Bold outline classes represent the newly
implemented ones, while dotted classes are pre-existing ones that have

been modified.

where x and y define the ground plane, and z represents the height of the

node. While this model is accurate enough to describe scenarios where nodes
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are deployed at close distance (e.g., a few hundreds of meters), it is not for
scenarios where end nodes are placed hundred (or thousands) of kilometers
apart such as in the NTN environment. In this case, the Earth’s curvature,
as well as the elevation angle, play an important role. Therefore, the 3GPP
suggests to use a Geocentric Cartesian coordinate system (or Earth-Centered
Earth-Fixed (ECEF) system), where the position of a node is still described
by three values (x,y,z), but now the origin of the axes lays in the center
of the Earth, which is modeled as a sphere of radius R = 6371 km. The
x-y plane defines the equatorial plane, with the x-axis pointing at o-degree
longitude, the y-axis pointing at go-degree longitude, and the z-axis pointing
at the geographical North Pole. Then, terrestrial nodes on the surface of
the Earth are deployed so that 1/x2 + 32 + z2 = R, while aerial/space nodes
flying/orbiting around the Earth are deployed so that /x% +y2 + 22 > R.

2.2.8 Implementation in ns-3

The proposed ns-3 implementation of the 3GPP TR 38.811 [43] NTN channel
model is based upon the TR 38.901 model presented in [73]. Despite the fact
that the newly introduced methods and classes are designed with the goal of
introducing minimal changes to the existing ns-3 APIs, some modifications
to the existing code structure are still required. A schematic of these changes,
which we make publicly available’, can be found in Figure 2.7. The remain-
der of this section describes more in detail our implementation of the NTN

channel model of [43] in ns-3.

2.2.8.1 Small-scale fading

The most significant modifications to the pre-existing ns-3 classes concern
the ThreeGppChannelModel class, which computes the small-scale propaga-
tion phenomena in the form of a complex channel matrix. Indeed, conversely
from the procedure implemented in [73], in the NTN channel model of [43]
most channel parameters depend on all the propagation scenario, LoS con-
dition, carrier frequency and elevation angle variables. To account for this,
we store the small-scale fading parameters in a nested map. The choice of this

data-structure is motivated by the good trade-off between code efficiency and

Ihttps://gitlab.com/mattiasandri/ns-3-ntn/-/tree/ntn-dev
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readability which it provides, considering that the possible combinations of
the input parameters is particularly high, i.e., 144.

In particular, we change the signature of the GetThreeGppTable() method
to include the MobilityModel instances of both transmitting and receiving
nodes. In such a way, we account for the dependence of the small scale pa-
rameters with respect to the elevation angle, which the model of [43] exhibits.
Finally, we include the required angular scaling factors for the propagation

scenarios that have a lower number of clusters than the ones described in TR

38.901 [46].

2.2.8.2 Coordinate systems

Instead of the coordinate system described in [46], the NTN channel model
of [43] considers the Geocentric Cartesian (or ECEF) coordinate system. We
introduce this reference system in ns-3 via the GeographicPositions class,
which provides methods to translate points represented using the coordinate
system of [46] to/from those of [43].

Moreover, with usability in mind, we also implement a geographic coor-
dinate system which allows ns-3 user to specify positions using the system
of [43] in a more convenient manner. This auxiliary reference system repre-
sents positions as points exhibiting a relative altitude from their projection
on the surface of the Earth. That is to say, any location on, or possibly
above, Earth is referenced by a longitude ¢, a latitude A and an altitude
h. To this end, we implement in the GeographicPositions class the meth-
ods GeographicToTopocentricCoordinates and TopocentricToGeographic-
Coordinates, which can be used to translate positions between geocentric
and non-geocentric geographic coordinate systems.

For the conversion between any of the newly introduced models, and the
cartesian reference system of [46], we introduce a reference point of transla-
tion between the two classes of coordinate systems, following the procedure
outlined in [74, Ch. 4].

2.2.8.3 Channel condtion

To model the channel condition for the NTN propagation scenarios, we create

the classes:

® ThreeGppNTNDenseUrbanChannelConditionMode;
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® ThreeGppNTNUrbanChannelConditionMode;
® ThreeGppNTNSuburbanChannelConditionMode; and
® ThreeGppNTNRuralChannelConditionMode.

Each of these derives from the base class ThreeGppChannelConditionModel,
which in turn implements the ChannelConditionModel interface.

These channel condition classes interact with the remainder of the spectrum
module as follows. Whenever the GetChannelCondition method is called, the
newly introduced NTN ChannelConditionModel classes compute the channel
state and cache it, along with its generation time. Then, the following calls
to GetChannelCondition retrieve the previously stored value, if it has not

expired. Otherwise, they compute a new LoS condition.

2.2.8.4 Path loss and shadowing

We implement the path loss and shadowing models of [43] in four dif-
ferent classes, as depicted in Figure 2.7. The latter extend the ThreeGpp-
PropagationLossModel class, which in turn implements the Propagation-
LossModel interface.

The classes which implement this interface shall override the DoCalcRx-
Power, returning the received power based on the positions of the communi-
cating endpoints, and when considering frequency-flat phenomena only. In
the case of the NTN propagation scenarios of [43], these phenomena com-
prise the typical free space path loss, on top of tropospheric and ionospheric

scintillation, shadow fading, clutter loss, and atmospheric absorption.

2.2.8.5 Geocentric mobility models

Along with the geographic coordinate systems, we implement a new mo-
bility model, i.e., GeocentricConstantPositionMobilityModel, which allows
ns-3 users to position nodes using real world coordinates. Specifically, the
latter class stores positions via the variable m_position, which specifies their
geographic coordinates.

When using these mobility models, the position of a node can be retrieved
(set) using the methods GetGeographicPostion (SetGeographicPostion) and

GetGeocentricPosition (SetGeocentricPosition). In turn, these methods
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rely on the functionality provided by the class GeographicPosition for trans-
lating between different coordinate systems.

Notably, the conversion from geocentric cartesian or geographic coordi-
nates, to the coordinate systems used by ns-3, uses by default the so-called
reference point “Null Island” (0,0,0). Nevertheless, ns-3 users are given the
possibility of tuning this value by using the GeocentricConstantPosition-
MobilityModel attribute SetCoordinateTranslationReferencePoint.

2.2.8.6 Antenna models

The circular aperture reflector antenna model currently implemented in ns-3,
i.e., ParabolicAntennaModel, is based on a parabolic approximation of the
main lobe radiation pattern, as described in [75] and [76]. This simplifica-
tion reduces the computational complexity of the field pattern calculation, by
avoiding the Bessel functions evaluations that the circular aperture antenna

would require, and using trigonometric approximations instead.

As part of our contributions, we leverage the efficient implementation of
the Bessel functions which has been introduced with C++17 to implement an
exact circular aperture reflector antenna model. Specifically, we introduce
this functionality extending the AntennaModel via the CircularAperture-
AntennaModel class. The latter allows ns-3 users to steer the pointing di-
rection of the antenna via the SetOrientation and SetInclination methods.
Similarly, the operating frequency and the aperture radius can be tuned by
using the methods SetOperatingFrequency and SetApertureRadius.

2.2.9 Examples and Comparisons

In this section we validate the accuracy of our ns-3 module for the NTN
channel, and compare simulation results with the calibration reported in TR
38.821 [23]. Furthermore, we provide numerical results to measure link-level
and end-to-end performance (including throughput and packet drop ratio).
We focus on satellites, even though the model is valid for different NTN

scenarios.
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Table 2.2: Link-level comparison between the 3GPP calibration results (“3GPP”) and
those obtained in simulations (“Obtained”). Header acronyms: Free Space
Path Loss (FSPL), Atmospheric Loss (AL), Scintillation Loss (SL), Carrier-
to-Noise Ratio (CNR). All values are in dB.

SC | Tx | Source FSPL | AL | SL | CNR
. | DL 3GPP 2106 | 1.2 | 1.1 | 11.6
Obtained | 210.6 | 1.4 | 1.1 | 11.3
.o 3GPP 214.1 | 1.1 | 1.1 | 0.5
Obtained | 2142 | 1.4 | 1.1 | 0.1
6 | DL 3GPP 179.1 | 0.5 | 0.3 | 85
Obtained | 179.9 | 0.5 | 0.3 | 8.6
6 | UL 3GPP 182.6 | 0.5 | 0.3 | 184
Obtained | 182.6 | 0.5 | 0.3 | 184
o | DL 3GPP 159.1 | 0.1 | 2.2 | 6.6
Obtained | 159.1 | 0.0 | 2.2 | 6.7
o | UL 3GPP 159.1 | 0.1 | 2.2 | 2.8
Obtained | 159.1 | 0.0 | 2.2 | 2.4
u | DL 3GPP 164.5 | 0.1 | 2.2 | 7.2
Obtained | 164.5 | 0.0 | 2.2 | 7.3
| UL 3GPP 164.5 | 0.1 | 2.2 | -2.6
Obtained | 164.5 | 0.0 | 2.2 | -3

2.2.9.1 Link-Level Results

While ns-3 enables system-level simulations, an evaluation of the link-level
performance is still useful to validate the technical accuracy of our module.
Hence, in this section we run link-level simulations to compare the calibration
results from the 3GPP [23] with results from our module.

The 3GPP identifies 30 calibration study cases [23, Tab. 6.1.1.1-9], which
include a combination of different satellite orbits, frequency bands, and an-
tenna configurations for the ground terminal. Link-level calibration results
are reported in [23, Tab. 6.1.1.2], including results for the Free Space Path
Loss (FSPL), atmospheric loss (AL) and scintillation loss (SL), and the Carrier-
to-Noise Ratio (CNR). Specifically, the CNR is calculated as described in [23,
Section 6.1.3.1].

For this comparison we selected four study cases, considering both Up-
link (UL) and Downlink (DL) transmissions, that illustrate four representa-
tive NTN scenarios. Specifically:
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¢ Study Case 1 (SC1): GEO satellite, 45 degrees of elevation, VSAT an-
tenna for the ground terminal, Ka-band.

¢ Study Case 6 (SC6): LEO satellite at 600 km, 9o degrees of elevation,
VSAT antenna for the ground terminal, Ka-band.

¢ Study Case 9 (SC9): LEO satellite at 600 km, 9o degrees of elevation,
UPA antenna for the ground terminal, S-band.

¢ Study Case 14 (SC14): LEO satellite at 1200 km, 9o degrees of elevation,
UPA antenna for the ground terminal, S-band.

The complete list of parameters used in the calibration can be found in [23,
Section 6.1]. In Tab. 2.2 we report the calibration results (“3GPP”) and those
from our simulations (“Obtained”). We can see that, despite some minor
variations, numerical result are compatible under all metrics, thereby vali-
dating the accuracy of our module. As expected, the FSPL increases as the
distance between the ground terminal and the satellite , as well as the carrier
frequency, increase, due to the more severe effect of atmospheric losses. In
particular, the impact of the carrier frequency is quite significant: for LEO
satellites, for example, the FSPL grows from around 160 dB in the S-band
(SC6) to around 180 dB in the Ka-band (SCg). In any case, we can see that,
even considering long-rage GEO satellites in the Ka-band, the CNR is large
enough to support adequate levels of communication, especially in downlink.
We shed light on two main trends. First, uplink communication is generally
worse than downlink, except for SC6. This is reasonable, and due to the
fact that ground terminals are more constrained in terms of power availabil-
ity, capacity, and size (e.g., for antenna deployment). Second, according to
the 3GPP model, LEO satellites have more severe hardware constraints than
GEO satellites (e.g., LEO’s effective isotropic radiated power (EIRP) in the
Ka-band is as low as 36 dBW, vs. 66 dBW for GEO): as a result, the CNR for
SC6 is around 50% lower than for SC1, which makes LEO communication

more difficult.

Frequency Test

While the 3GPP identifies the S-band (at 2 GHz) and the Ka-band (at 20 GHz
for DL and 30 GHz for UL) as frequencies of interests, the NTN channel
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Table 2.3: Simulation parameters.

Parameter Value

Frequency 20 GHz =+ 100 GHz
Satellite orbit GEO

Satellite altitude 35786 km
Elevation angle 90 deg

Tx. mode Downlink
Transmit power 37.5 dBm

Satellite antenna | Circular aperture (Gain: 58.5 dB)

Terminal antenna | VSAT (Gain: 39.7 dB)

Scenario Suburban
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Figure 2.8: The SNR for different carrier frequencies. We consider a GEO satellite,
with the parameters in Tab. 2.3.

model is valid for a wide range of frequencies, from 0.5 GHz to 100 GHz.
Therefore, in Figure 2.8 we plot the Signal-to-Noise Ratio (SNR), which is an
indication of the quality of the channel, as a function of the carrier frequency,
with a resolution of 8 MHz. The other parameters are summarized in Tab. 2.3.

We observe that the SNR decreases linearly (in the log scale) as the fre-
quency increases, with a deep degradation at 60 GHz. This is because of the
impact of atmospheric absorptions described in Section 2.2.3, more specifi-
cally the additional signal attenuation experienced at 60 GHz due to oxygen

absorption (as large as 15 dB/km).

Mobility Test

Our new mobility model for NTN (see Section 2.2.8.5) allows to change the

position of the nodes during the simulation, thus to evaluate the effect of dif-
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Figure 2.9: The SNR for different angular positions of a GEO satellite, with the pa-
rameters in Tab. 2.3.

ferent parameters such as the elevation angle, the antenna radiation pattern,
and the altitude.

First, we run simulations where we iteratively change the coordinates of
a satellite, which traces an arc of 6 degrees in the GEO orbit (from 8.8 to
14.8 degrees of longitude). The receiving node on the ground is deployed so
that it is perpendicular to the satellite in the mid point of its trajectory. The
rest of the parameters are set as in Tab. 2.3. Notably, the orientation of the
antenna is not changed during the simulation, so that satellite and ground
terminal are perfectly aligned only when the former is exactly perpendicular
to the latter. In Figure 2.9 we plot the corresponding SNR, which resembles
the circular antenna radiation pattern of the satellite as per Eq. (2.23), which
therefore defines the power profile of the received signal.

Second, in Figure 2.10 we plot the SNR for different values of the altitude
of the satellite, from 300 to 1600 km to consider different LEO satellite ar-
chitectures. We see that the SNR decreases as the altitude of the satellite
increases, even though it is consistently above o dB in all configurations.

2.2.9.2 End-to-End Performance

Unlike other simulators, ns-3 incorporates an accurate model of the whole
ISO/OSI protocol stack, thus enabling scalable end-to-end simulations. No-
tably, end-to-end results can be collected to validate and measure the per-
formance of communication networks, so ns-3 stands out as a valid tool to
dimension NTN systems too. To do so, we consider a downlink applica-

tion transmitting data (in the form of UDP packets) at a constant rate of
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Table 2.4: End-to-end performance. Acronyms: Orbit Type (OT), Transmit power
(TxP), Throughput (TP), Drop Rate (DR), Frequency Band (FB), Terminal
antenna (TA).

SC | 1 6 ‘ 9 14

OT | GEO LEO (600 km) LEO (1200 km)
TxP | 37.52 dBm 21.52 dBm 48.77 dBm 54.77 dBm

FB Ka-band Ka-band S-band S-band

TA | VSAT VSAT UPA UPA

TP | 3.811 Mbit/s | 3.286 Mbit/s | 4.101 Mbit/s | 5.161 Mbit/s
DR | 0.61 0.67 0.45 0.36

SNR [dB]

| | | | | |
0.4 0.6 0.8 1 1.2 14 1.6

Altitude [m] -106

Figure 2.10: The SNR for different values of the altitude of a LEO satellite, with the
parameters in Tab. 2.3.

10 Mbit/s. We test the four study cases presented in Section 2.2.9.1, so to
consider both GEO and LEO satellites, and different altitudes, antenna con-
figurations, and both communication in the Ka- and S-band. Simulations
results are reported in Tab. 2.4 in terms of end-to-end throughput (TP) and
packet drop rate (DR), which is defined as the ratio between the number of
received packets and the total number of packets sent at the application layer.
We observe that both GEO-to-ground and LEO-to-ground communication is
teasible, provided that the satellite operates with large-scale antennas offer-
ing fine-grained beams on the ground, and at high transmit power. Notice
that the DR is quite significant, especially in the Ka-band, which requires the
design of appropriate Automatic Repeat reQuest (ARQ) schemes to deal with
retransmissions.
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2.3 Improving the scalability of wireless channel simulation in

ns-3

Channel models range from simple models that just consider a propagation
loss component combined with Nakagami-m or Rayleigh fading but fail to
capture the spatial dimension of the channel and the interactions with beam-
forming [77], to deterministic models that are very accurate in specific sce-
narios but are much more complex and require a precise characterization
of the environment [78]. To address the complexity-accuracy trade-off, the
3GPP has adopted a stochastic channel model for simulations of 5G and be-
yond networks [46]. Stochastic channel models are generic, thanks to their
stochastic nature, and can model interactions with multiple-antenna arrays.
The latter was included in ns-3 thanks to the efforts of Tommaso Zugno in
the 2019 Google Summer of Code [45], and later extended to address ve-
hicular scenarios in [79] and industrial scenarios in [80]. As a consequence,
the current spatial channel model implemented in ns-3 is very accurate for
simulations in line with 3GPP specifications for a wide range of frequencies.
However, it represents the main bottleneck in terms of computational com-
plexity when considering large-scale simulations with many multi-antenna
nodes, especially when equipped with large antenna arrays. This is because
of the intrinsic complexity in the generation of the channel model according
to 3GPP specifications, and the need to deal with inefficient tensor structures.
In fact, the channel matrix in the ns-3 implementation of the 3GPP spatial
channel model is currently implemented as a 3D structure made of nested
vectors, whose dimensions depend on the number of the transmit antennas,
receive antennas, and clusters.

The design of computationally efficient yet accurate channel models has
been a topic of interest also in the Wireless Local Area Network (WLAN)
space. The authors of [81, 82] present a frequency-selective channel for
WLANS, and use Exponential Effective SNR Mapping (EESM) L2SM to in-
tegrate their model with the ns-3 system-level Wi-Fi implementation. More-
over, they develop a framework which leverages cached statistical channel
matrix realizations to directly estimate the effective SNR, thus further im-
proving the computational efficiency of the model. Specifically, the latter is
modeled as a parameterized log-SGN random variable. They extend their

work in [83], by accounting for the channel correlation over time. More-
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over, [84] compares statistical channel models for the 60 GHz band with the
Quasi Deterministic (QD) Ray Tracer (RT) of [85].

In the remainder of this section, we summarize the efforts carried out in
the 2022 Google Summer of Code to further optimize the code in ns-3 in two
directions: 1) improving the efficiency of the code by allowing the use of the
Eigen library, and 2) proposing a new performance-oriented MIMO channel
model for reduced complexity in ns-3 large-scale simulations.

2.3.1 Efficient MIMO modeling with the Eigen library

The use of multiple antennas both at the transmitter and at the receiver, a
fundamental feature of modern wireless systems, makes a scalar represen-
tation of the channel impulse response insufficient. Instead, MIMO chan-
nels are usually represented in the form of a complex matrix H € CUY*%,
whose elements depict the channel impulse response between the U and
S radiating elements of the transmitting and receiving antenna arrays, re-
spectively [46]. This peculiarity significantly increases the computational
complexity of MIMO channel models, compared to Single Input Single Out-
put (SISO) ones, since the complex gain of the channel must be evaluated
for each pair of transmit and receive antennas. Notably, previous analyses
identified in statistical channel models the main bottleneck for system-level
MIMO wireless simulations. In typical m-MIMO 5G scenarios, where the
devices feature a high number of antennas, the channel matrix generation
and the computation of the beamforming gain represent up to 90% of the
simulation time [30].

In light of these limitations, as the first of our contributions, we optimized
the implementation of the 3GPP TR 38.901 model in ns-3 introduced in [45].
First, we observed that, as of ns-3.37, part of the trigonometric operations of
the GetNewChannel method of the ThreeGppChannelModel class are unneces-
sarily repeated for each pair of transmitting and receiving radiating elements.
This represents a significant inefficiency, since the inputs of these functions,
i.e., the angular parameters of the propagation clusters, depend on the cluster
index only. Moreover, the standard library sin and cos functions are partic-
ularly demanding to evaluate. Therefore, we cached the trigonometric evalu-

ations of these terms prior to the computation of H’s coefficients, effectively
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reducing the complexity of the trigonometric operations from O(U x S x N)
to O(N), where N is the number of propagation clusters.

Then, we focused on improving the algebra manipulations of the channel
matrix performed in the ThreeGppSpectrumPropagationLossModel by intro-
ducing the support for the open-source library Eigen in ns-3. Eigen is a linear
algebra C++ template library that offers fast routines for algebra primitives
such as matrix multiplication, decomposition and space transformation [47],
and is used by many open-source frameworks such as TensorFlow.

We set Eigen as an optional, external ns-3 dependency, with the goal of
minimizing future code maintenance efforts, and thus mimicking the sup-
port for other third-party libraries. To get Eigen, ns-3 users can either rely on
packet managers, i.e., install the package libeigen3-dev (eigen) for Linux
(Mac) systems, or manually install the library by following the official in-
structions®>. Then, Eigen can be enabled via a custom flag defined in the
macros-and-definitions.cmake file, and its presence in the system is shown
to the user by exposing whether it has been found or not via the ns3--
config-table.cmake file. The latter also defines the preprocessor definition
HAVE_EIGEN3, which is used in the ns-3 source files to discern Eigen’s avail-
ability. Finally, the linking of Eigen with the ns-3 source files is taken care of
by the CMake configuration file provided by the library itself, as suggested in
the related ns-3 guide.

To prevent the need for Eigen to be installed in the host system, we devel-
oped a common set of APIs between the Eigen- and the Standard Template
Library (STL)-based data structures and primitives. Thanks to this choice,
the remainder of the spectrum code is completely abstracted with respect to
the presence of the library. Given that most of the needed operators can not
be overloaded for STL C++ vectors (for instance, operator()), the common
interface for both Eigen and STL’s based vectors and matrices has been im-
plemented by defining ad hoc structs with custom operators. In particular,
we defined:

¢ The complex vector type PhasedArrayModel: : ComplexVector. This data-
structure is defined as an std: : vector of std: : complex<double> when-
ever Eigen is not installed, and as an Eigen vector of std: : complex<double>
otherwise. The set of APIs includes operators [] and !=, which can be

2https://gitlab.com/libeigen/eigen/-/blob/master/INSTALL
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used to access the vector entries and to compare pairs of vectors, re-
spectively. Additionally, we defined the STL-like methods size, norm
and resize, which return the vector size, its £2-norm, and allow the
user to resize the underlying container, respectively. These definitions
follow the typical STL notation, as it is supported by Eigen as well.

* The complex matrix type MatrixBasedChannelModel: : Complex2DVector.
In this case, the underlying type is a nested std: :vector of std: : complex-
<double> for when Eigen is disabled, and an Eigen matrix whose en-
tries are of type std: :complex<double> otherwise.

In this case, we aligned the notation to the APIs provided by Eigen.
Specifically, the matrix elements can be accessed via the operator (),
which takes as arguments the row and column indices of the entry,
while the method resize allows users to resize matrices by specifying
the number of rows and columns. In turn, these can be accessed via the
rows and columns methods, respectively.

¢ The 3D matrix MatrixBasedChannelModel: : Complex3DVector. This data
structure is defined, regardless of Eigen’s availability, as an std::-
vector of MatrixBasedChannelModel::Complex2DVector. In this case,
the only method provided is MultiplyMatByLeftAndRightVec, which
computes a product of the type wr Hw}, where H € CY*5, wr € C1*U
and wg € C'5. Notably, this computationally demanding evalua-
tion, which is required for computing the beamforming gain in Three-
GppSpectrumPropagationLossModel, leverages Eigen’s optimized algo-
rithms whenever the library is installed in the host system.

Finally, we remark that the support for Eigen in the ns-3 codebase can
possibly be further extended to improve the efficiency of other linear algebra
operations, such as the Singular Value Decomposition (SVD) which is used
in the mmwave and nr modules to compute optimal beamformers, and the
matrix-by-matrix multiplications needed for relayed channels [86].

2.3.2 A performance-oriented MIMO statistical channel model

The second approach to reduce computational complexity we propose in this
section is a MIMO channel model for simulating large m-MIMO scenarios,
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implemented in the class TwoRaySpectrumPropagationLossModel. The goal of
this auxiliary model is to offer a faster, albeit slightly less accurate, statistical
channel model than the 3GPP TR 38.901 framework of [45] by preventing the
need for the computation of the complete channel matrix. In line with [46],
the frequency range of applicability of this model is 0.5 — 100 GHz, although
the framework can be possibly extended to support higher frequencies as
well.

The overall channel model design follows the approach of [87], i.e., the
end-to-end channel gain is computed by combining several loss and gain
terms which account for both large- and small-scale propagation phenom-
ena, and the antenna and beamforming gains. In particular, let T be a device
transmitting a signal x with power P}, and R be another device in the simula-
tion (which may or may not be the intended destination of x). The proposed
model implements the PhasedArraySpectrumPropagationLossModel interface

by estimating P%, i.e., the power of x received at R, as follows:

Px[dBm] = P}[dBm] — PLt r[dB] (2.24)
+ St.r[dB] + Gr,r[dB] + Fr,r[dB],

where the terms PLtr and St r represent the path loss and the shadowing,
respectively, while Gt g and Frr denote the antenna and beamforming gain
and the small-scale fading, respectively. The remainder of this section de-

scribes in detail how each of these terms is computed.

2.3.3 Path loss, Shadowing, and LoS Condition

The large-scale propagation phenomena are modeled according to the 3GPP
TR 38.901 model [46], since its implementation of [45] is not computationally
demanding. Nevertheless, the channel model can in principle be coupled
with arbitrary classes extending the ChannelConditionModel interface.
Specifically, we first determine the 3GPP scenario. Then, for each link we
set the LoS condition in a stochastic manner, using the class extending Three-
GppChannelConditionModel which corresponds to the chosen scenario.

Then, we compute the path loss using the 3GPP TR 38.901 formula

PLTr = Alog,,(d) + B + Clog,,(fc)[dB], (2.25)
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where 4 is the 3D distance between the transmitter and the receiver, fc is the
carrier frequency, and A, B and C are model parameters which depend on
the specific scenario and the LoS condition.

To account for the presence of blockages, an optional log-normal shad-
owing component Str and an outdoor-to-indoor penetration loss term are
added to PLtR.

2.3.3.1 Antenna and Beamforming Gain

The combined array and beamforming gain is computed using the approach
of [88]. The proposed model supports the presence of multiple antenna ele-
ments at the transmitter and at the receiver, and arbitrary analog beamform-
ing vectors and antenna radiation patterns. Therefore, ns-3 users can use this
model in conjunction with any class that implements the AntennaModel inter-
face. In this implementation, we focus on UPAs, although the methodology
is general and can be applied to arbitrary antenna arrays.

Let 6 and ¢ be the relative zenith and azimuth angles between transmitter
and receiver, respectively, and let w(6p, ¢9) denote the beamforming vector
pointing towards the steering direction (6y, ¢o). We denote with U = U,U,
the total, horizontal, and vertical number of antenna elements, respectively,
and with dy, d, their spacing in the horizontal and vertical domains of the
array, respectively.

Considering first isotropic antennas, the gain pattern of a UPA, in terms of
received power relative to a single radiating element, can be expressed as [89]

2

G%,OR(gr 9) = |a; (6, ¢)w(6o, 90)| , (2.26)

where a;(6, ¢) is the array response vector, whose generic entry m,n with
me{0,...,U,—1},n € {0,...,U, — 1} reads

a;(0, 9)mn =exp (jzfmdv cos(9)> exp (jz/(tndh sin(6) sin(<p)> .

In this work, which supports arbitrary antennas, each antenna element
(m,n) actually exhibits a generic radiation pattern g(6, ), towards direc-
tion (0, ¢). In particular, we assume that ¢(6, @), is constant for all the
elements of the array, i.e., (0, 9)mn = (6, 9). Accordingly, we compute
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(b) Directional antenna radiation pattern of [46, Section 7.3].

Figure 2.11: Overall array and beamforming gain of a UPA, for isotropic and
3GPP [46, Section 7.3] radiating elements and {1x1, 2x2, 4x4, 8x8} an-
tenna configurations. The steering direction is fixed to (6p, ¢9) =
(0°,0°), and 6 = 0°.

Grr(6, @) in the ComputeBeamformingGain function of the TwoRaySpectrum-
PropagationLossModel class as

Grr(6, ¢) = GE%(0, 9)|3(6, 9) . (2.27)

Figures 2.11a and 2.11b report Gr (6, ¢) for both the isotropic (Isotropic-
AntennaModel) and the 3GPP (ThreeGppAntennaModel) radiation patterns, re-
spectively.

It can be noted that our model abstracts the computation of the received
signal power as a SISO keyhole channel [9o], which is then combined with

the spatial antenna gain patterns at the transmitter/receiver to obtain the
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received power. This approximation is possibly imprecise when considering
NLoS links, due to the lack of a dominant multipath component. To account
for this limitation, we introduce a multiplicative correction factor 1 which
scales the beamforming gain as G/T,R(G, ¢) = nGrr(6, @). In line with [91],
we sety =1/19.

2.3.3.2 Fast Fading

The widely used Rayleigh and Rician distributions fail, even in their general-
ized forms, to capture the intrinsic bimodality exhibited by mmWave scenar-
ios [92—94]. Therefore, in our implementation we model fast fading using the
more general Fluctuating Two-Ray (FTR) model of [95]. This fading model
assumes that the received signal comprises two dominant specular compo-
nents and a mixture of scattered paths, thus modeling the amplitude of the
received signal V; as

Vy = Viv/Eexp(jr) + Va/Cexp(jgn) + X + Y, (2.28)

where ¢, ¢, are statistically independent random phases, distributed as
¢i ~ U[0,27t]. X and Y are independent Gaussian random variables, i.e.,
X, Y ~ N(0, 02), which represent the diffuse component of the received sig-
nal, which is assumed to be the superposition of multiple weak scattered
waves with independent phase. Finally, ¢ is a unit-mean Gamma distributed
random variable with rate m and Probability Density Function (PDF)

mmumfl
fe(u) = W”P(—m”) (2.29)
In our implementation, Frr = |Vr\2 is sampled via the GetFtrFastFading

function of the TwoRaySpectrumPropagationLossModel class.

The FIR fading model is usually expressed as a function of the Gamma
rate m and the auxiliary parameters

. VR4V
K - T (2.30)
2ViVs
= ——— ¢€(0,1], .
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Figure 2.12: Small-scale fading gain statistics for the UMi propagation scenario ver-
sus the carrier frequency fc, for both LoS and NLoS channel conditions.

where K represents the ratio of the power of the specular components with
respect to the diffuse ones, while A denotes how similar the received powers
of the specular components are. By tuning these parameters, a high degree
of flexibility can be achieved. Notably, a choice of A = 0 effectively yields a
Rician-distributed signal amplitude [95].

Calibration. In our work, we calibrated the Vi, Vo and m parameters of the
FTR fading model using the full 3GPP TR 38.901 channel model as a refer-
ence. In particular, we first obtained the statistics of the small-scale fading
of the 3GPP model, using an ad hoc calibration script (three-gpp-two-ray--
channel-calibration.cc). The script produces a collection of channel gain
samples obtained by using the ThreeGppSpectrumPropagationLossModel and
the ThreeGppChannelModel classes, and neglecting the beamforming gain,
path-loss, shadowing and blockages. Accordingly, we isolate the variation
around the mean received power caused by the small-scale fading only. A
separate set of these samples has been retrieved for both LoS and NLoS chan-
nel conditions, the different propagation scenarios of [46], and a set of carrier
frequencies ranging from 0.5 to 100 GHz. However, a preliminary evaluation
of the obtained data showed a negligible dependence of the small-scale fad-
ing with respect to the carrier frequency, as can be observed in Figure 2.12.
Therefore, we calibrated the FTR parameters considering only the channel

condition and the propagation scenario.
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The small-scale fading samples have been used to estimate the A, K and m
FTR parameters, and then derive analytically the values of V; and V; yield-
ing the fading realizations that are the closest (in a goodness-of-fit sense) to
the TR 38.901 model. To this end, we defined a discrete grid of FIR pa-
rameters, spanning their whole domain, and considered the corresponding
set of parameterized FIR distributions. To find the best matching one, we
measured the distance between each of these distributions and the 3GPP ref-
erence curves by using the Anderson-Darling goodness-of-fit test [96]. This
test is used to discern whether a sorted collection of n samples {Y3,...,Y,}

originates from a specific distribution, by evaluating the test statistic [96]
A= —n—S(F), (2.32)

where o1
——[In(F() + (= (FYa-))l,  @33)

S(F)=)

i=1
and F is the Cumulative Distribution Function (CDF) of the target distri-
bution. In the standard Anderson-Darling test, A% is then compared to a

pre-defined critical value to validate the hypothesis. Instead, in our work we
find the FTR distribution F,, x o which yields the lowest S. Specifically, for
each combination of propagation scenario, LoS condition and corresponding

samples {Y1,...,Y,} we find

For k+ a+ = argmin S(F g a)- (2.34)
m,K,A

Finally, we exported the calibrated FIR parameters into ns-3, by storing
them in SIM_PARAMS_TO_FTR_PARAMS_TABLE, i.e., an std: :map which associates
the propagation scenario and condition to the corresponding best fitting
FTR parameters. We remark that this calibration process represents a pre-
computation step which needs to be done only once. Indeed, when running
a simulation with this channel model, the FTR parameters get simply re-
trieved from the pre-computed lookup table by the GetFtrParameters func-
tion. Nevertheless, for the sake of reproducibility and maintainability of the
code, we provide this functionality in the Python script two-ray-to-three- -
gpp-ch-calibration.py.
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2.3.4 Benchmarks, examples and use cases

In this section, we provide an example on how to use the performance-
oriented channel model presented above, in conjunction with the New Ra-
dio (NR) [34] module, to simulate 5G MIMO networks. Moreover, we present
benchmarks which quantify the simulation time reduction achieved with this
work, and we outline some possible use cases.

2.3.4.1 Examples and Benchmarks

We demonstrate how to use the performance-oriented channel model in the
cttc-nr-demo-two-ray script, i.e., a custom version of the cttc-nr-demo ex-
ample which is included in the NR module. The script deploys Nenp 5G
NR base stations, along with Ny users in each cell. Each UE uploads data
using two Bandwidth Parts (BWPs) operating at 28 and 30 GHz, respectively.
Both base stations and user terminals feature UPAs with multiple radiating
elements.

Most simulation parameters can be tuned by ns-3 users. Notably, the script
provides the possibility to choose whether to use the 3GPP TR 38.901 channel
model of [45] or the FTR-based channel model proposed in this work. In such
regard, the use of the TwoRaySpectrumPropagationLossModel, instead of the
TR 38.901 one, is achieved by:

1. Setting the TypeId of the SpectrumPropagationLossModel factory to
TwoRaySpectrumPropagationLossModel;

2. Creating an instance of the TwoRaySpectrumPropagationLossModel class
using the above factory, and setting the corresponding pointer as the
SpectrumPropagationLossModel of both BWPs;

3. Setting the attribute Frequency of the TwoRaySpectrumPropagationLoss-
Model instance as the BWP carrier frequency;

4. Specifying the 3GPP propagation scenario by setting the attribute Scenario;
and

5. Creating and setting the ChannelConditionModel by using the TwoRay -
SpectrumPropagationLossModel class
ChannelConditionModel attribute.
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Figure 2.13: Ratio of the median simulation times after the merge of this work with
the Eigen integration (T3°FP) and as per ns-3.37 (Tp), when using the
3GPP channel model of [46].
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Figure 2.14: Ratio of the median simulation times using the performance-oriented
channel model presented in this work (T1R) and the 3GPP channel
model of [46] after the merge of this work. In this case, Eigen is dis-
abled.

On the other hand, the Eigen optimizations simply require users to have
the corresponding library installed in their system, and to enable Eigen when
configuring ns-3, using the flag enable-eigen.

We validated our contributions by benchmarking the simulation times ex-
hibited by the above simulation script, which depicts a typical MIMO 5G NR
scenario. To such end, we varied the number of gNB antennas and UEs de-
ployed, and we timed 100 simulation runs for each parameter combination.
Figure 2.13 reports the ratio of the median simulation time achieved when
using the Eigen-based optimizations, and of the same metric obtained us-
ing the vanilla ns-3.37. It can be seen that the matrix multiplication routines
offered by Eigen can significantly reduce simulation times. For instance, a re-

duction of 5 times in the simulation time is achieved when equipping gNBs

54



2.3 Improving the scalability of wireless channel simulation in ns-3

—— Two-Ray model === 3GPP TR 38.901 model
1 T T
0.8 - - 1
é 0.6 |- -1 =
o 0.4 |- 4 |
0.2 -+ =
0 ] | |
—40 —-20 0 20 —40 -20 0 20
SINR [dB] SINR [dB]
a) InH-OfficeMixed b) RMa
=3 |
A
Q
53] -

SINR [dB] SINR [dB]

c) UMa d) UMi-Street Canyon

Figure 2.15: ECDF of the SINR obtained using the 3GPP channel model of [46], and
the performance-oriented channel model presented in this work, for dif-
ferent propagation scenarios.

with 256 radiating elements. Similarly, Figure 2.14 depicts the ratio of the
median simulation time obtained by using the FTR-based channel model,
and the 3GPP TR 38.901 with Eigen disabled. In this case the computational
complexity improvement is even more dramatic, with simulations taking as
low as 6 % of the time to complete, with respect to the 3GPP model imple-
mentation of [45]. As a reference, the median simulation time obtained on
an Intel® i5-6700 processor system, before the merge of this work and for
{2,4,8} users is {64.7,210.5,666.6} [s], respectively.

Finally, we also computed (using the same simulation script, i.e., cttc--
nr-demo-two-ray) the SINR statistics achieved by the proposed FIR-based
model, and compared them to those obtained using the model of [45]. As can
be seen in Figure 2.15, the two models provide similar results. Indeed, a non-
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negligible difference can be found only in the case of the InH-0fficeMixed
propagation scenario.

We remark that all the results presented in this section can be reproduced
by using the SEM [97] scripts which we provide?.

2.3.4.2 Use Cases

The main goal of both the performance oriented channel model and the opti-
mizations to the 3GPP TR 38.901 model is to enable system-level simulations
of large-scale MIMO scenarios for which the implementation of [45] exhibits
prohibitive computational complexity. Specifically, our contributions allow
ns-3 users to simulate wireless deployments where the devices feature an-
tenna arrays with more than hundreds of radiating elements, and/or the
number of communication endpoints is particularly high. For example, the
modifications presented in this work can be used in the NR and mmwave [33]
modules (which both already support the proposed channel models) to sim-
ulate massive MIMO 5G NR networks. Notably, a preliminary version of the
Eigen port has been used in conjunction with the mmwave [33] module to sim-
ulate 5G networks aided by IRSs, i.e., devices which feature up to 100 x 100
reflecting elements [98].

Moreover, since the supported frequency range is 0.5 — 100 GHz, this en-
compasses not only terrestrial 5G and Long Term Evolution (LTE) deploy-
ments, but also most non-terrestrial networks and IEEE Radio Access Tech-
nologys (RATs). Finally, the proposed TwoRaySpectrumPropagationLossModel
can be further extended to support frequencies above 100 GHz using refer-
ence fading and path loss statistics.

2.4 Conclusions and future work

In this chapter, we proposed a signal model for IRSs and AF relays based on
the 3GPP TR 38.901 channel for 5G NR networks, and explained the method-
ology we used to perform network-level simulations of 5G and beyond sce-
narios with IRS and AF relay nodes. Based on this framework, we performed

simulations to provide numerical guidelines to dimension IRS/AF-assisted

3https://gitlab.com/pagmatt/ns-3-dev/-/tree/gsoc-wns3
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2.4 Conclusions and future work

networks. Moreover, we presented an ns-3 implementation of the 3GPP chan-
nel model for NTNs, developed following the specifications provided in [43].
The code, which is publicly available at [99], well integrates with the rest
of the ns-3 framework, and enables full-stack end-to-end simulations in dif-
ferent NTN scenarios. We validated the link-level and end-to-end accuracy
of our module against 3GPP calibration results reported in [23]. Finally, we
presented a set of optimizations concerning the simulation of MIMO wire-
less channels in ns-3. These improvements comprise the optimization of the
related linear algebra routines, and the design and implementation in ns-3
of a performance-oriented statistical channel model based on the FIR fading
model, which further reduces the simulation time of MIMO scenarios.

As part of our future work, we plan to extend our smart relays simulator
by considering more sophisticated scenarios in which heterogeneous types
of relays are deployed, and compare the numerical performance of IRS/AF
relays with that of IAB. Moreover, we will also relax some of our assumptions
by considering quantization of the relay phase shifters.

Furthermore, we foresee to further extend our NTN module to simulate
end-to-end NTN 5G NR networks. To this end, we will incorporate addi-
tional functionalities, such as a delay model, along with the adaptations to
the terrestrial 5G NR protocol stack which it entails, and the support for
satellite mobility.

Additionally, we plan to further improve the scalability of the wireless
channel simulation framework in ns-3 by studying more refined beamform-
ing gain correction factors, and possibly making the estimation of such term
scenario-dependent. Moreover, we envision to design more efficient stor-
age/access data structures and linear algebra operations for 3D matrices, by
better leveraging Eigen also in this context. Finally, we will consider using
Single Instruction, Multiple Data (SIMD) for speeding up the evaluation of
trigonometric functions, and caching the beamforming gain in the TwoRay-
SpectrumPropagationLossModel class to further reduce the simulation time

of MIMO scenarios in ns-3.
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next-generation cellular networks

Future wireless networks will accommodate data-rate intensive use cases
which include untethered Virtual Reality (VR) and mobile metaverse applica-
tions. This will further exacerbate the congestion of mobile access networks
and backhaul systems [100]. To accommodate this traffic increase, the 3GPP
has introduced various technological advancements with the specifications of
the 5G RAN and Core Network (CN), namely NR and 5G Core (5GC) [101].
In particular, NR features a user and control plane split, a flexible Orthogonal
Frequency Division Multiplexing (OFDM) frame structure, and the support
for mmWave communications, while the CN introduces virtualization and
slicing [102].

Notably, the use of the mmWave band, with typical deployments in the
spectrum around 28 GHz and 39 GHz [103], possibly coupled with sub-
terahertz mobile links [13, 104], represents the major technological enabler
toward the Gbit/s capacity target. Indeed, these frequencies are character-
ized by the availability of vast chunks of contiguous and currently unused
spectrum, in stark contrast with the crowded sub-6 GHz bands. However,
mmWaves and terahertz frequencies exhibit unfavorable propagation charac-
teristics, such as high isotropic losses and a marked susceptibility to block-
ages and signal attenuation [105, 106]. These issues can be partially mitigated
using beamforming through large antenna arrays, thanks to the small wave-
lengths and advances in low-power Complementary Metal-Oxide Semicon-
ductor (CMOS) RF circuits [107]; nevertheless, their introduction alone is not
enough for meeting the high service availability requirement. In fact, wireless
networks operating at such high frequencies will be deployed with extremely
high density, to improve the probability of LoS coverage and mitigate the
impact of the harsh propagation environment. Nonetheless, while the the-

oretical effectiveness of this technique is well understood [108], achieving
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dense cellular deployments is extremely challenging from a practical point
of view. Specifically, providing a fiber backhaul among base stations and
the CN is deemed economically impractical, even more so in the initial 5G
deployments [16].

To make ultra-dense deployments viable, the 3GPP has standardized an
extension of 5G NR, i.e., IAB, which exploits the same waveform and proto-
col stack to provide access to mobile users and wireless backhaul for gNBs
(i.e., the IAB nodes) thus limiting the need for fiber drops. The wireless back-
haul topology terminates at a gNB with fiber connectivity to the data core,
the IAB donor [109-111]. IAB also simplifies the deployment of cellular net-
works in on-demand or ad hoc contexts, as it removes the need for part of
the wired backhaul. Prior research has highlighted that IAB represents a cost-
performance trade-off [16, 110], as base stations need to multiplex access and
backhaul resources, and as the wireless backhaul at mmWaves is less reliable
than a fiber connection. In particular, IAB networks may suffer from exces-
sive buffering (and, consequently, high latency and low throughput) when a
suboptimal partition of access and backhaul resources is selected, thus ham-
pering the benefits that the high bandwidth mmWave links introduce [16, 60].
Therefore, it is fundamental to solve these non-trivial challenges to enable a
smooth integration of IAB in 5G and beyond deployments.

In this chapter, we introduce several solutions for optimizing routing and
backhaul/access resource partitioning in IAB networks. In particular, Sec-
tion 3.1 describes a semi-centralized resource allocation scheme for IAB net-
works, designed to be flexible, with low complexity, and compliant with the
3GPP IAB specifications. The proposed solution, which is based on the Maxi-
mum Weighted Matching (MWM) problem, is compared with state-of-the-art
distributed approaches through end-to-end, full-stack system-level simula-
tions with a 3GPP-compliant channel model, protocol stack, and a diverse
set of user applications. Results show that this scheme can increase the
throughput of cell-edge users up to 5 times, while decreasing the overall
network congestion with an end-to-end delay reduction of up to 25 times.
Section 3.2 describes Safehaul, a risk-averse learning-based solution for IAB
mmWave networks. Instead of optimizing the average latency performance,
Safehaul ensures reliability by minimizing the losses in the tail of the per-
formance distribution. We show via extensive simulations that Safehaul not
only reduces the latency by up to 43.2% compared to the benchmarks, but
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also exhibits significantly more reliable performance, e.g., 71.4% less vari-
ance in latency. Finally, in Section 3.3 we consider the deployment of mixed
mmWave and sub-terahertz links to increase the capacity of the backhaul net-
work, and provide the first performance evaluation of the potential of sub-
terahertz frequencies for 6G IAB. To do so, we develop a greedy algorithm
that allocates frequency bands to the backhaul links (considering constraints
on spectrum licenses, sharing, and congestion) and generates the wireless
network mesh. Then, we profile the performance through a custom exten-
sion of the open-source system-level simulator Sionna that supports Release
17 IAB specifications and channel models up to 140 GHz. Results show that
IAB with sub-terahertz links can outperform a mmWave-only deployment
with improvements of 4x for average user throughput and a reduction of up

to 50% for median latency:.
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3.1 Semi-centralized framework for resource management in
5G NR Integrated Access and Backhaul

The literature adopts different approaches to model and solve the resource al-
location problem in multi-hop wireless networks. The first, discussed in [112—
118] is based on conventional optimization techniques. Specifically, the au-
thors of [112] present a simple and thus tractable system model and find
the minimal number of gNBs featuring a wired backhaul that are needed to
sustain a given traffic load. Their work is further extended in [113], which
provides an analysis of the performance benefits introduced by additional,
fiber-less gNBs. In [114], the mobile network is modeled as a noise-limited,
k-ring deployment. Such model is then used to obtain closed-form expres-
sions for the max-min rates achieved by UEs in the network. Moreover, [115]
proposes a system model which leads to an NP-hard optimization problem,
even though it considers single-hop backhaul networks only, and uses deep
Reinforcement Learning (RL) to reduce its computation complexity. In [116],
the joint routing and resource allocation problem is tackled via a Linear Pro-
gramming (LP) technique. Notably, this work assumes that data can be trans-
mitted (received) toward (from) multiple nodes at the same time. Similarly,
the authors of [117] formulate a Time Division Duplexing (TDD), multi-hop
resource allocation optimization problem which leverages the directionality
of mmWave antennas, albeit in the context of Wireless Personal Area Net-
works (WPANSs). Since such problem is also NP-hard, a sub-optimum so-
lution is found. Finally, [118] focuses on joint link scheduling, routing and
power allocation in multi-hop wireless networks. As in previous cases the
obtained optimization problem is not tractable: in this instance such obstacle
is overcome by studying the dual problem via an iterative approach.

The second approach relies on stochastic geometry to model IAB net-
works [110, 119]. Specifically, [119] determines the rate coverage probability
of IAB networks and compares different access/backhaul resource partition-
ing strategies. Similarly, [110] provides a comparison of orthogonal and in-
tegrated resource allocation policies, although limited to single-hop wireless
networks.

Another significant body of literature leverages Markov Chains (MCs) to
study IAB networks; some of these works can be interpreted as a direct ap-
plication of such theory [120, 121], while others [122-125] exploit a more
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complex framework. The papers which belong to the former class are based
on the pioneering work of [126], which inspects the stability of generic multi-
hop wireless networks and formulates a throughput-maximizing algorithm
known as back-pressure. In particular, [120] focuses on the optimization of
the timely-throughput, i.e., takes into account that packets usually have an
arrival deadline. Such problem is then addressed by formulating a Markov
Decision Process (MDP), leading to a distributed resource allocation algo-
rithm. Similarly, [121] proposes an algorithm that also targets throughput
optimality but, contrary to the back-pressure algorithm, manages to avoid
the need for per-flow information. On the other hand, the body of litera-
ture which belongs to the latter class uses the MC-derived Network Utility
Maximization (NUM) framework first introduced in [127] and [128]. Specif-
ically, the authors of [122] focus on satisfying the URLLC Quality of Ser-
vice (QoS) requirements by jointly optimizing routing and resource alloca-
tion. Then, the problem is solved using both convex optimization and RL
techniques. In [123], an in-depth analysis of a mmWave, multi-hop wireless
system is presented, proposing and comparing three different interference
frameworks, under the assumption of a dynamic TDD system. This work is
extended in [124] and [125], which consider respectively a Spatial Division
Multiple Access (SDMA) and a Multi-User (MU)-MIMO capable system.

Finally, only a small portion of the literature [16, 60, 129] analyzes the end-
to-end performance of IAB networks. Specifically, the authors of [60] extend
the ns-3 mmWave module, introducing realistic IAB functionalities which are
then used to characterize the benefit of deploying wireless relays in mmWave
networks. Their work is extended in [129], where path selection policies
are formulated and their impact on the system performance is inspected. A
further end-to-end analysis of IAB networks is carried out in [16], providing
insights into the potentials of this technology and the related open research
challenges.

Concluding, the literature exhibits the presence of algorithms relying on a
varying degree of assumptions on the network topology and the knowledge
of system. Furthermore, most of the aforementioned studies lack an end-to-
end, full-stack system-level analysis of the proposed solution. To fill these
gaps, this section proposes a semi-centralized resource allocation scheme
which exhibits low complexity, both computationally and in terms of re-

quired feedback. Moreover, we provide considerations on how our proposed
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solution can be implemented and deployed in standard-compliant 3GPP IAB
networks, and compare such solution to the state of the art with an end-to-
end, realistic performance analysis

3.1.1 Contributions

This remainder of this section tackles the access and backhaul partition-
ing problem by proposing an optimal, semi-centralized resource allocation
scheme for 3GPP IAB networks, based on the MWM problem on graphs.
It receives periodic L1 and/or L3 measurements from the nodes of the IAB
deployment, a possibility which is explicitly mentioned by 3GPP in [15, Sec-
tion 7.3.3], constructs a spanning tree that represents the deployment, and
uses a simplified, low-complexity version of the MWM to partition the links
between access and backhaul. After a feedback step, each node can then
schedule the resources at a subframe-level among the connected devices.

To the best of our knowledge, this is the first MWM-based resource alloca-
tion framework for 3GPP IAB networks at mmWaves. As such, it exhibits the
following benefits: (i) no constraints on the number of hops in the IAB-net-
work are introduced, and, more in general, it is 3GPP-compliant; (ii) a glob-
ally optimum is computed; (iii) generic network utility functions can be used;
(iv) it features a computational complexity which is linear in the number of
gNBs which are connected to the same IAB-donor; and (v) a very limited
communication overhead is required.

In particular, the flexibility makes it possible to easily adapt the resource
allocation strategy to different requirements, use cases, and classes of traf-
fic for 5G networks. We achieve this by developing a generic optimization
algorithm, which identifies with a configurable periodicity the access and
backhaul partition that optimizes a certain utility function. The selection
of the utility function prioritizes the optimization of different metrics, e.g.,
throughput or latency, which in turn can be mapped to different classes of
traffic.

Moreover, to achieve the compliance with the 3GPP IAB specifications, the
resource allocation framework relies only on information that can be actu-
ally exchanged and reported in a 3GPP deployment. In this regard, we also
review the latest updates related to the 3GPP IAB standardization activities.
Nevertheless, our solution can be easily extended to consider other types of
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feedback information. Finally, the algorithm operates with a low complex-
ity, i.e., we propose a version of the MWM algorithm that can be applied on
spanning trees with linear complexity in the number of nodes in the network
infrastructure, and demonstrate its equivalence to the generic (and more com-
plex) MWM. Additionally, the proposed framework also relies on a feedback
exchange that is linear in the number of base stations, and is thus decoupled
from the number of users. Along this line, the semi-centralized nature of the
proposed solution combines the benefit of a centralized point of view for the
allocation of inter-dependent IAB links and a limited complexity.

Furthermore, we evaluate the performance of the proposed scheme with
an end-to-end, full-stack system-level simulation, using the ns-3 mmWave
module [33] and its IAB extension [60]. This represents the first evaluation
of an optimized resource allocation scheme for IAB with a simulator that
is based on a 3GPP-compliant protocol stack, uses 3GPP channel models,
and integrates realistic applications and transport protocols. The extended
performance evaluation highlights how the proposed scheme improves the
throughput of a diverse set of applications, with a 5-fold increase for the
worst case users, with different packet sizes and transport protocols, while
decreasing the latency and buffering at intermediate nodes by up to 25 times
for the smallest packet sizes.

The remainder of this section is organized as follows. Section 3.1.2 de-
scribes our assumptions and the system model. Then, Section 3.1.3 presents
a novel scheme for resource partitioning in mmWave IAB networks, along
with considerations on how it can be implemented in 3GPP NR. Finally, Sec-

tion 3.1.6 describes the performance evaluation results.

3.1.2 IAB networks

The following paragraphs identify the characteristics and constraints of mmWave
IAB, according to the 3GPP design guidelines presented in [15] and the spec-
ifications of [111].

3.1.2.1 Network topology

In general, an IAB network is a deployment where a percentage of gNBs (i.e.,
the IAB-nodes) use wireless backhaul connections to connect to a few gNBs

(i.e., the IAB-donors) which feature a wired connection to the core network,
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Spanning Directed Acyclic
Tree (ST) Graph (DAG)

. TAB-donor
. TAB-node

(a) Spanning Tree (ST) and Directed Acyclic
Graph (DAG) topologies.
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enl —n3
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(b) System model notation.

Figure 3.1: Comparison of the IAB network topologies analyzed in [15] and related
notation.

as can be seen in Fig. 3.1. Moreover, these deployments exhibit a multi-hop
topology where a strict parent-child relation is present. The former can be
represented by the IAB-donor itself or an IAB-node; the latter by either UEs
or downstream IAB-nodes. In [15], no a priori limit on the number of back-
haul hops is introduced. As a consequence, 3GPP argues that IAB protocols
should provide sufficient flexibility with respect to the number of backhaul
hops. Moreover, the Study Item (SI) on IAB [15] highlights the support for
both the topologies depicted in Fig. 3.1a, i.e., ST and DAG IAB. Clearly, the
former exhibits less complexity but, at the same time, poses some limits in
terms of network performance: the possible presence of obstacles may result
in a service interruption, due to the unique backhaul route established by the
UEs. On the other hand, a DAG topology offers routing redundancy, which
can be used not only to decrease the probability of experiencing a “topologi-

cal blockage," but also for load balancing purposes.
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3.1.2.2 Multiple access schemes and scheduling

An in-band, dynamic partitioning of the access and backhaul spectrum re-
sources is currently preferred by 3GPP [15, 111], together with half-duplex
operations of the IAB-nodes. Moreover, most of the literature suggests that
5G mmWave systems will operate in a TDD fashion [105, 130]. This choice
is mainly driven by the stringent latency requirements which the next gen-
eration of mobile networks will be required to support, and by the usage of
analog or hybrid beamforming. The usage of Frequency Division Duplex-
ing (FDD), in conjunction with the presence of large chunks of bandwidth,
would lead to severe resource under-utilization and make channel estima-
tion more difficult. Based on these considerations, the system model exhibits
a TDD, TDMA-based scheduling where the access/backhaul interfaces are
multiplexed in a half-duplex manner. Coupled with mmWaves direction-
ality, this means that self and inter-cell-interference are both limited, as re-
ported by [112]. Furthermore, at any given time instant, each node of the IAB
network cannot be simultaneously involved in more than one transmission
or reception. In particular, IAB-nodes cannot schedule time and frequency
resources which are already allocated by their parent for backhaul commu-
nications which involve them. Moreover, the backhaul links of a given gNB
might also carry data which is destined to (and/or generated by) UEs which
are connected to different base stations. As a consequence, an IAB-network
exhibits a marked and peculiar inter-dependence between the resource allo-
cations of the various base stations, which is the major motivation for the
introduction of a semi-centralized framework.

Finally, the introduction of resource coordination mechanisms and related
signaling is explicitly supported in the IAB specification drafts [15, 111]. Nev-
ertheless, these solutions must reuse as much as possible the available NR
specifications and require at most minimal changes to the Rel.15 5GC and
NR.

3.1.2.3 System model

According to these assumptions and referring to Fig. 3.1b., a generic IAB
network can be modeled as a directed graph G = {N,E}, where the set

of nodes N/ 2 {ny, ny, ... n N|} comprises the IAB-donor, the various IAB-

nodes and the UEs. Accordingly, the set of directed edges £ 2 {e1, €2, ...
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e 5‘} = {enﬁnk}jrk, where the edge — originates at the parent node n;
and terminates at the children 7y, comprises in all the active cell attachments,
either of mobile terminals to a gNB or from IAB-nodes towards their parent
node. Since the goal of this section is to study backhaul/access resource
partitioning policies, this generic model can be actually simplified: in fact, all
the UEs connected to a given gNB can be represented by a single node in G
without any loss of generality. Similarly, the same holds true for their links
toward the serving gNB, which can then be represented by a single edge.

Furthermore, this work focuses on ST topologies only.

We define as feasible schedule any set of links £’ C & such that none of them
share a common vertex, i.e., Venj_mk # en,—n,, € £’ it holds that nj # ny and
n; # ny. Let then f, be a utility additive map, namely, a function such that
the overall utility experienced by the system when scheduling edges e; and
ep satisfies f,(e1,e2) = fu(er) + fu(ez). Let also W 2 {w1, wy, ... W‘gl} be the
set of positive weights whose generic entry w; represents the utility which

is obtained when scheduling the j-th edge, namely, w; 2 fu(ej). Then, the

overall utility of the system is U/ = Yo cor fuler) = Yo, c e W The goal is to
find the feasible set £&’* which maximizes the overall utility, i.e., argmax U. In

gl
computer science, this task is typically referred to as the Maximum Weighted
Matching problem [131].

Finding the MWM of a given graph, in the general case, is not trivial from
a computational point of view. In fact, the fastest known MWM algorithm
for generic graphs has a complexity of O(|V||E| + |V |*log|V|) [132], pos-
ing serious limitations to the suitability of such algorithm to 5G and be-
yond networks, which target a connection density of 1 million devices per
km?. However, we argue that under the aforementioned assumptions on the
system model, which restrict the network to an ST topology, it is possible
to design an MWM-based semi-centralized resource partitioning framework
which exhibits linear complexity with respect to the network size and which,
as a result, is able to satisfy the scalability requirements highlighted by 3GPP
in [15]. Nevertheless, the proposed framework can be easily extended to the
case of a DAG IAB network. In such regard, a sub-optimal strategy is to
periodically discard, during each centralized allocation, the redundant edges
of each node. In such a way, the input which is fed to the T-MWM algorithm is,

effectively, an ST. A second, optimal extension can be obtained by computing
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at the controller the MWM of the network via a generic MWM algorithm, in-
stead of using the ST-specific T-MWM as in the proposed framework. However,
this strategy would feature a higher computational complexity.

3.1.3 Semi-centralized resource allocation scheme for IAB networks

This section presents an MWM algorithm for ST topologies (Section 3.1.3.1),
an efficient and MWM-based semi-centralized resource partitioning frame-
work for IAB networks (Section 3.1.4) and some considerations about its im-
plementation (Section 3.1.5). Specifically, the proposed scheme collects at a
controller installed on the IAB-donor L1 and/or L3 measurements from the
various gNBs. Then, it uses such information to build a weighted ST which
represents the IJAB-network. In particular, the network topology is inferred
by examining the incoming parent-child associations. The edge weights are
also computed from the received measurements, based on the specific policy
(hence, of target Key Performance Indicators (KPIs)) of choice. Finally, the
resource partitioning is optimized by computing an MWM of the network
and then prioritizing the links which comprise it. A high level diagram of is
provided in Fig. 3.2b.

3.1.3.1 MWM for ST graphs

As the first of our contributions, we present an algorithm, hereby called
T-MwM, which computes the MWM of an ST in linear time. In particular,
T-MWM is a bottom-up algorithm which, upon receiving as input a weighted
ST G described by its edge map E and the corresponding weight map W,
produces as output a set of active edges E* which are an MWM of G. That
is to say, E* is a matching of G which yields the globally maximum utility.
Furthermore, E is from now on assumed to exhibit the following invariant:
each IAB parent precedes its children in the map, hence avoiding the need
for a recursion. This is automatically obtained as each IAB child connects
after its parent, and is thus added to the map in a subsequent position. Nev-
ertheless, this assumption can be easily relaxed, albeit at the cost of losing as
a side-effect the bottom-up design.

The proposed algorithm is designed starting from the observation that,
given the generic node n; € § and a matching E of G, we can identify the

following mutually exclusive and collectively exhaustive cases: E can contain
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Algorithm 1 Tree-Maximum Weighted Matching

Input: A weighted ST G encoded by a map E, which associates each node in G to its
edges, and the corresponding weights map W.
Output: An MWM E* of G.

1: procedure T-MWM(E, W)
2 F—~0G<+0 > Initialize the utility vectors to zero vectors
3 E*«{} > Initialize the set of active edges as empty
4 for each internal node n; € E do > In ascending order w.r.t. to their depth
in
5 maxUtil < —oo; maxUtilChild (ny) < {} g
6 for each edge en,—n, € E(n) do > Iterate over its edges
7: G(ng) < G(ng) + max{F(nj),G(nj)}
8 currlUtil <= W(en,—n,) — [F(nj) - G(nj)} i
9 if currUtil > maxUtil then
10 maxUtil « currUtil; maxUtilChild(ny) < n;
11: end if
12: end for
13: F(ny) < G(ng) + maxUtil
14: end for
15: for each internal node 1 € E do > In ascending order w.r.t. to their depth
in
16: if F(ny) > G(ny) then g
17: E* < E" Ue,, _maxUtilChild(n)
18: F(maxUtilChild(ny)) < —oo > Ensure child does not get
activated multiple times
19: end if
20: end for
21: return E*

22: end procedure

either one or zero edges which originate from 7. Based on this fact, we then
discern the optimal utilities which can be obtained in each of these cases.
Specifically, we define the maximum utilities yielded by a matching of n;’s
sub-tree which either contains a link originating from 7 or not as F(n) and
G(ny), respectively. Then, as can be seen in Alg. 1, the T-MWM algorithm
basically consists in two traversals of the network graph. During the first one
we compute the G and F functions for all the nodes in G using the recursive
formulas provided by Lemma 1. Finally, during the second traversal, this
knowledge is used for computing an MWM of the network; the correctness
of this last phase is proved by Lemma 2.

Lemma 1. Given an ST G, consider its generic internal node ny. Let then F(ny)

be the maximum utility yielded by a matching of ny’s sub-tree which activates a link
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originating from ny, and G(ny), conversely, the utility provided when such matching
contains no links which feature ny as parent. Then, we have that:

G(le> = {% max{F(nj),G(n]-)}
F(me) = GOm) + max{W(er, -

I’ljk

— [F(nj) — G(n;)] "}

where the set {n;} comprises all the children of ny and [x]" = max{x,0} is the
positive part of x. Conversely, for leaf nodes n; it holds that F(n;) = G(n;) = 0.

Proof. This lemma can be proved by induction over the height /i of the sub-
tree corresponding to node 7. The base case is hy = 0, i.e.,, when ny is a
leaf node; in this case, trivially, both F(n;) and G(ny) are zero since no links
exhibit 4 as parent node and the sub-tree of G which originates in 1 consists
of ny only, respectively.

Then, assume that 7;’s sub-tree exhibits a generic height i, > 0, and that
the above formulas hold for each of its children sub-trees, which exhibit a
height h; < hy. If we do not activate any edge which originates from rny,
then no added constraints are introduced concerning the edges which can
be activated in its children sub-trees. Therefore, G(n) is simply the sum
of the utilities achieved by any MWM computed on its children sub-trees,
ie, G(ng) = ¥ max{F(nj),G(n;)}. The remaining option is to activate

"
exactly one ed{gé,k hereby called ey, 5, which originates from 7. In this
case, no additional edges which feature n,, as parent can be added to the
matching. As a consequence, the contribution of n,,’s sub-tree on F(#y) reads
G(n,,). Conversely, no additional constraints are introduced regarding the

other nodes. It follows that the utility obtained in this instance reads:

Y. max{F(n;),G(n)} +W(enn,) + G(nn)
{nj#nm by

and can be rewritten as:

G () + W(ewsn,,) — [F(n) — G(nm)] "
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Finally, such utility is clearly maximized when 1, is chosen as argmax {W(enk_mj) -
{n;}x
[F(n;) — G(n))] '}, yielding:

F(nk) = G(nk) + nila}x {W(enk—mj) - [F<n]') - G(”j)]+} n

itk
Lemma 2. Given an ST G of root n, and the F and G functions computed as per
Lemma 1, an MWM E* of G can be computed by performing the following procedure:

1. If ¥(n,) > G(n,), add to E* the edge from n, to n,,, where the latter is
defined as ny, 2 argmax {W (e, n;) — [F(11;) — G(n;)] Y. Then, repeat re-
{”j}r
cursively on all the sub-trees corresponding to n,’s children {n]-}r ] n; # Ny
and on the children of n,, itself.

2. If F(n,) < G(n,), repeat recursively on all the sub-trees corresponding to n,’s
children.

Proof. The above procedure always yields a feasible activation, i.e., a match-

ing of G. In particular, in either options we never recurse on a node which has

already been activated, hence no pair of edges € E* can share any vertices.

Furthermore, due to the properties of F and G, whenever F(n,) > G(n,)

a matching yielding maximal utility can be obtained by activating the edge

€n,—n,,, Where 1, 2 argmax {W (en,n;) — [F(11;) — G(n)]"}. Since the pro-
{”j}r

cedure is then recursively repeated on n,’s children and the validity of F and
G properties holds for each sub-tree in G, the set of edges E* produced by the
above procedure comprise a maximal matching, i.e., they yield the maximum
possible utility among all the feasible schedules. |

Regarding the computational complexity of the proposed algorithm, it can
be observed that during the first phase the main loop effectively scans each
edge of G, hence exhibiting a complexity O(|E|). Moreover, the second phase
of T-MwM has complexity O(|V]), since it loops through all the network nodes.
Therefore, we can conclude that the overall asymptotic complexity of the
algorithm is O(|V| + |E|), or, equivalently, O(|V|) since in an ST the number
of edges equals | V| — 1.
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3.1.4 Semi-centralized resource partitioning scheme

Based on the system model introduced in Section 3.1.2, and the T-MWwM algo-
rithm, we present a generic optimization framework which partially central-
izes the backhaul/access resource partitioning process, in compliance with
the guidelines of [15]. The goal of this framework is to aid the distributed
schedulers, adapting the number of OFDM symbols allocated to the backhaul
and access interfaces to the phenomena which exhibit a sufficiently slow evo-
lution over time, i.e., large scale fading and local congestion. This optimiza-
tion is undertaken with respect to a generic additive utility function f,. An
IAB network of arbitrary size is considered, composed of a single IAB-donor,
multiple IAB-nodes and a (possibly time-varying) number of UEs which con-
nect to both types of gNBs. Furthermore, assume that a central controller is
installed on the IAB-donor.

The proposed framework can be subdivided into the following phases,
which are periodically repeated every T, subframes:

1. Initial setup. This step, which is depicted in Fig. 3.3a, consists in the
computation of the simplified IAB network graph G = {V, £}. Specifi-
cally, after this phase V comprises the donor and the various IAB-nodes.
Accordingly, £ contains their active cell associations.

2. Information collection. During this phase, the various IAB-nodes send
to the central controller a pre-established set of information for each
of their children in G. For instance, this feedback may consist in their
congestion status and/or information regarding their channel quality.
To such end, the implementation presented in this section uses modi-
fied versions of pre-existing NR Release 16 Control Elements (CEs), as
strongly recommended in the IAB SI [15]. However, the scheme does
not actually impose any limitations in such regard.

3. Centralized scheduling indication. Upon reception of the feedback in-
formation, the central controller updates G by inspecting the received
node-parent associations. Then, the set of weights WV is calculated and
an MWM of G is computed, using the T-MWM algorithm. The output of
this procedure is the activation set E*, which yields a globally optimum
solution with respect to the chosen utility function. Subsequently, E*
is used as to create a set of favored downstream nodes, i.e., of children
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B 1AB-donor @ IABnode @ UE

(a) The original topology, exhibiting the actual cell attach-
ments, is depicted on the left. Conversely, the reduced one
is shown on the right.
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(b) Computation of the MWM and of the corresponding
scheduling indications.

Figure 3.3: High level scheme of the initial setup and centralized scheduling indica-
tion phases.

which will be served with the highest priority by their parent, as de-
picted in Fig. 3.3b. Finally, these scheduling indications are forwarded
to the various IAB-nodes which act as parents in the edges of E*.

4. Distributed scheduling allocation. During this phase, the various IAB-
nodes make use of the indications received by the central controller, if
available, in order to perform the actual scheduling (which is, therefore,
predominantly distributed). Specifically, the favored nodes are served

with the highest priority, while the remaining downstream nodes are
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scheduled if and only if the resource allocation of the former does not
exhaust the available OFDM symbols.

It is important to note that since G contains only the IAB-nodes, the donor
and at most one “representative” UE per gNB, the proposed scheme effec-
tively performs only the backhaul/access resource partitioning in a central-
ized manner. On the other hand, the actual MAC-level scheduling is still un-
dertaken in a distributed fashion, albeit leveraging the indications produced
by the central controller. The major advantages which this two-tier design
exhibits, compared to a completely centralized solution, are the presence of
a relatively light signaling overhead and the ability to promptly react to fast
channel variations, for instance caused by small scale fading.

3.1.5 Implementation of semi-centralized allocation schemes in mmWave
[AB networks

The remainder of this section discusses how the proposed scheme can be
implemented in IAB deployments, with references to how the 3GPP speci-
fications can support it. Moreover, an in-depth analysis of the framework’s
communication overhead and computational complexity is provided. To such
end, let G = {V,E} be the reduced network graph, computed as per Sec-
tion II-C, and, conversely, let G = {V,E} comprise all the nodes in the IAB
network.

In general, the resource allocation framework requires (i) a central con-
troller, which is installed on the IAB-donor, or could be deployed in a RAN
Intelligent Controller (RIC) following the O-RAN architecture [52]; and (ii) a
scheduler which exchanges resource coordination information with the for-
mer. In particular, and referring to the aforementioned phases of the pro-
posed scheme, the following additional considerations can be made.

Initial setup During this phase, which takes place when the IAB-nodes per-
form their first connection to the network, the controller acquires preliminary
topology information by leveraging the configuration messages which are al-
ready exchanged during the typical Rel.16 Initial Access (IA) procedure [15,
Section 9.6]. Therefore, no additional overhead is introduced. Specifically,
a map which associates each IAB-node in the network to a list of its edges,

identified by global identifiers (which from now on will be referred to as
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“IDs"), is computed. As a consequence, O(|V|) insertions in a sorted map
are performed and this one-time setup exhibits a computational complexity

of O(|V|log(|V])).

Information collection The generation of the feedback information is per-
formed in a distributed manner by the gNBs. To such end, the current imple-
mentation features the forwarding of information on the channel quality and
buffer status, in the form of Channel Quality Informations (CQIs) and Buffer
Status Reports (BSRs) respectively. This choice is driven by both the will of
maximizing the re-utilization of the NR Rel.16 specifications and the goal of
making use of MAC-level CEs only, hence avoiding the introduction of any
constraint regarding the supported IAB-relaying architecture. In particular,
the CQI and BSR information is generated by analyzing the corresponding
CEs, which are already received by the scheduler of each gNB, and checking
whether the source Radio Network Temporary Identifier (RNTI) belongs to
an IAB-node or to a UE. In the first case, the corresponding ID is retrieved
and an entry carrying such identifier along with its CQI/BSR value is gener-
ated. The feedback information concerning the UEs, instead, is averaged in
the case of the CQIs and added up for the BSRs, to obtain a single value for
each gNBs.

Referring to the 3GPP specifications of [133], the buffers occupancy can
then be forwarded to the IAB-donor by introducing a Short BSR, which car-
ries a single Logical Channel Group (LCG) ID and its respective buffer size.
This is motivated by the fact that we do not keep track of per-flow informa-
tion, i.e., we aggregate all the different RLC bearers into a single measure-
ment report. Similarly, the channel qualities can be reported by the various
IAB-nodes via an additional CQI-only Channel State Information (CSI) re-
port, based on a Wideband (WB) measurement. Therefore, we can upper
bound the size of these CEs as 11 [133] and 7 bits [134] respectively. Regard-
ing the computational complexity, in this phase we generate, at each gNB,
one CQI and one BSR for each backhaul link, and (possibly) compute one
cumulative CQI and BSR for the UEs. Therefore, the asymptotic complexity
of this phase can be identified as O(|V]).

Centralized scheduling indication During this phase, the controller makes use
of the feedback received from the gNBs to update the topology information,
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compute the weights of the various network links and to generate the cen-
tralized scheduling indications.

Regarding the former, no additional control information is required. In
fact, the periodic feedback received from the various IAB-nodes, which car-
ries a list of ID-value pairs, can be used in such regard. In particular, the
controller checks the child-parent associations for discrepancies with its lo-
cal knowledge, and, if so, updates the stored associations. Discrepancies can
arise under two circumstances: the connection of the first UE to an IAB-node
and the handover to a different parent of any IAB-node. In the first case,
just the corresponding “cumulative access node” needs to be added to the
aforementioned map. On the other hand, whenever a backhaul link changes,
the topological information for the whole subtending tree must be updated.
Since in the worst case this might require an update of the whole map, the
asymptotic complexity of the topology information update is O(|V|). Thanks
to this periodic update, our framework is robust with respect to Radio Link
Failures (RLFs) and handovers, which may occur due to blockages or mobil-
ity of UEs and, possibly, gNBs.

With respect to the computation of weights for the MWM problem, we
propose the following policies:

1. Max Sum-Rate (MSR). This policy maximizes the overall PHY-layer
throughput, i.e., the utility function is

MSR A&
u - Z Ci ks
ek € B*

and the weight assigned to the edge from node i to node k reads

A . . .
w; k= Ci x, Where c; | is the capacity of the link e;_,;.

2. Backlog Avoidance (BA). This resource partitioning strategy aims at

avoiding congestion. Therefore, the system utility is:

EA 2 Z i ks

ek €E*

where the weight w; ; reads g; , namely, the amount of buffered data

which would reach its next hop in the IAB network by crossing the link

€isk-
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3. Max-Rate Backlog Avoidance (MRBA). This represents the most bal-
anced option among the three, since it exploits favorable channel con-
ditions while also preventing network congestion and favoring network

fairness. The weight assigned to link e;_, is:

A U k
Wik= Cik+4-qik- i)
r

where 1, puy,, and k are arbitrary parameters and y represents the num-
ber of subframes which have elapsed since the last time edge e;_,x has
been marked as favored.

Regardless of the specific policy used, the computation of the weights ex-
hibits a complexity which is linear in the number of edges |E|.

Once the weights are computed, the controller obtains an MWM of the
network via an implementation of the aforementioned T-MWM. The algorithm
outputs the activation set E*, i.e., a map associating the ID of the parent
gNBs to the one of their favored downstream node. Moreover, E* is also used
by the controller in order to keep track of which link has not been favored
and for how long; this information may then be used to introduce a weight
prediction mechanism, improving the robustness of the scheme with respect
to the information collection period. In terms of overhead, the reporting of
E* to the gNBs would feature as payload just one C-RNTI per IAB-node (at
most, since some nodes might not receive any whenever they are not active in
the specific MWM solution). In fact, by exploiting the Backhaul Adaptation
Protocol (BAP), we can encapsulate this payload as part of a BAP message,
while the destination node is already included as part of the BAP header in
the “BAP destination” field. Therefore, the payload size of the scheduling
indications is 16 bits.

Finally, based on the previous considerations and the analysis of Sec-
tion 3.1.3.1, the overall complexity of this phase is O(|E| + |E| + |V|), which,
when considering ST topologies, is perfectly equivalent to O(|V]).

Distributed scheduling allocation ~The last phase of the resource allocation pro-
cedure consists in the distributed MAC-level scheduling. Before assigning
the available resources, the various schedulers check whether any indication
has been received from the controller. Based on this condition, the buffer
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occupancy information is then split into two groups. The first contains the
BSRs related to the favored RNTI (if any), with the caveat that if the latter
indicates the cumulative access link, then this set contains the BSRs of all the
UEs attached to the host gNB, while the other comprises the remaining con-
trol information. The resource allocation process is then undertaken twice:
first considering the set of favored BSRs only, then the remainder of these
CEs. Thanks to this repeated allocation, the favored link(s) is (are) scheduled
with the highest priority, while the rest of the network only gets the remain-
ing resources. In such a way, the information received by the controller is
actually used as an indication and not as the eventual resource allocation.
For instance, the gNBs are free to override these indications whenever the
buffer of the favored child is actually empty, due to discrepancies between
its actual status and the related information available to the controller. More-
over, the actual Downlink Control Informations (DCIs) can then be gener-
ated by the various gNBs themselves (instead of being generated only by
the controller and then forwarded to the IAB-nodes), hence making use of
the most updated information on the channel quality and buffer status as
well. In fact, the exchange of information between the IAB-nodes and the
IAB-donor introduces an inevitable delay, proportional to their distance in
terms of wireless hops, between the generation of the control information
at a given node (BSRs and/or CQIs) and the reception of the corresponding
scheduling indications computed by the controller. Thanks to the aforemen-
tioned architecture, we limit quite significantly the performance degradation
caused by these possible discrepancies between the actual nodes statuses and
the (slightly outdated) information which the controller holds about them.

The computational complexity of this last phase is different from the base-
line, since it requires an additional MAC-level resource allocation. How-
ever, the specific impact of this modification is difficult to determine, since
the choice of the scheduling algorithm is not part of the NR specifications.
Anyhow, it is reasonable to assume such algorithm to exhibit an asymptotic
complexity which is at least linear in the number of users N to be scheduled,
i.e., the number of computational steps is O(N*)|N € N*; o € R, a > 1.
Furthermore, it can be observed that in our framework, the two allocations re-
ceive as input disjoint subsets of the links; let N,N | NN €¢ N;N+N = N
be their respective sizes. Therefore, the number of operations required for
the scheduling can be estimated as O ((N + N)*) for the typical network op-
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eration and O (Na +N “) when using our framework. Since the following
holds:

(N +N)* > K"+ N* Va € N*

we can claim that, under the aforementioned assumptions, the last phase of
the proposed framework introduces no computational overhead with respect

to the typical network operation.

In addition to the previous considerations, we also need to take into ac-
count that, if no modifications to the Rel. 16 NR specifications are introduced,
a set of MAC and BAP headers would also be added to the aforementioned
payload estimates; their respective sizes can be estimated as 16 [133] and
46 [135] bits, respectively. Accordingly, the worst-case overall network over-
head can be estimated as follows. During phase 2, for each backhaul link
in the network and towards the controller, up to two BSRs and CQlIs are ex-
changed, originating from the link’s parent and child respectively. Moreover,
for each IAB-node in the network, one BSR and one CQI are exchanged for
the (possible) “cumulative” access link. Then, in phase 3 the controller sends
up to one scheduling indication per IAB-node. Letting then N be the number
of IJAB-nodes which are connected to the same IAB-donor, the communica-
tion overhead can be upper bounded by N - (2+1) - (654 69) = 402 - N [bits]
in the UL and 76 - N [bits] in the DL.

Notably, the 3GPP also considered the possibility of realizing heteroge-
neous IAB deployments [15], in which IAB-nodes hold an additional connec-
tion with a macro cell (ideally co-located with the IAB-donor) to handle the
control plane. In this context, our framework can be enhanced by carrying
teedback information (i.e., CQIs and BSRs) and scheduling indications over
the additional connection, reducing the overhead and avoiding the need to
travel through multiple hops before reaching the IAB-donor.

We implemented the proposed resource allocation scheme in the popular
open source simulator ns-3, exploiting the mmWave module [33] and its IAB
extension [60], to characterize the system-level performance of the proposed
solution with realistic protocol stacks, scenarios, and user applications.

The ns-3 mmWave module is based on [136] and features highly customiz-
able PHY and MAC layer implementations, with an NR-like flexible OFDM

numerology and frame structure. It also includes accurate interference and
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error models, as well as a detailed channel model, which is compliant with
the 3GPP specifications [38] and accounts for large and small scale fading
phenomena, as well as for interference. Additionally, the IAB module [60]
models wireless relaying functionalities which mimic the specifications pre-
sented in [15]. Specifically, this module supports both single and multi-hop
deployment scenarios, auto-configuration (within the network) of the IAB-
nodes and a detailed 3GPP protocol stack, allowing wireless researchers to

perform system-level analyses of IAB systems in ns-3.

It is of particular relevance to understand how the scheduling operations
are implemented in the IAB module, since they offer not only the baseline
for the proposed scheme, but also valid guidelines for real-world deploy-
ments. The current ns-3 IAB schedulers exhibit a TDMA-based multiplexing
between the access and backhaul interfaces. Moreover, scheduling decisions
are undertaken in a distributed manner across the IAB network, i.e., each
gNB allocates the resources which its access interface offers (to both UEs and
IAB-nodes) independently of the other gNBs in the network. In fact, in an
IAB network these scheduling decisions are almost independent of one an-
other: if a parent node schedules the backhaul interface of a downstream
node, clearly the latter will be constrained in its own scheduling decisions,
as it will not be allowed to allocate the time resources which have already
been scheduled for backhaul transmissions by its parent. Therefore, in a tree-
based, multi-hop wireless network the various gNBs need to know in ad-
vance the scheduling decisions performed by their upstream nodes: to solve
this problem, the authors of the IAB module for ns-3 introduced a “look-ahead
backhaul-aware scheduling mechanism" [60]. Such mechanism features an ex-
change of DCI between the access and backhaul interfaces: in such a way,
any time resources already scheduled by the parent for backhaul commu-
nications can be marked as such by the corresponding downstream node,
preventing any overlap with other transmissions. Furthermore, the look-ahead
mechanism requires the schedulers of the various gNBs to commit to their
resource allocation for a given time T at a time T — k, where k — 1 is the max-
imum distance (in terms of wireless hops) of any node from the donor. In
such a way, the DCIs will have time to propagate across the IAB network and
reach the farthest node at time T — 1, thus allowing its scheduler to perform

the resource allocation process at least one radio subframe in advance.
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(a) A realization of the simulation scenario; the dot-
ted lines represent the cell-attachments of the IAB-

nodes.
SIMULATION PARAMETERS
PARAMETER VALUE
Number of runs Ny, s 25
Simulation time Ty;y, 3s
MWM period T, {1,2,4} subframes
Layer 4 protocol {UDP, TCP}

UDP packet size sypp {50, 100,200,500} B
Weight policy fy {MSR, BA, MRBA }

(b) Simulation parameters.

Figure 3.4: Simulation configuration.

3.1.5.1 Simulation scenario and parameters

The purpose of these simulations is to understand the performance of the
proposed resource partitioning framework in the context of its target deploy-
ment, i.e., a multi-hop IAB network. As a consequence, the reference scenario
consists of a dense urban deployment with a single IAB-donor and multiple
IAB-nodes, as depicted in Fig. 3.4a. In particular, the various gNBs are dis-
tributed along an urban grid where the donor is located at the origin while
the IAB-nodes are deployed along the street intersections, with a minimum
inter-site distance of 100 m. The IAB-nodes attachments are computed us-
ing the so-called HQF policy presented in [129]; however, this choice does
not introduce any loss of generality since such parameter is fixed for all the
runs. A given number of UEs are deployed within the surroundings of these

base stations, with an initial position which is randomly sampled from cir-
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Figure 3.5: Per-UE end-to-end throughput Empirical Cumulative Distribution Func-
tions (ECDFs). The thick dashed line represents the rate of the UDP
sources.

cles of radius p and whose centers are the various gNBs. A summary of the

simulation parameters in provided in Tab. 3.4b.

3.1.6 Performance evaluation

Both the IAB-donor and the IAB-nodes are equipped with a phased array fea-
turing 64 antenna elements, and transmit with a power of 33 dBm; conversely
UEs are equipped with 16 antenna elements and their transmission power is
restricted to 23 dBm. Notably, the presence of additional antenna elements
at the gNBs is a key (but reasonable) assumption, as it allows base stations
to achieve a high beamforming gain. In turn, it is possible to achieve a high
capacity, which is fundamental to avoid performance bottlenecks, given the
absence of a fiber backhaul. The UEs download data which originates from
sources that are installed on a remote host; both the UDP and the TCP are
used. For the UDP simulations, the rate of the sources is varied from 4 to 40
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Mbps to introduce different degrees of saturation in the network. Therefore,
in these simulations only DL traffic is considered. Finally, the performance
of the proposed policies is hereby compared with the baseline of [60], indi-
cated as “Dist.” by examining end-to-end throughput, latency, and a network

congestion metric.

3.1.6.1 Throughput

The first metric which is inspected in this analysis is the end-to-end through-
put at the application layer. As a consequence, only the packets which are
correctly received at the uppermost layer of the destination node in the net-
work are taken into account. In particular, for each UE and each simulation

run, the long-term average throughput is computed as follows:

GAPP A B(Tsim, k, 1)
o Tsim

where B(T,k,n) is the cumulative number of bits received up to time T by
the k-th UE, during the n-th simulation run. Then, the distribution of SAPP
o

namely, the vector containing the collection of the values across the

different runs and UEs, is analyzed.

Figs. 3.5a and 3.5b report the ECDF of SAPP, for a UDP packet size of
100 and 500 bytes, respectively, and the policies introduced in Section 3.1.5.
In the former, we can notice that the introduction of the semi-centralized
framework increases by up to 15% the percentage of UEs whose throughput
almost matches the rate of the UDP sources, i.e., achieving approximately
7.9 Mbps. Moreover, by focusing on the leftmost portion of Fig. 3.5a we can
observe another interesting result, concerning the throughput experienced by
the UEs which do not fulfill their QoS requirements. In fact, with respect to
the first quartile the distributed scheduler and the MSR policy achieve the
worse performance. On the other hand, the MRBA and BA policies signifi-
cantly improve these results, even though the extent of such improvements

varies quite dramatically across the two.

In particular, compared with the distributed case the BA and MRBA poli-
cies introduce a 2 and 3-fold increase of the worst case throughput respec-

tively, coupled with a significantly lower variance in both cases.
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Figure 3.6: End-to-end throughput quartiles, for s;pp € {50, 100,200,500} B.

These results can be explained as follows: since a UDP packet size of 100
bytes does not saturate the capacity of the access links, the main performance
bottleneck of this configuration is represented by the buffering of the aggre-
gated traffic on the intermediate backhaul links. Therefore, the MSR policy
provides no improvements compared to the performance of the distributed
scheduler, since it simply favors the links which exhibit a higher SINR. Con-
versely, the prioritization of the most congested links which is introduced
by the other two strategies successfully tackles the former problem. In par-
ticular, the BA policy exhibits the highest worst case throughput, while also
satisfying the QoS requirements of approximately 40% of the UEs. More-
over, the bias towards high SINR channels introduced by the MRBA strategy
further improves the higher percentiles, compared to the BA policy, and dra-

matically outperforms MSR and the baseline across all percentiles.

By increasing the UDP packet size to 500 bytes, the network becomes no-
ticeably saturated, as depicted by Fig. 3.5b; in fact, in this instance only a
minority of the UEs achieves a throughput which is comparable to the source
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rate. With this configuration, the BA strategy achieves the worst perfor-
mance, providing a significantly lower throughput across most percentiles.
On the other hand, the remaining strategies both introduce significant im-
provements, although with different trade-offs. In particular, compared to
distributed case, the MSR policy exhibits an increase of approximately 20%
of the number of UEs which satisfy their QoS requirements, albeit at the cost
of worse lower percentiles. The MRBA, conversely, introduces performance
benefits which mostly affect the bottom percentiles only. However, with this
strategy only a limited portion of the UEs achieves the target throughput of
40 Mbps. As a consequence, we can conclude that with the configuration
depicted in Fig. 3.5b the network is approaching the capacity of the mmWave
channels. Therefore, buffering phenomena are likely occurring at each in-
termediate JAB-node. Moreover, we can say that in a saturated network the
congestion is so severe that prioritizing the bottleneck links is not enough:
we also need to take into account the channel conditions and prioritize the
links which not only are congested, but also have the “biggest chance" of
getting rid of the buffered data due to the temporary better channel quality.

Finally, Fig. 3.6 presents the first and third quartiles of ST as a function of
the UDP packet size sypp. It can be noted that, with respect to the first quar-
tile, the MRBA outperforms all the other policies by delivering a throughput
which is up to 90% higher than the one obtained by the distributed scheduler.
On the other hand, Fig. 3.6b shows how the best third quartile is achieved by
MSR, with up to a 2-fold improvement over the distributed solution. Further-
more, we can observe how the positive impact of the BA strategy is inversely
proportional to the saturation in the network. We can then conclude that the
bias it introduces loses its effectiveness as the buffering phenomena start to
affect the majority of the IAB-nodes.

3.1.6.2 Latency

Just like the aforementioned metric, the latency is measured end-to-end at
the application layer. Thanks to this choice, the resulting delay accurately
represents the system-level performance, as it includes the latency which is
introduced at each hop in the IAB network.
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Figure 3.7: Per-UE end-to-end delay statistics.

In particular, for each packet correctly received at the uppermost layer of

its final destination, the following quantity is traced:

APP A Ik
D" = Z D,
ILeé&

where &; comprises the links in the IAB network that are crossed by the i-th
packet, while the term Dll-k indicates its point-to-point latency over the path
link /;. Finally, these values are collected for each of the various runs into the
vector DAPP and its statistical properties are inspected.

Fig. 3.7a shows the empirical ECDF of DA for a packet size of 100 bytes.
It can be noticed that, in this case, the goth percentile achieved by the BA and
the MRBA policies are approximately 20 % smaller than the one obtained by
the distributed scheduler. Moreover, these strategies manage to dramatically
reduce the number of packets received with extremely high delay, i.e., in the

order of seconds, showing the dramatic impact of buffering in the baseline
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Figure 3.8: Buffer occupancy statistics, for sypp € {50,100,200,500} B.
configuration. Conversely, the MSR policy provides the best performance
with respect to the best case delay only, although it still outperforms quite
significantly the distributed strategy.

These trends are exacerbated by Fig. 3.7b, which shows the third quartile
of DATP as a function of the UDP packet size sypp. In fact, we can notice
that the effectiveness of the BA policy is inversely proportional to the net-
work saturation; the opposite holds true with respect to the MSR strategy.
It follows that, for UDP rates in the order of 5 to 10 Mbps, the network is
mainly plagued by local congestion which causes the insurgence of buffering
in some of the nodes. Conversely, as the rate of the UDP sources increases
the system shifts to a capacity-limited regime, a phenomenon which explains
the dominance of the MSR and MRBA policies.

3.1.6.3 Network congestion

The network congestion is measured by collecting, every T, subframes, the
RLC bulffers status of the various nodes into the vector BRLC. It must be noted
that, since RLC Acknowledged Mode (AM) is used, these values will indicate
data which is related to both new packets and possible retransmissions.
Figs. 3.8a and 3.8b show the median of BR'C, for traffic flows whose next
hop in the network is represented by either UEs or IAB-nodes respectively.
Specifically, the BA strategy achieves the worst performance in this metric,
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leading to unstable systems in the cases of sypp = {200, 500} B. A reason for
this behavior can be found in the “locality” of the BA policy criteria and the
lack of influence of the past allocations on the weights. These characteristics
may lead to favoring the same link in a repeated manner, hence offering little
remedy to the end-to-end congestion.

On the other hand, the buffer occupancy achieved by the MSR strategy
depicts an effectiveness which, in accordance with previous observations, is
proportional with respect to the source rate. In particular, a dramatic de-
crease of up to 4 orders of magnitude is achieved for sypp = 500 B. Finally,
when compared to the distributed scheduler, the MRBA policy also achieves
a lower median RLC buffer occupancy towards the backhaul links, albeit the
difference is less striking than in the case of the MSR policy, and at the cost
of slightly more congested UE buffers.

Additionally, Fig. 3.8c depicts the third quartiles of BRX¢ as a function
of the depth of the corresponding gNB in the IAB network. It is possible to
notice that, regardless of the policy in use, the amount of buffering at the var-
ious gNBs generally decreases as their distance to the donor increases. This
follows from the fact that nodes which have a lower depth exhibit, on aver-
age, a bigger subtending tree; therefore the amount of traffic which makes
use of their backhaul links is significantly higher.

3.1.6.4 Performance with TCP traffic

This subsection extends the aforementioned analysis by inspecting the per-
formance of the proposed scheme in the case of TCP traffic. Specifically, a
TCP full-buffer source model is used, and the various semi-centralized re-
source allocation policies are compared against the distributed scheduler.
Fig. 3.9a shows the ECDF of the end-to-end delay experienced by the suc-
cessfully received packets. Similarly to the UDP case, the distributed sched-
uler exhibits the worst results in this regard. In fact, the performance bene-
tits introduced by the semi-centralized policies are noticeable across all per-
centiles. In particular, with this configuration the MRBA policy provides the
best results, followed quite closely by the BA and MSR strategies. Fig. 3.9b,
which depicts the statistics of the end-to-end throughput achieved by the
various UEs, further explains the effect on the system of the various semi-

centralized policies. In particular, the BA policy achieves, approximately, a
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Figure 3.9: End-to-end delay and throughput statistics, for TCP layer 4 protocol.

45% increase of the peak throughput. Conversely, the MRBA strategy causes
a redistribution of the achieved data rate, massively improving the lower
quartiles (up to the 8o-th), albeit at the expense of the maximum through-
put. Finally, MSR also causes a redistribution of the throughput across the
different percentiles, but the net benefit is less noticeable.

Therefore, we can conclude that regardless of the specific policies used, the
proposed scheme improves the system performance also with this configura-
tion, by limiting the insurgence of local buffering and aiding the end-to-end
congestion control mechanism offered by TCP. Furthermore, it can be noted
that both a prioritization of the most congested links and of the channels
featuring a higher quality results in performance benefits in the average case,
although it also causes a decrease of the network fairness. On the other hand,
the MRBA policy manages to optimize the backhaul/access resource parti-
tioning, while introducing an increase in the throughput fairness at the same

time.
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Figure 3.10: Considerations on the formulated assumptions.

3.1.6.5 Further considerations

It is of particular relevance to analyze the performance of the semi-centralized
policies when relaxing the most restrictive hypothesis, i.e., the capability of

exchanging feedback information in a timely manner.

Actually, such analysis provides also insights regarding the effects of errors
and/or crashes in the control messages. Indeed, both control and data chan-
nels implement error detection mechanisms, hence we deem the likelihood
of undetected errors in the feedback information to be negligible. As a con-
sequence, the errors would be detected at the receiver, and lost information
would be either retransmitted by the source or simply discarded, waiting for
the following periodic update; in both cases, the net effect would be a delay

in the reception of the message.
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To such end, Fig. 3.10a shows the performance of the proposed framework
as a function of the semi-centralized allocation period T,j,.. In particular,
each of the depicted points represents the joint end-to-end throughput and
delay achieved with the different configurations.

As expected, in general the effectiveness of the various semi-centralized
policies progressively deteriorates as the frequency of the scheduling indica-
tions decreases. Interestingly, the BA policy exhibits the lowest performance
degradation with respect to an increase of the allocation period, which sug-
gests that this phenomenon has a slower evolution over time compared to
the one exhibited by the channels quality. Nevertheless, the key takeaway
is that all of the proposed allocation strategies except MSR outperform the
distributed solution, across both metrics. In fact, the latter exhibits the low-
est throughput first quartile, but only because it introduces a strong bias
towards high SINR channels, as discussed in Section 3.1.6.1. However, the
trend depicted by Fig. 3.10a also suggests that there exists a threshold value
of Ty after which the performance of the proposed frameworks brings only
marginal performance benefits.

Additionally, the running time of the MWM algorithm presented in Sec-
tion 3.1.3.1 was analyzed, in order to understand whether it may partially
invalidate the timely feedback assumption. Specifically, Fig. 3.10b presents
the statistics of the various MWM execution times, obtained on a machine
equipped with an i7-6700 4-core processor clocked at 3.4 GHz. The first
observation which can be made is that this empirical analysis confirms the
previously estimated asymptotic complexity, depicting a running time which
exhibits a linear dependence on the number of gNBs in the network. Further-
more, it can be noted that the runtime of the MWM algorithm does not ex-
ceed 6 yus, even for a significant number of IAB-nodes connected to the same
IAB-donor. As a consequence, we can conclude that the execution times of
the semi-centralized allocation process do not pose any threat to the timely
feedback assumption, since they are reasonably smaller than the duration of

the minimum semi-centralized allocation period.
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3.2 Risk-averse learning for latency minimization in mmWave
integrated access and backhaul networks

Regardless of the methodology, prior works mostly aim at maximizing the
network capacity [114, 116, 137-142], minimizing latency [122, 143] and im-
proving throughput fairness [98, 138]. Although these approaches success-
fully improve the network performance, MNOs are often more concerned
about their reliability. For this reason many commercial products rely on
simplified but reliable algorithms for resource allocation, despite their sub-
optimal performance. In this section, we address these limitations by propos-
ing Safehaul, a reinforcement learning-based solution for scheduling and
path selection in IJAB mmWave systems which reaps the benefits of learning-
based algorithms, while guaranteeing reliable network performance. To this
end, we use the concept of risk aversion, commonly used in economics [144,
145], to measure and enhance the reliability of Safehaul. The following sum-
marizes our contributions:

¢ We model the scheduling and path selection problem in IAB mmWave
networks as a multi-agent multi-armed bandit problem (Section 3.2.2).
We consider multiple fiber base stations, simultaneously supporting
many self-backhauled mmWave base stations. In our model, the self-
backhauled base stations independently decide the links to activate.
The consensus among the base stations is reached via standard-defined

procedures (Section 3.2.3.3).

* We present the first solution to provide reliable performance in IAB-
enabled networks (Section 3.2.3). Specifically, we investigate the joint
minimization of the average end-to-end latency and its expected tail
loss. To this aim, we propose Safehaul, a learning approach that lever-
ages the coherent risk measure Conditional Value at Risk (CVaR)[144].
CVaR measures the tail average of the end-to-end latency distribution
that exceeds the maximum permitted latency, thus ensuring the net-
work’s reliability.

* We analytically bound the regret of Safehaul, i.e., we bound the loss of
Safehaul compared to the case when the delays associated to all end-to-
end paths between self-backhauled base stations and fiber base stations
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are known a priori. We show that, for the case when there are no
conflicts between the decisions of the self-backhauled base stations, the
average regret of Safehaul tends to zero as the time increases. This
regret bound characterizes the learning speed and proves that Safehaul
converges to the optimal scheduling and path selection solution that
jointly minimizes the average end-to-end latency and its expected tail

loss.

* We provide a new means of simulating multi-hop IAB networks by ex-
tending NVIDA’s GPU-accelerated simulator Sionna [146] (Section 3.2.4).
Specifically, we add codebook-based analog beamforming capabilities
for both uplink and downlink communications. In addition, we add in-
ternal RT of Sionna in order to generate Channel Impulse Response (CIR).
Further, we extend Sionna by implementing system-level components
such as layer-2 schedulers and buffers and BAP-like routing across
the IAB network. We believe our IAB extensions will be instrumen-
tal for the open-source evaluation of future research on self-backhauled

mmWave networks.

¢ Exploiting the above simulator, we evaluate and benchmark Safehaul
against two state-of-the-art algorithms [143, 147] based on deployment
in two different locations (Manhattan and Padova). The results confirm
that Safehaul is significantly more reliable than the considered bench-
marks, as it exhibits much tighter variance in terms of both latency (up
to 71.4% smaller) and packet drop rate (at least 39.1% lower). Further,
Safehaul achieves up to 43.2% lower average latency and 11.7% higher

average throughput than the reference schemes.

3.2.1 System Model

We consider a cellular system with N base stations capable of self-backhauling
and D base stations with a fiber connection to the core network. Follow-
ing 3GPP terminology, we refer to self-backhauled base stations as IAB-
nodes (BS-nodes) and to fiber base stations as IAB-donors (BS-donors)*. Each

BS-node connects to the core network via a (multi-hop) wireless link to a

'Please note that throughout the section we will use interchangeably BS-nodes and IAB-
nodes (and similarly for BS-donors and IAB-donors)
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Figure 3.11: Example of a graph G;

BS-donor. The sets of all BS-nodes and BS-donors are denoted by N' =
{1,...,N} and D = {N +1,...,N + D}, respectively. The system works in
a time-slotted fashion starting from time slot i = 1 until a finite time horizon
I. All the time slots i = 1,...,I have the same duration. The BS-nodes are
equipped with two RF chains. One RF chain is used exclusively for the com-
munication with cellular users (access network), while the second RF chain
is used for self-backhauling. In line with the 3GPP specification [15], we
assume half-duplex self-backhauling, i.e., in each time slot i a BS-node can
either transmit, receive or remain idle.

We model the connections between the base stations in slot i as a graph
G = {V,&}, see Figure 3.11. The set V = N UD of vertices is formed
by all the BS-nodes and BS-donors in the system. The set & of edges is
composed of the available wireless links (1,1) between a BS-node n € N
and any BS (BS-donor or BS-node) I € V in time slot i. Note that G; is not
static. In a given time slot 7, some links may be unavailable due to failure,
blockage, or interference. Thus, only feasible wireless links are considered
in the set &;. The path X, ; from BS-node n to any BS-donor d is a sequence
of intermediate links (n,1). X, ; changes over time according to the traffic
loads of the intermediate BS-nodes and to the channel conditions. We model
the activation of link (7,1) with the binary variable x,,;;. When x,,;; = 1, the
link is activated and BS-node # transmits to BS [ € V in time slot i, whereas
x,1i = 0 indicates that the link is deactivated. x,,; = 1 indicates that BS-
node n does not transmit nor receives backhaul data in time slot i.

Each BS-node 7 has a finite data buffer with capacity BJ'®* to store the
backhaul data to be transmitted to any of the BS-donors. In each time slot i,
BS-node n is characterized by its load and average queuing time. The load,
denoted by B,; € NN, indicates the number of data packets stored in the

buffer at the beginning of time slot i. The average queuing time t!. € R"
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is the average number of time slots the current packets in the data buffer
have been stored. Additionally, we denote by M,,;; € IN the number of
data packets transmitted from n and successfully received at [ in time slot
i (i.e., when x,;; = 1), and with t;’fl’i € R™ the transmission time needed
to send these packets. Note that M,,;; < B,; as only packets stored in the
data buffer can be transmitted. At the receiver BS-node I, the load B;;; of
its data buffer is updated at the beginning of the next time slot i + 1 such
that B;; + M,,;; < B"™ holds. That is to say, packets exceeding the buffer
capacity are dropped. Finally, when x,,;; = 0 both M,,;; and tfq’fl,i are equal

to zero.

We define the maximum tolerable latency Tmax as the maximum time a
packet can take from its source BS-node to any BS-donor. Any packet that is
not delivered before Tpn.x milliseconds will be dropped. The average manxi-
mum end-to-end latency T, ; from BS-node n to BS-donor d is the average,
over the complete time horizon I, of the maximum delay a packet originating
from BS-node n takes to reach any BS-donor 4 in time slot i. This is calculated
as T, ;= % Zle T, 4i, where T, ;; is the maximum end-to-end latency among
all the packets originating in BS-node n which reach BS-donor 4 in time slot
i. T,q;is a sample of the random variable T, ; drawn from an unknown
stationary probability distribution P that depends on the links x,,; 7, n € N,
leV,i=1,...,i activated up to time i, the user’s mobility, the location of
the BS-node 1, the interference in the system, and the queue dynamics. Ac-
cordingly, we define the average maximum end-to-end latency in the system
T as

1 D

N
T = ND n;ldg:l Tn,N+d- (3-1)

3.2.2 Problem Formulation

The joint minimization of the average maximum end-to-end latency and the
expected value of its tail loss in IAB-enabled networks is formulated in this
section. We first introduce CVaR, the risk metric accounting for minimizing
the events in which the end-to-end latency is higher than Tnhax. Next, we

formulate the optimization problem in the complete network.
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Preliminaries on CVaR

Traditionally, latency minimization in IAB-enabled networks has focused on
optimizing the expected value of a latency function [122, 143]. However, such
an approach fails to capture the time variability of the latency distribution,
thus potentially leading to unreliable systems in which T, ;; > Tmax, for
any i = 1,..,I, n € N and d € D. For this purpose, we consider not only the
average end-to-end latency T in the system, but also its expected tail loss based on
the CVaR[144, 148].

Having in mind that T}, ; is a random variable, we assume it has a bounded
mean on a probability space (Q, F, P), with Q) and F being the sample and
event space, respectively. Using a risk level « € (0,1], the CVaRy(T,4) of
T, 4 at risk level & quantifies the losses that might be encountered in the a-
tail. More specifically, it is the expected value of T, 4 in its a-tail distribution
[148]. Formally, CVaR,(T,, 4) is defined as [144]

CVaR, (T, ) = min{q + 1IE[max{and —q,0}] }, (3.2)
geR o

where the expectation in (3.2) is taken over the probability distribution P.
Note that lower CVaR,(T), 4) results in higher system reliability because the
expected end-to-end latency in the x-worst cases is low. Moreover, note that
 is a risk aversion parameter. For « = 1, CVaRy(T,4) = E[T,4] which
represents the traditional risk-neutral case. Conversely, al‘;n% CVaR, (T, ) =
sup{T, }. CVaR has been shown to be a coherent risk measure, i.e., it fulfills
monotonicity, subadditivity, translation invariance, and positive homogene-

ity properties [149].

Optimization Problem

We jointly minimize the average maximum end-to-end latency and its ex-
pected tail loss for each BS-node. For this purpose, we decide which of the
(n,1) links to activate in each time slot i during the finite time horizon I. In
the following, we formulate the optimization problem from the network per-
spective and consider the sum over all BS-nodes in the system. The latency
minimization problem should consider three different aspects: (i) link acti-

vation is constrained by the half-duplex nature of self-backhauling, (ii) only
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data stored in the data buffers can be transmitted, and (iii) packet drop due
to buffer overflow should be avoided. Formally, the problem is written as:

I
minimize Z (Z (} 2 Tn,d,i> + UCVaR,X(Tn,f)> (3.32)

{xu} neN \deD \ © i=1
subject to

Yo xyit Y xpgi=lneN,i=1,...,1, (3.3b)
1eV,l#n leN
B,i>M,;; neN,leV,i=1,...,1, (3.30)
Byj+ M, < B, neN,leV,i=1,...,], (3.3d)
xn1i € {0,1}, neN,leV,i=1,...,1 (3.3€)

In (3.3a), 7 € [0, 1] is a weighing parameter to control the trade-off between
minimizing the average maximum end-to-end latency T}, ; and the expected
loss of its tail. The constraint in (3.3b) considers half-duplex transmissions by
ensuring that, in each time slot i, every IAB-node communicates with up to
one of its neighbors by either receiving or transmitting backhaul data. (3.3¢)
considers data causality, i.e.,, only data already stored in the data buffers
can be transmitted, and (3.3d) prevents buffer exhaustion. As the considered
scenario is not static, solving (3.3) would require complete non-causal knowl-
edge of the system dynamics during the complete time horizon I. However,
in practical scenarios, knowledge about the underlying random processes is
not available in advance. For example, the BS-node’s loads B,,; depend not
only on the transmitted and received backhaul data, but also on the randomly
arriving data from its users. Similarly, the amounts of transmitted data M,, ;;
depend on the varying channel conditions of both BS n and I. As a result,
the exact values of T,;;, B,; and M, ;; are not known beforehand. For this
reason, we present in Section 3.2.3 Safehaul, a multi-agent learning approach
to minimize in each BS-node the average maximum end-to-end latency and

the expected value of the tail of its loss.

3.2.3 Our proposed solution: Safehaul

In this section, we describe Safehaul, a multi-agent learning approach for
the joint minimization of the average maximum end-to-end latency and its

expected tail loss in IAB mmWave networks. In Safehaul, each BS-node inde-
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pendently decides which links (n,1) to activate in every time slot i by lever-
aging a multi-armed bandit formulation. The consensus among the BS-nodes
is reached by exploiting the centralized resource coordination and topology
management role of IAB-donors [150, Sec. 4.7.1].

3.2.3.1 Multi-Armed Bandit Formulation

Multi-armed bandit is a tool well suited to problems in which an agent makes
sequential decisions in an unknown environment[151]. In our scenario, each
BS-node n decides, in each time slot i, which of the links (n,1) to activate
without requiring prior knowledge about the system dynamics. The multi-
armed bandit problem at BS-node n can be characterized by a set A, of ac-
tions and a set R, of possible rewards. The rewards r,,; € R, are obtained in
each time slot 7 as a response to the selected action 4, ; € A, and the observed
latency. Since every BS-node 7 selects only one action during each time slot,
we enforce the half-duplex constraint in (3.3b) by defining the set of possible
actions as the set of feasible links for BS-node n. In particular, we define A,
forn € N as A, = {(n,1),(m,n)lm € N, 1 € V}, where link (n,n) indicates
that BS-node n remains idle. As blockages, overloads, or failures might ren-
der certain links (n,1) temporarily unavailable, we define the set A,; C A,
of available actions in time slot i as A,,; = {(n,1),(I,n)|(n,1),(I,n) € &}.
Selecting action a; = (n,1) in time slot i implies x,,;; = 1.

The rewards r,,; are a function of the end-to-end latencies T}, ;; and depend
on whether at BS-node n a link (n,1) or (I,n) is activated. BS-node n is
connected to the BS-donor via multi-hop wireless links. Consequently, T, ;;
cannot be immediately observed when a link (n,1), with I ¢ D is activated.
In fact, the destination BS-donor d might not even be known to BS-node n
in time slot i. To overcome this limitation, we define the rewards r,; as a
function of the next-hop’s estimated end-to-end latency T ;; as

Lo tgi + 15+ Tiq, for link (n,1) .0
ni — ~ .
ty -+ T for link (1, n),
where Tl,d,i is calculated as Tl,d,i = (lrrxnﬁ?g Tl,m,i and t;’fl/i is calculated based

on M, ; to ensure the causality constraint in (3c) is fulfilled. Note that the
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constraint in (3d) cannot be enforced, since multi-armed bandit algorithms

learn from the activation of both optimal and suboptimal links.

3.2.3.2 Latency and CVaR Estimation

As given in (3.4), BS-node n learns which links (#,1) to activate by building
estimates of the expected latency Tn,l associated to each of them. Let K,,;; =
2;':1 x,,,; be the number of times link (7,) has been activated up to time slot

i. The estimated T, is updated using the sample mean as

N

- KoiTnpi+ 7

Tupin = —% T (3.5)
n,l,i

where the subindex i is introduced to emphasize that the estimate is built
over time.

The CVaR definition given in (3.2) requires T, 4 which, as discussed before,
is not known a priori. Hence, we leverage the CVaR estimator derived in
[152] to calculate the estimated CVaR of a link (n,1). Let #},.. .,?5”’“ be all
the rewards received up to time i. The estimated C/Va\Ri(n, l) in time slot 7 is

calculated as [152]

K .

— 1 n,li

CVaR;(n,1) := tiglg(u K Z[?ﬁ—t]*). (3.6)
nli =1

Using the estimates in (3.5) and (3.6), BS-node n computes the value Q,(a, ; =

(n,1)) associated to the selected action a, € A,, and defined as
Qu(an;) = Tuii + nCVaR;(n,1). (3-7)

Note that (3.7) is aligned with the objective function in (3.3a). Actions with
an associated low value Q,(a, ;) lead to lower end-to-end latency and a low
expected value on its tail.

3.2.3.3 Consensus

All the BS-nodes independently decide which links to activate based on their
estimates of the end-to-end latency. As a consequence, conflicting actions
may be encountered. A conflict occurs when two or more BS-nodes n and
m aim at activating a link to a common BS I, I € V, ie., x,;; = Xp1; = 1.
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Algorithm 2 Safehaul algorithm at each BS-node
Input: «, 17, Ay,

1: Initialize T,,/l, CVaR(n,1), and Qy for all (n,1) € &

2: Set counters K,,; = 0 and initial action a,, 1 = (1, n)

3: for every timesloti =1,..,I do
4 perform action a,, ;, observe reward r,,; and increase counter K,,; by one > Eq. (3.4)
5 update latency estimate Tn,l > Eq: (3.5)
6:  update CVaR estimate @(n, ) > Eq: (3.6)
7: update Qy(a,;) > Eq: (3.7)
8: select next action a,, ;1 using e-greedy > Eq. (3.8)
9: share a, ;1, tg/i and B, ; with the other BS-nodes
10: if required, update a,, ;1 to reach consensus > Section 3.2.3.3
11: end for

We reach consensus by first retrieving the buffer and congestion status of the
various IAB-nodes, leveraging the related BAP layer functionality [150, Sec.
4.7.3]. With this information at hand, conflicts are resolved by prioritizing
the transmission of the BS-node with the larger queuing times tg,i and loads
B, ;. Then, we let the IAB-donor mark as unavailable the time resources of
the remaining base stations with conflicting scheduling decisions [150, Sec.

10.9]. Note that as the learning is performed at each BS-node, only the link
q

activation decision and the weighted sum of ¢,

and B, ; are transmitted.
Thus, low communication overhead is achieved.

3.2.3.4 Implementation of Safehaul

Here, we describe how the above-mentioned solution can be implemented in
a real system. Specifically, we elaborate on the required inputs and the inter-
actions among the different entities as well as the pseudo-code of Safehaul,
see Alg. 2.

Safehaul is executed at each BS-node n. For its implementation, the MNO
provides &, 7 and A, as an input. « is the risk level parameter that influences
the level of reliability achieved in the system. Similarly, # controls the impact
of the minimization of the latency in the a-worst cases on the overall per-
formance. Both parameters, a and 7, are set by the MNO depending on its
own reliability requirements. The set .4,, depends on the considered network
topology, which is perfectly known by the MNO. A, includes all links (n,1)
and (I,n) to and from the first-hop neighbors of BS-node .

The execution of Safehaul begins with the initialization of the latency and
CVaR estimates, and the values Q of the actions in 4,. Additionally, the
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counters K, ;, that support the calculations of T, ; and ﬁfa\R(n, 1), are initial-
ized for all links in A, (lines 1-2). These parameters are updated and learnt
throughout the execution of Safehaul. At time slot t = 0, no transmission has
occurred and B, o = 0. Hence, BS-node n remains idle for the first time slot
i=1,ie,a,1 = (n,n) (line 2). Next, and in each of the subsequent time slots
i€ {1,...,1}, the selected action is performed and the corresponding reward
is obtained (line 4). If BS-node n transmits in time slot i, ie., a,; = (n,1),
the reward r,; is sent by the receiving BS I through the control channel. If
an; = (I,n), the reward r,; depends, as given in (3.4), only on the current
estimates at BS-node n and the status of its buffer B, ;. With the observed
reward 7, ;, the counter for action a,,; is increased and the latency and CVaR
estimates are updated (lines 4-6). Using the new estimates (lines 5 and 6), the
value Q(a,;) of the performed action a, ; is updated (line 7). The next action
ay,i+1 is then selected according to e-greedy (line 8), which is a well-known
method to balance the exploitation of links with estimated low latency, and
the exploration of unknown but potentially better ones. In e-greedy, a ran-
dom action 4, ;41 from the set A, ;1 is selected with probability ¢ € [0,1].
With probability (1 — €), instead, the action that yields the estimated lowest

value is chosen, i.e.,

randomly selected action from A,,;1, ifx <e

(3-8)

a . prnd .
mitl argmax Qy (by), if x > ¢,

bn GAn,i-H

where x is a sample taken from a uniform distribution in the interval [0, 1].
Once the action a, ;1 is selected, it is shared with other BS-nodes in the
network along with tg/i and B,,; (line 9). As described in Section 3.2.3.3, this
goes through the control channel. If conflicts arise, consensus is reached
by prioritizing the transmission of the BS-node with the largest loads and

queuing times (line 10).

3.2.3.5 Regret Analysis

The regret  is defined as the expected loss caused by the fact that the optimal
action is not always selected [153]. Let T and T,, be the expected delay
associated to the optimal action a* € A, and the non-optimal action a,, € A,,
respectively. Similarly, let CVaR* and CVaR,, be the CVaR of the optimal
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action a* € A, and the non-optimal action a, € A,, respectively. Formally,
the regret (; after i time slots is defined as

Zi=)Y_ ((Ts, +nCVaR,,) — (T" + nCVaR*) ) E[K,, ]

nst
a, €A,

=Y ALE[K,,] (3-9)
an€A,

where K, ; is the number of times action a, has been selected up to time slot
i

Proposition 1. For a network G in which the independent decisions of the BS-nodes
do not lead to conflicts, let A, = |Ay| be the number of available actions for BS-
node n. Additionally, let ¢ > 0,0 < d < 1, and €; := min(1, C;};). Then, there
exists a positive constant C > 1, such that the probability that Safehaul chooses a

non-optimal action a, # a* after i > cA, /d time slots is upper bounded as

g B% L 2Cd?
R

C
]P[an,i = an] SE + ;
c (i —1)d?e%> =

Proof. See Appendix A. [ |

Theorem 1. For a network G in which the independent decisions of the BS-nodes do
not lead to conflicts, the regret ; of Safehaul after i time slots is upper bounded by

Ll ¢ de ¢ 2Cd>
gi < Z Aan(l + /Z W + EBZZ’ + —1 (1) P>
ap€A, =2 cin W

c (l/ o 1)d2€0'5 ﬁ
+ 4C<dzll'1<w Bi’ ’

wherec > 0and 0 < d < 1.

Proof. From the definition in (3.9), the regret can be upper bounded as

i < Z Aun (1 + Zl: ]P[an,i’ = an])/ (3-10)

an €A, i'=2
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by considering that E[K,, ;] <1+ Y%_,Pla,s = a,]. The bound is obtained
by including the result of Proposition 1 in (3.10) as

Cle | e 202
G< YD) 14 Y |55 + 5 BE 4+ —
an€An i'=2 a2 4> Cln(%)

7 1\42,05 s
n 4C<;21n<(l C;}d ¢ >)Bﬁd2]>, (3.11)

As every term in square brackets decreases monotonically in 7/, the regret {;
grows sub-linearly.

3.2.4 Simulation setup

Given the lack of access to actual 5G (and beyond) network deployments,
prior works mostly rely on home-grown simulators for performance evalua-
tion. Although this is a valid approach, these simulators often cannot fully
capture the real network dynamics, introducing strong assumptions in the
physical and/or the upper layers of the protocol stack. Until very recently,
the most complete simulator for IAB networks was a system-level simula-
tor [17] developed as an extension of the ns-3 mmWave module [154]. How-
ever, despite accurate modeling of the IAB protocol stack, it is currently
behind the latest IAB specifications®>. Moreover, the ns-3 IAB extension is
unsuitable for large simulations with hundreds of nodes due to reliance on
an older version of the mmWave module. Therefore, in our work we opt
for Sionna [146], which is an open-source GPU-accelerated toolkit based on

TensorFlow.

However, unlike the aforementioned ns-3 module, Sionna is a physical
layer-focused simulator that does not explicitly model 5G networks, thus
lacking the characterization of the 5G-NR upper-layer protocol stack. Hence,
we extend Sionna by including the system-level functionalities such as MAC-
level scheduling and RLC-level buffering. Furthermore, since Sionna exhibits
slight differences compared to the 5G-NR physical layer, we extend Sionna’s

?For instance due to the assumption of L-3 (instead of L-2) relaying at the IAB-nodes which
was based on a draft version of TR 38.874 [155].
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Figure 3.12: Schematic of the hierarchical beam management procedure. First, the
general direction is estimated using wide beams (top). Then, the search
is refined using the narrow beams codebook.

physical layer model [146] with the 5G-NR procedures. In the following, we

describe the details of our extensions, which are publicly available3.

Extensions to Sionna’s physical layer module

In this section, we describe the physical layer modification that were neces-

sary to evaluate IAB scenarios using Sionna.

Codebook-based Beamforming Sionna’s native beamforming only supports Zero-
Forcing (ZF) pre-coding in downlink. Therefore, as a first step, we extend
Sionna by implementing an NR-like codebook-based analog beamforming
both at the transmitter and at the receiver. Specifically, we assume that the
beamforming vectors at the transmitter w;, and at the receiver w,, are a pair
of codewords selected from a predefined codebook. The codebook is com-
puted by defining a set of beam directions {w,,,} which scans a given angu-
lar sector with a fixed beamwidth. The steering vector 4, , corresponding to

direction w4 can be computed as:

‘zld . . . +:
(o= [1,...,61 5 (szmtx,,sm/Sq chOS,Bq)/.”/
(3.12)

7

e]Z”d((NH—l)sinocpsinﬁq—F(NV—l)cosﬁq)} T

where Ny and Ny are the number of horizontal and vertical antenna ele-
ments, respectively. The horizontal and vertical indices of a radiating element
are denoted by iy € {0, ..., Ny — 1} and iy € {0, ..., Ny — 1}, respec-

3https://github.com/TUDA-wise/safehaul_infocom2023
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tively. a, and B, represent the azimuth and elevation angles of w,,. Next,
we define the codebook as the set {(\/m)_lwp,q}.

In line with the 5G-NR beam management procedure [64], we assume the
lack of complete channel knowledge, i.e., the communication endpoints do
not know the corresponding channel matrix. Accordingly, an exhaustive
search is conducted to identify the best pair of codewords resulting in the
highest SINR. We leverage a hierarchical search, in which the communica-
tion pairs first perform a wide-beam search in which the transmitter and
the receiver approximate the direction of communication, see Figure 3.12.
Next, the beamforming direction is fine-tuned through a beam refinement
procedure going through a codebook with narrow beams. Consequently, we
employ two types of codebooks, one with wide beams for sector sweep and
another with narrow beams for beam refinement.

SINR Computations Since Sionna does not natively calculate the SINR, we
add this functionality to the simulator to better model the impact of inter-
ference in our simulations. We compute the SINR experienced by TBs by
combining the power of the intended signal with that of the interferers and
of the thermal noise. Specifically, we first compute the power P, (i, f) of the
intended signal at receiver n over frequency f and in time slot i. Then, we
obtain the overall interference power by leveraging the superposition princi-
ple and summing the received power from all other interfering base stations
Py (i, f) where m # n. For the purposes of this computation, we assume that
each interferer employs the beamforming vector yielding the highest SNR
towards its intended destination. Similarly, the transmitter and the receiver
use the beamforming configuration estimated via the hierarchical search pro-
cedure. Finally, the SINR is

1 f) = TG )+ PG G:1)

where 02 (i, f) is the thermal noise power at the receiver.

As mentioned, Sionna is mainly a physical layer simulator. However, to
get closer to IAB networks as specified in Rel. 17, we have extended Sionna
by implementing a selection of system-level features. To such end, we intro-
duced a discrete-event network simulator for modeling IAB networks. This
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Figure 3.13: Overall design of our Sionna’s extension. The red blocks represent our
additions to the baseline simulator, i.e., Sionna [146].

system-level extension operates on top of Sionna and provides basic func-
tionalities such as a MAC-level scheduler, layer-2 buffers, and data flow and
path selection mechanisms. Our simulator, depicted in Figure 3.13, generates
a variety of system-level KPIs such as latency, throughput, and packet drop
rate.

Data Flow and buffer 3GPP has opted for a layer-2 relaying architecture for
BS-nodes where hop-by-hop RLC channels are established. This enables re-
transmissions to take place on the affected hops only, thus preventing the
need for traversing again the whole route from the BS-donor whenever a
physical layer TB cannot be successfully decoded. This design results in a
more efficient recovery from transmission failures and reduces buffering at
the communication endpoints [156]. To mimic this architecture, we have im-
plemented RLC-like buffers at each base station. Specifically, each BS-node
features layer-2 buffers for both received and transmitted packets. For in-
stance, the data flow for an uplink packet is the following. The UE generates
packets and sends a transmission request to the base station. Consequently,
the scheduler allocates OFDM symbols for this transmission, which is even-
tually received and stored at the RX buffer of its Distributed Unit (DU). Next,
the packet is placed into the TX buffer to be forwarded to the suitable next
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hop BS-node. This procedure is repeated until the packet crosses all the
wireless-backhaul hops and reaches the BS-donor. Note that the packet can
be dropped due to latency constraints or to interference.

BAP To manage routing within the wireless-backhauled network, the 3GPP
introduced BAP, i.e., an adaptation layer above RLC which is responsible
for packet forwarding between the BS-donor and the access BS-nodes [135].
Our simulator mimics this by associating each BS-node to a unique BAP ID.
Moreover, we append a BAP routing ID to each packet at its entry point in
the RAN (i.e., the BS-donor and the UEs for DL and UL data, respectively).
Then, this identifier is used to discern the (possibly multiple) routes toward
the packet’s intended destination [135]. The choice of the specific route is
managed by Safehaul.

Scheduler  Finally, we implemented a MAC-level scheduler which operates
in a TDMA mode. The scheduler periodically allocates the time resources
to backhaul or access transmissions in a Round-Robin fashion*. Specifically,
each cell first estimates the number of OFDM symbols needed by each data
flow by examining the corresponding buffer. Then, the subframe’s OFDM
symbols are equally allocated to the users. If a user requires fewer symbols
to transmit its complete buffer, the excess symbols (the difference between
the available slot length and the needed slot length) are distributed to the
other active users.

3.2.5 Performance Evaluation

In our simulations, we consider realistic cellular base station deployments
in Manhattan, New York City®> and in the historical city center of Padova.
Specifically, for the former we collect the locations of N = 223 5G-NR base
stations in an area of 15 Km? as depicted in Figure 3.14a. On the other
hand, in the Padova topology we combine locations of N = 100 4G-LTE Base
Station (BS) of different MNOs (WINDTRE, TIM, and Vodafone) in an area

4The choice of the specific scheduling algorithm is outside of the scope of the 3GPP NR
specifications, and is thus left to the MNOs. Accordingly, a Round-Robin scheduling
policy represents a typical baseline assumption.

5The locations correspond to the network of T-Mobile, which has the largest deployment
among the MNOs.
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Figure 3.14: Locations of BS-nodes (red dots) and of the BS-donor (green triangle) in
the Manhattan (left) and Padova (right) topologies.
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Figure 3.15: Average network performance for 50 UEs and 80 Mbps per-UE source
rate (Scenario 1).

of 10 Km? as depicted in Figure 3.14b, due to the lack of 5G-NR base station
deployment at the time of writing of this thesis. The detailed simulation
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Figure 3.16: Network performance for {25, 50, 75, 100, 200} BS-node, 2 UEs per BS-
nodes on average, and 40 Mbps per-UE source rate (Scenario 2).

parameters are provided in Table 3.1. We used the channel model outlined
by 3GPP in TR 38.901 [39], which provides a statistical channel model for
0.5-100 GHz, and analyzed the "Urban Micro (UMi)-StreetCanyon" scenario.

Benchmarks. To provide better insights on the performance of Safehaul,
we replicate two approaches from the state of the art: (i) Scalable and Ro-
bust Self-backhauling Solution (SCAROS), a learning-based approach that
minimizes the average latency in the network [143], and (i) Maximum-local-
rate (MLR), a greedy approach aiming to maximize throughput by selecting
the links with the highest data rate.

Our evaluation consists of six scenarios, in which we study the convergence
of the algorithms to a steady state, the number of BS-nodes, the number of
BS-donors, and the impact of risk aversion. When demonstrating the re-
sults, we show the average throughput, latency, and packet drop rate per UE.
Furthermore, we show the statistical variance of the obtained results using
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Table 3.1: Simulation parameters.

Parameter

| Value

Carrier frequency and bandwidth
IAB RF chains

Pathloss model

Number of BS-nodes N

Source rate

IAB Backhaul and access antenna array
UE antenna array

IAB and UE height

IAB antenna gain

Noise Figure

Risk level a

Reliability weight factor #

28 GHz and 400 MHz

2 (1 access + 1 backhaul)
UMi-Street Canyon [39]
{223 NY, 100 Padova}
{40, 80} Mbps

8Hx8V and 4Hx4V
4Hx4V

15 m and 1.5 m

33dB

10 dB

0.1

1

candlesticks which include the corresponding max, min, mean, and 10 and
9o percentiles.

Scenario 1: Average Network Performance

Analyzing the performance of the algorithms as a function of time is crucial
to determine the convergence speed of the learning-based techniques, i.e.,
Safehaul and SCAROS. Hence, in Figure 3.15 we show the average network
performance over time for three metrics: latency, throughput, and packet
drop rate.

In Figure 3.15a, we can observe that Safehaul rapidly converges to an aver-
age latency of approximately 8.6 ms which is 12.2% and 43.4% lower than the
latency of SCAROS and MLR, respectively. The high performance of Safehaul
stems from the joint minimization of the average latency and the expected
value of its tail loss, which results in avoiding risky situations where latency
goes beyond Tmax. This is not the case for SCAROS where we observe a high
peak in the latency before convergence, i.e., between zero and 1000 ms. It
is exactly the avoidance of such transients in Safehaul that leads to higher reliabil-
ity in the system. The reliability offered by Safehaul allows MNOs to deploy
self-backhauling in an online fashion and without disrupting the network
operation. The performance of MLR is constant throughout the simulation,
as it is not designed as an adaptive algorithm.
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Figure 3.15b shows that the risk-aversion capabilities of Safehaul have no
negative impact on the average throughput of the network. The performance
of Safehaul is comparable to that of SCAROS, approximately 79.3 Mbps, and
11.7% larger than the performance of MLR. The performance shown in Figure
3.15¢ is consistent with the behavior observed in Figure 3.15a. As Safehaul
additionally minimizes the a-worst latency, it achieves the lowest packet drop
rate compared to the reference schemes, namely, 30.1% (84.0%) lower than
SCAROS (MLR).

Scenario 2: Impact of the Network Size

In Figure 3.16 we evaluate the reliability of the three considered approaches
for different network sizes. Specifically, we vary the number of BS-nodes
from 25 to 200. At the same time, we increase the load in the network by
increasing the number of UEs. From the figures, we can clearly see that
Safehaul consistently achieves a lower variation compared to the reference
schemes. This verifies that Safehaul achieves the intended optimization goal,
i.e., the joint minimization of the average end-to-end delay and its expected
tail loss.

Figure 3.16a shows that Safehaul is able to maintain an almost constant
latency as the number of BS-nodes increases. Specifically, the variation of
latency with Safehaul is 56.1% and 71.4% less than with SCAROS and MLR,
respectively. Furthermore, Safehaul achieves 11.1% and 43.2% lower latency
compared to SCAROS and MLR, where the high variance exhibited by the
latter is due to a lack of adaptation capabilities.

As shown in Figure 3.16b, the average throughput of the learning-based
approaches Safehaul and SCAROS remains constant for the different val-
ues of the network size. However, the lowest variation in the throughput is
achieved by Safehaul, i.e., only 0.90 compared to 1.9 and 2.8 in the benchmark
schemes. Such behavior corroborates Safehaul’s reliability capabilities.

The packet drop rate for different numbers of BS-nodes is shown in Fig-
ure 3.16¢. Safehaul not only consistently outperforms the reference schemes,
but also has the minimum variation in the results (at least 47.3% lower com-
pared to the benchmarks). Considering the largest network size and load, i.e.,
200 BS-nodes and 400 UEs, Safehaul achieves 49.3% and 81.2% lower packet
drop rate compared to SCAROS and MLR, respectively.
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Figure 3.17: Network performance for 50 UEs and 40 Mbps per-UE source rate, ver-
sus the number of BS-donors (Scenario 3).

Scenario 3: Impact of the number of BS-donors

Although the benchmark schemes do not support multiple BS-donors, Safe-
haul is designed to accommodate such scenarios. In Figure 3.17, we investi-
gate the impact of the number of BS-nodes on Safehaul. To this end, we keep
the number of UEs and their data rate constant. We observe in Figure 3.17a
that the highest latency is experienced when only one BS-donor is present in
the network. This stems from the tributary effect of self-backhauling where
the traffic flows towards a central entity which itself can become a bottleneck.
As the number of BS-donors increases, the traffic is more evenly distributed,
resulting in lower latency. Specifically, the average latency decreases from
8.2 ms for D =1 to 1.7 ms when D = 5. As mentioned, since the load is
constant in this scenario, the average throughput also remains constant for
all different numbers of BS-donors, see Figure 3.17b. Notably, Safehaul’s
learning speed is maintained for the different values of D. This is an impor-
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Figure 3.18: Average latency for 50 UEs and 20 Mbps per-UE source rate, versus the
risk level a (Scenario 4)

tant design feature of Safehaul because having more BS-donors means that
the number of paths a BS-node has to the core network increases exponen-
tially. From a learning perspective, such increment implies a larger action
set and a lower learning speed. Safehaul avoids this problem by learning
the average latency based on the estimates of its neighbors and not on the
complete paths to the BS-donors. Finally, Figure 3.17c shows that increasing
the number of BS-donors significantly reduces the packet drops, which also
stems from a better distribution of traffic flows in the network, as observed

in Figure 3.17a.

Scenario 4: Impact of the risk parameter

The definition of losses in the tail of the latency distribution is controlled
by the risk level parameter a. Its impact on the average latency is shown in
Figure 3.18, where an increasing behavior is observed for & < 0.7. The lowest
latency is achieved for « = 0.1, which corresponds to the most risk-averse,
and therefore the most reliable, case out of all the considered ones. The non-
monotonic behavior of the average latency versus a can be explained by the
so-called exploration-exploitation trade-off: the higher &, the higher the level
of risk, which in turn leads Safehaul to learn more about the environment and
choose a more reliable action. Eventually, as « grows beyond approximately
0.7, the performance of Safehaul tends to that of the risk-neutral case. As a
consequence, the algorithm undertakes excessive exploration, which causes

a degradation of the average latency performance.
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Figure 3.19: Average network performance for 50 UEs and 80 Mbps per-UE source
rate (Scenario 1) in Padova.

Scenario 5: Performance in different topologies

To verify the generality of the proposed algorithms, it is essential to examine
how they perform in different topologies, and consider both typical network
performance metrics (i.e., along the lines of Scenario 1) and their stability
with respect to the number of BS-nodes and BS-donors (Scenarios 2 and 3).
To this end, we ran additional simulations in the deployment depicted in
Figure 3.14b, which mimics the BS-nodes locations of the historic center of
Padova. We report the average network performance over time, in terms of
end-to-end packet drop rate, throughput, and latency in Figure 3.19. Overall,
the outcomes of this simulation campaign are in line with those obtained in
Scenario 1. Specifically, as seen in Figure 3.19a, Safehaul quickly converges
to an average latency of approximately 8 ms, which is 14% and 31% lower
than SCAROS and MLR’s latency. Figure 3.19b shows the average per-UE
throughput, for which Safehaul achieves about 4% and 17% better perfor-
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Figure 3.20: Network performance for {25, 50, 75, 100} BS-nodes,2 UEs per BS-node
on average, and 40 Mbps per-UE source rate (Scenario 2) in Padova.

mance than SCAROS and MLR, respectively. Similarly, the performance de-
picted in Figure 3.19c is in line with that reported in Figs. 3.19a and 3.19b,
with Safehaul achieving approximately a 24% and 38% smaller packet drop
rate than SCAROS and MLR, respectively.

In Figure 3.20, we compare the consistency of the performance of the three
algorithms with respect to the network size. In particular, we change the
number of BS-nodes from 25 to 100, keeping fixed the number of UEs per
BS-node and thus effectively increasing the network load on the BS-donor.
Results show that Safehaul, when compared to other schemes, exhibits min-
imal performance degradation when introducing additional BS-nodes and
UEs. As can be seen in Figure 3.20a, the latency achieved by Safehaul in-
creases by at most 16% in the case of 100 BS-nodes, while SCAROS and MLR
lead to a latency which is consistently higher and increases up to 27% and

25% when deploying additional nodes, respectively. Similar trends can be
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Figure 3.21: Network performance for 50 UEs and 40 Mbps per-UE source rate, ver-
sus the number of BS-donors in Padova (Scenario 3).

observed in Figs. 3.20b and 3.20c, which report throughput and packet loss
versus the network size, respectively. Indeed, Safehaul is the best performer
across the whole range of BS-nodes which have been considered. Further-
more, Safehaul loses 20% more packets with the denser network deployment
(i.e., 100 BS-nodes), while reference schemes exhibit an increase in packet loss
of up to 33%.

We complete this analysis by examining how the number of donors af-
fects the performance achieved by Safehaul in the Padova-like topology. As
can be seen in Figure 3.21, increasing the number of fiber-backhauled base
stations progressively reduces the latency. Similarly, and in line with the re-
sults obtained in Scenario 3 and reported in Figure 3.21c, the packet drop
rate varies from approximately 0.08% when considering a single BS-donor,
to approximately 0.003% in the presence of five BS-donors. The performance
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improvements introduced by additional fiber links saturate after 3 donors,
thanks to the efficient routing and scheduling performed by Safehaul.

In summary, the results obtained in the additional topology mimicking
the historical center of Padova are well aligned with those obtained in the
Manhattan topology. Although the specific values of the network metrics
achieved by the considered schemes in the two topologies are different (for
instance, SCAROS achieves a 66% lower packet drop rate in Scenario 1 com-
pared to Scenario 5), the trends among the various schemes are the same.
Specifically, we observed that Safehaul consistently achieves the best perfor-
mance in comparison to SCAROS and MLR across different metrics, which
supports the claim that the proposed scheduler is capable of learning how to

optimize arbitrary deployment topologies.

Scenario 6: Network resilience

In networking, resilience refers to the ability of a network to recover in a
quick and effective fashion from disruptions, thus providing reliable and
high-quality communication services to its users. Specifically, the ability to
recover from link failures is particularly important in IAB networks, where
backhaul links are susceptible to the typical disruptions which plague the
RAN due to its mobile and wireless nature. For instance, the links among BS-
nodes can be degraded by adverse environmental conditions such as heavy
rain and monsoons, physical obstacles and network congestion. These dis-
ruptions can cause temporary or permanent communication failures, which
in turn result in degraded performance and/or loss of connectivity for the
end users. To prevent and/or recover from these undesired events, a back-
haul scheduler must detect, mitigate, and recover from various types of dis-
ruptions and failures, and must maintain the required level of service avail-

ability and performance despite the time-varying channel conditions.

We benchmark the resilience of the proposed algorithm by mimicking ra-
dio link failures, which we simulate by stopping BS-nodes at a fixed time
instant (2000 s), and inspecting the resulting performance degradation. Since
the failed node(s) is (are) chosen at random, we run multiple simulations to
estimate the average network performance, as shown in Figs. 3.22 and 3.23

for the case of one and three link failures, respectively.
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Figure 3.22: Average network performance for 50 UEs and 80 Mbps per-UE source
rate where 1 random BS-node is shut down.

Results show that MLR is unable to react to the link failure(s) due to
its static and myopic policy. Specifically, the disruption causes an increase
of 33% (60%) in latency, and a decrease of up to 15% (23%) in throughput
when considering one (three) link failure(s). On the other hand, both Safe-
haul and SCAROS are capable of adapting the scheduling to the new topol-
ogy. Indeed, both schemes show a transient region where the performance is
slightly degraded since the algorithms are learning new routes and resource
partitions to account for the lost link. Nevertheless, Safehaul and SCAROS
eventually converge to a solution which provides approximately the same
network performance as before the failures, in both cases of one and three
lost links.
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Figure 3.23: Average network performance for 50 UEs and 80 Mbps per-UE source
rate where 3 random BS-nodes are shut down.

3.2.6 Related work

Self-backhauling wireless networks have been studied in different contexts.
Ranging from the so-called Heterogeneous Networks (HetNets) and IAB 5G
NR systems, to Cloud Radio Access Networks (RANs), each has considered
a different set of premises and optimization goals. In this section, we review
the related work in the context of basic assumptions and their optimization
goals.

Ideal backhaul links. Numerous works assume either an infinite or fixed
capacity backhaul link. This is often motivated by the presence of a wired
fiber link between the Small Base Stations (SBSs) and the Macro Base Sta-
tion (MBS) [116, 137, 139, 140]. Indeed, most of these works consider a
scenario where a centralized Baseband Unit (BBU) is connected to several
Remote Radio Heads (RRHs), i.e., radios which lack signal processing capa-

bilities [137, 139, 140]. In particular, the authors of [140] consider an even
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more complex C-RAN scenario where RRHs feature caching and signal pro-
cessing capabilities. However, in an IAB context it is fundamental to consider
limited-rate, time-varying backhaul channels and to study the impact of such
limitations on the performance of the RAN.

Constrained topologies. It is often assumed that self-backhauled networks
have a specific topology. This assumption usually simplifies the problem and
makes it tractable and/or solvable in polynomial time. For instance, the
authors of [115, 141, 142] assume a single-hop network where each SBS is
directly connected to the MBS. In [114], a k-ring deployment is considered,
i.e., a topology where a single IAB-donor provides backhaul connectivity to
k rings of IAB-nodes. Even though this topology can be used to model net-
works with arbitrary depth, it maintains a symmetric load for each node,
an assumption which generally does not hold in real networks. In fact, the
3GPP does not impose any limits on the number of IAB-nodes which can
be connected to a given IAB-donor, nor does it set an upper bound on the
number of wireless hops from the latter to other wireless-backhauled base
stations [15]. Accordingly, in our problem formulation we consider IAB net-
works with an arbitrary number of nodes and an arbitrary maximum number of
wireless hops between MBSs and SBSs.

Simplistic traffic models. Some works either assume a full buffer traffic
model and/or impose flow conservation constraints. In particular, the authors
of [116, 157] consider systems where the capacity of each link can always be
fully exploited thanks to the presence of infinite data to transmit at each node.
However, in actual IAB deployments the presence of packets at the MBSs and
SBSs is conditioned on the status of their RLC buffers and, in turn, on the previous
scheduling decisions. Moreovet, packets can actually be buffered at the intermediate
nodes, thus preventing the need for transmitting a given packet in consecutive
time instants along the whole route from the IAB-donor to the UEs (or vice
versa).

Optimization goals. The works in the literature focus on different op-
timization goals. Therefore, they prioritize different network metrics. For
instance, the authors of [158] aim to optimize the beam alignment between
MBSs and SBSs. Instead, the work of [138] aims to compute the optimal user-
to-base-station association. However, they neglect backhaul associations and
focus on the access only. In [138, 141, 157, 159] the objective function is a

function of the users data-rate. In particular, the authors of [157] optimize
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the max-min user throughput, arguing that such a metric better captures
the performance of the bottleneck links. In [122], the average rate of each
link is maximized under bounded delay constraints. In our work, we focus
on reliability by minimizing not only the average end-to-end delay, but also
the expected value of the worst-case performance. The work closest to this
article is SCAROS [143], a learning-based latency-aware scheme for resource
allocation and path selection in self-backhauled networks. Assuming a single
IAB-donor, the authors study arbitrary multi-tier IAB networks considering
the impact of interference and network dynamics. In contrast, we aim at en-
hancing the reliability of the IAB-network by jointly minimizing the average

end-to-end delay and its expected tail loss.
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3.3 High-capacity integrated access and backhaul networks
using sub-terahertz links

The spectrum above 100 GHz has several sub-bands that could provide band-
widths wider than 10 GHz, thus potentially data rates in the excess of tens
of Gbps [160]. Backhaul—a static deployment—is a promising use case for
sub-terahertz links, which need pencil-sharp beams to close the link budget
and are thus less resilient to mobility compared to traditional sub-6 GHz or
mmWave frequencies.

In recent years, the literature has closed several gaps in terms of circuit,
antenna design [161] and physical and MAC layer solutions for sub-terahertz
systems [162]. When it comes to IAB with mixed sub-terahertz and mmWave
links,® however, there are still several open questions in terms of network
design and path selection. In this work, we consider the problem of identi-
tying a viable topology between IAB nodes and the IAB donors, including
the carrier frequency of the backhaul links, and profile the performance that
network planners can expect when mixing sub-terahertz and mmWave IAB
links.

To this end, we develop a greedy path generation algorithm that automat-
ically selects the frequency band of an IAB link (between 28 GHz and 140
GHz) and assigns routes so that each IAB node can reach the IAB donor. The
frequency selection aims at avoiding bottlenecks, i.e., the algorithm selects the
band that provides the highest capacity when accounting for the congestion
that may arise in the proximity of the IAB donor. In addition, we consider
and compare different ratios of sub-terahertz and mmWave links, which can
be mapped to licensing constraints for out-of-band backhaul, and two dif-
ferent bandwidths for the sub-terahertz links (10 GHz and 32 GHz), which
consider exclusive licensing or sharing with other services, respectively [163].

We model the IAB network in a custom-developed 3GPP Release 17 simula-
tor based on the open-source tool Sionna [146], with 3GPP and state-of-the-art
mmWave and sub-terahertz channel models, and realistic and detailed 3GPP-
based physical and MAC layers. Our results quantify for the first time the
performance improvement that sub-terahertz links can introduce in IAB net-

works, which can push beyond the limits of the in-band mmWave backhaul

®In this section, we consider the FR2 range of 3GPP NR (24.25 GHz to 71 GHz) as mmWaves.
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and support more than 50 users with 120 Mbps streams and a single donor

without congestion (compared to about 33 Mbps for in-band mmWaves).

This is the first work that provides a numerical evaluation of the potential
associated with sub-terahertz links for IAB. Notably, [164] evaluates the sub-
THz potential in backhaul networks from a physical layer perspective. This
research demonstrates that sub-THz spectrum links can achieve multi-Gbps
ratios in outdoor backhaul scenarios. [165] proposed UAV-assisted backhaul
solution to improve network coverage and data rate in heterogeneous net-
works with multiple tiers composed of sub-6 GHz, THz and UAV layers. In
addition, the authors of [166] successfully adopted concurrent scheduling to
increase system throughput in dense THz backhaul scheduling. Finally, [167]
considers a multi-band IAB deployment, but with a bandwidth that is more
limited than those considered in future 6G scenarios.

The rest of the section is organized as follows. Section 3.3.1 introduces the
system model. Section 3.3.2 describes the algorithm for frequency and path
selection, which is then numerically evaluated in Section 3.3.3.

3.3.1 System Model

We consider a TDMA system in which a single IAB donor, featuring a fiber
connectivity towards the CN and the Internet, exchanges data with Ny UEs.
Without loss of generality, we consider uplink traffic only. To achieve uniform
coverage, the donor is aided by Ny IAB nodes, which can be connected either
to the former or to neighboring base stations, thus possibly realizing a multi-
hop wireless backhaul.

We partition the time resources in T radio subframes of duration Tg,;, =
1 ms, and we equip all nodes with buffers. Accordingly, the data that node
i transmits to gNB k during subframe ¢ is stored in its buffer Bi(t), and
represents either successfully received packets, in the case of the donor, or
data to be relayed to the next hop along the path during subframe t + 1, in
the case of IAB nodes.

We assume that the backhaul links operate either in the mmWave or in the
THz band and that each IAB node features two Radio Frequency (RF) chains,
which are used for the backhaul and the fronthaul communications, respec-

tively. In both cases, gNBs are equipped with directional antennas.
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When gNB k = 0, . . ., Nj, with index 0 denoting the IAB donor, receives
data from node j, packets experience a SINR v, 4 which can be expressed as

‘hi,d‘zgg

I S— (3-14)
02 + Yicr 07

Ysd =
where hl ,, 1 € {mW, sT} represents the equivalent channel response be-
tween the communication endpoints when using mmWave or sub-THz links,

respectively. Z denotes the set of interferers, o2

, (Tiz and a% are the powers of
the transmitted signal, the i-th received interfering signal, and the thermal
noise at the receiver, respectively.

The corresponding access (backhaul) throughput Rﬁk(t) (REk(t)) reads

Rk(t) = T, )3 1{31(7]',0 = bz}, (3.15)

where B]t» denotes the number of bits transmitted from user (IAB node) j to
gNB k during subframe t and B,(’yjrk) is the [-th decoded bit at the receiver,
as a function of ;.

Our goal is to maximize the average system sum-rate, defined as

R =

M=

|

1 LI
Y RPo (1), (3.16)
j=1 t=1
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by tuning the carrier frequency (either mmWave or THz) of each backhaul
link. We remark that in this metric we take into account only the packets
which are received at their final destination, i.e., the IAB donor.

3.3.1.1 Channel Models

mmWave channel model For the mmWave links, we consider the 3GPP 38.901
SCM [39], which models MIMO wireless channels for frequencies between
0.5 and 100 GHz. In particular, [39] outlines the procedures for generating a
channel matrix H; ; whose entries hil; correspond to the impulse response of
the channel between the j-th element of the antenna array of the transmitter
(S), and the k-th radiating element of the antenna array of the receiver (D).
Then, the channel matrix entries are combined with a frequency-flat path loss
term PL.
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argmax R, (3.18a)
P{S(t)}.,T
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Np N
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Jjk=0 jk=0

When considering analog beamforming at both the transmitter and the

receiver, the equivalent channel response 7™}V can be evaluated as
hgf;v = V10PL/10 . aw, H yws, (3.17)

with w; and w, the beamforming vectors used at S and D, respectively.

THz channel model ~For sub-THz, we use the physics-based channel modeling
approach from [168], which includes molecular absorption and path loss. At
THz-band frequencies, molecular absorption, which causes both molecular
absorption loss and molecular absorption noise, is the principal factor affect-
ing electromagnetic wave propagation. h;g is the THz-band channel model
introduced in [168], with additional transmit and receive antenna gains Gg

and Gp, and is given by

héi‘ll(f’ d) = 47;fd exp<_kﬂh5§f)d> GSGD/ (319)

where ¢ stands for the speed of light and ks for the medium’s molecular

absorption coefficient, based on the type and composition of molecules [169].
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3.3.2 Sum-rate optimization via THz Link Selection

We define P € {0, 1}NMT1Nitl a5 the matrix which represents the possible
active links among gNBs, i.e., P[i, j| = 1 if and only if the wireless backhaul
link between gNBs i and j is a feasible link; index 0 refers to the donor. Sim-
ilarly, S(t) € {0, 1}NHT1xNi+1 and T € {0, 1}NF1¥Ni+l represent the links
which are active during subframe t, and whether they use THz spectrum
or not, respectively. Our objective is to maximize the average system sum-
rate, by choosing whether each link is operating in the THz or the mmWave
band and the active links in each subframe. We perform the choice of T' and
P only once, with the goal of reducing the computational complexity of the
algorithm.

The optimization problem is thus formulated as (3.18a). Constraint C1
ensures that nodes do not transmit more data than available in their buffer.
C2 enforces the proper evolution over time of the buffers occupancy, i.e., the
buffer occupancy at time t must be equal to the one in subframe t — 1, minus
(plus) the outgoing (incoming) traffic from other nodes. Constraint C3 relates
to the TDMA mode of operation, and ensures that each backhaul RF chain
is used at most for one transmission/reception in any given subframe, while
C4 imposes that only active links can exhibit a positive rate. Finally, with C5

we set an upper bound p,,x on the maximum percentage of THz links.

3.3.2.1 Backhaul Scheduler

We remark that due to the binary nature of the P, S(t) and T optimization
variables, (3.18a) is an Integer Linear Program (ILP), thus NP-hard and not
solvable in polynomial time. Therefore, in this section, we present a set of
algorithms that solve the path selection and configuration problem heuristi-
cally and with low complexity.

Specifically, we first describe the pre-processing steps, referred to as distance-
aware path generation (Alg. 3) and THz-link selection (Alg. 4), which prune the
set of possible links established among gNBs and decide which of them are
to operate in the THz bands, respectively. Then, we describe the SINR-based
scheduler (Alg. 5), which differs from the former procedures as it is executed
in each subframe to track the dynamic nature of the backhaul network.

The distance-aware path generation algorithm computes the P matrix,

which encodes the potential connections between IAB nodes. P reduces
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Algorithm 3 Distance Aware Path Generation

dmax < Max distance between IAB nodes of the same tier
P = [0]N+1xNp+1
forn;=1,2,..., Ny do
d; < 3D distance between n; and IAB donor
if d; < dyx then
P[ni, 0] =1
end if
fornj=mn +1,..., Nydo
d,«/j < 3D distance between 1; and n;
if di,j < dyay then
d; < 3D distance between 1; and IAB donor
ifd; < d] then

P[le, Tli] =1
else
P[Vli, 1’1]] =1
end if
end if
end for
end for

the system complexity by restricting possible paths from each IAB node and
by avoiding loops. Specifically, Alg. 3 iterates over each IAB node n;, estab-
lishing a connection towards the donor whenever the distance between them
is smaller than d,u,y, i.e., a scenario- and frequency-dependent distance that
guarantees a link performance above a certain threshold. In our case, the con-
sidered scenario involves a small and dense deployment of IAB nodes, so the
path loss distance can be compensated by the antenna gain, and d,,, for THz
and mmWave are assumed to have the same value. Moreover, the proposed
pre-processing step performs additional attachments between neighboring
nodes, as long as the resulting link exhibits a lower length than d,,,,. The
direction of such link is determined in such a way that the destination node
is the closer to the donor. Even though this link may be topologically redun-
dant, it can provide an alternative route for load balancing purposes, while

still avoiding the creation of cycles.

The THz link selection policy identifies bottleneck links based on two
heuristics: 1) links involving IAB nodes which are closer to the donor are
more likely to be congested since they are usually used also for relaying traf-
tic of subtending nodes; and 2) the average buffer occupancy provides an

estimate of the loads incurred on each link. Accordingly, Alg. 4 partitions the
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IAB nodes into disjoint sets, referred to as tiers. Nodes are assigned to tiers
based on their distance with respect to the donor, with tier 0 indicating the
closest level to the donor. Then, the various backhaul links are marked as
THz in descending order with respect to the tier of the corresponding trans-
mitting node, until the maximum ratio of non-mmWave links p,, is reached.
Note that the algorithm may eventually reach a tier whose IAB nodes are not
all set as THz. In this case, ties within the same tier are broken by sorting its
nodes with respect to their average traffic load, which we estimate by measur-
ing the respective buffers. That is to say, nodes with higher buffer occupancy
are given priority and thus are set as THz before nodes exhibiting a lower
traffic load. Note that this procedure can be based on long-term statistics,
thus averaging the load of the nodes over multiple frames.

Finally, the SINR-based scheduler dynamically allocates resources, with
the objective of maximizing the average sum rate by choosing a list of paths
to be activated in each subframe. The rationale behind the proposed scheme
is to schedule links based on their load. Specifically, in Alg. 5 we assign
a transmission resource allocation priority which is directly proportional to
the buffer occupancy of the transmitting node. Once the first endpoint is
chosen, we determine the outgoing link by selecting the one with the highest
SINR among those calculated in Alg. 3. Then, we set all links involving
the corresponding transmitting and receiving nodes as infeasible (assigning
zero to the corresponding transmitting (1) and receiving node (p;,) indices
in Peyp), and repeat the procedure by considering the remaining nodes and
links only, thus ensuring that the TDMA constraint is satisfied.

3.3.3 Performance Evaluation

This section introduces a performance evaluation based on a novel simula-
tion setup (Section 3.3.3.1) in a dense cellular network (Section 3.3.3.2), with

a comparison between different results of THz and mmWave networks (Sec-
tion 3.3.3.3).

3.3.3.1 Simulation Setup

We have developed a system-level simulator that runs on top of Sionna [146],
an open-source TensorFlow-based GPU-accelerated toolbox, and that includes
the IAB networks described in Rel. 17. The proposed simulator, which is
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Algorithm 4 THz Link Selection

Nt = Vector of IAB nodes tier index
Niort = Vector of IAB node indices, sorted with respect to their load
T « [0]nj+1xNp+1
dmax < Max distance between IAB nodes of the same tier
forn=1,2,...,N;do
d < 3D distance between n and IAB donor
Nifn] < [d / duas )
end for
fori =1,..., max(Nrt) do
Np « {j | Nr[j] == i} .
L; < links in P where nodes of N are the transmitting node
if Zj,k TU, k] + dlm(Lz) < Omax erk P[], k] then
T[j, k] < 1V (j, k) € L;
else
while Y, T[j, k| < pmax Ljx Plj, k] do
n* <= min, | Nope[n] N NZT #£ @
(n*, k) < link € L; | n* is the transmitting node
T[i’l*, k] — 1, L; < L; \ (Tl*, k)
end while
end if
end for

written in Python, is a system-level simulator which features 3GPP-compliant
channel modeling and lower layers of the protocol stack. However, it lacks
the implementation of 5G NR higher layers. Therefore, we added system-
level functions like MAC-level scheduling and RLC-level buffering [170]. In
addition, in this research we use the Terasim channel simulator [169] to gen-
erate channel responses and integrate them into Sionna. To accomplish this,
we generate traces for each IAB node’s channel response and load them into
Sionna. Terasim channel model integration allows us to generate channels up
to 10 THz; in this simulation campaign, the sub-THz carrier frequency is 140
GHz. Several system-level KPIs, including latency, throughput, and packet

loss rate, are produced by our simulator.

3.3.3.2 Simulation Scenario

We take a dense cellular base station deployment into account in our models.
As shown in Fig. 3.24, we place IAB nodes at a density of 150 gNB/km?, thus
with an average intersite distance of 40 m. In Table 3.2, the specific simulation
settings are displayed. For mmWave, we used the channel model outlined by
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Algorithm 5 SINR-based Scheduler

Nsort = Vector of IAB nodes, sorted with respect to their load
Ptemp =P
S(t) < [0]ny+1x N1
for n in Ny do
Ymax $ —
foriin0,..., Nido
if v, > Ymax then
Ymax < Yn,i
Py i
end if
end for
S(t)[n, pul 1
Prempl:, nl, [1, ] < [0]; Peempl:, prl, [Py, 2] < [0]
end for

3GPP in TR 38.901 [39], a statistical 3GPP channel model for o0.5-100 GHz,
while for sub-THz we used the THz-band channel model introduced in [168]
and detailed in Section 3.3.1.1. The range of the user rate is 20 Mbps to 500
Mbps. We used a phased array antenna for mmWave and a horn antenna for
THz, respectively. In mmWave we do beamforming based on a pre-generated
codebook, in order to find the best beam pair for connection. For the pur-
poses of SINR calculation, we assume that each interfering device utilizes the
beamforming vector with the greatest SINR towards its intended target. In a
similar fashion, both the transmitter and the receiver utilize the beamforming
configuration calculated by the hierarchical search technique. We consider a
scenario with a single donor to focus on the issues related to the bottleneck
in the air interface of the donor itself, while extension to multiple donors is
left for future work. We also set d,;;x = 70 m, as it has been experimentally
shown that sub-THz links can operate in this range also in adverse weather

conditions [171].

3.3.3.3 Results

In this section we report the outcomes of our numerical evaluation, focusing
on end-to-end metrics measured at the IAB donor. We compare the per-
formance achieved by different backhaul configurations, i.e., different max-
imum ratios of THz links and bandwidth, in terms of throughput, latency
and packet drop ratio. We consider two baselines: Random Scheduler (RS) and
Random Links (RL). The former uses Alg. 4 and chooses at random a feasible
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Figure 3.24: Simulation Scenario
Table 3.2: Simulation parameters.
Parameter ‘ Value
Carrier frequency (mmWave) | 28 GHz
Bandwidth (mmWave) 400 MHz
Carrier frequency (THz) 140 GHz

Bandwidth (THz)

IAB RF Chains

Pathloss model (mmWave)
Pathloss model (THz)
Number of IAB nodes Nj
Number of users Ny
Per-UE source rate

Omax

gNB antenna array

UE antenna array

gNB and UE height

gNB antenna gain (mmWave)
gNB antenna gain (THz)

Noise power

{10, 32} GHz

2 (1 access + 1 backhaul)
UMi-Street Canyon [39]
Physics-based [168]

23

50

{40, 80, 100, 200} Mbps
{0,0.1,0.3, 0.5, 0.7, 1}
8H x 8V

4H x 4V

15mand 1.5 m

30 dB

38 dB

10 dBm
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Figure 3.25: Throughput per UE for different schedulers and THz link selection poli-
cies, for THz bandwidth 32 GHz and pj.x = 0.3.

set of active links during each subframe. On the contrary, RL randomly picks
which links to set as THz, and uses Alg. 5 for scheduling. 10 simulations per
configuration are executed, to obtain estimates which are averaged over the
realizations of the wireless channels.

Fig. 3.25 reports the UE throughput achieved by the proposed solution, ver-
sus that achieved by RS and RL. Focusing on the former, it can be seen that
Alg. 5 leads to a throughput increase of up to 40% compared to a random
scheduling policy, thanks to the prioritization of the backhaul links incur-
ring a higher load and exhibiting a higher number of subtending IAB nodes.
Moreover, Alg. 4 introduces an additional throughput increase of up to 15%
compared to RL.

Fig. 3.26 illustrates the UE throughput for various configurations of sub-
THz backhauling links and different UE source rates. The performance al-
ways improves by adding more bandwidth to the system through sub-THz
links, despite the harsher propagation environment at higher frequencies.

The performance gap increases with the user source rate. Indeed, mmWaves
successfully sustain a source system rate of 1 Gbps (20 Mbps for 50 UE),
but cannot match higher source rates, as the capacity saturates. The con-
tiguration with sub-THz links achieves a higher throughput in all scenarios
and in particular for p,.x = 0.3, 32 GHz achieves the highest throughput for
all source rates. It is obvious that increasing the bandwidth improves the

performance; nevertheless, increasing the percentage of the THz links from
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Figure 3.26: Throughput per UE for different configurations.

Pmax = 0.1 t0 pax = 0.3 has a more significant impact on throughput. This
may be explained by considering the effects of replacing bottleneck backhaul-
ing mmWave links with THz links with higher bandwidth.

Similar considerations can be drawn from the results shown in Fig. 3.27,
which reports the packet drop percentages for various backhaul configura-
tions. The highest and lowest packet drop percentages across all UE source
rates are achieved when using the mmWave and p.x = 0.3, 32 GHz con-
figurations, respectively. Packet drop percentages at 20 Mbps source rates
are close to zero for all configurations. The highest packet drop percentages
among configurations including THz is p;.x = 0.1, 10 GHz. It is noteworthy
that the system performance is influenced directly by both the THz band-
width and the link ratio, as seen in Fig 3.26.

Fig. 3.28 depicts the ECDF of the End-to-End (E2E) latency experienced
by packets which reach the donor, for different bachkaul configurations. Ac-
cordingly, both latencies accumulated over the fronthaul and backhaul links
are taken into account, from the time packets are generated at the UE un-
til they eventually reach the IAB donor. The plot shows that packet latency
decreases as more sub-THz links are added to the network. In accordance
with the aforementioned observations (Fig. 3.26 and Fig. 3.27), ppax = 0.3, 32
GHz has the lowest latency, whereas mmWave has the highest latency. The
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Figure 3.27: Backhaul packet drop percentage for different configurations.

ECDF

—&— Ppax = 0.1, 10 GHz

Pmax = 0.1, 32 GHz

== Ppmax = 0.3, 10 GHz

- ppmax = 0.3, 32 GHz
Pmax = 0

T T T

1 1 1
20 25 30

Latency [ms]

Figure 3.28: E2E latency ECDF for different configurations for 8o Mbps user rate.

average latency for py.x = 0.3, 32 GHz, pyax = 0.3, 10 GHz, pyaxr = 0.1, 32
GHz, and pyax = 0.1, 10 GHz is approximately 51%, 24%, 24%, and 18% less
than in mmWave.

Finally, the average system throughput for different ratios o, of THz link
is shown in Fig. 3.29. The system throughput increases with the inclusion
of additional THz links. The figure also shows that system source rates of 2
Gbps, 4 Gbps, and 10 Gbps can be satisfied by a single donor when p, is
properly set. However, the larger demand of the 25 Gbps system source rate
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Figure 3.29: System throughput for different source rate and ratio of THz links.

still cannot be satisfied, as the system becomes saturated. p;.x = 0.1 and 1
can increase the system throughput by up to four times and twelve times,

respectively.

3.4 Conclusions and future work

In this chapter we proposed a semi-centralized resource partitioning scheme
for 5G and beyond IAB networks, coupled with a set of allocation policies.
We showed that the introduction of this light resource allocation coopera-
tion dramatically improves the end-to-end throughput and delay achieved by
the system already, preventing (or at the very least limiting) the insurgence
of network congestion in the backhaul links. We provided considerations
on the implementation of a semi-centralized resource allocation controller in
real world deployments. In particular, we acknowledged that the proposed
scheme relies on the assumption of IAB-nodes being capable of exchanging
timely feedback information with the IAB-donor. Even though the amount
of signaling data which the proposed solution requires is quite low, and its
performance is quite robust with respect to an increase of the central al-
location period, we argue that this remains a significant constraint. As a
consequence, we deem that solutions involving a central controller, which
rely on timely exchange of control information with the IAB-donor, are likely
to require dedicated control channels, possibly at sub-6 GHz, in order to
grant the utmost priority and reliability to the feedback information. There-
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fore, we conclude that semi-centralized frameworks can bring dramatic per-
formance benefits to IAB networks, although their introduction in 5G and
beyond deployments requires additional research efforts. Moreover, we pro-
posed the first reliability-focused scheduling and path selection algorithm for
IAB mmWave networks. We illustrated that our RL-based solution can cope
with the network dynamics including channel, interference, and load. Fur-
thermore, we demonstrated that Safehaul not only exhibits highly reliable
performance in the presence of the above-mentioned network dynamics, but
also outperforms the benchmark schemes in terms of throughput, latency
and packet-drop rate. The reliability of Safehaul stems from the joint mini-
mization of the average latency, and the expected value of its tail losses, by
leveraging CVaR as a risk metric. Finally, we provided the first performance
evaluation of the possibilities of sub-terahertz frequencies for 6G IAB using a
customized extension of the open-source Sionna simulator. This permits the
use of greedy algorithms to evaluate the deployment of mixed mmWave and
sub-terahertz links to boost the backhaul network’s capacity.

As part of our future work on IAB optimization frameworks, we plan to
design efficient machine-learning algorithms which predict the network evo-
lution at the IAB-donor. This improvement will allow us to relax the timely
feedback assumption, by increasing the minimum semi-centralized alloca-
tion period which leads to performance benefits over distributed strategies.
Moreover, we foresee to implement mechanisms which adapt the parameters
of the MRBA policy to the system load and configuration, additional resource
partitioning strategies, and the generalization of the proposed framework to
SDMA systems. Additionally, we identify network reliability as a highly
under-explored topic that deserves further investigation. Some interesting
research directions in this space are the maximization of reliability under
the assumption of statistical system knowledge, or the evaluation of the net-
work’s reliability when the functionality of the BAP layer is compromised.
Furthermore, our system-level extension to Sionna can be further developed
to support an arbitrary number of RF chains and in-band backhauling, al-
lowing more extensive investigation of IAB protocols and architectures. Fi-
nally, we will extend the performance analysis of sub-terahertz IAB deploy-
ments to cover a broader range of source traffic patterns, scenarios (including

multi-donor instances, deployments with lower node density, or more realis-
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tic map-based scenarios as in [172, 173]), and protocol stack implementations

as future work.
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4 Downlink Clustering-Based Scheduling
of IRS-Assisted Communications With
Reconfiguration Constraints

Despite the potential of IAB for improving network coverage, and its lower
cost compared to wired-backhaul deployments, the former involves complex
signal processing and saturation of the available resources, and may still be
too costly and energy-consuming for network operators. In light of this, IRSs
are being investigated as solutions to overcome the harsh propagation condi-
tions shown by mmWave and THz bands in a cost- and energy-efficient man-
ner [48]. IRSs are meta-surfaces, whose radiating elements can passively tune
the phase shift of impinging signals to favorably alter an electromagnetic field
towards an intended destination. They can be configured to beamform the
reflected signal virtually in any direction, hence acting as a relay to improve

the signal quality without an active (power-consuming) amplification [20].

4.1 Prior Work

Despite the substantial research hype, most recent studies on IRSs rely on
strong assumptions that do not match real-world deployments. Specifically,
a significant body of literature is based on the assumption that IRSs establish
an ideal (i.e., fiber-like) control channel with the base station [63, 174-176].
Instead, actual deployments are expected to feature a wireless, i.e., error-
prone, IRS control, possibly implemented with low-cost technologies [177,
178]. This introduces constraints on the IRS reconfiguration period, which
needs to be synchronized with the base station to beamform the signal to-
wards the UE served during the specific time slot [48], a similar research

problem to scheduling in cellular networks.
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Reconfiguration Constraints

In this perspective, IRS-assisted downlink scheduling solutions have been
widely studied in different domains, each with its own theoretical constraints.
For example, in Orthogonal Frequency-Division Multiple Access (OFDMA)
user scheduling, all the users scheduled in a given time slot must be served
using the same reflection coefficients, due to the lack of frequency selective
beamforming capabilities at the IRS. In this context, dynamic optimization
schemes, wherein the IRS configurations are adjusted at each time slot, have
been studied in [179, 180]. The authors of [181] consider a two-user downlink
transmission problem in an IRS-assisted scenario over fading channels, and
compare the results of different basic Orthogonal Multiple Access (OMA)
and Non-Orthogonal Multiple Access (NOMA) schemes. It is found that,
while NOMA is the best solution, by exploiting IRS reconfiguration in each
slot of the fading block, TDMA outperforms Frequency Division Multiple
Access (FDMA), and its performance is similar to that of NOMA. A hybrid
TDMA-NOMA approach, instead, was investigated in an uplink scenario in
[182, 183], in the context of a wireless-powered network, where users are
grouped based on their channel gains. Then, UEs within the same group
transmit in a non-orthogonal fashion, while different groups are assigned
to different time slots. Moreover, a user scheduling algorithm based on
graph neural networks, able to jointly optimize the IRS configuration and
the gNB beamforming in downlink, was recently presented in [184]. Sim-
ilarly, the authors of [185-187] evaluated the performance of several non-
orthogonal downlink scheduling methods, such as Rate-Splitting Multiple
Access (RSMA). Finally, IRSs with energy harvesting capabilities are con-
sidered in [188]. In this work, the authors propose a trade-off between the
system sum capacity and the IRS energetic self-sustainability, with the goal
of achieving coverage flexibility and low deployment costs.

Still, most of the literature poses little to no reconfiguration constraints for
the IRS. However, early IRS control circuitry prototypes, which have low
power consumption (i.e., a few hundreds of mW), have a non-negligible
phase-shifts reconfiguration time [189, 190], thus posing additional constraints
in the system design. For example, the prototypes in [191] and [192] have a
reconfiguration time of a few tens of ms, even though architectures based on
Field Programmable Gate Array (FPGA) such as in [193] promise to achieve
much lower configuration times, i.e., in the order of tens of microseconds.

Gtill, the overhead (in terms of time) increases as the number of IRS ele-
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ments increases, as investigated in [194-196]. In any case, a constraint on
the number of reconfigurations (and relative period) is desirable to ensure
system synchronization and minimize the IRS downtime during reconfigura-
tion. In this regard, it is of interest to (i) investigate the level of performance
degradation experienced by IRS-assisted systems when considering practi-
cal constraints, including limitations in the number of reconfigurations, and
(i) design algorithms that can mitigate these constraints. The limitation on
the number of IRS reconfigurations in a given time frame has been initially
studied in [189], where the authors evaluate the capacity of both OMA and
NOMA schemes of a 2-user IRS-assisted SISO system under Rayleigh fading
conditions. Still, additional research efforts is required to fully characterize

the impact of IRS reconfigurations constraints on the network.

4.2 Contributions

In this chapter, we propose a TDMA scheduling policy for downlink cellular
transmissions based on clustering algorithms, to maximize the sum capacity
in IRS-assisted network deployments with practical constraints. Our main

contributions are summarized as follows:

* We account for practical IRS limitations by considering a fixed maxi-
mum number of reconfigurations of IRS reflecting elements within a
time frame, thus setting a simple constraint on the overhead entailed
by the control of the IRS.

¢ We formalize an optimization problem to determine the optimal IRS
configurations to maximize the sum capacity while satisfying the re-
configuration per frame constraint. Then, we convert the sum capacity
problem into a clustering problem. The latter determines sets of UEs
that can be served with the same (possibly suboptimal) IRS configura-

tion while minimizing the related capacity loss.

¢ We design, as an alternative to typical clustering algorithms based on
distance measures, a new class of algorithms which we denote as capacity-
based clustering. These algorithms adjust the cluster configuration tak-
ing into account the sum capacity and the user fairness. Specifically,
we propose three clustering algorithms: Capacity-Weighted Cluster-
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ing (CWC), which favors users experiencing the best channel condi-
tions, One-Shot Capacity-Based Clustering (OSCBC), which represents

a low-complexity alternative to the former, and Inverse Capacity-Weighted
Clustering (ICWC), which promotes fairness among the cluster UEs.

¢ We compare via simulation the performance of distance- and capacity-
based clustering in different IRS-assisted scenarios. Extensive numeri-
cal results show that scheduling based on clustering can reduce by up
to 50% the number of IRS reconfigurations, thus promoting communi-

cation efficiency at the expense of a slightly lower sum capacity.

With respect to [197], we introduce new capacity-based clustering strategies
to improve fairness and provide more extensive numerical results to demon-
strate the scalability of the proposed solutions as a function of the density
of UEs and the IRS size. Moreover, we evaluate the performance of the
proposed scheduling strategies considering realistic IRS network constraints,
including the quantization of phase shifts, and for different channel propa-
gation conditions. In this sense, we provide additional results in terms of
the computational complexity of the proposed distance- and capacity-based
clustering algorithms, as well as in terms of fairness. Finally, we remark that
due to the novelty of the considered scenario, to the best of our knowledge
the effectiveness of our solution cannot be directly compared with any works
in the literature. Indeed, the most similar works [180, 181, 189, 194] exhibit
substantial differences in the considered contexts. More specifically:

¢ In comparison to [180], which assumes the IRS configurations to be
fixed, our work focuses on optimizing user scheduling in conjunction

with IRS configurations in a dynamic manner.

* [181, 189] analyze a basic scenario where a single-antenna gNB serves
single-antenna UEs, while we consider multiple antennas at both the

base station and UEs, and an OFDMA multiuser access scheme.

¢ While [189] characterizes the capacity region for K > 1 UEs, the com-
putational complexity of the proposed scheme limits its applicability to
K = 2 UEs. In contrast, our solution supports more realistic scenarios,
where K > 1.

¢ The authors of [194] use the position estimate of a moving UE to mini-

mize the IRS reconfiguration overhead while guaranteeing a minimum
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SNR in the single-UE context. In our work, on the other hand, we con-
sider a multi-user scenario and reduce the number of IRS configurations
by clustering UEs in the CSI domain.

These fundamental differences in system setup and assumptions prevent a

meaningful simulation-based comparison.

4.2.1 Organization and Notation

The rest of the chapter is organized as follows. In Section 4.3, we introduce
the system model. In Section 4.4, we present the sum capacity optimization
problem. In Section 4.5, we describe the scheduling framework, while in
Sections 4.6 and 4.7 we present distance-based and capacity-based clustering
algorithms, respectively. In Section 4.8, we show numerical results and com-
pare the different scheduling and clustering solutions. Finally, Section 4.9
draws the main conclusions.

Scalars are denoted by italic letters; vectors and matrices by boldface low-
ercase and uppercase letters, respectively; sets are denoted by calligraphic
uppercase letters. diag(a) indicates a square diagonal matrix with the ele-
ments of a on the principal diagonal, and vec(A) denotes the vectorization
operator, staking the columns of matrix A into a column vector. AT and A*
denote the transpose and the conjugate transpose of matrix A, respectively.
[Ali, denotes the scalar value in the k-th row and ¢-th column of matrix A,
while [a]x denotes the k-th element of vector a. The imaginary unit is denoted
as j = v/—1, and Za denotes the phase of a € C. The operator ¢ denotes the
Khatri-Rao product. Finally, [E[-] denotes statistical expectation.

4.3 System Model

We consider downlink data transmissions for the multi-user MIMO commu-
nication system shown in Fig. 4.1, wherein the transmission from the gNB
to the K UEs is assisted by an IRS. The gNB and the UEs are equipped with
Ng and Ny antennas, respectively. We assume that the direct link between
the gNB and the UEs is unavailable due to blockage. As a consequence,
the gNB transmits signals to the UEs by exploiting the virtual link offered
by the IRS. In this context, the IRS configuration is managed by the gNB
through the IRS controller, by exploiting a dedicated link between the gNB
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Figure 4.1: Downlink TDMA scheduling for multi-user IRS-aided systems.

and the IRS, thus with no additional communication overhead in the gNB-UE
link. Time is divided into frames of K slots, and each UE is served exactly
once in a frame in a TDMA fashion, which ensures there is no co-channel
interference as UEs are separated in the time domain. In our scenario we
expect that the gNB-IRS channel has rank one, i.e., a single dominant path,
which effectively prevents multi-stream transmissions and spatial multiplex-
ing. However, when higher-rank channels are available, either multi-stream
transmission to each UE or spatial multiplexing can be considered. For the
former case, the proposed solution applies straightforwardly. Moreover, our
approach can to be suitably modified to accommodate for the latter scenario.
A detailed investigation of this point is left for future work. We assume that
UEs are either static or moving slowly, which is the most typical application
scenario for IRS-assisted networks. Under such conditions, the channel co-
herence time is in the order of 10 ms [198, Fig. 5]. Considering that perfect
CSI of all UEs is acquired at the gNB at the beginning of each frame (a real-
istic assumption that does not affect the proposed scheduling framework for
IRS communication), it is reasonable to conclude that the channel remains
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constant throughout the whole time frame. Here, we assume that the CSI is
available for any IRS configuration.

4.3.1 IRS Model

Each of the Nj elements of the IRS acts independently as an omnidirectional
antenna unit that reflects the impinging electromagnetic field by introducing
a tunable phase shift on the baseband-equivalent signal. We denote as ¢, =
e/ the reflection coefficient of the n-th IRS element, where 6, € Py is the
induced phase shift, and Py is the set of possible phase shifts. Recent works
argue that continuous phase shifts are hardly implementable in practice [199].
Therefore, we consider both continuous and quantized phase shifts. While in
the former case the set of phase shifts is Py = [—7, 1), in the latter we have
Py = {0, 22—?, ., %ﬁ—l)} where b > 0 is the number of bits employed to
quantize the phase shifts.

We denote with H € CN*Ng the channel matrix between the IRS and the
gNB, and with G} € CNu*NI the channel matrix of the link between the IRS
and UE k, respectively. We consider single-stream transmissions,” with wy €
CNe*! and v, € CNu*! defined as the beamforming vectors at the gNB and
UE k, respectively. Let x; be the single-stream signal transmitted by the gNB

to UE k; the received post-processing signal can be expressed as
Zx = v,?thwakxk + 'v,?nk, (4.1)

where ny € CNv*! represents the circularly symmetric complex Gaussian
noise vector with entries having zero mean and variance 02, while ® €
CNixN g the IRS configuration, i.e., a diagonal matrix defined as ® = diag(¢s, . . ., ¢n;)-
Note that different, and specific, IRS configurations can be adopted for dif-
ferent UEs. Accordingly, in the rest of the chapter we let ®; be the IRS
configuration adopted when UE k is served.

The SNR at UE k under IRS configuration ®y is

. |'U;£qu)kH’wk|20'§

rk(q)k) - "Uk‘za’% ’ (42)

"The assumption of single-stream transmissions is justified by the rank of the cascade chan-
nel matrix, which is likely equal to one. This conclusion comes from the considerations
reported in [200-202], and has been verified numerically for the considered setup.
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where 02 is the power of the transmitted signal. To maximize the SNR of
a given UE, a specific IRS configuration should be adopted, tailored to the
UE position in the cell and the channel conditions. However, the goal of this
work is to limit the number of IRS reconfigurations to comply with realistic
overhead constraints, as well as to improve the communication efficiency, and
algorithms seeking to comply with these requirements will be presented in
Section 4.5.

4.4 Sum Capacity Optimization Problem

We impose a constraint on the number of IRS reconfigurations per time
frame, with the goal of either limiting the reconfiguration,> or accounting
for practical limitations that might arise in realistic deployments. On the
downside, achieving this objective usually leads to SNR degradation as sub-
optimal IRS configurations might be adopted for some UEs. To mitigate this
effect, we formulate a constrained optimization problem on the average cell

sum capacity. Specifically, we assume the following conditions:
1. at most Z IRS reconfigurations can occur per time frame;

2. the gNB serves K UEs by partitioning them into Z disjoint subsets
Z/[l,. /UZIZSK/

3. for each UE in U, the same IRS configuration & i used, i.e., ®; =
o3, Vkel,V1<z<Z

Then, the achievable rate of UE k € U, is
Ri(@)) = log, (1 + Iy (@), @3)

where T'(®?)) is the SNR experienced by the k-th UE while configuration
&) s adopted at the IRS, i.e., the configuration shared by all UEs belonging
to subset U,.

2We remark that the gNB typically communicates a (possibly new) IRS configuration in each
TTIL. The reconfiguration constraint introduced in the proposed IRS scheduling framework
is able to reduce this overhead by a factor Z/K < 1.
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Let Z = {®W, ®?), ..., ®@)} be the set of IRS configurations corre-
sponding to subsets U, . .., Uz. The system sum capacity within a time
frame is defined as

z
Cl, ..., Uz, T)=B Y. Y Re(®?), (44)
z=1 keld,
where B is the transmission bandwidth. The optimization problem is then
formulated as

maxI Clth,..., Uz, T), (4.5a)

ul/“v Zr

st. Z[@P] €Pp Vn,z (4.5b)

n,

Problem (4.5) determines the optimal grouping strategy for the UEs subsets
Uy, ..., Uz, and assigns the best IRS configuration accordingly. Therefore,
(4.5) is both continuous (i.e., the optimization of the IRS configuration) and
combinatorial (i.e., the grouping of the UEs), and can be thus classified as
a Mixed Integer Nonlinear Programming (MINLP) problem. Moreover, the
following theorem holds.

Theorem 2. The sum capacity maximization problem (4.5) is NP-complete.

Proof: First, we observe that the problem falls within the general NP
class. This is because if (4.5) is solved to find U, . . ., Uz, Z, both the sum
capacity and the phase-shift constraints (4.5b) could be verified in polynomial
time. To prove that the problem in NP-complete, we set Z, and consider the
simplified problem

CUhy, ..., Uy, T). 6
max. (U 7, T) (4.6)

This problem can be viewed as a multi-knapsack problem with different clus-
ters Uy, . . . , Uz as knapsacks, and the goal is to maximize the total system
capacity. This is known to be NP-hard, as it is a generalization of the classic
knapsack problem. The original sum capacity maximization problem (4.5),
where we consider the additional degrees of freedom of the IRS configura-
tions, remains NP-hard, thus making the problem NP-complete. |

Given the inherent problem complexity, we adopt heuristic clustering al-
gorithms to obtain approximated, though close-to-optimal, solutions, as de-
scribed in Section 4.5.
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4.5 Heuristic Sum Capacity Maximization

In this section, we provide heuristic solutions to (4.5). First, we present two
clustering-based approaches to identify and group UEs with a similar opti-
mal IRS configuration. Then, we solve the scheduling problem on the iden-
tified clusters with a TDMA approach [203]. We compute the UEs clusters
by first estimating the optimal individual IRS configurations, denoted as ®;,
1 <k <K, ie, the IRS configurations leading to the maximum capacity for
each UE k, as described in Section 4.5.1. These configurations would solve
(4.5) for Z = K, as in this case all UEs are served in a TDMA fashion and
with their optimal IRS configuration. The phase coefficients of the optimal
IRS configuration matrices are then chosen as the initial points of a procedure
leveraging clustering algorithms in the Nj-dimensional space, as explained in

Section 4.5.2.

4.5.1 Optimal Individual IRS Configurations

In MIMO systems, both the gNB and the UEs adopt properly tuned beam-
formers to match the signal transmissions and receptions to the spatial direc-
tion providing the highest channel gain [48]. For the optimization of the IRS
configuration of each individual UE, we adopt a procedure similar to that
presented in [196], focusing on single-stream transmissions and, without loss
of generality, on UE k.

For a given IRS configuration, the optimal beamforming vectors v, and
wy coincide with the singular vectors corresponding to the highest singular
value of the wireless channel matrix. In particular, we calculate the SVD of
the overall cascade channel matrix

G®.H =ULVT, (4.7)

where the right and left singular vectors of G, ®;H are the columns of V'
and U, and the corresponding singular values are the diagonal entries of X.
In our formulation, the IRS configuration ®j is one of the optimization

variables. Indeed, given v, and wy, we can solve

®; = argmax Ry (®y), (4.8a)
Dy
st L[®ilun € Py, Vn, (4.8b)
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where Ry is the achievable rate of user k, 1 < k < K, according to (4.3).

The derivation of the optimal IRS configuration of user k requires the align-
ment of the channel phase coefficients. According to [204], the cascade chan-
nel can be expressed as

Ugchkawk = vec <’U1?qu)kH’wk>

(4.9)
= (w,{HT o 'v,ka> diag(®y)

where ¢ denotes the Khatri-Rao product operator and diag(®;) return the
column vector with all the elements in the diagonal of ®;. Then, it is suffi-
cient to observe that the SNR is maximized when the phase shifts introduced
by the IRS are aligned with the phase shifts accumulated along the various
paths, i.e.,

Okn = —(éngHT o 'v,?Gk)L), vn. (4.10)

Note that, in general, we need to know the estimated phase shift of each
component resulting from the Khatri-Rao product in (4.10), rather than the
exact phase coefficients of H and G. Moreover, as pointed out in [204], for
structured channel models adopted at mmWaves, where multipath scattering
is sparse and propagation is often dominated by strong specular components,
the estimation of the separated channel matrices H and G\ can be simply

accommodated by optimizing a limited number of parameters.

Taking into account the possible quantization, the optimal phase shifts are

given by
L@ nn argmin(éejwkr"*‘/’)» Vn. (4.11)
PEP,

To overcome the interdependence between optimal IRS configurations and
beamforming vectors, we propose an iterative alternate optimization ap-
proach. We first estimate the optimal beamforming vectors for a given IRS
configuration using (4.7). Then, we plug the derived beamformers into (4.8a),
and obtain the corresponding optimal IRS configuration. We repeat this two-
step procedure until convergence, which, for practical purposes, is assumed
to be reached when the difference between the achievable rates Ry, Vk, in
two consecutive iterations is lower than a tolerance v > 0. This procedure is
summarized in Algorithm 6, where f is the iteration index. The number of
iterations grows with the numbers of antennas and IRS phase shifters. How-
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Algorithm 6 Iterative Alternate IRS Optimization
Input: G, H
Output: &;

.t 0

2 Vg, wg +— 1

3: repeat

g Oy — —(L[(wiH" o v{Gy)], ), Vn
L@y ilnn argminlpepe(éef(ek"z*"”))
U, X, V' « SVD of v] G @ Hwy
vk 4~ column of V' corresponding to
the largest singular value
wy < column of U corresponding to
10: the largest singular value
11 t—t+1
12: until |[Ry(®y) — Re(Prs1)| < v
130 B < Dy,

ever, from preliminary simulations, and based on the set of parameters we
considered (see Section 4.8), convergence is typically reached in less than 10
iterations.

4.5.2 Clustering-based TDMA Scheduling

For an approximated but close-to-optimal solution to (4.5), we resort to a
clustering-based approach. Our proposed clustering algorithms estimate
both the subsets of UEs Uy, . . ., Uz, and the relative set of IRS configura-
tions Z. We operate on the phase vector space, i.e., the points to be clustered are
identified by the IRS phase shifts vector [Z¢, . . ., Aq)NI]T =601, ..., GNI]T,
which maps each IRS configuration ® to a point in [—7r, n)NT. In case of
quantized phase shifts, the phase vector space is a lattice in the continuous
space [—Tt, 7r)N‘.
The general clustering-based procedure works as follows:

e Step 1: find @, Vk, i.e., the optimal individual IRS configurations for
each UE as in Section 4.5.1;

¢ Step 2: build UE subsets U,, z =1, ..., Z, by using a clustering algo-
rithm, according to Sections 4.6 and 4.7;

e Step 3: assign ®%) to all UEs € Us,.
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The core idea of this procedure is to use clustering algorithms to group
UEs, and assign the respective IRS configurations, which are mapped to the
centroid of the cluster. In the case of quantized phase shifts, once the clus-
tering procedure is performed, clusters may share the same centroid and be
merged. Therefore, Z represents the maximum number of clusters, not the effec-
tive number. Moreover, we remark that the procedure above does not rely on
the assumption of perfect CSI, as the grouping strategy (Step 2) and the indi-
vidual optimization step (Step 1) are performed independently. Nevertheless,
in the case of imperfect CSI, the estimated individual optimal configurations
may differ from the actual optimal configurations, leading to a suboptimal
grouping.

In the following, we propose different techniques to build the clusters

based on either a distance metric (Section 4.6) or the achievable rate (Sec-

tion 4.7).

4.6 Distance-Based Clustering Algorithms

The class of distance-based clustering contains methods that group data points
based on their similarity or dissimilarity according to a distance metric. This
approach has several advantages, including the efficiency in handling large
datasets, and the flexibility to adapt to many different scenarios of interest.
However, distance-based clustering can be sensitive to the choice of the dis-
tance metric (which depends on the nature of the data and the clustering
problem), and the initialization values. Moreover, in our specific case, it does
not take into account the achievable rate, which is not directly related to the

distance among the points in the phase vector space.

Since the scalar field is the range [—7, 1), the adopted distance has to take
into account the circularity of data. However, the convergence to a local min-
imum for most of the clustering algorithms is guaranteed only if the points
to be clustered belong to a Euclidean space. For distance-based algorithms,
we thus define the bijective mapping function f : Pé\] T — R?M as

f(e) = f([61/ ceey GNI])
= [cos(61), sin(6y), . . ., cos(fn,), sin(On;)], (4.12)
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and then define the pairwise distance between two generic IRS configurations

a and 3 as

5(a, B) = [If(e) = f(B)II, (4.13)

i.e., the Euclidean distance between the mapping on the unit Ni-sphere of
their respective phase vectors. In the following, with a slight abuse of nota-
tion, f(®) maps the phases of the complex entries in the diagonal of ® as
in (4.12), and §(®1, ®2) denotes the pairwise distance between the phases
of the elements in the diagonal of matrices ®; and ®;. The sum of squared
distances is defined as

Z

2
JWh, ..., U, T) =Y. ¥ 5(<1>;;, <1><Z>) ) (4.14)
z=1 kel,
and the distance-based clustering schemes are used to solve the following
problem:
min ] (U, ..., Uz, T), st (a5b) (4.15)

We consider and compare some of the most popular distance-based clus-
tering algorithms, namely, K-means, agglomerative hierarchical clustering,
and K-medoids.

K-Means (KM). KM clustering [205] aims at finding Z disjoint clusters min-
imizing the within-cluster squared Euclidean distances. Here, we consider
the generalized Lloyd algorithm [206], which randomly selects Z points in
the space of phase vectors as the initial centroids. In our setup, to ensure
optimal performance when Z = K, we force the algorithm initialization to a
random selection among the phase vectors of the optimal individual IRS con-
figurations derived in Section 4.5.1. Then, in the assignment step KM assigns
each data point to the closest centroid, according to the specified distance
metric. In the subsequent update step, the set of centroids is re-computed as
the average of the data points that belong to each cluster. These steps are

KM g

repeated until either convergence or a maximum number of iterations I},

reached.

Agglomerative Hierarchical Clustering (HC). The agglomerative HC [207] par-
titions a set of data points into disjoint clusters by iteratively merging points
into clusters until a target number of partitions is met. In our setup, clusters

are initialized as the optimal phase vectors, which thus act as the respective

154



4.7 Capacity-Based Clustering Algorithms

centroids. Then, the average distance between all pairs of data points in any
pair of clusters is evaluated. The closest pair of clusters are merged into a
new single cluster, whose centroid is computed as the mean of its data points.
The procedure is repeated until the number of clusters is Z.

K-Medoids (KMed). KMed [208] is a clustering technique similar to KM,
but instead of the mean of the data points within each cluster, it uses the
medoid, i.e., the data point that is closest to the center of the cluster. In
our setup, we consider the Partition Around Medoids (PAM) method [209],
which starts by randomly selecting Z medoids among the optimal phase
vectors and assigns each point to the cluster with the closest medoid. In
each iteration, the algorithm evaluates potential swaps of medoids with non-
medoids. A swap is accepted only if it results in a lower value of the sum
of the squared distances to all other data points within the same cluster. The
algorithm continues until the medoids no longer change.

Theorem 3. The proposed distance-based clustering techniques converge to a local
minimum of (4.14).

Proof: The proof directly derives from the well-known results of clus-
tering with Euclidean distance. The exact proofs for each of the considered

algorithms under distance metric (4.13) are reported in Appendix B. |

4.7 Capacity-Based Clustering Algorithms

The distance-based clustering techniques presented in Section 4.6 do not di-
rectly take into account the actual capacity achievable by the UEs, which is
a crucial factor for the sum capacity maximization (4.5). Thus, in the follow-
ing we propose original capacity-based clustering algorithms that go beyond
the state of the art, namely CWC (Section 4.7.1), OSCBC (Section 4.7.2), and
ICWC (Section 4.7.3).

4.7.1 Capacity-Weighted Clustering (CWC)

Similarly to distance-based clustering, also CWC proceeds iteratively. How-
ever, the stopping condition is based on the variation of the sum capacity of
each cluster, rather than on the distance between the centroids. In this ap-
proach, the clustering algorithm itself weighs the UEs based on their achiev-

able capacity, so that the parameters of the resulting clusters are closer to
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those preferred by the UEs with higher rates, thus promoting the maximiza-
tion of the sum capacity.

Let <I>§Z) be the IRS configuration of cluster U, ; at iteration i. UEs are
initially sorted in decreasing order of achievable rate. The algorithm then
selects the Z UEs providing the highest achievable capacity based on the
expression in (4.3) with their optimal IRS configurations. Without loss of
generality, weletz = 1, . . ., Z be the index of those UEs, and set <I>§Z) = &,
V1 <z <Z, as the centroids of the initial clusters U, ..., Uzp. In the
following, for simplicity, we denote with z; the cluster such that k € i/, ;.
Each UE k > Z is assigned to the cluster whose centroid provides the lowest
rate difference with respect to its ideal configuration. Let Ry(®j) be the
maximum achievable rate of UE k, obtained from the solution of problem (6).
UE k is assigned to cluster

z; = argmin[Ry(®;) — Rk(d)(z))], (4.16)

i
where Rk((bgz)) is the rate achieved by UE k adopting the IRS configuration
of cluster z at iteration i. Note that, despite being always non-negative, the
rate difference in (4.16) cannot be considered a distance metric as, in gen-
eral, it does not satisfy the triangle inequality. However, we prove that, as
the distance from the optimal configuration increases, the corresponding rate
decreases, thus supporting the use of the rate difference as a clustering crite-

rion.

Theorem 4. Given the optimal IRS configuration ®;, the rate Ry(®) is monotoni-
cally decreasing with respect to the magnitude of any phase shifts error €.

Proof: Let € € [—m, 7| be an arbitrary error phase shift, and consider the
configuration ®; = ® E, where E = diag(eje, 1,...,1), ie, the subopti-
mal configuration where only the first IRS element is affected by the error
€. Assuming, without loss of generality, that Ny = Ny = 1 and 0, = 0;, = 1,
the rate Ry (®f) is proportional to I'y(®f) when using configuration ®f. The
SNR I'y(®}) can be written as

T (®f) = |g®; Eh|? (4-17)
= |lgchi[®; Elia[h]1 + A%, (4.18)

156



4.7 Capacity-Based Clustering Algorithms

where A = YN [g;]4[®]]nn[h]s. Since ®; is the optimal configuration, it
satisfies (4.10). It follows that A € R™, so (4.17) can be further manipulated
into

T (@F) = [llgehl[[R]1]e + A[? (4.19)
= A + (llgehl1[h)1])* + 2A][gel1lI[R]1] cos(e). (4.20)

Finally, we evaluate the sign of the derivative of I'y(®}) with respect to the

error € as ar, (@)

5 = ~2Allgdil|[R)] sin(e), (4.21)
and observe that I'y (®f), and therefore Ry (®}), is strictly decreasing for 0 <
le|] < . [

After all the remaining UEs have been assigned to the corresponding clus-
ters, the coordinates of the centroids are updated. At iteration i + 1, the new
IRS configuration (centroid) of cluster U, is computed as the average of
the data points in the cluster, weighted by their achievable rate, i.e.,

e :f1<2keuz f(d>Z)Rk(<I>;)>
ZH Ykew, Re(®p) /)

(4.22)

Also, in the case of phase shift quantization, an additional approximation
step must be performed as

A[CDZ(i)l]n,n — argr;in(481'(4‘1’5?1]”'”_4’)), vn. (4.23)
PPy

This two-step procedure is repeated until convergence, which is reached
when the rate difference between two consecutive iterations is lower than

the sum capacity tolerance p > 0.

The rationale behind the algorithm is that, based on the initial centroid as-
signment, the UEs experiencing the best channel conditions, i.e., those dom-
inating the system sum capacity, are initially served with their optimal (in-
dividual) IRS configurations. Even after the adjustment of the clusters, these
UEs will always get the largest weight coefficient within the cluster. The re-
maining UEs, instead, will be penalized by the configuration constraints, but
their impact on the sum capacity will be limited. The whole workflow of the
CWC procedure is summarized in Algorithm 7.
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Algorithm 7 CWC Algorithm

Input: Z, H, Gy, Vk

Output: Uy, ..., Uz, L

: Compute ®@;, Vk with the procedure of Algorithm 6
Sort the UEs in decreasing order of Ry (®j)

Select the Z UEs providing the highest Ry (®y),

Set <I>§Z) =®;,z=1,...,Z as the initial centroids.
repeat
for each UE k do
zk; < argmin, Ry(®}) — Rk(<I>§Z))
end for
for each cluster z do
Compute <I>§i)l as per (4.22), (4.23)
end for
i+ i+1
until [Tiepy Ri(®7) — Tecpr, Ri(®7)| <
: Assign @9 toall k € U,.

L PN AR R NR

[ S S = S
® N 7 Q

=
N

4.7.2 One-Shot Capacity-Based Clustering (OSCBC)

The main drawback of CWC presented in Section 4.7.1 is that it requires
solving problem (4.16) at each iteration, relative to all the UEs in each clus-
ter. Considering massive MIMO systems, the CWC procedure could become
exceedingly complex, as it requires the SVD computation of extremely large
matrices. Therefore, we propose another lower-complexity clustering algo-
rithm, denoted as OSCBC.

As in CWC, also in OSCBC: (i) the UEs are sorted in decreasing order of
achievable rate; (ii) the Z IRS configurations of the Z UEs experiencing the
highest rates are chosen as initial centroids for the clusters; and (iii) the re-
maining UEs are assigned to the closest centroid in terms of circular distance,
as per (4.13). Then, compared to CWC, instead of recomputing the coordi-
nates of the centroids at each iteration until convergence, the algorithm stops
right after the initial association. Therefore, with OSCBC the computed cen-
troids are the optimal configurations relative to the Z UEs achieving the high-
est individual rate, which provides suboptimal (non-optimized) performance
for the rest of the UEs in the clusters.
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Table 4.1: Computational complexity of distance-based vs. capacity-based cluster-

ing.
Clustering algorithm Computational complexity
KM (Lloyd) O(IZKNy)
KMed (PAM) O(Z3K>Ny)
HC O(K3Ny)
CWC/ICWC O(IZKNgN})
OSCBC O(Z(K — Z)Ny)

4.7.3 Inverse Capacity-Weighted Clustering (ICWC)

The CWC algorithm is designed to optimize the capacity of the UEs experi-
encing the best channel conditions and is unfair to the other UEs in the sys-
tem, which may use suboptimal IRS configurations. Therefore, we propose
an additional variation of CWC, named ICWC, with the goal of achieving
higher fairness among the UEs in the system. In ICWC, while the cluster
association principle of (4.16) is preserved, the initial condition is reversed.
Specifically: (i) UEs are sorted in increasing order of achievable rate; (ii) the
initial configurations of the clusters <I>§Z) =®,z=1,...,Z, are based on
the optimal configurations of the UEs with the worst channel conditions. The
remaining k > Z UEs are associated as in (4.16). Then, at iteration i, the IRS
configuration is updated as

(z) _ -1 Zkeuz ‘DZREl(‘I’Z)
Q= f iy ’
ke, R (@)

(4-24)

and the discretization step (4.23) is performed (if needed). As in CWC, con-
vergence is achieved if the rate difference between two consecutive iterations
is lower than the tolerance y. While ICWC obtains lower sum capacity than
CWC, it can provide significant improvements in terms of fairness, especially

from the perspective of the UEs with the worst channel conditions.

4.7.4 Computational Complexity

The computational complexity is evaluated as the number of iterations re-

quired for the clustering algorithms to: (i) obtain the optimal IRS configura-
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tion of each UE; (ii) partition the UEs into disjoint subsets, or clusters, based
on distance or capacity metrics; and (iii) for each cluster, find the best IRS
configuration to serve the corresponding UEs.

Specifically, at each iteration, the main source of complexity is the compu-
tation of the overall cascade channel matrix G, ®;H, which has complexity
O(NgN? + NgNiNy). Additionally, in the case of quantized IRS phase shifts,
after obtaining the optimal beamformers, the optimal phase shifts for the IRS
are obtained through an exhaustive search over the set of possible phase
shifts Py, yielding a complexity O(2"Ny).

Notice that different clustering algorithms, in general, require a different
number of iterations I to reach convergence, thus possibly introducing prac-
tical limitations. Moreover, the complexity introduced in each iteration de-
pends on the clustering algorithm itself. In Table 4.1 and in the following
text we characterize the computational complexity of each of the clustering
algorithms presented in Sections 4.6 and 4.7.

Distance-based clustering. These algorithms do not require specific initial-
ization. For KM, based on the Lloyd implementation in [206], each iteration
involves calculating the distances between data points and centroids. As a
result, the computational complexity is influenced by the number of itera-
tions required for convergence, the number of data points, the number of
clusters, and the dimensionality of data, resulting in an overall complexity
O(IZKNp). KMed can be solved with the PAM algorithm [209], so the compu-
tational complexity is O(Z3K2Nj) due to the pairwise distance computations
between data points and medoids. Finally, the computational complexity
of the agglomerate HC is primarily determined by the computation of pair-
wise distances among all data points, resulting in a total complexity O(K>Nj)
[210].

Capacity-based clustering. The complexity of the OSCBC algorithm is dom-
inated by the centroid assignment upon initialization, which has complexity
O(Z(K — Z)Ny). Instead, for the CWC and ICWC algorithms, the complex-
ity is O(IZKNgN?), as demonstrated in the following theorem.

Theorem 5. The time complexity of CWC and ICWC scales quadratically with Ni
as O(IZKNgN?).

Proof: Capacity-based clustering requires an initialization stage where
the algorithm selects the Z UEs providing the highest (or lowest) Ry (®}),
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resulting in a complexity of O(K log K) due to the sorting of K scalars. In
the subsequent iterations:

1. Both CWC and ICWC compute the rate difference between each UE
and the Z centroids. The complexity of computing Rk(<I>fZ)) can be
dominated either by the matrix multiplication in (4.2), or by the SVD for
the single stream beamforming which require, respectively, O(NgN? +
NgNiNy) and O(NgNy min(Ng, Ny)) operations for each UE and each
centroid.

2. The computation of the centroids as per (4.22)-(4.24) requires Ny + 1
scalar operations per UE, which has negligible complexity with respect
to the rate computation.

In typical IRS-assisted systems, N > Ny > Ny. Therefore, the complexity
at each iteration is dominated by the channel matrix product, and the overall
algorithm complexity is O(IZKNgN?). [ |

4.8 Numerical Results

After presenting our various simulation scenarios and evaluation metrics
in Sections 4.8.1 and 4.8.2, respectively, we assess in Section 4.8.3 the schedul-

ing performance of an IRS-assisted network with practical constraints.

4.8.1 Simulation Parameters

Our simulation parameters are reported in Table 4.2.

Scenario. All devices are assumed to lie on a 2D plane, and we consider an
Urban Microcell (UMi) scenario, according to the 3GPP nomenclature [39],
with the gNB placed at the center. According to the 3GPP specifications, the
coverage area of the gNB is characterized by an average radius of 167 m and
is assumed to lie in the positive x-axis region.

We assume that K = 100 UEs are randomly deployed according to a uni-
form distribution within the cell area, to be served in downlink by the gNB,
assisted by an IRS at coordinates (75, 100) m. The gNB is equipped with a
UPA with 8Hx8V antennas (i.e., Ng = 64), and the UEs with Uniform Lin-
ear Arrays (ULAs) of 2Hx1V antennas (i.e., Ny = 2). For the IRS, if not
otherwise specified, we adopt a 40H x80V reflective panel (N; = 3200).
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Table 4.2: Simulation parameters.

Parameter Value
Carrier frequency 28 GHz
Total bandwidth (B) 100 MHz
Noise power spectral density —174 dBm/Hz
Number of UEs (K) 100
gNB antenna array (Ng) S8Hx8V
gNB transmit power 33 dBm
UE antenna array (Ny) 2H %1V
{10H %20V, 20H x40V,

IRS elements (Ny)

Phase shift quant. bits (b)

40H x 80V, 60H x 120V}
{unquantized, 1-bit, 2-bits}

LoS probability (pros) Eq. (4.26)
Individual rate opt. tolerance (v) 10~° [bit/s/Hz]
KM max. iterations (IKM) 50

CWC/ICWC rate tolerance (u)

1073 [bit/s]

Channel and Frame Structure. The system operates at a carrier frequency of
28 GHz (that is in the lower part of the mmWave bands), the transmission
power at the gNB is set to 33 dBm, the noise power spectral density at the
receivers is —174 dBm/Hz, and the total system bandwidth is 100 MHz. We
consider the fourth numerology of the NR frame structure [211], wherein
each 10 ms frame is split into 160 slots. With this assumption, as already
pointed out in Section 4.3, channels can be considered constant over the entire
frame duration. We consider the 3GPP TR 38.901 spatial channel model [39],
which supports a wide range of frequencies, from 0.5 to 100 GHz (and includ-
ing therefore our carrier frequency of 28 GHz), and can be integrated with
realistic beamforming models. As such, channel matrices, and multipath fad-
ing, are computed based on the superposition of N different clusters, each
of which consists of M rays that arrive (depart) to (from) the antenna arrays

with specific angles and powers. Based on [39], and using the simplifications
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proposed in [73], the generic entry [A],; of the channel matrix can then be
computed as:

(4.25)

ST =
/ktx/n,m dtx,q
’

P
X e]er,n/mdrx,pe

where 7 is the Large-Scale Fading Coefficient (LSFC) of the considered link,
which incorporates the path loss and shadowing terms. For a complete de-
scription of the remaining terms appearing in (4.25) we refer the interested
reader to [73]. Specifically, while the gNB and the IRS can be assumed to
operate in LoS, the path loss between a generic UE k and the IRS is modeled
based on the following channel conditions:

e NLoS: UE k is in NLoS with the IRS;

o deterministic LoS (LoS): UE k is in LoS with the IRS;

e probabilistic LoS (LoS): the IRS-UE k link is in LoSVNLoS with respective
probabilities pL° (di) V 1—pE°S(d), with

£oS (dy) ! S (4.26)
) ) 4.2
K %+(1_%>6,% if di>18,

where d; is the distance (in m) between the IRS and UE k. In the consid-
ered UMi scenario, and based on 3GPP specifications [39], the average LoS
probability in (4.26) is 0.35.

For each wireless link, based on the presence of the LoS component, the
path loss is then derived according to [39, Table 7.4.1-1], with shadowing
standard deviation set to osr = 0. For the optimal individual IRS configura-
tion (Section 4.5.1), we set v = 107° [bit/s/Hz].

Clustering algorithms. In the following subsections, we present extensive
simulation results to compare the performance of distance-based (KM, HC,
KMed) vs. capacity-based (CWC, OSCBC, ICWC) clustering algorithms to

perform scheduling in an IRS system with reconfiguration constraints. The
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KM clustering has been implemented with the Lloyd algorithm [206] with a
maximum number of IXM = 50 iterations. Instead, for both CWC and ICWC,
we set u = 1073 [bit/s].

As an upper bound to the system performance, we also consider an “un-
clustered” scheduling, wherein we assume that all UEs are served with their
optimal IRS configuration. This scheduling clearly violates the constraint on
the maximum numbers of reconfiguration per frame, but can be regarded as
the limit case when Z = K, i.e., all UEs belong to a cluster with cardinality
one. As such, it is a suitable approach for benchmarking the performance of

more practical schemes.

4.8.2 Performance Metrics

The performance of the proposed clustering-based scheduling techniques is
evaluated in terms of average sum capacity and fairness, as a function of the
numbers of both clusters and UEs, under different channel conditions, IRS
dimensions, and degrees of quantization for the phase shifts.

Average sum capacity. It is derived from (4.4) as

C = %IE[C(UL ., Uz, T, (4.27)

where the expectation is computed across the different channel realizations.
Moreover, as each UE is served in its specific slot, we average over the
TDMA frame length, dividing the empirical expectation by the number of
UEs (slots) K.

Fairness. We consider the 95% percentile of the achieved individual user

capacity, computed as
B .
Coso, = X inf{x : CDF(x) > 0.95}, (4.28)
where CDF() is the empirical cumulative distribution function of R (®®)),
Vk, z. Notice that the 95% percentile of the user capacity is a practical and

meaningful way to evaluate fairness, as it measures the performance of the
majority of the UEs, excluding only the top 5%.
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Figure 4.2: Average sum capacity as a function of the maximum number of clusters
Z, for an unquantized 40Hx 80V IRS, and considering a pLoS channel for
the IRS-UEs links.

4.8.3 Scheduling Performance

In this section, we compare the IRS scheduling performance considering
distance-based vs. capacity-based clustering, and as a function of different
channel conditions, reconfiguration constraints, and degrees of quantization
of the phase shifts.

Impact of the clustering algorithm. First, Fig. 4.2 displays the average sum
capacity C per slot as a function of the number of clusters Z, for unquantized
IRS phase shifts, and considering a pLoS channel for the IRS-UEs links. It is
evident that all the scheduling policies perform better whenever Z increases,
and converge to the “unclustered” policy when Z = K. In fact, increasing the
number of clusters corresponds to a smaller intra-cluster average distance,
which eventually becomes zero when Z = K. Among the considered cluster-
ing policies, CWC and OSCBC provide the highest sum capacity, as they are
designed to maximize C, and choose the IRS configurations of the UEs that
achieve the highest rate. Instead, distance-based clustering achieves worse
performance as it does not exploit the knowledge of the rate achievable with
different IRS configurations when building the clusters. As expected, ICWC
is designed to promote fairness, thus performs worse than both CWC and
OSCBC in terms of sum capacity; still, it achieves similar performance as
distance-based clustering. Finally, the gap between CWC and OSCBC is al-

most negligible: this implies that a single iteration in the clustering process
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Figure 4.3: 95% percentile of the user capacity as a function of the maximum number
of clusters Z, for an unquantized 40H <80V IRS, and considering a pLoS
channel for the IRS-UEs links.

is enough to achieve good sum capacity, while also promoting lower com-
putational complexity as reported in Table 4.1, which demonstrates the good
scalability of the proposed techniques.

Fig. 4.3 compares the fairness performance of the different clustering algo-
rithms, measured as the 95% percentile of the average sum capacity Cose,, as
a function of the maximum number of clusters Z in pLoS conditions. Our
results identify ICWC as the best clustering approach in terms of fairness,
which comes at the cost of a lower sum capacity, as shown in Fig. 4.2. There-
fore, there exists a trade-off between the achievable sum capacity and fair-
ness. We also observe that OSCBC achieves very low fairness, as the UEs
with worst channel conditions are forced to aggregate to the strongest UEs,
thus via a suboptimal IRS configuration. On the other hand, we see that
CWC is more than acceptable in terms of fairness, and achieves comparable
performance than most of the distance-based clustering algorithms. Further-
more, Cose, increases as Z increases, and eventually approaches the “unclus-
tered” baseline for Z = K. This is due to the fact that the LoS probability
in the pLoS scenario increases with the number of clusters, i.e., as the inter-
cluster distance becomes smaller, which permits to experience better channel
conditions, thus a higher capacity, even for the worst UEs. Finally, despite

performing worse than their capacity-based counterparts, the distance-based
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Figure 4.4: Average sum capacity as a function of the maximum number of clusters
Z, for N = 3200, unquantized phase shifts, and for different channel
conditions.

methods are a viable alternative for constrained IRS control nodes thanks to
their lower computational complexity. In such cases, HC is to be preferred
for sum-capacity maximization, while KM is the best alternative to capacity-
based algorithms when the 95% percentile of the average sum capacity rep-
resents the metric of interest.

Impact of the channel. From the above results, we concluded that distance-
based clustering provides lower sum capacity and fairness compared to capacity-
based scheduling, so the rest of our simulation campaign has been focused
on the latter. Figs. 4.4 and 4.5 display the average sum capacity and the
95% percentile, respectively, for CWC, ICWC, and OSCBC in different chan-
nel conditions. First, we observe that in the dLoS scenario, where UEs are
in LoS with the IRS, the sum capacity is up to 2.6 (2.4) times higher than
in the NLoS (pLoS) scenario for Z = K. This is mainly due to the fact that
NLoS links experience (i) a higher path loss, and (ii) the lack of a dominant
multipath component, thus of a clear steering direction for the IRS beam,
which deteriorates the link quality. In particular, in the pLoS scenario the
LoS probability decreases exponentially with the distance, therefore, the UEs
that are far from the IRS typically operate in NLoS. For similar reasons, both
CWC and ICWC in the dLoS scenario start to reach stability in terms of ca-
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Figure 4.5: 95% percentile of the user capacity as a function of the maximum number
of clusters Z, for N; = 3200, unquantized phase shifts, and for different
channel conditions.

pacity with a relatively lower number of clusters than in the pLoS and NLoS

scenarios.

As expected, OSCBC performs worse than its competitors, and the gap is
even more significant in the dLoS scenario (around —30% in terms of sum
capacity). The bad performance of OSCBC compared to CWC and ICWC is
confirmed also in terms of fairness, as illustrated in Fig. 4.5 (see, in particular,
the zoom for 50 < Z < 90).

Finally, even though ICWC is not explicitly designed to maximize the sum
capacity, it shows similar performance (if not even slightly better) as CWC
in the dLoS scenario. The rationale behind this behavior is not clear and
deserves more investigation. Most likely, it is related to the fact that, in the
dLoS scenario, all UEs have similar channel conditions, which permits ICWC
to choose, on average, a good IRS configuration even among the worst UEs
in the clusters.

Impact of the IRS configuration. Figs. 4.6 and 4.7 show the impact of the
number of IRS radiating elements on the system performance when consid-
ering the CWC and ICWC clustering algorithms. As expected, both fairness
(measured in terms of the 95% percentile of the average sum capacity) and
sum capacity increase as the IRS is larger and operates with more reflecting
elements, regardless of the number of clusters. For example, we observe that
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Figure 4.6: Average sum capacity for CWC and ICWC as a function of the number
of reflecting elements at the IRS, for unquantized phase shifts, and con-
sidering a pLoS channel for the IRS-UEs links.
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Figure 4.7: 95% percentile of the user capacity for CWC and ICWC as a function
of the number of reflecting elements at the IRS, for unquantized phase
shifts, and considering a pLoS channel for the IRS-UEs links.

CWC is able to approach the optimal sum capacity with as few as 20 clusters
for small-sized IRS, i.e., with 10Hx20V or 20H x40V arrays. The same trends
are shown also in Fig. 4.7 in terms of fairness. Still, notice that C is below
100 Mbps, which is not compatible with the requirement of most 5G appli-
cations when the IRS is made of fewer than 200 elements, which justifies the
use of larger IRS panels [176].
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Figure 4.8: Average sum capacity as a function of the maximum number of clusters
Z, for N; = 3200 and for different degrees of quantization of the phase
shifts, and considering a pLoS channel for the IRS-UEs links.

Nevertheless, we still observe that the number of reflecting elements has
an impact on the number of clusters that are needed to provide maximum
performance. Indeed, the number of possible IRS configurations increases
as we consider larger IRS antennas. In turn, this decreases the likelihood
of UEs having the same (or similar) ideal configurations, and therefore, it
increases the probability of being associated with increasingly suboptimal
centroids if the number of clusters is small. However, if the number of phase
shifters is large, the suboptimality is mitigated by the increasing number of
reconfigurations. Typically, the IRS reconfiguration cost is proportional to
the number of radiating elements, and therefore the specific reconfiguration
cost may be different for different IRSs in general. A detailed quantitative
analysis of this issue would need to go into the specifics of the various IRS
architectures, which goes beyond the scope of the present work, and will be
considered in our future work.

Impact of quantization. Figs. 4.8 and 4.9 display the average sum capacity
and the 95% percentile, respectively, as a function of the maximum number
of clusters Z for CWC and ICWC, and of the number of quantization bits b of
the phase shifts. Notice that energy and hardware constraints pose a limit to
b [212], which implies restricting the infinite set of possible IRS configurations
to a finite set of cardinality 2°M. Moreover, the quantization constraint affects
the beamforming capabilities of the IRS [175], with negative implications for
the resulting achievable sum capacity. In [197], results were obtained consid-
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Figure 4.9: 95% percentile of the user capacity as a function of the maximum number
of clusters Z, for N; = 3200 and for different degrees of quantization of
the phase shifts, and considering a pLoS channel for the IRS-UEs links.

ering that the quantization was performed only at the end of the clustering
procedure. Here, instead, we assume that the quantization of the phase shifts
is taken into account from the initial optimization stage. The results reveal
that the use of non-ideal phase shifters leads to a 30% degradation in the
sum capacity when using b = 1 at the IRS, while the performance is close to
the unquantized baseline if more quantization bits are used. Furthermore, it
is shown that the gap between quantized and the unquantized performance
increases with Z. As a result, 1-bit quantization is sufficient to guarantee
a performance comparable to the unquantized case with a small number of
clusters, while more quantization bits are needed to achieve higher capacity.
In any case, we can conclude that our proposed capacity-based clustering
algorithms are robust to phase-shift quantization.

Scalability. Finally, we prove the scalability performance of the proposed
clustering algorithms. To do so, we first show the performance of capacity-
based clustering as a function of the number of UEs in Figs 4.10 and 4.11. In
particular, we compare CWC and ICWC with HC as a function of the ratio
K/N, for an unquantized 40Hx80V IRS, K = {50, 100, 150} UEs, and con-
sidering a pLoS channel for the IRS-UEs links. The results are in line with
the plots in Figs 4.2 and 4.3, which demonstrates the scalability of the pro-
posed clustering techniques for different numbers of UEs. Finally, Fig. 4.12
depicts the average minimum number of IRS configurations Z,;, needed to
achieve 80% of the maximum achievable sum capacity (“unclustered” base-
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Figure 4.10: Sum capacity as a function of the maximum number of clusters over
the number of UEs Z/K, for different values of K, for an unquantized
40Hx80V IRS, K = {50, 100, 150}, and considering a pLoS channel for
the IRS-UEs links. For readability, the results are shown without aver-

aging over the TDMA frame length.
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ters over the number of UEs Z/K, for different values of K, for an
unquantized 40Hx80V IRS, K = {50, 100, 150} UEs, and considering

a pLoS channel for the IRS-UEs links.

line) as a function of the number of UEs K in the system. Notably, we observe
that CWC and OSCBC are confirmed to be the best algorithms to optimize

the sum capacity, even for a limited number of IRS configurations. For ex-

ample, both solutions achieve 80% of the maximum sum capacity with less
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Figure 4.12: Minimum number of IRS configurations (clusters) Z,;, to achieve 80%
of the maximum achievable sum capacity, for an unquantized 40Hx80V
IRS, and considering a pLoS channel for the IRS-UEs links.

than half the number of configurations than in the “unclustered” deploy-
ment. Moreover, we recognize the same trends as in the previous results.
Specifically, capacity-based clustering outperforms distance-based clustering
and requires fewer IRS reconfigurations to maximize the sum capacity (up to
—37% considering CWC vs. KMed). Furthermore, the gap increases as the

number of UEs increases.

4.9 Conclusions

We considered a MIMO cellular network, in which a gNB serving multiple
UEs is assisted by an IRS acting as a relay. Notably, we considered practical
constraints on the IRS reconfiguration period. We studied a TDMA schedul-
ing for downlink transmissions, and formulated an optimization problem to
maximize the average sum capacity, subject to a fixed number of IRS reconfig-
urations per time frame. We first discussed an iterative algorithm to obtain
the optimal IRS configuration of each UE. Then, we proposed clustering-
based scheduling algorithms, which group UEs with similar (ideal) IRS con-
tigurations based on either a distance metric or the achievable capacity, to
mitigate the performance degradation due to the constraint in the number
of possible reconfigurations. Different clustering algorithms were numer-

ically evaluated in terms of computational complexity, sum capacity, and
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fairness under different channel conditions, as a function of the size of the
IRS size and the number of users, and with or without quantization of
phase shifts. The results showed that capacity-based clustering outperforms
distance-based clustering, and can achieve up to 85% of the sum capacity ob-
tained in an ideal deployment (with no reconfiguration constraints), reducing
by 50% the number of IRS reconfigurations.
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One of the key innovations of 5G is its ability to harness mmWave frequen-
cies, thereby unlocking substantial unused radio resources that were previ-
ously inaccessible. The next iteration of mobile networks, i.e., 6G is pre-
dicted to extend the bandwidth capabilities even further by expanding the
supported spectrum bands to encompass THz frequencies. While these ad-
vancements enable unprecedented data rates and ultra-low latency, mmWave
and THz frequencies are hindered by challenging propagation conditions
that impede the provision of ubiquitous high-speed wireless connectivity.
This thesis tackles these limitations by studying innovative coverage enhance-
ment solutions which hold promise for the widespread adoption of mmWave
and THz deployments in 6G cellular networks, overcoming their unfavorable
propagation characteristics.

In Chapter 2, we proposed a signal model for 5G NR deployments featur-
ing IRSs and AF relays based on the 3GPP TR 38.901 channel model. Our sim-
ulation framework provides numerical guidelines for dimensioning IRS/AF-
assisted networks. We also developed an ns-3 implementation of the 3GPP
channel model for NTN scenarios, which we open-sourced and validated
against 3GPP calibration results. Additionally, we presented optimizations
for simulating MIMO wireless channels in ns-3, including improved linear
algebra routines and a performance-oriented statistical channel model that
significantly reduces simulation time.

Specifically, in Chapter 3 we proposed a semi-centralized resource par-
titioning scheme for 5G and beyond IAB networks, coupled with a set of
allocation policies. Our analysis demonstrated that the integration of this
lightweight resource allocation cooperation significantly enhances the sys-
tem end-to-end throughput and delay, while preventing or mitigating net-
work congestion in the backhaul links. We also provided considerations for
implementing a semi-centralized resource allocation controller in real-world

deployments. Moreover, we introduced the first reliability-focused schedul-
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ing and path selection algorithm specifically designed for IAB networks. Our
RL-based solution was shown to effectively account for the complexities of
the network, including channel variations, interference, and load dynamics.
Results demonstrated that our proposed algorithm not only achieves highly
reliable performance in the presence of these challenges, but also outper-
forms benchmark schemes in terms of throughput, latency, and packet-drop
rate. The reliability of our approach is rooted in its ability to jointly minimize
the average latency and the expected value of tail losses through the use of
CVaR as a risk metric. Additionally, we conducted the first comprehensive
evaluation of the potential benefits of sub-terahertz frequencies for 6G IAB
networks, utilizing a customized extension of the open-source Sionna simu-
lator. This simulation framework enabled us to assess the feasibility of em-
ploying mixed mmWave and sub-terahertz links in conjunction with greedy
algorithms to optimize the deployment of backhaul networks.

In Chapter 4, we analyzed the performance of IRS-aided cellular deploy-
ments with practical constraints on the IRS reconfiguration period. In this
context, we maximized the average sum capacity, subject to a fixed num-
ber of IRS reconfigurations per time frame. We proposed a clustering-based
scheduling algorithms, which groups users with similar (optimal) IRS config-
urations based on either a distance metric or the achievable capacity, thereby
mitigating the impact of the reconfiguration limit. The efficacy of the pro-
posed algorithms was assessed in terms of computational complexity, sum
capacity, and fairness across diverse channel conditions, as a function of the
IRS configuration and the number of users. Our results indicate that capacity-
based clustering outperforms distance-based approaches, yielding up to 85%
of the sum capacity achievable in an ideal scenario (i.e., with no reconfigu-
ration constraints), while reducing the number of IRS reconfigurations by up
to 50%.
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Appendix A

For the proof of Proposition 1, Theorem 3 in [152] is needed. For complete-
ness, we first present the theorem in [152] for the special case in which the
considered random variables are independent. Next, we present the proof of
Proposition 1.

Theorem 6. Let T, ; be independent random variables where maxi<j<; Ty, ; =
Tmax, withi € {1,2, ...}. Then, forany 0 < 6 < 1/2,¢ > 0and v > 0, there ex-
ists a positive constant C which only depends on ¢ and <y, such that the probability of
the event lafa\Rumi — CVaR,, ;| > 2¢a ' Tmaxi °(In In i)Y/? In i is smaller than
or equal to Ce~(1+7) Ini,

Proof. See Theorem 3 in [152]. ]

Proof of Proposition 1

In this proof, we use the result of the regret bound for the risk-neutral case
without CVaR, shown in [153, Theorem 3], as a basis. Additionally, we use
the bound for the terms related to the CVaR formulated in [152, Theorem
3]. Using both these results, we first bound the probability that Safehaul
chooses a suboptimal arm in the exploitation phase. Then, we combine the
latter with the probability of choosing a suboptimal arm in the exploration
phase to derive the bound given in Proposition 1.

From the system model and Proposition 1, we have thatc > 0,0 <d <1,
and €, := min(1, Cd‘;‘;’ ). Moreover, a,, ; is the action chosen by e-greedy in time
slot i and K,, ; is the number of times, up to time slot 7, in which Safehaul
chose action a,, at random. Similarly, we use K} for the counter of the optimal
action. T, ; are independent random variables distributed according to the
rewards linked to action a,. We use T; for the optimal action, and T,, ; is
the estimated mean of the probability distribution of the rewards linked to
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action a, using K,, ; samples. As before, we use T7 for the optimal action.
@I{W is the estimated CVaR of action a,, up to time slot i and C/VIQ;k is the
estimated CVaR of the optimal action up to time slot i. Then, the probability
that action a, is chosen in time slot i is upper bounded as

€; €;
]P[an,i = an] <P [5an,i71 < 5?71] (1 - Aln> =+ T;r (5'1)

with 5%,1'71 = Ta,,,ifl + U@anﬂ?l and (5?_1 = T?—l + 1’]@:_1. The first
term in (5.1) is the probability of exploitation and the second term to the
probability of exploration.

Using the mean T,, and CVaR,, of action a,, and the likewise defined T
and CVaR" for the optimal action, we set AT®™ := T, — T* and AJV™ :=
CVaR,, — CVaR". Using these definitions in (5.1) we conclude

IP[6s,,i—1 < &7 4] <

[ mean cvar
]Péﬂn,l‘—l < ﬂCVﬁRan — %+ Ta,, o ;7512,1:| +

mean cvar :|

RT" + —%— + nCVaR" + —2— < 57,

mean mean

I Tﬂnri_l S Tﬂn - HE :| + [P|:T* + HWT S T?_1:|+

r cvar
P CVaR,, ; 1 < CVaR,, — “2 ]+

Hdovar + 20" < EVaR’ } (5.2)
2 — i—11- 5‘

Similar to [153], we use the Chernoff-Hoeffding bound for the first two terms

in (5.2). For the last two summands, there remains to find a bound for the
difference between the CVaR and its estimate CVaR. From Theorem 6, we set
¢ = AL a/4Tyax, 6 = 0.5 and by using the limit y — 0, we obtain

¢

CVAR AL 05 05 1
|CVaR,,; — CVaR,, ;| > — i (Inln i)™ Ini| < - (5.3)

Asmax; i %(In In {)*° In i < 1, the condition (A$¥™"/2)i % (In In )*° In i <
% holds for all i. Therefore, considering the last two summands in (5.2),

we conclude that there exists a positive constant C that satisfies

I Agxar C
‘CvaRﬂn,i - CvaRan,i| > T < 7 (54)
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The number of times action 4, has been selected up to time slot i is smaller
than or equal to i, i.e., K, ; < i. Using (5.4) we write the last two summands
in (5.2) as

N Acvar C
ﬂ’[CVaRumil < CVaR,, — —= ] < , (5.5)
2 Kan,i—l
and
Acvar . C
“’[CVaR* + “T < CVaRil} <o (5.6)
i—1

As in [153], we use Bernstein’s inequality to get an estimate for K, ;1.
Defining xo := 1/2A, Yj_; €jfori — 1> & we get P(K,, ;1 < xo) < e 3.
Additionally, from [153]:

P 2,0.5
X0 > % 1n((lclA):le> = C'(i). (5.7)

The same holds for the optimal action and K7 ;. Using these estimations for
xo, we can conclude that fori — 1 > cA, /d?

P Acvar
ﬂ’[CVaRun,il < CVaR,, — “2} (5.8)
i-1
e
< ]P[Kun,i—l = ]}*
j=1 J
LXOJ C i—1 C
=) PKia=jl-+ ) PKyia=j+
j=1 S J
%) C %) C
< -5 — < -5 . .
< Cxpe + P Cxoe + 0] (5.9)
The same holds again for the optimal action
Acvar S 0 C
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Together with the bounds from Theorem 3 in [153] it follows that for C > 1:
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Appendix B

Proof of Theorem 3

Proof for KM (LLoyd): In the assignment step, each UE k is assigned to

2
the cluster z that minimizes the squared distance ¢ (sz, <I)(Z)) . This guar-
antees that the total sum J(Uy, . . ., Uz, T) does not increase. Then, in the

update step, ®* is recalculated as the average ®; within each cluster, so as

to minimize the intra-cluster sum of squared distances ) ;. ¢ (CI)Z, <I>(Z))2
for all z. Therefore, the conditions of [213, Lemma 5] are satisfied, which en-
sures the convergence to a local minimum. Notice that [213] does not specify
the number of iterations needed to reach convergence, which could be large
in the case of highly dimensional spaces. Therefore, in practice, we limit the
maximum number of iterations to IXM. |

Proof for Agglomerative HC: At each step, clusters are merged to minimize
the increase of the total intra-cluster sum of squared distances. This is equiv-
alent to choosing the merged cluster that results in the smallest increase of

J(Uy, . .., Uz, T). Then, as in the update step of KM, the average of the data
points minimizes ) ;. & (@;, <I>(Z)>2, for all z. Once the number of clusters
Z reaches the desired value, convergence to a local minimum is reached. M

Proof for KMed (PAM): Since, at each iteration, a swap is performed
only when it leads to a lower value of the intra-cluster sum of squares,
J(U, . . ., Uz, T) does not increase over different iterations. Given the finite

number of data points and possible configurations, the algorithm is guaran-
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teed to converge to a configuration where no swap can further decrease the

objective function, thus reaching a local minimum. [ |
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