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Abstract

The wireless networks evolution is marked by diverse and complex use cases. Key cate-
gories like massive machine-type communications (mMTC) and ultra-reliable low-latency
communications (URLLC) present unique challenges in the internet-of-things (IoT') ecosys-
tem. Concurrently, enhanced mobile broadband (eMBB) applications demand high data
rates, especially in densely populated areas. These varying requirements underscore the
need for specialized multiple access schemes tailored to each use case. The thesis explores
various approaches to address these challenges. Firstly, two uplink orthogonal multiple
access (OMA) solutions are discussed. A semi-grant-free scheme wherein the scheduling
is optimized based on the partial knowledge of the user activation is proposed. Then,
the study extends to correlated packet generations, developing a distributed learning-
based scheduler, which outperforms existing state-of-the-art correlation-based schemes in
scenarios with moderate traffic correlation and intensity. Secondly, for downlink OMA,
the thesis considers a millimeter wave scenario wherein an intelligent reflecting surface
(IRS) with practical (re)configuration constraints is used to mitigate the strong channel
attenuation. Heuristic scheduling techniques for downlink time-division multiple-access
(TDMA) and orthogonal frequency-division multiple access (OFDMA) are proposed and
their performance is deeply discussed. Finally, the last part of the thesis focuses on
non-orthogonal multiple access (NOMA) within the context of unsourced random access
(URA). Novel tensor-based approaches for random access are presented, showing signifi-
cant improvements in energy efficiency and fading robustness compared to state-of-the-art
URA solutions.
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Notation

Scalars are denoted by italic lowercase letters;

Column vectors and matrices are denoted by boldface lowercase and uppercase

letters, respectively;

[A]e denotes the scalar value in the k-th row and ¢-th column of matrix A, while

[a] denotes the k-th element of vector a;

Sets are denoted by calligraphic uppercase letters, with |A| denoting the cardinality
of set A;

AT, A", and A' denote the transpose, the conjugate transpose, and the conjugate

of matrix A, respectively;

a = vec(A) denotes the vectorization operation, stacking the columns of matrix A

into the column vector a;

diag(a) denotes the matrix in which entries in the main diagonal are the elements

of vector a;

The operators ® and ¢ denote the Kronecker and the Khatri-Rao products, respec-
tively;

P(-) and E[-] denote the probability operator and the statistical expectation, respec-
tively;

[-] and |-] denotes the ceiling and floor operators, respectively;

log(-) indicates the natural logarithm function;

a mod b denotes the modulo operation, which returns the remainder of a/b;
(‘;) denotes the binomial coefficient;

The imaginary unit is denoted as j = v/—1;

la] and Za denote the modulo and phase of the complex scalar a, respectively;

The squared norm of vector a is denoted as ||a||* = 3", [al?
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Introduction

The evolution of mobile networks, particularly the transition from fifth-generation (5G)
to beyond-5G (B5@G), is marked by diverse and increasingly complex use cases. Recent
well-established scenarios include enhanced mobile broadband (eMBB) and machine-type
communications (MTC), each with distinct requirements for throughput, latency, and
reliability [1]. The shift in focus from human-centric to machine-centric communication,
in particular in industry, agritech, and smart buildings, necessitates novel technological
solutions. Among these, the massive machine-type communications (mMTC) and ultra-
reliable low-latency communications (URLLC) categories, part of the broader internet-of-
things (IoT), stand out for their unique challenges: URLLC target ultra-low latency and
high reliability for critical applications, while mMTC aim to support a high density of
devices in scenarios like industrial IoT. Concurrently, traditional eMBB applications such
as high-definition video streaming and augmented reality demand significantly high data
rates, especially in densely populated areas. These varying requirements underscore the
need for specialized multiple access schemes tailored to each use case.

In the early generations of cellular networks, orthogonal multiple access (OMA) meth-
ods like frequency division multiple access (FDMA) and time-division multiple-access
(TDMA) were prevalent. FDMA divided the frequency spectrum into separate channels
for individual users, while TDMA allocated distinct time slots to each user. The intro-
duction of code-division multiple access (CDMA) marked a significant shift, using unique
codes for channel sharing and enabling a more flexible and efficient use of the spectrum [2].
This trend continued with long-term evolution (LTE)’s adoption of orthogonal frequency-

division multiple access (OFDMA) [3], [4], which combined time with frequency multi-
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plexing and optimized resource allocation. The success of OFDMA, characterized by its
balance between flexibility, bandwidth, and receiver complexity, led to its incorporation

into 5G networks.

With the advent of B5G networks, there is a significant shift in the design philosophy.
For example, the use of the millimeter wave (mmWave) band for cellular communications
has been included in the latest releases of the 3rd Generation Partnership Project (3GPP)
standard. However, the challenging propagation conditions at high frequencies necessitate
the design of multiple input-multiple output (MIMO) transceivers, combined with active
or passive relays to enhance coverage. Owing to the inherent complexity of transceiver
design, current research primarily focuses on downlink transmissions, due to the space lim-
itations for antennas on the user side and restrictions on transmitting power. Nonetheless,
active or passive relaying is essential to overcome the substantial path loss encountered
at high frequencies. Among the various proposed solutions, intelligent reflecting surfaces
(IRSs) are being widely investigated to address the harsh propagation conditions in a cost-
and energy-efficient manner. IRSs can passively tune the phase shift of impinging signals
to reflect them favorably towards the intended destination, thus acting as a multi-antenna
relay to improve signal quality without active (power-consuming) amplification [5]. How-
ever, for downlink multiple access, the technical constraints of current IRS prototypes [6]
limit performance, as the IRS configurations must be fixed for subsets of users and cannot

be dynamically changed for each different transmission.

Instead, for the uplink multiple access, the rise of new scenarios as mMTC poses new
challenges in the management of a massive number of uplink connections with varying re-
quirements for latency and throughput. Many OMA schemes optimizing the user schedul-
ing based on the traffic pattern prediction [7] have recently emerged. Such solutions are
particularly useful when users’ activations are highly correlated. This may occur as a
result of correlated underlying traffic generation [8], [9]: for example, wireless-connected
thermometers placed on different parts of the same object or nearby objects may sense
a temperature variation at the same time and send signals in the same slot. Also, re-
transmissions (and the accumulation of further packets in users’ buffers) yield correlated
transmissions among different users. On one hand, such correlation further increases the
chances of collisions; on the other hand, it can be exploited to indirectly coordinate the
multiple access [10], [11]. Moreover, in latest works, multiple access procedures based on
resource requests and grants have been discussed for MTC. However, the sporadic nature
of transmissions by a large number of users that characterizes the above use cases makes
these schemes inefficient and pushes for the adoption of a grant-free (GF) or semi-GF
solution [12].



On another line of research, non-orthogonal multiple access (NOMA) has also been ad-
vocated among the promising approaches to address massive user connectivity [13]-[15].
NOMA can operate in various domains, including power and code, to maximize network
capacity. The widely studied power-domain NOMA, leverages the differences in channel
strengths among users to maximize the network performance through multi-user detec-
tion and successive interference cancellation (SIC) at the receiver. Code-domain NOMA,
instead, involves low-complexity multi-user detection schemes and includes methods like
sparse-code multiple access (SCMA) and low-density sequence CDMA. NOMA-based GF
solutions outperform conventional OMA solutions in many scenarios. An effort has been
made to unify and standardize the various NOMA schemes, and their performance gains
over their orthogonal counterparts have also been investigated [16], [17]. Recently, NOMA
approaches for the unsourced random access (URA) paradigm [18] have emerged to man-
age a massive number of devices: at any time, a fraction of devices transmit simultaneously
using the same channel codebook, i.e., encoding their messages into complex codewords
that are known at both the users and the base station (BS). The receiver decodes the
arriving messages without knowing the identity of the transmitters (and their respective
channel coefficients). Although this approach is very effective in managing a large num-
ber of users, good performance can be achieved only for tiny payloads and with highly
complex massive MIMO receivers [19], [20]. On the downside, NOMA requires advanced
pairing and power allocation techniques, as well as powerful channel coding and inter-
ference cancellation mechanisms that only partially mitigate collision effects [15]. Under
these conditions, the BS may become prohibitively complex to serve a large number of
users. Consequently, the huge appeal of NOMA compared to OMA is mainly relevant for
uplink rather than downlink applications. Finally, the authors of [21] recently provided
a critical evaluation of multi-user MIMO NOMA, highlighting a simultaneous increase
in the receiver complexity and reduction in multiplexing gain compared to conventional
multiuser precoding, in both the cases of perfect and imperfect channel state information

(CSI). For the above-mentioned reasons, OMA remains attractive in many scenarios.

Thesis Contribution and Organization

In this section, we discuss the thesis contribution for each of the following chapters.

Throughout all the thesis, the references to the author’s papers are highlighted in bold.

Chapter 2. The chapter presents the contributions of the following papers:

e A. Rech, S. Tomasin, L. Vangelista, and C. Costa, “Partial-information multiple access protocol
for orthogonal transmissions,” in Proc. ICUFN, 2023, pp. 271-276
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e A. Rech, S. Tomasin, L. Vangelista, and C. Costa, “Semi-grant-free orthogonal multiple access with
partial-information for short packet transmissions,” IEEE Open J. Commun. Soc., pp. 1-1, 2023

e A. Rech, S. Tomasin, L. Vangelista, and C. Costa, “Minimum-latency scheduling for partial-
information multiple access schemes,” in Proc. IEEE GLOBECOM Wkshps, 2023. arXiv: 2308.
02286

e A. Rech and S. Tomasin, “Coordinated random access for industrial IoT with correlated traffic by
reinforcement-learning,” in Proc. IEEE GLOBECOM Wkshps, 2021, pp. 1-6

We investigate two random access protocols for OMA. Initially, we offer an overview of
uplink OMA and introduce the novel partial-information multiple access (PIMA) protocol.
This protocol is a semi-GF multiple access scheme tailored for short packet transmission
and relies on the knowledge of the number of users with packets ready for transmission.
We determine the optimal scheduling in scenarios with i.i.d. activations and evaluate
its effectiveness across various users’ activation statistics. Additionally, we undertake a
theoretical exploration of correlated activations by modeling the protocol as a partially
observable-Markov decision process (PO-MDP), utilizing the greedy frame efficiency op-
timizer (GFEO) algorithm to harness the model’s full potential. In the latter part of
the chapter, we shift our focus to correlated packet generations, where we develop a
distributed learning-based scheduler. Here, each user is conceptualized as a player in
a Markov game characterized by incomplete information. By implementing the linear-
reward-inaction (LRI) algorithm, we establish pure Nash equilibrium strategies for each
player. Numerical analyses reveal that our LRI-based approach surpasses existing state-
of-the-art correlation-based OMA schemes in scenarios with moderate traffic correlation

and intensity.

Chapter 3. The chapter provides a detailed description of the contribution of the following
papers:
e A. Rech, M. Pagin, S. Tomasin, F. Moretto, L. Badia, M. Giordani, J. Gambini, and M. Zorzi,

“Downlink TDMA scheduling for IRS-aided communications with block-static constraints,” in Proc.
IEEE WCNC, 2023, pp. 1-6

e A. Rech, L. Badia, S. Tomasin, M. Pagin, M. Giordani, J. Gambini, and M. Zorzi, “Downlink
clustering-based scheduling of IRS-assisted communications with reconfiguration constraints,” sub-

mitted to IEEE Trans. Wireless Commun., 2023. arXiv: 2305.14051

e A. Rech, L. Badia, and S. Tomasin, “Scheduling for downlink OFDMA with IRS reconfiguration
constraints,” submitted to IEEE Trans. Veh. Technol., 2024. arXiv: 2401.03062

We consider the downlink multiple access in a novel B5G scenario wherein users are

served in downlink using an IRS with practical constraints. In particular, the aim is to
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maximize the average sum capacity, considering a constrained number of IRS reconfigu-
rations within specific time frames. At first, the simple case of downlink TDMA is investi-
gated. We introduce clustering-based scheduling techniques, grouping users based on key
metrics such as distance or achievable rate, thereby ensuring similar optimal IRS configu-
rations within each cluster. The adoption of this strategy marks a significant reduction in
the frequency of IRS reconfigurations, thanks to the shared settings among users within
the same cluster, providing high-capacity performance with reduced overhead. Then, we
extend our investigation to OFDMA downlink scheduling. Here, we formalize the sum
rate maximization as an NP-complete generalized multi-knapsack problem. We therefore
propose an heuristic solution for the joint IRS configuration and resource allocation. This
solution is benchmarked against a more complex genetic algorithm (GA)-based method,

demonstrating its practical effectiveness in network scenarios.
Chapter 4. We provide an extended description of the contribution of

e A. Rech, A. Decurninge, and L. G. Ordénez, “Unsourced random access with tensor-based and
coherent modulations,” in Proc. IEEE PIMRC, 2023, pp. 1-6

Chapter 4 investigates tensor-based modulation (TBM) [20] and tensor-based plus co-
herent modulation (TBMC) within the context of the URA use case. We begin by exam-
ining the current state-of-the-art URA solutions, Then, we discuss advancements in TBM
design, incorporating robust forward error correction (FEC), soft-decoding, and SIC tech-
niques, and we introduce the novel TBMC scheme. In the TBMC approach, the users’
payloads and channel resources are split into two distinct sub-blocks. One is dedicated to
unsourced signal transmissions, which are used for the joint estimation of part of the pay-
load and the users’ channel coefficients, while the other focuses on power-domain NOMA
signal transmissions, making use of the estimated channels. For the first sub-block, we
employ TBM integrated with cutting-edge FEC coding to encode a portion of the message.
Subsequently, a NOMA scheme is utilized for the coherent signal transmissions. At the
receiver side, we implement SIC strategies to effectively deal with interference. A portion
of this chapter analyzes the degrees of freedom (DoF) attainable through both TBM and
TBMC under various resource-splitting policies. We also evaluate the energy efficiency of
these schemes. Our numerical results indicate that TBMC outperforms TBM in terms of
energy efficiency, approaching the achievability bound when the number of active users is
moderate. Moreover, when compared to state-of-the-art solutions, TBMC demonstrates

superior robustness against large-scale fading effects.

Chapter 5. Lastly, Chapter 5 concludes the thesis. First, the contributions and insights
are highlighted; then future works are outlined.






Uplink Orthogonal Multiple Access

This part of the thesis discusses the uplink orthogonal multiple access (OMA) for packet
transmissions with random user activity. At first, a brief literature review and the com-
mon uplink OMA scenario are presented in Section 2.1 and 2.2, respectively. Then,
Section 2.3 presents in detail the semi-grant-free (GF) partial-information multiple access
(PIMA) protocol proposed in [22]—[24], including the performance comparison with other
OMA and non-orthogonal multiple access (NOMA) multiple access protocols. Section 2.4
provides a distributed reinforcement learning-based OMA scheme for correlated packet
generations [25], wherein the scheduling is optimized based on transmission outcomes.

Finally Section 2.5 summarizes the chapter.

2.1 OMA Background

In recent years, grant-based (GB) schemes have been proven to be suitable in internet-
of-things (IoT) networks with moderate numbers of users [30]-[32]. A widely adopted
solution is multichannel ALOHA, wherein active users choose a preamble from a common
pool (codebook) of orthogonal preambles. Then, the base station (BS) can effectively
differentiate between multiple users simultaneously accessing the network and schedule
the users for data transmission in a second dedicated sub-frame (typically of fixed length).
However, such schemes require different preamble lengths based on the number of active
users to perform optimally. Indeed, while long preambles support more active users, their
entailed communication overhead grows rapidly. Moreover, the use of non-orthogonal

preambles has been discussed to reduce overhead in the context of compressive random
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access (CRA) [33]-[35]; with CRA the BS resorts to compressed sensing (CS) [36] to
identify active users. However, multiple measurements are typically needed to accurately
estimate the preambles, therefore requiring either multiple-antenna receivers or multiple

transmission steps.

On the other hand, GF approaches typically make better use of the resources by let-
ting users transmit immediately, without waiting for explicit approval from BS. Slotted
ALOHA (SALOHA) is the simplest and most widely adopted GF OMA protocol: users
transmit at the beginning of the first slot available after packet generation and, when col-
lisions occur, collided packets are retransmitted with random delays (in slots). Collisions
are further reduced by framed slotted-ALOHA (FSA), which divides time into frames
(each split into slots) wherein users transmit at random: this solution is widely adopted
in radio-frequency identification (RFID) systems [37]-[39].

Semi-GF multiple access combines both GB and GF approaches. As for the GB solu-
tions, users compete for resources in a preliminary short sub-frame, then, they may receive
a grant to transmit data without contention. Typically, users neither reveal their identity
nor the BS deterministically schedules the transmission due to the limited acquired infor-
mation. This hybrid approach aims at combining the efficiency of GB scheduling with
the reduced overhead of GB access. Despite the increasing interest in semi-GF multiple
access, the majority of the literature focuses on semi-GF NOMA solutions. For example,
[40] and [41] proposed to opportunistically admit GF transmissions of a subset of users on
the same resources reserved for GB data transmissions, exploiting the receive power diver-
sity and successive interference cancellation (SIC) for decoding the messages. However,
despite the research hype on NOMA, several motivations support the use of OMA. First,
the separation of user signals in OMA eliminates multi-user interference, significantly
simplifying both transmission scheduling and receiver operations. NOMA indeed requires
more sophisticated signal processing techniques to mitigate interference, which may be
complex and expensive to deploy. Moreover, OMA is a well-established and relatively
simple technique and many wireless networks already have the infrastructure and proto-
cols in place for OMA. In such a context, a transition to NOMA would require significant
changes and investments in network architecture and standardization. Therefore OMA
remains a valuable choice to ensure compatibility with existing IoT networks and devices.
A semi-GF OMA scheme was presented in [42], wherein the BS broadcast the colliding

preambles, preventing the data transmissions of the users choosing such preambles.

Other OMA schemes have been proposed for correlated user activity, which is typically
due to a correlated underlying traffic generation [8], [9]. Also, re-transmissions (with

the consequent accumulation of packets in user queues) introduce a correlation of trans-
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missions among users: this further increases collisions, while it can also be exploited to
coordinate multiple access. While this correlation inherently heightens the risk of colli-
sions, it also presents an opportunity for indirect coordination in multiple access schemes.
Consequently, correlation-based schedulers have recently gained attention as a possible
breakthrough for multiple access in machine-type communications (MTC), wherein the
users’ activations are, in general, correlated, as they exploit the users’ activation statis-
tics to reduce collisions and substantially enhance the overall uplink performance. Such
schemes typically rely on the knowledge of traffic generation statistics [10], or learn the
traffic correlation by tracking successes and collisions [43], or reinforcement learning tech-

niques [44].

2.2 Time-Domain Uplink OMA

We consider the uplink of a multiple access scenario with K single-antenna users trans-

mitting to a common single-antenna BS, under the following assumptions.
e We assume the value of K is known at the BS.

¢ Perfect time synchronization at the BS is assumed, thus users can transmit signals

with specific times of arrival at the BS.

e Time is divided into frames, and the part of the frame dedicated to data transmission

is split into slots, all of the same duration.

o All packets have the same duration of one slot, each user may transmit at most one

packet per frame, thus occupying one slot.

e A collision occurs when two or more users transmit in the same slot, and such an

event prevents the decoding of all collided packets at the BS.

o We assume that the BS always correctly decodes the received packets in slots without
collision and that the channel does not introduce other sources of communication

eIrors.

o Successful transmissions are acknowledged by the BS at the beginning of the follow-
ing frame, and upon collision, collided users retransmit their packets in the following

frame.

Let t denote the frame index, and let ¥y (t) = 1, if a successful transmission of user k

occurs at frame ¢, and ¥ (t) = 0 otherwise. The case ¥ (t) = 0 includes also the event
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Figure 2.1: PIMA protocol procedure. In the PIA sub-frame, yellow rectangles indicate the signals
transmitted by the users for counting, which have different transmission power to compensate for the
different channel attenuation. When these signals are received at the BS (green rectangles), they all have
the same power, thus, from the total received power, the BS is able to determine the number of active
users. In the DT sub-frame, active users transmit their packets.

wherein user k£ does not transmit at frame ¢. Successful transmissions are acknowledged
by the BS at the end of the current frame. Vector ¥ (t) = [¢1(t), ..., ¥k (t)] collects values

for all the users.

2.3 Partial-Information Multiple Access

In this section, we introduce a new OMA protocol named PIMA. In PIMA, time is
organized into frames of wvariable length, each divided into two sub-frames. The first is
the partial information acquisition (PIA) subframe, wherein active users (having packets
to transmit) transmit an uplink signal, named activation information (AI) to the BS. The
BS, using a compute-over-the-air approach [45]-[47], estimates the number of active users.
The second sub-frame, named data transmission (DT) sub-frame, is divided into slots,
each with a fixed duration of Ty seconds. Based on its knowledge on the users activation
statistics, the BS firstly allocates an arbitrary number of slots for the entire DT sub-frame,
and then assigns one slot in it to each user for the uplink transmission. The allocation
is non-exclusive, i.e., a slot is typically given to multiple users, whose transmissions may
collide. A PIMA protocol representation with an example of user enumeration procedure
is shown in Fig. 2.1.

The PIMA protocol falls into the category of semi-GF multiple access solution. Indeed,
without knowledge of the identity of active users, collisions could only be avoided using
time-division multiple-access (TDMA), which is extremely inefficient for sporadic traffic.
We stress that differently from other two-step OMA schemes consisting of preamble and

data transmission stages [30], PIMA acquires only partial information on the activation
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statistics in the PIA sub-frame, avoiding to reveal the users’ identities. Likewise, PIMA
cannot be considered a fast uplink grant approach, due to its partial information acqui-
sition at the BS. The main advantage of PIMA with respect to the existing semi-GF
solutions is its extremely low overhead (few symbols) required to acquire the partial in-
formation and communicate the scheduling, which yields an extremely low latency and
complexity.

The main contributions of this section are the following.

1. We introduce the PIMA protocol, detailing the considered frame structure and the

basic assumptions on the channel model.

2. We propose two enumeration techniques, based on the channel state information
(CSI) available at the users.

3. We consider three different use cases represented by three different packet genera-
tion statistics, including independent identically distributed (i.i.d.) activation, b)
correlated activation, and c¢) a bursty traffic generation for massive random access
(MRA), wherein the number of users in the system is arbitrarily large while the

number of active users remains finite.

4. We prove that, under i.i.d. activation, the allocation of each user to a single slot

maximizes the resulting frame efficiency.

5. We prove that the maximum frame efficiency with MRA traffic is obtained by allo-

cating a number of slots equal to the number of active users.

6. Under ideal user enumeration in the PIA subframe, we provide a hidden Markov
model-based analysis of PIMA, tracking the users’ successful transmissions and

failures, and propose the greedy frame efficiency optimizer (GFEO) algorithm.

7. We provide an in-depth numerical evaluation, comparing PIMA also with state-of-

the-art preamble-based approaches.

Time organization, Packet Generation, and Buffering

Packets generated in frame t by user k are stored in its buffer and transmitted according to
a first in-first out (FIFO) policy. The beginning of frame ¢, and thus the start of the PTA
sub-frame, is triggered by the reservation beacon (ReB), which is transmitted in broadcast
by the BS to all users and also contains the acknowledgments of the transmissions occurred
at frame t — 1. The end of the PIA sub-frame and the start of the DT sub-frame is then
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Figure 2.2: Example of the PIMA protocol and its frame structure.
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marked by the scheduling beacon (SB), which indicates to each user the slot for packet
transmission. An example of PIMA protocol and its frame structure is shown in Fig. 2.2.
In this example, users k, m, and f are active at the beginning of frame ¢, each with
a different number of packets to transmit (purple rectangles). The ReB and the SB
transmitted by the BS in downlink are represented by the blue and orange rectangles,
respectively, while the yellow arrow represents the Al signal for the user enumeration.
For drawing simplicity, in this example, no packets are generated after the beginning of
frame t. In practice, this may happen at low traffic regime.

In the following, we consider both the case of finite and infinite buffer capacity. In the
case of finite-length queues, to ensure data freshness, whenever a new packet is generated
at the user k side while its buffer is at full capacity, the oldest packet in its buffer is
dropped. Let Qx(t) be the number of packets in the queue of user k at the beginning of
frame t. If Qx(t) > 0, the buffer of user k is non-empty, and k is said to be active. Instead,
if Qr(t) = 0, its queue is empty and user k is considered inactive. The total number of

active users at the beginning of frame ¢ is K,(t).

Activation Statistics

The PIMA scheme has been designed to exploit the sporadic nature of transmissions in
the presence of a large number of users. Users can stay dormant for long periods and
transmissions are usually triggered by an event or preemptively scheduled. When this
happens, users become active with different patterns. To catch the diverse nature of
the existing use cases, we analyze the performance of PIMA in three different scenarios,

depending on the users’ activation statistics.

Li.d. Activations. User activation times can be described with independent and identically

distributed random variables when a) users have a queue for one packet only, and b) all
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colliding packets are dropped at the receiver after the first transmission. Such a scenario
is typical of monitoring systems requiring frequent updates and data freshness [48] and

will be discussed in detail in Section 2.3.3.

Correlated Activations. In this scenario, we assume that queues have infinite lengths.
Collided packets at frame t are deterministically queued for retransmission in the following
frames. Users’ activations are, therefore, generally correlated due to the presence of queues
and retransmissions. In this scenario, all queues are assumed to be stable.

For both the i.i.d. and the correlated activation cases, we assume that the traffic
generation, also denoted as packet arrival process, follows a Poisson distribution with
parameter A (in pkt/s) at each user. The well-known properties of Poisson processes
provide a total normalized arrival rate of Ap = KATy (pkt/slot), and when Ap =1, on

average one packet is generated over a slot duration (7).

Bursty Activations. In this scenario, we assume a bursty traffic model, wherein a finite
subset of users is active at the same time, with each user generating a single packet to
transmit. Collided packets are retransmitted also in this case, while the buffer capacity is
unitary for all users. In particular, we assume that at each burst the number of generated

packets follows a Poisson distribution with average Ap pkt/burst.

2.3.1 The PIMA Protocol

In this section, we provide a detailed description of the proposed PIMA protocol. The
PIA sub-frame has a fixed length of L; (in slot) and it is used by the BS to estimate the
number of currently active users. Based on this information, the BS decides the duration
Ly(t) (in slot) of the DT sub-frame and assigns each user to one slot, for uplink data

transmission. The total frame duration is
L =1L+ La(t) (2.1)

A PIMA protocol representation and an example of the frame structure and packet

transmissions are reported in Fig. 2.1 and Fig. 2.2, respectively.

Partial Information Acquisition Sub-Frame

At the beginning of frame ¢, the BS transmits in broadcast the ReB, which triggers the
PIA sub-frame and contains the acknowledgments of correctly received packets in the
previous frame. ReBs also provide to each user CSI of its channel to the BS. In the

following, we will consider both the case of incomplete CSI, wherein the users have an
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estimate of the channel gain only, and the case of complete CSI, in which we assume that

both channel gains and their phases are estimated at each user.

In the PIA sub-frame the BS obtains the estimate K, of the number of active users K,,
as described in detail in Section 2.3.2. The BS, knowing K., schedules the transmissions
for the next sub-frame. Let q(t) = [q1(t), ..., qx(t)] be the slot selection vector, collecting
the slot indices assigned to each user; then, the length of the DT sub-frame Ls(t) can be
derived from gq(t) as

La(t) = max gy (1), (2.2)

Note that, as the BS does not know the identity of the active users, each user in the
system is assigned a time slot. Therefore, the length of vector q(t) is always K. To
end the PIA sub-frame and trigger the beginning of the following DT sub-frame, the BS
transmits the SB, which contains the slot selection vector q(t), encoded as described in
Section 2.3.1. The PIA sub-frame duration L; accounts for all the symbols transmissions

in both uplink and downlink.

To maintain time synchronization, inactive users could a) wake up and wait for the
next downlink ReB when generating a packet, or b) always wake up when ReBs and SBs

are transmitted (this can be achieved by collecting timing information in the beacons).

SB Overhead. We consider two options for the coding of g(t). The first option provides
that all the users in the system receive the explicit indication of the allocated slot in the
DT sub-frame. Consider a codebook of K codewords (one per user, each of length logy K
bits) representing all possible sorting of user indices, where if a user is in position i, its
assigned slot is kK = i mod Ls 4+ 1. With this codebook, the SB introduces an overhead
of

Rsp = (K +1)logy K (2.3)

bits, since an additional codeword is needed to indicate the length of the DT sub-frame,
Lso(t). Note that for a large number of users, this encoding strategy can significantly

increase the length of SB, deteriorating the performance of PIMA.

Therefore, we consider a second strategy, wherein all users know a list of random
sequences (each of K log, K bits) of length J, indicating the order of user service. In this
case, the BS transmit in the SB only the index corresponding to the scheduling sequence
and the codeword to indicate Ly(t), providing an overhead of log, J + logy K bits. In the
following, we adopt this latter strategy to reduce the SB overhead.
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Data Transmission Sub-Frame

In the DT sub-frame, users transmit their packets according to the scheduling set by
the BS in the SBs. Note that packets generated by user k£ during the DT sub-frame are
delayed and transmitted in the following frame, to reduce collisions, since the DT frame
length is derived only based on the number of users active in the PTA sub-frame. Indeed,
data transmissions of users who do not request resources in the PIA subframe would
introduce uncertainty in the optimization of q(t), limiting the ability of PIMA to adapt
to instantaneous traffic conditions.

Since all the derivations are related to each frame separately, to simplify notation, in

the following we drop the frame index ¢t from all the variables.

2.3.2 Estimation of The Number of Active Users

To obtain an estimate of the number of active users at the BS, each active user trans-
mits an Al signal immediately after receiving the ReB. Note that we neglect here the
propagation time between BS and the user, which can be easily accounted for by consid-
ering a transition (silent) time between the ReB and Al transmissions. The set of users

transmitting the Al signals during the PIA sub-frame is
Ko ={k:Qr > 0}, (2.4)

with |X,| = K,. We stress that the BS does not know the identity of the active users,
since the Al signals do not contain such information, to make them shorter.

Given a total system bandwidth W, we assume that each user k € X, transmits
My, = WLy symbols v, £ = 1...,M; during th PIA sub-frame. Assuming perfect
synchronization, the /-th received signal at the BS is the superposition of all the symbols

transmitted by the users, i.e.,

ve=z+ Y Mo, (2.5)
keX,

where hy, is user k complex channel coefficient and z, is the additive white Gaussian noise
(AWGN) term with zero mean and variance o2. We now propose two different techniques
for PTA, under the assumption of incomplete and complete CSI at the transmitter. In
both cases, users perform channel estimation with the downlink ReB. However, with
incomplete CSI, the users estimate only the channel gain, while the complete CSI case

assumes that both channel gains and phases are estimated. Furthermore, we assume that

15



the acquired CSI (either complete or incomplete) is perfect, i.e., not affected by estimation

CITOors. 1

PIA With Incomplete CSI

In this section, we consider the case of incomplete CSI at the users, i.e., each user k
perfectly estimates its channel gain gx = |hg| with the downlink ReB, but not the channel
phase. In particular, we assume that each user k transmits M; i.i.d. complex Gaussian
symbols in the PTA sub-frame with zero mean and variance 1/ g,%, therefore the transmit
power is such that the signal from each user is received with unitary power at the BS.
The BS then measures the total received power and estimates the number of active users.
Letting the received samples be 5,, £ = 1,..., My, from (2.5), the estimated total power
at the BS is

1 & 1 i
P=—"N57=" h . 2.6
M, Ve M, Z 20+ Z kYK, (2.6)
/=1 /=1 keX,

Let us indicate the probability density function (PDF) of the received power given that
K, = b users are active as pp, x, (alb), and the probability that K, = b users are active as
Pk, (b). The maximum a posteriori probability (MAP) estimate of the number of active

users is then

K, = argznax pp|Ka(a\b) pK, (b). (2.7)

The value of K, is obtained from (2.7) by splitting the set of positive real numbers
into K properly designed intervals J(b) = [tp—1,t], b = 1,..., K, and finding the region
where P is falling. Note that the first and last intervals are special, as for the first we
have J(0) = [0, ¢o], while for the last we have J(K) = [tx_1,00]. Decision regions have
different lengths, thus providing different estimations according to b. Assuming 7, and
zp 1.1.d. Vi, k, £, as the square modulus of the sum of complex Gaussian random variables
is exponentially distributed, P follows an FErlang distribution with shape M; and rate
1/(K, + 02). For large values of Mj, P can be well approximated as a Gaussian variable
with mean P(K,) = K, + o2 and variance

K.+ d%)?

(i) = ot 2:8)

! In practice, time and phase synchronization can be effectively accommodated using orthogonal
frequency-division multiplexing (OFDM) with a sufficiently long cyclic prefix (CP). Channel flatness
is thereby assured over each subcarrier by properly designed CP, which mitigate the effects of multipath
propagation are mitigated. Moreover, even with some degree of synchronization loss, the CP can absorb
the delays and ensure proper symbol alignment.
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Figure 2.3: Optimal decision regions representation.

As shown in Fig. 2.3, optimal decision regions J(b), b = 1,..., K are intervals with
boundaries at the intersections between the adjacent scaled Gaussian curves; in particular,
the boundary ¢, between interval J(b) and J(b+ 1) must solve

(1, =P (b)) (tp=P(b+1))

pr0) e P01 e (2.9)

op(b)v2r op(b+ 1)V

Equation (2.9) is equivalent to the quadratic equation ALIQ7 + B, + C = 0, with

1 1
A= 0D A0
_2P(b)  2P(b+1)
B=520) " b+ (210)
P(b+1)*  P(b)* P, (b+ 1)ap(b)
¢ ob(b+1)  oh(b) og <pz<a(b)ap(b + 1))

Finally, K, is derived by choosing, among the solutions of the quadratic equation, the
one falling between P(b) and P(b+ 1).

Estimation Error Probability. We define the average error probability

o = B[K, # K, Zpe K, (b (2.11)

where po(b) = P[K, # b|/K, = b]. Then, under the i.i.d. assumption on 7, the condi-
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tional error probability in the enumeration process is
pe(b) = P[P ¢ I(b)| Ko = b]

:Q<\/ﬁléb—b+ag> +Q<\/ﬁ1—(%_1—b+o§)>7

(b+02) (b+ 02)

(2.12)

where Q(-) is the tail distribution function of the standard normal distribution. For b = 0
and b = K, the first and second terms in (2.12) are zero, respectively.

To minimize L, we should derive the minimum M; that guarantees the achievement
of a target p.. However, the computation of the optimal decision regions from (2.7) is
in general quite complex, due to its dependency on pg, (b), which in turn depends on
the duration of the previous frame(s), as well as on the previous transmission outcomes,
therefore being time-variant and strictly dependent on the traffic generation statistics. In
the following, for simplicity, we assume that the BS only knows the number of active users
and performs the time resource scheduling conditioned on this partial information.

From a practical perspective, since M is a design parameter, it should be time-invariant
and should not depend on the user activation statistics. Hence, by defining P(K,) =
K, + 02 and choosing ¢, = P(b) + 3, Vb we approximate (2.12) as

m(b)ﬂ@(zm )

50107 (2.13)

As Q(-) is a monotonically decreasing function, the maximum estimation error probability
is achieved if all users are active in the frame. Then, we derive M; in this worst-case

scenario, which provides a target error probability p, = pe(K), as

~ 2
My = [2(K+ o2)Q ! (”2)} . (2.14)

A major drawback of the PTA design for the incomplete CSI case is that the PIA sub-
frame introduced a significant overhead, as users must transmit a long random sequence
to let the BS estimate the total received power, which provided information on the number

of active users.

PIA With Complete CSI

In this section, we consider the case of complete CSI at the users, i.e, each user perfectly
estimates its channel with the downlink ReB. Assuming perfect phase synchronization,

My =1 is sufficient to accurately measure the received power at the BS, therefore we con-
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sider that each user then transmits a single symbol 7, in the PIA sub-frame. Assuming
that perfect CSI is obtained by users through the ReB downlink transmission, each user

k perfectly inverts the channel, setting v = 1/hg. From (2.5), the BS receives
y=Ky+z, (2.15)

where the symbol index ¢ is omitted for simplicity. Note that in low-signal-to-noise ratio
(SNR) scenarios, the Al signal may last several symbols, all with the same structure, and
the BS will first average the received samples (obtaining (2.15) but with less noise) and

then proceed with the estimate of the number of active users.

The MAP estimate of the number of active users is then

K, = arginax Py|K. (y]b) K. (D), (2.16)

where, for the AWGN channel, the PDF of the received signal conditioned to the number

of active users is
1 ly—b[?

This criterion establishes decision regions on the received signal. Define d; as the distance

e 7t . (2.17)

from b (the value obtained without noise) and the region associated with the decision b+ 1.
Then, when y falls in the region [b— dp,b+ 1 — dp11], the decision on the number of active
devices is b. Since the distance between b and b+ 1 is 1, we have that the distance from
b (the value obtained without noise) and the region associated with the decision b+ 1 is
1 —dp41. According to the MAP criterion (2.16), the optimal regions satisfy the following

equation

PyiK, (b + 66|0)pr, (0) = pyyajr, (b+ 1 — (1= p)[b+ 1)pk, (b+ 1), (2.18)
since dp+1 = 1 — 0p. Replacing (2.17) into (2.18), after some algebraic steps we have

Pk, ()

piKa(lH” 0 (2.19)

1 o2
5 = -+ 221
b=t

The error probability of the enumeration process is the probability of falling out of the

correct decision region, thus, conditioned on the fact that K, = b users are active, we

pe(b) = Q <szb\/§> +Q <z:/6\b[+21> . (2.20)
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L.i.d. Activations. In the case of i.i.d. activations, the activation process coincides with
the packet generation process. Assuming that each user generates packets according to a

temporal Poisson process with parameter A\ = A, Vk, we obtain
K —\T; —\T;
pK, (b) = b b(l —e M) (K —b)e 2, (2.21)

where T, is the time interval considered for the packet generations and ([b{) counts for
all the possibilities of having exactly b active users. Note that for K — oo we have
pk.(b) ~ pr,(b+1), thus & — % and all regions have the same size. In this asymptotic

scenario, the error probability in the enumeration process is

pe(b) = 2Q ( \/élo> . (2.22)

Note that, in case of imperfect CSI [49], the estimated channel at user k is
]ibk = hy + €, (2.23)

where €5, accounts for the estimation error. User k transmit v = 1/ ﬁk, and the received

samples becomes, from (2.5),

— €k — 1
y—Ka—kgg; hk+€k—|—z—Ka—|—z. (2.24)

Assuming e, ~ CN(0,0¢) for all k, the terms h;j% follow a complex Gaussian ratio
distribution, which has been widely studied in both cases of correlated and independent
numerator and denominator (see [50] and [51]).

When either the SNRs is high (by the Gaussian ratio statistics) or k is large (by the
central limit theorem), the summation in (2.24) can be approximated as a Gaussian
r.v., thus 2’ is also Gaussian. In these scenarios, the imperfect CSI case is modeled as
additional noise, and the analysis of the previous subsection still holds. For other scenarios,
numerical methods (including Monte Carlo simulations) should be used to evaluate the

error probability in the counting process.

2.3.3 Frame Efficiency-Based Scheduling With I.I.D. Activations

In this section, we propose a time-resource scheduling conditioned on the number of active
users estimated in the PIA sub-frame.

In the following discussion on scheduling optimization, we assume perfect user counting
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in the PIA sub-frame, i.e., Ky =K,. However, in practical scenarios, the actual scheduling
might be based on an erroneous estimation of the number of active users K,. This
discrepancy can lead to performance degradation. In Section 2.3.6, we will analyze the
effects of such erroneous estimations by comparing the ideal case of error-free enumeration
with the more realistic scenario of error-prone enumeration. This comparison will help
quantify the impact of the inaccuracies in user counting on the scheduling performance.
First, we introduce a performance metric that takes into account both the packet
latency and the collision probability, whose optimization aims at finding the right balance
between the two. Let [ € {1,..., Lo} be the slot index in the DT sub-frame. We define
the success indicator function in slot [ as ¢; = 1 if a successful transmission occurs in slot
[ and ¢; = 0 otherwise. Note that the latter case considers both the collision and non-
transmission cases. Then, the conditional frame efficiency is defined as the ratio between

the number of successes in the frame and the length of the DT sub-frame, i.e.,

Lo

n(Ka) = ;;E[C”Ka]- (2.25)

The adaptive maximization of this metric provides the proper balance between the DT
sub-frame length and the successful transmission probability.
At each frame, immediately after the end of the PIA sub-frame, the BS solves the
following optimization problem:
mgxn(Ka), (2.26a)

st. qr€{1,...,La}. (2.26b)

The optimization problem (2.26) is of mixed integer non-linear programming (MINLP),
and its solution quickly becomes infeasible with long queues or many users. For these rea-
sons, in the following, we focus on the analysis of the i.i.d. activation scenario, designing
the parameters of the PIMA scheduler based on its basic assumptions. Note that, while
the i.i.d. activation scenario could substantially differ from the correlated activations one
at high traffic, it still represents a good approximation in low traffic conditions, wherein
retransmissions due to collisions occur sporadically. Moreover, the analysis under i.i.d.
activations is useful when no information is available on the transmission correlation at
the BS or when obtaining such information is too expensive.

First, we observe that, since user activations are i.i.d., we only have to determine how
many users are assigned to each slot, as any specific assignment satisfying this constraint
will yield the same collision probabilities, thus the same expected frame efficiency. Note

that in case of decoding failure of multiple packets, the user scheduling should be ran-
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domized to avoid the repetition of the same collisions.
To minimize the number of users assigned to the same slot, given a length Lo, we assign

to slot [ the following number of users

{K-‘ if | < K mod Lo,
Loy
(2.27)

u; =

{KJ if > K mod Lo,
Lo

where we possibly schedule one more user in the first {L%J slots to minimize the trans-
mission delay.

With this scheduling policy, the slot success random variable ¢; can be rewritten as a
function of wu;, as it only depends on the number of users scheduled in slot [. Thus, the
optimization problem (2.26) is reduced to the optimization of the DT sub-frame length,
Lo, and from (2.25), we have

Lo

1
L5 = argmax I ZE[cl]Ka, w), (2.28a)
L2 2295
s.t. Ly € K/{0}. (2.28Db)

Now, given K,, the probability that user k is the one and only active user assigned to
slot [ is derived by considering all cases of active users, where user k is active and all other
users assigned to slot [ are, instead, inactive. Consider the matrix [K/La]| x La, having
entry (r,¢) equal to one when in slot ¢ only user r (among those assigned to that slot) is
active. The number of favorable cases wherein we have a single ”1” in column [ is given
by all the possibilities to place the ”1” of the remaining K, — 1 users in any of the K —wu;
entries of the matrix excluding column [. Therefore, the favorable case is given by all the
combinations of K, — 1 objects taken from a set of K — wu; objects. Instead, the total
number of cases is given by all the combinations of K, active users chosen from the K

scheduled users. The probability of having a successful transmission in slot [ is therefore

K—ul)
Ele| Ko, w)] = u~22=1,
(k)

where factor u; counts the users assigned to slot /. Note that the numerator of (2.29)

(2.29)

counts the number of combinations giving exactly one active user assigned to slot [, while
the denominator counts the total number of possible combinations of active users. The

probability of collision in slot [ is therefore 1 — E[¢;| Ky, w].
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Problem (2.28) is a MINLP problem, and its solution strictly depends on the number of
users in the system. If the number of active users is comparable with the total number of
users K, (2.28) is not solvable by continuous relaxation of Lo, as the rounding functions
are not differentiable. However, it is possible to find the optimal frame length L3 with
complexity O(log K), using a binary search algorithm, or alternatively using a discrete
gradient ascent algorithm. In any case, L5 depends only on K,, thus can be computed
offline and then stored in a table. Instead, if K — oo and K, << K is finite, the following
result holds:

Theorem 1. For K — oo, under i.i.d. activations, given a finite number of active users

K., the DT sub-frame length Lo maximizing frame efficiency is exactly K,.

Proof. Since K — o0 and 1 < K, << K, u; = L% forall I =1,...,Ly. From (2.29) we

have

K (K—15
_ Kl () K, (K- £UK-K,)
n(Ka)_E[Cl Ka’L2:| _T@_E(K_%_Ka_l)'(}(—l)'? (230)

then, using the Stirling factorial approximation a! = v27a(%)%, whose validity is verified

with good accuracy even for small values of «, with some algebraic steps we obtain

M(KvKavLQ)
iy Ko | KO-K-K)
YLy \[[K(1-£) - Ko+ 1](K - 1)
K(1l—L) (2.31)
) R (e O
X : .
(1~ 1) — Ko+ 18072 7Rt (g
€(K7K&7L2)
Taking the limit for K — oo we have
lim p(K, Ky, Ly) =1, (2.32a)
K—oo
1\ Ka—l

Klgnoog(K, K,, L) = <1 — LZ> . (2.32b)

Therefore the maximum frame efficiency only depends on K, and Lo, and it is given by

Ka—1
n(Ka) = IL{; (1 - L12> : (2.33)
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Its stationary points are derived from the first order derivative with respect to Lo as

d

dLs

K. 1\ Kt
— | 1-— =0 Ly=KyVIy=1 2.34
(-1 )= KaV Lo =1 (2.34)
thus, while Ly = 1 is trivially the global minimum for K, > 1, the frame efficiency is

maximized for Ly = K. ]

On the Optimality of the Single Slot Allocation. In PIMA, we have assumed that each user
k is assigned to a single slot g in the frame. However, we may wonder if this scheduling
policy is optimal or if it is preferable to assign multiple slots to each user. Focusing on

the case of i.i.d. activations, we have the following result.

Theorem 2. Under i.i.d. activations, the assignment of a single slot to each user in the

DT sub-frame is optimal, i.e., it mazximizes the expected frame efficiency.

Proof. Since the collision probability is the same for all users and depends only on the
number of other users transmitting in the same slot, by allocating more slots to each
user, we increase the collision probability. Hence, single-slot scheduling is optimal in this

case. OJ

2.3.4 PIMA Protocol Analysis for Correlated Activations

In the previous sections, we considered the PIMA design under the assumption of i.i.d.
user activations. However, in the correlated activations scenario, the activation statistics
knowledge can be exploited to improve the scheduling performance [43]. In this section,
we propose a Markov model-based analysis of PIMA, formalizing the case of correlated
activations. In particular, we model PIMA as a partially observable-Markov decision pro-
cess (PO-MDP) problem, which is solved by the Bellman equation [52], [53]. Then, to
address the excessive complexity of the PO-MDP solution, we propose a sub-optimal ap-
proach that determines the frame length iteratively, while performing the user scheduling,
based on the frame efficiency metric.

In this context, the time index gains relevance, and cannot be omitted in the analysis. In
the following, 7 denotes a generic time instant, ¢ the frame index, and 79(¢) the starting
time of frame t. Moreover, for the sake of simplicity, we assume fixed PIA sub-frame
length L1, comprehensive of both the enumeration task and the beacon transmissions,

and assume an error-free user enumeration.

PO-MDP. PO-MDP [53] generalize the Markov decision processs (MDPs) by combining
such models with the key features of hidden Markov models (HMMs). An HMM [54] is
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defined by a Markov process, which is not directly observable (hidden process), and an
observable random quantity depending only on the current state of the process (obser-
vation). PO-MDPs add the concepts of actions and penalties associated with the state
transition-action couples, which are the fundamental features of MDPs. At each time
period, the environment, represented here by the communication system, is in some state
i. The agent, which is responsible for interacting with the environment, takes an action,
a, which causes the transition to state j with probability p; j(a). At the same time, the
agent receives an observation 3 which depends on the new state of the environment 7,
and on the just taken action a, with emission probability eg = P(8|a,j). Finally, when
the system moves from state 7 to state 7 due to action a at time ¢, the agent receives
a penalty P(t) = P(i,j,a), where P(-,-,-) is the penalty function. Then, the process is
iterated. The goal of the agent, at each time step, aims at minimizing its expected future
penalty E[> "2, P(t)]. A discount factor may be also added to balance the impact of
immediate and future penalties.

Note that, differently from conventional MDP, wherein the process state is known to
the agent, in PO-MDP the agent does not directly observe it, thus its actions are taken
under uncertainty of the hidden state. However, by interacting with the environment and
receiving observations, the agent may update its belief in the hidden state, i.e., the state
probability distribution based on the observations. Therefore, as the system evolves and
the environment is observed, actions are taken with a more accurate estimation of the

current state.

PO-MDP Model for The PIMA Protocol

In the following, we map the PIMA protocol features to each of the discussed components
of a PO-MDP. For the following analysis, we assume negligible error probability in the PTA
sub-frame, i.e., perfect knowledge of the number of active users, thus Ka(t) = K,(t),Vt.

Hidden States. The hidden system state is the set of the arrival time of the packets in the
buffers of all users. At time 7, the state is X(7) = {xyp, Yk, h}, where xy , is the instant
of the generation of the h-th packet, for all packets currently in its buffer. The state space
of the PO-MDP Y = {X(7), V7} has infinite cardinality, due to the infinite buffer length
assumption. The buffer state evolves at each transmission attempt or packet generation,
however, only the state probability at the beginning of the DT sub-frame is relevant for
scheduling.

Actions. The scheduling vector g(t) is the action performed by the agent BS at frame ¢

based on its belief on the current system state. For simplicity, in the following, we denote
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the state at the end of the PIA sub-frame as X().

Observations. Observations are acquired at the end of the PIA sub-frame of frame ¢ as

B(t) = {Ka(t),(t —1),€(t - 1)} € O, (2.35)

where set C(t) collects all slots wherein a collision is detected in frame ¢, and O is the
set of possible observations. Note that acknowledgment and collision vectors are referred
to the previous frame, as we are at the beginning of the DT sub-frame of frame ¢. The
cardinality of O is finite, as only a limited number of combinations of successes, collisions,

and number of active users may occur.

Conditional Transition Probabilities. The underlying Markov process evolves from state

J €Y at frame t — 1 to state J € Y at ¢t with posterior conditional transition probability
pog(a) = PIX() = AIX(t 1) = 9, q(t — 1) = a]. (2.36)

We observe that, by imposing the condition on the observations and the previous action,

transitions occur only according to the packet generation and transmission processes.

Emission Probabilities. For each state, different observations may be acquired in general.

The emission probability of observing @' by visiting state J is defined as
e(d.a) =P[B(t) = B'|X(t) = T, q(t) = al. (2.37)

Beliefs. We first observe that the information at the end of the PTA sub-frame of frame

t is both the observations and the actions up to that frame, i.e.,

E(t) = {,B(t),ﬂ(t - 1)7 st 7ﬁ(0)7 q(t - 1)7 st 7Q(0)} (238)

Now, the belief of state X is the conditional probability of being in state X(¢) at frame ¢,

given the information available at the BS
p(d,t) = PIX(t) = F[E(D)]- (2.39)

The belief is recursively computed by exploiting the conditional independence of the
hidden Markov chain, observing that £(t) = {3(t), £(t—1)} and setting the initial system

conditions as

1 J=0,
p(3,0) = (2.40)
0 otherwise.
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The belief at the end of the PIA sub-frame of frame ¢ is computed as

p(3,1) = es(@.a) S puylalt—1))p(3,t —1). (2.41)
J:8(t)=B

Let also p(t) be the vector collecting p(d,t) for all J.

Penalty. When moving from state J to state J with action a, the penalty is P(J,J, a),

where the penalty function depends only on the states and action.

Latency As Penalty Function

As a performance metric, we consider packet latency, which measures the time a packet
spends in the buffer before successful transmission. Such time includes the delay intro-

duced by collisions and retransmissions.

In formulas, the latency of packet h in user k buffer is defined as
Dy.p = Tg.n — Tip, (2.42)

where 73 5, is the instant of the successful delivery of the packet to the BS. Note that all
packets in user k buffer at time 7((¢) increase their latency by L(t) = L1 4+ Lo(t) if they
are not successfully transmitted at frame t. Instead, a successful transmission provides

an increment of Ly + qx(t).

We consider the latency increment penalty associated with action q; = a when in state

J at frame t, defined as
Ky (m0(t))

K
P(3,3,a)=> dp, (1), (2.43)

=1 h=1

k
where the incremental latency of packet A in user k buffer is

din(t) = ¢ L(t — 1), Yt —1) =0, (2.44)
T0(t) — Tk otherwise,
and we note that from the couple of subsequent states J,J at frames ¢t and ¢t + 1 we can

compute 1(t). Since we consider FIFO buffers, h = 1 refers to the oldest packet in the

buffer, which is also the first scheduled for transmission in the buffer.
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Figure 2.4: Block diagram illustrating the PO-MDP framework on the left and its corresponding belief
state space MDP on the right, with simplified notation neglecting the time index t.

PO-MDP Solution

As for conventional MDPs, the solution of the PO-MDP minimizes the expected future
penalty E [>7°, P(t)]. Note that, since the agent does not directly observe the environ-
ment’s state, it must make decisions based on its belief of the current state. For this
reason, the PO-MDP is typically formulated as a conventional infinite-states MDP by
moving from space Y to the continuous space of all distributions of the beliefs, thus all
possible values of p(J), for all § € Y. Both the observations and actions are the same
as the original PO-MDP, and the policy function maps each belief state to an action,
7w : p(t) — q(t). The block diagram depicting the PO-MDP and its respective MDP in
the belief state space is shown in Fig. 2.4. The optimal policy, i.e., the one minimizing
the long-term penalty, is the solution of the Bellman equation applied to the belief MDP,
as detailed in [52], [55].

2.3.5 Greedy Frame Efficiency Optimizer Algorithm

The direct PO-MDP solution is, in general, very challenging, due to the infinite number of
hidden states of the PO-MDP model. Therefore, we consider a sub-optimal solution that
determines the frame length Ly(t) iteratively, while performing the user assignments. To
this end, we once again resort to the frame efficiency metric (2.25), which can be extended
to the correlated activation case exploiting the PO-MDP formulation.

At frame t, immediately after the end of the PTA sub-frame, the BS solves the optimiza-
tion problem (2.26). However, problem (2.26) is one of MINLP, and its solution quickly
becomes for large numbers of users. Therefore, to simplify the analysis, we resort to a
greedy scheduling solution.

The proposed algorithm is denoted as GFEO algorithm, and it iteratively adjusts the
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frame length Ls(t), while performing the user assignments q(t). First, note that, due to
the assumption of buffering packets generated during frame ¢ and single slot assignment
to each user, each hidden state/action couple leads to a single possible observation 3*.
Thus, the emission probability is eg(d,a) = 1, for B8 = 3%, and eg(d,a) = 0 otherwise.

Hence, (2.41) can be rewritten and recursively computed as

p@0) = S poalalt—1)p(3,t—1). (2.45)
J:8(t)=p"

Now, let n(La(t),q(t)) = n(t) be the expected conditional frame efficiency, where we now
highlight its dependence on the DT sub-frame length and the user assignment. Let us
also introduce the activation probability of user k£ conditioned to the current belief states,
i.e., from (2.45),
o= S p(9,0). (2.46)
J:K},(10(t))>0
Finally suppose, without loss of generality, that users’ indices are ordered with decreasing

activation probability, i.e.,

G1(t) > g2(t) > ... > Pk (2). (2.47)

The GFEO algorithm includes K iterations (one per user), assigning user k to a specific
time slot at iteration k. At the first iteration (k = 1), user 1 is assigned to the first DT
slot of the frame, i.e., q1(t) = 1. The algorithm compares the frame efficiency obtained
by assigning the current user to each of the already allocated slots, or to a new slot,
thus increasing Lo(t). Then, the best solution among those explored is chosen, and the
algorithm moves to the scheduling of the next user. Specifically, at iteration k > 2, the
algorithm computes the conditional frame efficiency obtained by assigning user k to each
slot 1 € {1,..., La(t)}. Letting ¢, (t), m = 1,...,k—1, be the indices of the slots assigned
to the previous k — 1 users, the GFEO assigns user k to the slot with index

ak(t) = argmax {max [n(La(t), @i (1)), n(L2(8) + 1, 4 (1, )]} (2.48)

where @, (I,t) = [q1(t),...,qs-1(t),1,0,...,0]. The frame length Ls(t) is updated at each
iteration, depending on the frame efficiency provided by each assignment. Note that
the BS exploits only the partial information acquired through the observation history,
while the instantaneous state of the hidden Markov process is never exploited, as the BS

has no knowledge of the buffers conditions. Thus, in general, this algorithm provides a
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sub-optimal policy.

Practical MDP Considerations. Due to the potentially infinite state space provided by the
arrival instants of the packets in the users’ buffers, it is impossible to compute (2.46) in
practice. As a first approximation, instead of considering the state of the arrival instants,
we consider the state of the buffer load, i.e., the state is described by the number of
packets in each user’s buffer. Still, under the assumption of infinite buffer capacities, the
state space remains infinite. Nevertheless, we can assume finite buffers of length C' and
analyze the system in stability conditions, wherein the number of packets in each user
is always less than C' in practice. Under this further assumption, the total number of
PO-MDP states is |Y]| = (C + 1)X.

Simplified GFEO

Although it is extremely accurate in the estimation of the users’ buffer states and their
correlation, due to the memory of the previous observations, the PO-MDP model quickly
becomes unfeasible with the increasing number of users in the system. In particular,
as the number of states increases exponentially with the total number of users K, the
complexity of the computation of the posterior probabilities (2.45) drastically increases.
Moreover, (2.45) is solved with the forward-backward algorithm, which runs with time
complexity O(|Y|?t), where t is the length of the observation sequence, i.e., the current
frame index. Therefore, the GFEO complexity rapidly increases as we consider long

observation periods.

To overcome this limitation, we further simplify the state space and consider a low-
complexity variant of the proposed greedy scheduler, named simplified GFEO (S-GFEO).
With S-GFEO, at frame ¢ the recursion in (2.45) is removed by considering E(t) =
{B(t), Ka(t — 1)}, i.e., only the observation of frame ¢ — 1 and not the entire history
of actions and observations. Under this assumption, the memory of the state transitions
is not kept, and the computation of p(J,¢—1) is avoided by setting a uniform distribution
of the states compatible with the current observation &(t). Let Z(t) = {9 : E(t) = B*} be
the set of state compatible with observation 3*, the posterior probabilities at frame ¢ are
computed from (2.41) and (2.45) as

p(3,t) =3 paglatt - 1))@. (2.49)

Jez

Then, S-GFEO proceeds with the users’ scheduling as GFEO.
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2.3.6 Numerical Results

In this section, we present the numerical results for both PIMA and GFEO. Given the
distinct assumptions made in the analysis of Sections 2.3.3 and 2.3.4, we provide two

different sets of results for the PIMA and GFEO performance comparison, respectively.

PIMA Performance

In this section, we compare our PIMA protocol with the state-of-the-art OMA schedulers
in three different scenarios: a) i.i.d. activation scenario, with K = 50 users, b) correlated
activation scenario, also with K = 50 users, and c¢) bursty activation scenario, with a
large K. Following the assumption of short packet transmission, the number of symbols
in each packet, i.e., transmitted in a slot of duration T seconds, is set to 10. In the first
set of results, the time is measured in unit symbol duration (usd), regardless the actual
slot duration Ty, ? and the packet generation intensity is A7 (in pkt/slot), Furthermore,
an SNR of 10 dB is assumed at the BS.

Note that the analysis outlined in Section 2.3.3 operates under the assumption of perfect
estimation of the number of active users for scheduling purposes. However, any inaccu-
racies in estimating K, may lead to suboptimal slot allocations, potentially impacting
the system performance. To investigate the implications of imperfect estimation on the
scheduling, we introduce two scenarios within the PIMA framework. Firstly, we denote
the ideal scheme, where perfect estimation of K, is assumed, as PIMA-ideal. Secondly,
we consider the scheme where estimation is affected by noise, simply referred to as PIMA,
in the context of error-prone scheduling.

For performance comparison, we consider a) the standard TDMA, which provides fixed-
duration frames of K slots, with one user assigned per slot deterministically, b) a stabilized
version of the SALOHA protocol, ¢) the NOMA-ALOHA protocol, and d) the CRA-2
protocol of [35] with preambles of length M, = K/2 and K.

Stabilized Slotted ALOHA. For the SALOHA protocol, we consider Rivest’s stabilized
SALOHA [56, Chapter 4], [57], where all users generating packets at slot [ are backlogged
with equal probability. The backlog probability is computed for each user through a
pseudo-Bayesian algorithm based on an estimate of the number of backlogged nodes v(l)

as

o(l) = min <1, Ugl)> , (2.50)

2The usd is the inverse of the bandwidth if the Nyquist sampling rate is used. All the lengths of the
sequences, slots, and beacons are given in usd.
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where
v(l—=1)+ KO+ (e—2)"1 if g =0,
v(l) = (t=1) (e=2) l (2.51)
max(K60,v(l—1)+ K0 —1) if ¢ =1,
is the estimated number of backlogged users (with v(0) = 0) and § = 1 —e™ is the packet
generation of probability at slot [.

NOMA-ALOHA. For the NOMA-ALOHA [58], we assume that active users transmit
with high (H) or low (L) power chosen with equal probability. According to [58] a relatively
large number of users, i.e., up to a few dozen, can transmit with L without interfering
with the users transmitting with level H. In such an implementation, a collision occurs
when two or more users transmit with the same power level. Moreover, if two or more
active users choose H it is impossible to decode the packets transmitted with both H and
L, as the interference cancellation fails. Note that this is an ideal assumption, as we do
not consider the noise term but only the interference, assuming high SNR. The same
backlogging mechanism (2.51) of SALOHA is adopted.

Modified CRA-2 Protocol. The CRA-2 protocol was proposed in [35]. Similarly to PIMA,
each frame includes two sub-frames, and in the first sub-frame active users are identi-
fied with a temporary identifier, rather than just counted. To this end, each active user
uniformly randomly chooses and transmits a sequence of complex symbols of length M,
(preamble), from a preamble pool known to both users and BS. The BS receives all pream-
bles simultaneously and detects them. Preambles are used as temporary identifiers for
the active users, and the BS schedules the data transmission in the second sub-frame
by allocating one slot per each detected preamble. Here, we assume that preambles are
orthogonal; therefore, the number of preambles equals their length M. When M, = K,
each user is uniquely assigned to a preamble, while for M;, = K/2, the preamble choice
is random. In the latter case, if two or more users transmit the same preamble (and the
BS detect it), they are assigned the same slot and collide. For both schemes, we consider
the probability of misdetection in the preamble in the first subframe P,q = 0.1. Note
that in [35] preambles are assumed to be non-orthogonal, and a CS-based algorithm is
applied. However, preamble detection in the presence of noise is not considered and a
fixed misdetection probability is assumed. The impact on system performance of different
CS algorithms has been discussed for the case of multiple measurements (e.g., multiple
antennas in BS) in [59]. Although on one hand CS-based detection allows increasing the
number of preambles and reducing the probability of collision, on the other hand, it also
produces a high probability of misdetection when BS is equipped with a single antenna

(single measurement) and a large number of users are active [60].
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Table 2.1: Overhead comparison of the considered protocols.

Protocol Uplink Overhead Downlink Overhead
PIMA with complete CSI 1 usd 2 usd
PIMA with incomplete CSI o K? usd 2 usd
CRA-2 M, usd K, usd

Comparing PIMA with CRA-2, we have two main differences: a) the first sub-frame is
shorter for PIMA than for CRA-2, and b) the second sub-frame has the same length for
both approaches. Thus, on the one hand, overall the PIMA frame is shorter, reducing the
average number of packets generated in each frame, and this reduces the average number
of packets accumulated in the buffers before transmission in the next frame. On the other
hand, in PIMA users may collide in the second sub-frame due to a non-exclusive allocation,
which increases (with respect to CRA-2) the number of packets to be re-transmitted in
the next frame (thus increasing the average number of users in buffers). Lastly, a wrong
counting of users in the PIA sub-frame or a wrong identification in the first CRA-2 sub-
frame increases the collision probability of both schemes. The numerical results presented
in this section will compare the performance of both schemes, taking into account all these

effects.

Overhead Comparison. Since the packet acknowledgments are neglected for all schemes,
both TDMA and SALOHA do not entail any overhead. For both PIMA and the preamble-
based solutions, we assume that a 64-QAM modulation is used to modulate the SB, and
the list of the scheduling sequence is set to J = 64. Under the aforementioned assumptions,
the total overhead induced by the PTA sub-frame is constant and equal to L1 = 3 usd (one
for AT and two for SB, as the overhead of the ReB is neglected). Instead, for preamble-
based approaches, the overhead is given by the preamble of M}, usd and the BS feedback,
which is typically longer than the SB. In particular, assuming that K, preambles are
detected by the BS, the identifiers of these preambles are fed back in broadcast, in the
order of slot allocation (for the subsequent data transmission), providing a total overhead
of M, + K, usd. The overhead of ReB is neglected and does not play any role in the
performance comparison, as its length is comparable for all the considered schedulers.

The overhead of the compared schemes (in usd) is summarized in Table 2.1.

Performance metrics. For thei.i.d. and correlated activation case, performance is assessed
in terms of both average frame efficiency i and average latency D. The former metric
is the average of the conditional frame efficiency for K, > 0, i.e., 7 = E[n(K,)|Ka > 0].

In the latter metric, the average is computed among all successfully delivered packets.
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Figure 2.5: Average frame efficiency versus the total Figure 2.6: Average frame efficiency versus the SNR
packet generation rate for K = 50 and i.i.d. activa- for K = 50 and Ay = {0.1,0.3,0.5}, under i.i.d.
tions. activations.

Moreover, in the case of i.i.d. activations, we also consider the packet dropping probability
Pyrop, counting the packets dropped due to both collisions and replacements in the unit-
length buffers when generations occur. This probability is 0 in the correlated activation

case for all schemes, due to the possible retransmission and the infinite-length queues.

Finally, for bursty activations, the performance of the system is evaluated in terms of
the burst transmission time Dy, i.e., the time needed to transmit all the packets generated

in a traffic burst, and its average Dg = E[Dg], computed over many bursts.

i.4.d. activations. We first report and discuss the results obtained for i.i.d. user activity
and K = 50 users. In this activation scenario, retransmissions are not allowed. There-
fore, SALOHA does not include backlogging, and each user attempts the transmission
immediately upon the packet generation, i.e., a(l) = 1, VI.

Firstly, a comparison of the average frame efficiency achieved by each of the schemes
is shown in Fig. 2.5, as a function of the total packet generation rate Ap. While this
metric cannot be defined for SALOHA and NOMA-ALOHA as they do not divide time
into frames, we observe that TDMA, adopting the constant frame length, provides a very
low frame efficiency. Moreover, since only the frames with K, > 0 are considered in the
average, PIMA achieves its highest frame efficiency at extremely low traffic due to its
low overhead, and the efficiency slightly decreases at higher traffic due to collisions. As
the traffic intensity increases, PIMA always achieves the highest frame efficiency, outper-
forming both the TDMA and the preamble-based schemes, whose overhead severely affects

performance. Fig.2.6, instead, illustrates the relationship between SNR and average frame
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Figure 2.7: Average latency versus the total packet generation rate for K = 50 and i.i.d. activations.

efficiency of PIMA, showing a monotonically increasing trend, in all the considered traffic
conditions. Notably, for SNR values exceeding 10 dB, the curves approach the PIMA
ideal upper bound.

Figs. 2.7 and 2.8 show the effect of the packet generation rate on the average latency
and packet dropping probability, respectively. In this context, all packets generated dur-
ing a frame transmission wait, on average, K/2 slots in low traffic conditions, therefore
TDMA shows the highest latency. Still, latency decreases as the traffic increases, since the
buffering delay is reduced by the new packets replacing the older ones in the queue. How-
ever, the dropping probability increases up to over 0.1 in high-traffic conditions. Instead,
SALOHA and NOMA-ALOHA attain the lowest latency in this scenario, transmitting all
packets immediately after their generation. Indeed, these schemes provide a lower bound
on the latency, as all colliding packets are discarded and do not contribute to its evalua-
tion. However, dropped packets increase the dropping probability, which approaches 1 for
SALOHA at large A7 and is comparable to both TDMA and NOMA-ALOHA. The CRA-
2 scheduler with K preambles, instead, is collision-free, and it drops a reduced number of
buffered packets due to its shorter DT sub-frame with respect to TDMA. Indeed, CRA-2
achieves the lowest Py, among the considered approaches: this improvement comes at
the cost of higher latency, due to the longer time needed for the first sub-frame. Lastly,
while the already mentioned schemes drop packets due either to collision (SALOHA) or
new packet generations (TDMA and CRA-2 with M;, = K), both PIMA and CRA-2 with
M, = K/2 merge the advantages of the aforementioned solutions. On one hand, PIMA
provides a higher collision probability than the preamble collision probability of CRA-
2. On the other hand, collisions are compensated by a reduced dropping probability of
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Figure 2.8: Average packet dropping probability versus the total packet generation rate for K = 50 and
i.i.d. activations.

newly generated packets, thanks to a shorter first sub-frame. Thus, while CRA-2 achieves
a considerably lower dropping probability than PIMA, its latency is higher than that of

PIMA, which guarantees close-to-minimum latency.

Correlated Activations. We now assess the performance of the correlated user activation
scenario, assuming infinite queue lengths and an infinite number of possible transmission
attempts of collided packets. We consider a total number of K = 50 users and performance
results are shown as a function of the traffic intensity 0.001 < Ar < 0.35 pkt/slot.

First, Fig. 2.9 shows the average frame efficiency 7, as a function of the total packet
generation rate. The performance is almost the same as in the i.i.d. activation scenario.
This is mostly due to the fact that, in stability conditions, few retransmissions are per-
formed multiple times. While all the observations on Fig. 2.5 still hold, we also note a
very slight degradation of PIMA, as it is designed for i.i.d. activations and does not take

into account previous collisions.

Second, Fig. 2.10 shows the average packet latency as a function of the packet gener-
ation rate for K = 50 users. Still, the latency of TDMA is much higher than that of
other schemes, due to its frame length (K, the maximum among all schemes). We also
observe that, at low traffic, the PIMA scheduler achieves extremely low latency, compa-
rable to the minimum achieved by SALOHA. In higher traffic conditions, instead, the
SALOHA backlogging mechanism prevents users from transmitting their buffered pack-
ets immediately, thus increasing the average latency. This effect is mitigated in PIMA,

whose latency is reduced, due to its better ability to adapt to instantaneous traffic load.
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activations. activations.

For the preamble-based approach, instead, we observe that overhead plays a crucial role
in overall latency, and shorter preambles yield better performance, while PIMA is still
outperforming CRA-2. Finally, NOMA-ALOHA is the most effective protocol in terms
of latency. However, we stress that with respect to the other compared schemes, its im-
plementation requires high SNR at the BS to perform SIC, which is here assumed to be
ideal.

The average latency comparison for different numbers of users in the system (K) is
shown in Fig. 2.11, for A7 = 0.3 pkt/slot. The performance of SALOHA and NOMA-
ALOHA remains constant for all the considered values of K, as the performance of such
protocols is only dependent on the traffic intensity. Differently, the latency provided by
the CRA schemes strictly depends on the number of users in the system, as preamble
lengths need to be tuned accordingly. Indeed, the larger the number of users in the
system, the longer the preamble is required to ensure user identification, with a direct
impact on the average packet delay. The proposed PIMA protocol achieves a low latency
for all the considered values of K. Still, performance significantly changes for different
numbers of users. This is mainly due to the increased number of collisions occurring for
large K. Indeed, the optimal DT sub-frame duration Ls(t) solving (2.28) is proportional
to the number of active users in the system K,(¢). However, with the allocation of (2.27),
once Lo(t) is fixed, more users are assigned to the same slots for large K, increasing both

the collision probability and (as a consequence) the average packet latency.

Lastly, in the correlated activation scenario, we have considered infinite-length queues,

thus we may wonder if such queues are stable for the considered traffic intensity. However,
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Figure 2.11: Average packet latency versus the number of users K, for A = 0.3 pkt/slot and correlated
activations.

since collision statistics in this scenario are quite difficult to compute due to the correlated

nature of activations, we leave an in-depth analysis of the stability for future study.

Bursty Activations. We now investigate the performance in the bursty activations scenario.
We first assess the performance obtained for a single burst of intensity A, and then
discuss some constraints on the burst interarrival time. As discussed in Section 2.3, here
we assume that a random number of active users K,, out of an arbitrarily large number
of users in the system K, generate a single short packet to be transmitted in the following
time slots. As we consider an arbitrary large K, the length of the DT sub-frame in PIMA

is here derived according to Theorem 1.

The number of packet generations in a burst follows a Poisson distribution, with aver-
age Ap € [10,10000] pkt/burst. For comparison purposes, we consider CRA-2 with fixed
preamble lengths M}, = 1000 and 10000. We also consider an ideal solution, wherein the
length of the preamble is adapted to the average number of generated packets, that is,
M, = Ag. Note that this ideal solution is hardly implementable, as it requires different
preamble pools based on the traffic generation rate. Moreover, we do not consider SA-
LOHA and NOMA-ALOHA, as all packets simultaneously generated would collide with
extremely high probability (1 for SALOHA). We also exclude TDMA, as a large K results
in very long frame lengths. Note that a longer list of random sequences (that is, a longer
overhead) for the scheduling vector encoding (Section 2.3.1) is necessary as the number of

users in the system increases. In the following, we still consider a PIA sub-frame overhead
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Figure 2.12: Average burst transmission time versus the packet generations rate (in log scale) in a bursty
scenario. The zoomed plot reports results for 600 pkt/burst < Ap < 3000 pkt/burst, in linear scale.

of L1 = 3 symbols, which can be easily accommodated by adopting a higher modulation

order at the BS for SB transmission.

Fig. 2.12 shows the average burst transmission time as a function of the average num-
ber of packet generations. First, we observe a constant gap between PIMA and the ideal
preamble-based solution with M}, = A, while fixed-length preambles achieve better per-
formance when the number of active users is comparable to the preamble length. In partic-
ular, the CRA-2 solution with M}, = 1000 preambles achieves a lower burst transmission
time only for 400 pkt/burst < Ap < 2000 pkt/burst, while at least Ag = 4000 pkt/burst is
needed when M, = 1000. For a low average number of packet generations, PIMA achieves
the best performance due to its reduced overhead. For faster packet generations, both
fixed-length preamble approaches suffer from preamble collisions, which implies a much
higher packet transmission time due to retransmissions. Therefore, while PIMA adapts to
all traffic conditions, preamble-based approaches should adopt different preamble pools
depending on the traffic intensity to achieve a good performance.

Finally, the ECCDF of the burst transmission time is shown by Fig. 2.13 for Ag = 600
and 3000 pkt/burst. The results confirm the comments on Fig. 2.12, with the ideal
case M, = Ap always attaining the lowest transmission time and the fixed-preamble
approaches outperforming PIMA only for a preamble length comparable to the number
of packet generations.

The plot gives also an indication of the minimum burst interarrival time 7g that mini-
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Figure 2.13: Empirical complementary cumulative distribution function (ECCDF) of the burst transmis-
sion time.

mizes the probability of overlap between two traffic bursts. For example, from Fig. 2.13,
the probability of overlap of PIMA is 1072 if 75 = Dy ~ 19 - 103 usd for Ag = 600 pk-
t/burst, and if 75 ~ 85 - 103 usd for Ag = 3000 pkt/burst. In this comparison, PIMA is
shown to be effective in minimizing burst transmission time, being very close to the CRA-
2 solutions with M}, = 1000 and M,, = Ag in the low traffic scenario, while outperforming
both fixed-length preamble solutions for A = 3000 pkt/burst.

On the Estimation of K,. Note that, all Figs. 2.5-2.12 show a negligible performance
gap between PIMA (where estimation of K, is subject to errors) and PIMA where users
are perfectly counted in the PIA sub-frame. Therefore, the optimal scheduling analysis
provided in Section 2.3.3 nicely approximates the case of imperfect estimation for the
considered SNR. In Fig. 2.13 we have not included the performance of PIMA ideal to
improve the readability, while, based on the results shown in Fig. 2.12, performances are
almost identical to those of PIMA.

GFEO and S-GFEO Performance

In a different setting with respect to the previous section, we present the numerical eval-
uation of GFEO and S-GFEO. The results are obtained through simulation over a time
duration of 10° s, and for all schemes, we adopt the third numerology of the new radio
(NR) specification, which provides DT time slots of Ty = 0.125 ms [61]. Note that, differ-

ently from the previous set of results, in the following, the delay is measured in seconds
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and not in usd. The performance of GFEO and S-GFEQ, still assessed in terms of aver-
age frame efficiency 7 and average latency D, are here compared with TDMA, SALOHA
and PIMA. Moreover, for PIMA, GFEO, and S-GFEO, we assume an error-free user

enumeration with a fixed L.

Firstly, we consider a scenario with K = 5 users with traffic intensity 0.01 < Ar < 0.5,
which corresponds to the queues’ stability regime of the GFEO algorithm, which has
been derived empirically from the simulations. The length of the PIA sub-frame is set
to Ly = T3/10, which is sufficient to guarantee negligible enumeration error probability.
Fig. 2.14 shows the average frame efficiency 7 as a function of the total packet generation
rate. The zoom plot inside the figure highlights the performance gap between the PIMA-
based schedulers. Note that the performance of SALOHA is not reported, as the frame
efficiency cannot be defined for fra
me-less protocols SALOHA. TDMA, adopting the constant maximum frame length, pro-
vides a very low frame efficiency, while the PIMA-based schedulers attain close-to-optimal
performance in the whole considered range of traffic intensity. Among these schedulers,
GFEOQO, which exploit the correlation knowledge at best, achieve the highest frame effi-
ciency providing approximately up to 5% gain with respect PIMA. However, the results
also show that the gap between GFEO and S-GFEO is almost negligible, therefore the ap-
proximations introduced with S-GFEO have a very limited negative impact on the system
performance. Finally, while the frame efficiency is increasing with the traffic intensity for
TDMA due to the reduced unused time slots, it is slightly decreasing for the PIM A-based

schemes due to the increasing chances of collisions.
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Figure 2.16: Average packet latency versus the packet arrival rate for K = 30.

The comparison of the average packet latency is shown in Fig. 2.15. At low traffic,
TDMA provides the larger latency due to the frame length fixed to K, while SALOHA
achieves extremely low latency due to the absence of collisions. Instead, at high traffic
intensity, the SALOHA backlogging mechanism prevents the users from transmitting their
buffered packets immediately, therefore increasing the average latency. The PIMA-based
schemes, due to their better capability of adapting to traffic conditions, outperform both
schemes when the traffic intensity is moderately large. In particular, both GFEO and
S-GFEO achieve the lowest latency, still with an almost negligible gap between these

greedy solutions.

Finally, we consider a scenario with K = 30 users and a fixed PIA sub-frame length
L, = T,/4. Here, the performance of GFEO is not reported due to its extremely high
complexity for a large number of users. However, we have observed that its low-complexity
variant S-GFEO scales better at the cost of a negligible loss in performance. Fig. 2.16
depicts the average packet latency achieved by the compared schemes. First, note that
similarly to Fig. 2.15, the results show a huge latency reduction of the PIMA-based
solutions with respect to the other considered schemes. We stress that the average latency
counts only for the successfully delivered packets and that we are considering values of Ap
such that the queues’ stability is verified for PIMA and GFEOQO. Therefore, TDMA seems
to outperform PIMA at high traffic, due to the instability conditions of TDMA, which
drops the oldest packets in the users’ queues when the maximum capacity is reached. Still,

we observe that S-GFEO achieves the lowest latency among all the compared schemes.
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Figure 2.17: Considered system model for correlated packets generation. In this example, underlying
processes (red ellipses) trigger the uplink transmissions of the users in the same geographic area.

2.4 Distributed OMA Scheduling

In this section, we investigate an OMA uplink solution under correlated traffic generation.
In particular, the term correlation here refers to the scenario in which the traffic correla-
tion is due to correlated packet generations, which may result from an underlying process,
and it is not only due to collisions and retransmission attempts. In the following, time
is divided into frames, but differently from the frame structure of PIMA, all frames have
equal lengths (in slots), and the PIA sub-frame is absent. Moreover, scheduling is fully
distributed; without any coordination from the BS (except for the time synchronization),
each active user randomly selects a slot for transmission according to its individual PDF.
This PDF is designed specifically for each user and depends on the number of transmis-
sion attempt. The PDFs are obtained by an iterative reinforcement learning (RL)-based
approach, carried out locally at each user, to minimize the probability of collision. To
this end, we first model the distributed optimization problem as a repeated Markov game
with incomplete information, where the users are the players and transmission slots are
the actions. Then, we resort to the linear-reward-inaction (LRI) algorithm for the PDF

optimization.

2.4.1 Frame Structure, Packet Generation, and Access Protocol

Time is split into frames of fixed length, each split into L slots. We again consider K users
in the system, which activate at frame ¢ in a correlated fashion according to an underlying
process, as reported in the example in Fig. 2.17. Note that, as here the PIA subframe is
absent and the length of each frame is constant, we are focusing on the particular case
with L(t) = Lo(t) = L, Vt.
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For notational convenience, let y(t) be the indicator function of packet generation,
i.e., yx(t) = 1 if user k generates a packet at frame ¢, while yx(¢) = 0 otherwise; let us
also define the row vector y(t) = [y1(t),...,yx(t)]. Packet generations are triggered by
events common to multiple (random) users, therefore variables yx (), k € {1,..., K} are
correlated. Let wy = P(yx(t) = 1) be the marginal probability of packet generation at
user k. In Section 2.4.3, we will consider a specific correlated traffic generation model,

while the derivation of our proposed scheme holds in general for any correlated traffic.

We assume that each user can store only one packet for transmission and a user that
already stores a packet will drop other generated packets. Packets are generated at the
end of each frame and stored (one per user), then their transmission starts in the next
frame. Each user with a stored packet attempts to transmit it in each frame, selecting
slot gx(t) € {1,...,L}, until either the packet is successfully delivered to the BS, or
a maximum number of transmissions (3 is reached. In this latter case, the packet is
discarded.

Note that § is strictly related to the latency constraints. In particular, following the

fixed frame length assumption, the maximum packet latency is proportional to SL.

Let vk (t) = 4 indicate that user k in frame ¢ is performing the transmission attempt
i > 0 of its packet. We also set vi(t) = 0 if yx(t) = 0, and define the vector v(t) =
[1(t),...,vi(t)]. If the maximum number of transmission attempts is reached in frame

t, the packet is discarded, and at the next frame, we have vg(t + 1) = yx(t).

The probability of user k£ transmitting in slot [ at the i-th attempt is

Pr(i) = Pgr(t) = lvg(t) = 9). (2.52)

Thus, the PDF of the slot selected for transmission by user k in frame ¢ is py (v (t)), which

depends on the number of transmissions vg(t) of the current packet.

Therefore, vector pg (vk(t)) = [Pra(V(t)), - - ., P (ve(t)]T is the discrete PDF defining
the access scheme of user k at the vy (t)-th transmission attempt. For example, a FSA
protocol selects the slot uniformly at random and independently for users, i.e., py (i) = %
The design of user PDFs is the subject of the scheduling optimization and will be discussed

in the next sections.

Successful Transmission Probability and BS Feedback. Recall that 1 (t) = 1 if the trans-

mission of user k at frame ¢ is successful and ¢ (t) = 0 otherwise. The success probability
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at frame t is

N
ori() = PO(0) = Le(t) = 1) = [T 1= Pm(0) > Opmstem(©) (2.53)
ok

At the end of frame t, the BS sends in unicast the acknowledgment to each user k for

which the packet was successfully received.

Knowledge Assumptions. The statistics of packet generation are not known and the ac-
knowledgments are sent in unicast, thus the outcome of transmissions is known only to

the transmitting user.

2.4.2 PDF Optimization

We now propose a fully distributed algorithm for the optimization of the user PDFs
pr(i), i € {1,...,5}. The algorithms operate locally at each user, with the aim of maxi-
mizing the user’s individual throughput, i.e., minimizing the number of retransmissions.

To this end, we first model our distributed OMA scheme as a Markov game, wherein
users are the players competing in the slot selection. Markov games are of particular
interest as they represent a specific framework for multi-agent RL. Indeed, differently from
a MDP, wherein a single adaptive agent interacts with the environment and secondary
agents can only be part of it, Markov games allow modeling of multiple adaptive agents
(players) interacting with each other for cooperative or competing goals [62]. Several
multi-agent RL algorithms have been developed to learn equilibrium points in Markov
games. For the specific task of slot selection, we resort to LRI, a learning automata
algorithm, which learns an equilibrium point of the game by updating the PDFs at each
retransmission. LRI provably converges to sub-optimal deterministic solutions, leading

each user to always transmit in the same slot when facing a certain transmission attempt.

Slot Selection As a Markov Game

Game Definition. Our slot selection process can be modeled as a Markov game (also called
stochastic game), where users are the players, and their actions are their slots selected for
transmission. The game is played in multiple rounds, once per frame.

The action taken by each user k£ in frame t depends only on the number of retrans-
missions v (t), which represents the state of the player. There are 8 + 1 states, denoted
as 0,1,...,03, where state 0 indicates that the user has no packet to transmit, while at

state § the maximum number of retransmissions is reached. The strategy of player k is
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the set of PDFs by which actions are taken, i.e., {pr(i),i = 1,...,3}; note that at state
0 only one action (no transmission) is accessible. Let m; be the strategy matriz of player

k, defined as
= [pe(D), ... pe(B)] (2.54)

Let us also define the matrix collecting all strategies of each user in each state as w =
[71,..., K]

At the end of each round (frame), player k receives the reward 1 (t), which depends
on the actions of all the players. The utility function is the expected reward, which for

each user k can be written as
u(m) = Efyh(2)], (2.55)

where we highlighted the dependency of the utility from the strategies. The objective of

user k, is to find a strategy matrix 7} which maximizes its own expected reward, i.e.,

T, = argmax uy (7). (2.56)

L
This is a game of incomplete information since players have no knowledge of the other
players’ actions. Fach player selects its own strategy with an individual objective, thus

the game is non-cooperative.

State Transitions. We now describe the state transitions and their probabilities. The
transition from state 0 to state 1 is due only to a new packet generation, thus occurs
with probability wg. States i = 1,...,8 — 1, evolve either towards state 0 (successful
transmission) or towards state i + 1 (failed transmission): the first case occurs with
probability wy,; (i) upon action gx(t) = [, while the latter occurs with probability 1—wy, (7).
When in state 3, the packet is either successfully received or discarded and possibly
replaced by a new packet: thus, this state evolves with probability wy to state 1 and with
probability 1—wy, to state 0. When in state 0, only one action is possible (no transmission)

denoted with 0 in the square.

State of the Game. The state of the game at round t is the collection of the states of all
players, v(t).

Learning The Strategies

The distributed nature of the optimization problem (2.56) requires the use of distributed
intelligence at the users, and, therefore, represents the main rationale behind the choice

of multi-agent RL techniques. In particular, the objective of each user is to find a strategy
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that maximizes the expected reward (2.56) at each transmission attempt. To this end, we
resort to the LRI algorithm [63], which is run locally by each user and works iteratively,
with one iteration per frame. Let {p,(f) (1),i =1,..., 5} be the strategy of user k at frame
t, where pg) (1) = [p,(:)l (1),... ,pg)L(z)]

At the first iteration, we start with a uniform PDF for all the users, i.e., pg’)l) (1) = %
forallie{l,...,f}and l €{1,...,L}.

At iteration ¢, user k (storing a packet) transmits in a random slot selected according
to its state and strategy. For failed transmissions (¢ (t) = 0), the strategy is not updated,

(t+1) (Z)

thus p, = pg) (1),i=1,...,5. If a packet is successfully received (¢ (t) = 1), user

k updates its strategy as follows

oD (o) — | PE0O) + et = pR0 O 1= )
kil - (t)

o (2.57)
P (V1) — o (t)py (Vi (1)) I # qi(t),

where « is the learning rate, which dictates the speed of the learning process. PDFs
relative to other retransmissions than v (t) are left unaltered, i.e., p,(:H)(i) = p,(:)(i),
i # x(t). From (2.57) we note that the probability of transmitting in slot k is increased,
while the other slots are penalized.

We remark that LRI does not require any knowledge of the other players’ states and
strategies. In fact, from (2.57), it can be seen that the algorithm is fully distributed.

LRI Convergence

It is proven that, for small values of a, the LRI algorithm converges to a pure Nash
equilibrium [64], i.e., the strategy of any player & maximizes its utility function, given the
strategies of all other players [65]. Moreover, LRI converges to a pure strategy, i.e., only
one slot is deterministically selected by each user at each retransmission.

However, note that LRI may not achieve the maximum utility ug(7), and in general
will not even provide the maximum sum of utility among all users. Still, it converges to

a deterministic policy, ensuring the stability of the algorithm.

2.4.3 Numerical Results

To assess the performance of the proposed solution, we consider a network where each
frame comprises L = 4 slots and K = 20 users are uniformly randomly placed in a square
area of side 10 m.

We consider the space-time Poisson process traffic model described in [10], with mod-

ifications to account for packet generations across multiple frames. First, active frames,

47



N
o

=
ot
I
|

1.5

\)
—e— FSA \

LRI LRI

| | 1 | | |
0.05 0.1 0.15 0.05 0.1 0.15

Event Rate A Event Rate A

—_
I

Throughput T [pkts/frame]
VoY
Latency D [frames]
o

Figure 2.18: Average system throughput as a func- Figure 2.19: Average packet transmission time as a
tion of A, for x =0 and 8 = 5. function of A, for y =0 and 8 = 5.

i.e., those in which one or more packets are generated, follow a temporal Poisson process
with intensity p. Within these active frames, several positions (referred to as events) are
selected in the considered area according to a spatial Poisson process with intensity A, as
for [10]. Specifically, in these active frames, all users within a radius of 1.25 m from an
event generate one packet each. By adjusting the parameters p and )\, we observe two
main effects. On one hand, as p is the rate of the temporal process, its increment results in
more frequent active frames. Conversely, increasing A has a dual impact: it increases the
correlation in packet generation and increases the average number of generated packets

within the cell in the active frames.

Performance is assessed in terms of average packet transmission time (delay) and system

throughput. In formulas, the average packet transmission time (in frames) is

K
D= S El(t)ie(t) = 1] (259)
k=1

while the average system throughput is defined as the ratio between the average number
of packets successfully received at the BS and the average number of frames used for its

transmission, i.e.,
1 E
T=; ;E[wka)}. (2.59)

Note that, in our LRI scheme, each user acts in a selfish fashion, thus an optimal result

for the global system throughput (2.59) cannot be obtained in general.
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Low-Traffic Scenario

We first consider a low-traffic scenario (u = 0), where packets are generated only in frame
t = 0. The maximum number of transmission attempts is here g = 5.

Figs. 2.18 and 2.19 show the average system throughput 7' in packets per frame and
the average packet transmission time D in frames, respectively, both as a function of the
spatial events generation rate A. The performance according to both metrics is reported
for both the LRI and FSA schedulers. We observe that our LRI solution outperforms FSA
with low and moderate event generation rates A, while the performance decreases for high
values of A. Indeed, going from small to moderate event rates, the traffic correlation
increases, a condition exploited by LRI, which yields a higher throughput than FSA.
For high values of A, instead, the overall generation rate increases (more packets are
generated), which increases collisions and ultimately decreases the rate and increases the
packet delay, as well known for these kinds of OMA schemes. Moreover, notice that, for
very high values of A, the average transmission time is reduced, due to the increase in the
probability of packet expiration (maximum number of transmission attempts reached).
Indeed, as LRI in general does not find the optimal maximum throughput solution, in

this case, it turns out to be sub-optimal also with respect to FSA.

Throughput vs Traffic Intensity

We then consider various traffic intensity scenarios, and Fig. 2.20 and Fig. 2.21 show the
performance as a function of u, for A = 0.05. Note that new packets are generated on

average every 1/u frames, and we always generate packets at frame ¢t = 0.
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In this scenario, whenever a packet is generated at user k£ while another is in its buffer,
the old packet is dropped and the counter of transmission attempts restarts. We note that
as i increases, the average delay increases and the throughput decreases: this is due to the
fact that more packets yield more collisions, with a throughput reduction. Moreover, we
observe that the gain of LRI over FSA, in terms of both delay and throughput, vanishes
as p increases. Taking, for example, the first frames, with a higher u, there will be new
packet generations at frame t > 0, when some users are still handling packets generated
at t = 0, therefore the statistics of v(t) is altered by the new arrivals, decorrelating the
resulting traffic. Packet drops due to new arrivals have a significant impact also on the
average delay: indeed, from Fig. 2.21, we observe that the curves are nearly flat for very

high values of u. In this case, LRI loses its advantage over FSA.

Single Transmission

We now consider the case § = 1, which provides a direct comparison with the MMPC
scheme of [10]: in this case, all colliding packets are discarded without further retrans-
missions. From (2.58), we have L = 1, therefore the system throughput 7" boils down to
the expected number of successful transmissions in a frame. Fig. 2.22 shows the average
system throughput of our LRI, MMPC, and FSA, as a function of the event generation
rate A, for B = 1. The throughput behavior is similar to that with 5 > 1, providing
a higher improvement for low event generation rates, while being overcome by MMPC
and FSA for higher event generation rates. Indeed, we note that, although both LRI and
MMPC are designed taking into account the traffic correlation, LRI has better perfor-
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mance up to moderate event generation rates, as it changes the user strategies at each
retransmission. Again, we observe that for high values of A, all the compared schemes
achieve a lower throughput, with LRI degrading its performance due to the selection of a

suboptimal solution.

Convergence Speed for Single Transmission

Finally, we evaluate the convergence speed of the learning algorithm with 8 = 1, which
still allows the comparison with MMPC. For the training, we set the learning rate o = 0.01.

Let us define the throughput gain

Gr(t) = T'(t) — Trsa

_ , 2.60
Tiri — Trsa ( )

where T'(t) is the throughput computed after ¢ frames of learning, Trga is the throughput
of FSA and Trpgp is the throughput of LRI at convergence. Note that we initialize the
LRI algorithm with uniform PDFs, thus 7'(0) = Trga and G (0) = 0. At convergence, we
have Gp(t) = 1. Fig. 2.23 shows the throughput gain of LRI, as a function of the learning
frames. For comparison purposes, we also report the throughput gain (normalized to the
LRI throughput) of MMPC, obtained by replacing T'(t) with the MMPC throughput in
(2.60). Three event generation intensities are considered, A = 0.01, 0.04, and 0.08. We
observe that convergence is faster for high values of A, as the correlation is stronger in
this case, thus the LRI iterations quickly adjust the strategy. Moreover, LRI already

outperforms MMPC within about 1000 frames. The learning process is slower for low
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values of A, requiring more than 2000 frames to overcome the throughput achieved with
MMPC.

2.5 Summary

In this chapter, we provided an overview uplink of OMA solutions and propose the PIMA
protocol, a semi-GF multiple access scheme for short packet transmission, based on the
knowledge of the number of users that have packets to transmit. We derived the opti-
mal scheduling in the case of i.i.d. activations and assessed its performance with different
users’ activation statistics. Moreover, we provided a theoretical analysis of the correlated
activation case by modeling the protocol with a PO-MDP, and we exploited the model
capabilities with the GFEO algorithm. Numerical results show that PIMA and GFEO
achieve extremely low latency with respect to state-of-the-art OMA multiple access solu-
tions due to their low overhead and adapt to different activation conditions by exploiting
the partial knowledge of the instantaneous traffic load.

Moving on, in the second part of the chapter, we considered the case of correlated
packet generations and developed a distributed learning-based scheduler. We modeled
each user as a player of a Markov game of incomplete information and, applying the LRI
algorithm, we derived pure Nash equilibrium strategies for each player. Numerical results
show that our proposed LRI solution outperforms the state-of-the-art correlation-based

random access schemes for moderate traffic correlation and intensity.
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Downlink Orthogonal Multiple Access in
[RS-Aided Communications

In this chapter, we discuss the downlink OMA scheduling of an intelligent reflecting
surface (IRS)-assisted communication scenario. First, we review the prior work on IRS-
aided communications in Section 3.1, discussing both state of the art scheduling solutions
and the practical constraints in the IRS networks deployments. Then, we discuss the
downlink OMA system model in Section 3.2. The specific cases of TDMA [26], [27] and
orthogonal frequency-division multiple access (OFDMA) [28] scheduling are analyzed
in Section 3.3 and Section 3.4, respectively, and the numerical results are presented in

Section 3.5. Finally, Section 3.6 summarizes the chapter.

3.1 IRS-Aided Communications Background

The ever-increasing growth of mobile traffic has called both academia and industry to
identify and develop solutions for extending the radio spectrum beyond the crowded
sub-6 GHz bands. As a result, the use of millimeter wave (mmWave) band for cellular
communications has been included in the latest releases of the 3rd Generation Partnership
Project (3GPP) standard, namely fifth-generation (5G) NR [66]. Moreover, Terahertz
(THz) frequencies are being investigated as enablers for sixth-generation (6G) networks
as well [67]. However, transmissions in the mmWave and THz bands are subject to
challenging propagation conditions, mainly due to severe path loss and susceptibility to

blockages [68]. To mitigate these limitations, a possible solution is to densify the network,
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thus reducing the cell radius. Unfortunately, this approach was shown to be infeasible
for network operators, since trenching and deploying the necessary fiber backhaul links
usually has an excessive financial and logistical hurdle [69], [70]. This issue is exacerbated
in remote areas, where the limited access to electrical power and the lower density of
users further complicates dense network deployments from a business standpoint [71],
[72]. Even worse, network densification will also inevitably increase carbon emissions due
to BS management operations, with serious environmental concerns. To solve these issues,
the research community has explored solutions to improve network coverage, for example
using integrated access and backhaul (IAB) nodes, as also approved by the 3GPP as part
of 5G NR specifications [73]. In particular, IAB allows BSs to establish wireless (rather
than traditional fiber-like) backhaul links, possibly through multiple hops, to a donor,
thus reducing deployment costs [74]. Still, IAB involves complex signal processing and
saturation of the available resources and may be costly and energy-consuming for network
operators.

IRSs are being investigated as solutions to overcome the harsh propagation conditions
shown by mmWave and THz bands in a cost- and energy-efficient manner [6]. 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) amplifica-
tion [5].

3.1.1 Multiple Access in IRS-Aided Communications

IRS-assisted downlink scheduling solutions have been widely studied in different domains,
each with its own theoretical constraints. For example, in OFDMA-based 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
over each time slot, have been studied in [75], [76]. The authors of [77] consider a two-
user downlink transmission in an IRS-aided scenario over fading channels and compare
the results of different basic OMA and NOMA schemes. It is found that, while NOMA
appears to be the best solution, by exploiting IRS reconfiguration at each slot of the fading
block, TDMA outperforms frequency division multiple access (FDMA) and approaches
NOMA performance. A hybrid TDMA-NOMA approach, instead, was investigated in
the uplink by [78], [79], in the context of a wireless-powered network, where users are

grouped based on their channel gain. Then, users within the same group transmit in a non-
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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 BS beamforming in downlink, was recently presented in [80].
Similarly, the authors of [81]-[83] evaluated the performance of several non-orthogonal
downlink scheduling methods, such as rate-splitting multiple access (RSMA). Finally,
IRSs with energy harvesting capabilities are considered in [84]. In this work, the authors
propose a trade-off between the system sum rate and the IRS energetic self-sustainability,

with the goal of achieving coverage flexibility and low deployment costs.

3.1.2 Practical Constraints in IRS-Aided Communications

Despite the substantial research hype, most recent studies on IRSs rely on strong as-
sumptions 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) con-
trol channel with the base station [85]-[87]. Instead, actual deployments are expected to
feature a wireless, i.e., error-prone, IRS control, possibly implemented with low-cost tech-
nologies [88], [89]. This introduces constraints on the IRS reconfiguration period, which
needs to be synchronized with the base station to beamform the signal towards the users
(or user equipments (UEs)) served during the specific time slot [6], a similar research
problem to scheduling in cellular networks. Nevertheless, early IRS control circuitry pro-
totypes, which have a low power consumption (i.e., in the order of hundreds of mW),
exhibit non-negligible phase-shifts reconfiguration time [90], [91], thus posing additional
constraints in the system design. The prototypes described in [92] and [93] exhibit a
reconfiguration time of a few tens of ms, while architectures based on field programmable
gate array (FPGA) [94] achieve much lower configuration times, of the order of tens of
microseconds. Moreover, the expected large number of elements of IRSs also increases
the overhead (in terms of time and energy), as investigated in [95]-[97]. In any case, a
constraint on the number of reconfigurations (and relative period) should be accounted
to ensure system synchronization.

In this regard, it is of interest to a) investigate the level of performance degradation
experienced by IRS-assisted systems when considering practical constraints, including
limitations in the number of reconfigurations, and b) design algorithms that can mitigate
these constraints. The limitation of the number of IRS configurations in a given time
frame has been initially studied in [90], where the rate characterization of both OMA
and NOMA schemes of a 2-users IRS-aided single input-single output (SISO) system was
carried out under Rayleigh fading conditions.

To deal with these limitations, in this chapter, we propose OMA scheduling policies
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Figure 3.1: Downlink scheduling for IRS-assisted multi-user communications.

for downlink cellular transmissions based on clustering algorithms, that maximize the
sum rate in IRS-assisted network deployments with practical constraints. Notably, we
assume a fixed maximum number of IRS reconfigurations within a time frame and aim
at optimizing both the reconfiguration time and the resulting IRS configuration(s). The
limit on the number of reconfigurations sets a simple constraint on the overhead entailed
by the control of the IRS. We formalize optimization problems to determine the optimal
IRS configuration(s) that maximize the downlink sum rate in both the cases of TDMA
and OFDMA. Specifically, we partition the users into disjoint groups and propose an
algorithm that iteratively optimizes the IRS configuration for each group, as well as
the relative beamformers to be used for transmission. Accordingly, we design clustering
algorithms for the users, such that all users in the same cluster will adopt the same IRS
configuration. The goal is to minimize the rate loss associated with a sub-optimal IRS

configuration for each user in the cluster, to promote communication efficiency and reduce

the overhead.

3.2 Multi-User IRS-Aided Communications

We consider downlink data transmissions for the multi-user multiple input-multiple out-
put (MIMO) communication system shown in Fig. 3.1, wherein the transmission from the
BS to K users is assisted by an IRS. The BS and the users are equipped with Ng and
Ny antennas, respectively. We assume that the direct link between the BS and the users

is unavailable due to a deep blockage. As a consequence, the BS transmits signals to the
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Figure 3.2: Resource grid for orthogonal downlink transmissions.

users by exploiting the virtual link offered by the IRS. In this context, the IRS configu-
ration is managed by the BS through the IRS controller, by exploiting a dedicated link
between the BS and the IRS, thus avoiding the introduction of communication overhead

in the BS-users downlink.

We assume that users are either static or moving slowly, which is the most typical
application scenario for IRS-aided networks. Under such conditions, the channel coherence
time is of the order of 10 ms [98], and assuming that perfect CSI of all users is acquired at
the BS at the beginning of each frame, it is reasonable to assume that the channel remains
constant throughout the whole time frame. Here we assume that the CSI is available for

any IRS configuration.

The BS schedules the users in the time-frequency domain by allocating resources (re-
ferred to as resource blocks (RBs)) from a grid of K RBs. All RBs occupy a fixed
bandwidth and a time slot, and flat fading is assumed in each RB. Let F' be the number
of RB per time slot. As shown in Fig. 3.2, each RB identifies a time-frequency resource,
therefore the number of time slots (frame length) is K/F. We consider K as an integer
multiple of F', with one user scheduled per RB, as in our scenario we expect that the
BS-IRS channel has rank one, i.e., it has a single dominant path: this makes spatial mul-
tiplexing unfeasible. However, when higher-rank channels are available between the IRS
and the BS, spatial multiplexing can be used and our approach can be suitably modified

to accommodate this scenario.

Let f; be the central frequency of the RB identified by frequency index 7 and an arbitrary
time slot. Given the total system bandwidth W and assuming equally spaced frequencies,

the set collecting the central frequencies of all RBs is defined as

?Z{fi:fc—‘;,/—l-(i—;)‘;{, z:lF} (3.1)

where f. denotes the system’s overall carrier frequency.
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3.2.1 IRS Model

Each of the Nt 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 [99]. Therefore, we consider both continuous and quantized phase shifts. While

in the former case the set of phase shifts is Py = [—m, ), in the latter we have
21 2m(2° — 1)
?9—{0,2{),...,21)}, (32)

where b > 0 is the number of bits employed to quantize the phase shifts. To further
reduce the overhead of the IRS configuration, the configuration matrix is chosen from a
codebook Cg, compliantly with the currently standardized initial access framework [100].
A large variety of codebooks for both near-field and far-field communication has been
discussed in the literature, and the evaluation of their impact on system performance is
out of the scope of this work. Note that the codebook is Ce = év I in the general case

wherein all the possible phase shift combinations are considered.

We denote with H(f;) € CM*Ne the BS-IRS channel matrix and with Gy(f;) €
CNuXNT the channel matrix of the link between the IRS and user k at frequency f;. We
consider single-stream transmissions,! with wy € CV8*1 and v, € CNu*! defined as the
beamforming vectors at the BS and user k, respectively. Let xj be the single-stream sig-
nal transmitted by the BS to user k; the received post-processing signal can be expressed

as
2 = vg Gi(fi) @u H (f))wiay + vf n, (3.3)

where nj, € CMUX1 represents the circularly symmetric complex Gaussian noise vector
with entries having zero-mean and variance o2, while ®; € CM*M is the IRS configura-
tion while serving user k, i.e., a diagonal matrix defined as diag(¢1,...,¢n,). Note that
for a given IRS configuration, signals at all frequencies are shifted by the same set of

phase shifts, although going through different channels.

As the RBs are separated in the time-frequency domain, there is no mutual interference

!The assumption of single-stream transmissions is justified by the rank of the cascade channel matrix,
which is likely equal to one. This conclusion comes from the combination of [101], [102] and [103], and it
has been verified numerically for the considered setup.

o8



among users. Therefore, the SNR at user k£ under IRS configuration ®, is

Iy (@ fi) = v Gr(fi) @i H (fi)wy|*o3

, (3.4)
lvg|202

where 02 is the power of the transmitted signal. User k also attains the achievable rate

Ry (@, fi) = logy [1 4+ Tk (Py, fi)] - (3.5)

3.2.2 Configuration and User Scheduling

In general, different IRS configurations should be adopted for each user to maximize
its achievable rate (3.5) based on its position in the cell and on its channel conditions.
However, ® is not frequency-selective, i.e., its configuration is the same at each RB
in the same time slot. Moreover, we here impose a constraint on the number of IRS
reconfigurations per time frame, with the goal of either limiting the reconfiguration and
reducing the overhead, or accounting for practical limitations that might arise in realistic
deployments. This limitation usually leads to an achievable rate degradation as sub-
optimal IRS configurations could be adopted to serve some users.

To mitigate this effect, we formulate a constrained discrete optimization problem,
wherein we impose a limit on the re-configurations within a time frame to a maximum
number of Z < K/F. We remark that, typically, the BS communicates a (possibly new)
IRS configuration during each transmission time interval (TTI). The block-static con-
straint that we introduce reduces such overhead by a factor % < 1. On the downside,
achieving this objective usually leads to SNR degradation as sub-optimal IRS configu-
rations might be adopted for some users. Within this time frame the BS serves the K
users by splitting them into Z disjoint subsets Uq,...,Uz, each with cardinality «,F,
with a, € N, for z = 1,...,Z, and assigning each user to one RB. While serving the
user in subset U, the IRS configuration is fixed to ®*), and «, represents the number of
slots wherein ®(*) is kept. Let J = {{)(1), &2 <I>(Z)} be the set of IRS configurations

corresponding to subsets Uy, ..., Uz, let f*) be the frequency assigned to user k and
Y={fW, ..., fH)}. Under the aforementioned constraints, the system sum rate is given
by
z
R(Uy,... Uz, Y,9) => Y Re(@%), f®), (3.6)
z=1kel,

In the following sections, we propose clustering-based sum-rate optimization algorithms.

In particular, Section 3.3 focuses on the particular case of F' = 1, which corresponds to
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the TDMA framework. Then the generalization to OFDMA is investigated in Section 3.4.

3.3 Downlink TDMA Scheduling

In this section, the special case of downlink TDMA scheduling with reconfiguration con-
straints is investigated. In this framework F' = 1, therefore the users must be scheduled
in the time domain only. Note that part of the constraints introduced in Section 3.2
can be neglected without loss of generality. Indeed, the absence of frequency-selectivity
of the IRS does not imply any scheduling constraint. Moreover, throughout all the sec-
tion, we assume that the IRS configuration codebook is Ce = fPéV I which eventually

includes the case of b-bits quantized phase shifts. We investigate the adoption of clus-

tering techniques to group the users into subsets Ui,...,Uz, and assign configurations
J={oW &® | <I>(Z)} to each cluster. In particular, we investigate two clustering
techniques:

1. distance-based clustering, which adjusts the cluster configuration based on the dis-

tance with the optimal IRS configuration of each user in the cluster;

2. capacity-based clustering, which adjusts the cluster configuration to maximize the
sum rate and/or the user fairness. Specifically, we propose three clustering algo-
rithms. The first, named capacity-weighted clustering (CWC), iteratively adjusts
the clusters’ centroids weighting the points in each cluster by the rate achieved
by each user in the cluster, therefore favoring the best users and maximizing the
sum rate. The second, named one-shot capacity-based clustering (OSCBC), is a
low-complexity approach where the centroids are simply the optimal configurations
of the users experiencing the highest SNR in each cluster, without considering the
impact of the remaining users. Finally, the inverse capacity-weighted clustering
(ICWC) algorithm promotes fairness among the users by weighting the points in

the clusters by the inverse of the users’ achievable rate.

Numerical results depicting the performance of the distance- and capacity-based clustering
in different IRS-assisted scenarios are finally presented.
3.3.1 TDMA Sum Rate Optimization Problem

As already discussed, 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. In the particular case of TDMA
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we can omit the frequency indexes (i.e., variables i, f;), and the constraints discussed in

Section 3.2.2 are simplified into the following conditions:
1. at most Z IRS reconfigurations can occur per time frame;

2. the BS serves K users by partitioning them into Z disjoint subsets Uq,..., Uz,
Z < K;

3. for each user in U, the same IRS configuration ®) is used, i.e., ®, = ) Vk
U, vi<z<Z.

The sum rate can be therefore simplified from (3.6) as

Z

R(Uy,...,Uz,9) =>_ > Ri(®9), (3.7)

z=1 keuz

and the optimization problem is then formulated as

max R(Uy,...,Uz,J), (3.8a)
Uiy Uz I
s.t. L[{)(Z)]nn € Py, Vn,z. (3.8b)

)

Problem (3.8) determines the optimal grouping strategy for the users subsets Uy, ..., Uz,
and assigns the best IRS configuration accordingly. Therefore, (3.8) incorporates both
the continuous aspect of the configuration optimization and the combinatorial aspect of
the user assignment problem and can be thus classified as a MINLP problem. Moreover,

the following theorem holds
Theorem 3. The sum rate mazximization problem (3.8) is NP-complete.

Proof. First, we observe that the problem falls within the general NP class. This hap-
pens since if (3.8) is solved to find Uy,...,Uz,J, both the sum rate and the phase-shift
constraints (3.8b) can be verified in polynomial time.

To prove the NP-hardness, let us set J and consider the simplified problem

max R(ul,...,uZ,j). (39)
Ut,...,Uz
This problem can be viewed as a multi-knapsack problem, with different clusters Uy, ..., Uz,

as knapsacks, and the goal being the maximization of the total system rate. This is known

61



to be NP-hard, as it generalizes the classic knapsack problem. The original sum rate max-
imization problem (3.8), where we consider the additional degrees of freedom of the IRS

configurations, remains NP-hard, thus giving NP-completeness. O

Given the inherent problem complexity, we adopt heuristic clustering algorithms to

obtain approximated, though close-to-optimal, solutions, as described in Section 3.3.2.

3.3.2 Heuristic Sum Capacity Maximization

In this section, we provide heuristic solutions to (3.8). First, we present two clustering-
based approaches to identify and group users with a similar optimal IRS configuration.
Then, we solve the scheduling problem on the identified clusters with a TDMA approach
[104]. We compute the users’ clusters by first estimating the optimal individual IRS
configurations, denoted as ®;, 1 < k < K, i.e., the IRS configurations leading to the
maximum rate for each user k. These configurations would solve (3.8) for Z = K, as in
this case all users 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 Ny-dimensional space.

Optimal Individual IRS Configurations

In MIMO systems, both the BS and the users adopt properly tuned beamformers to
match the signal transmissions and receptions to the spatial direction providing the highest
channel gain [6]. For the optimization of the IRS configuration of each individual user, we
adopt a procedure similar to that presented in [97], focusing on single-stream transmissions
and, without loss of generality, on user k.

For a given IRS configuration, the optimal beamforming vectors vy and wj coincide
with the singular vectors corresponding to the highest singular value of the wireless chan-
nel matrix. In particular, we calculate the singular value decomposition (SVD) of the

overall cascade channel matrix
Gy®.H =UXVT, (3.10)

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 3.

In our formulation, the IRS configuration ®; is one of the optimization variables. In-
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deed, given v, and wj, we can solve

i = argmax Ry (®y), (3.11a)
Py
s.t. é[q)k]n,n €Py, n=1,...,Ng, (3.11b)

where Ry, is the achievable rate of user k, 1 < k < K, according to (3.5). The derivation
of the optimal IRS configuration of user k requires the alignment of the channel phase

coefficients. According to [105], the cascade channel can be expressed as
ngk@kHwk = vec (ngkq)kHwk) = (wEHT o v,;FGk) diag(®y) (3.12)

where ¢ denotes the Khatri-Rao product operator and diag(®y) return the column vector
with all the elements in the diagonal of ®;. Then, it is sufficient 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.,
O =—(L [('wEHT ngGk)]n)’ Vn. (3.13)

Note that, in general, we need to know the estimated phase shift of each component
resulting from the Khatri-Rao product in (3.13), rather than the exact phase coefficients
of H and Gj. Moreover, as pointed out in [105], 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 <Aej(9’“’"_¢)> ,  Vn. (3.14)
YEPy

To overcome the interdependence between optimal IRS configurations and beamform-
ing vectors, we propose an iterative alternate optimization approach. We first estimate
the optimal beamforming vectors for a given IRS configuration using (3.10). Then, we
plug the derived beamformers into (3.11a), 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 sum-

marized in Algorithm 3.1, where ¢ is the iteration index. The number of iterations grows
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Algorithm 3.1 Tterative Alternate IRS Optimization
Require: G, H
Ensure: ®;

1: £+ 0

2: v, wg < 1

3: repeat

4 Opn — —(L [(wEHT ongk)]n), Vn

5: L[ Py t]nn + argmingcqp, (£e3Okn=¥))  yn

6 U,%, VT SVD of v G @ Hwy,

7 v < column of V' corresponding to the largest singular value
8 wj, <+ column of U corresponding to the largest singular value
9 tt+1

10: until Ry (®p ) — Be(Pryi—1)| <v
11: @) < Py

with the number of antennas and IRS phase shifters. However, from preliminary simula-
tions, and based on the set of parameters we considered (see Section 3.5), convergence is

typically reached in less than 10 iterations.

Clustering-based TDMA Scheduling

For an approximated but close-to-optimal solution to (3.8), we resort to a clustering-
based approach. Our proposed clustering algorithms estimate both the subsets of users
Uy, ...,Uz, and the relative set of IRS configurations J. We operate on the phase vec-
tor space, i.e., the points to be clustered are identified by the IRS phase shifts vector
[Zo1,. .., AqﬁNI]T = [by,... ,GNI}T, which maps each IRS configuration ® to a point in
[—7T,7T)NI. In case of quantized phase shifts, the phase vector space is a lattice in the
continuous space [—m, 7).

The general clustering-based procedure works as follows:

1. find ®3, Vk, i.e., the optimal individual IRS configurations for each user as in Section
3.3.2;

2. build user subsets U,, z = 1,...,Z, by using a clustering algorithm, according to

Sections 3.3.3 and 3.3.4;
3. assign ®©) to all users € U,.

The core idea of this procedure is to use clustering algorithms to group users and assign

the respective IRS configurations, which are mapped to the centroid of the cluster. In
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the case of quantized phase shifts, once the clustering procedure is performed, clusters
may share the same centroid and be merged. Therefore, Z represents the mazimum
number of clusters, not the effective number. Moreover, we remark that steps 2-3 do
not rely on the perfect CSI assumption, as the grouping strategy and the individual
optimization of 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 sub-optimal grouping as well. The multi-user scenario with
imperfect CSI has been studied in [106], where a single IRS configuration is optimized to
maximize the system weighted sum rate taking into consideration the imperfect CSI of
all users jointly.

In the following, we propose different techniques to build the clusters based on either

a distance metric (Section 3.3.3) or the achievable rate (Section 3.3.4).

3.3.3 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 distance 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, 7), the adopted distance has to take into account
the circularity of data. However, the convergence to a local minimum of the majority of
the clustering algorithm is guaranteed only if the points to be clustered belong to an
Fuclidean space. For all distance-based algorithms we thus define the bijective mapping
foPO 5 R g

f(0) = f([01,-..,0n,]) = [cos(61),sin(6y),...,cos(On,),sin(0n,)], (3.15)
and then we define the pairwise distance between two generic IRS configurations «, 3 as

(e, B) = | f(a) = F(B)II; (3.16)

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 notation, f(®) maps the phases of
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the complex entries in the diagonal of ® as in (3.15), 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

JUL.. Uz ) =Y 36 (@;, @(Z))2, (3.17)

z=1kel,

and the distance-based clustering schemes aim at solving

min J(Uy, ..., Uz, T), s.t.  (3.8b). (3.18)
Uy, Uz, d
We consider and compare some of the most popular distance-based clustering algo-

rithms, namely, K-means, agglomerative hierarchical clustering, and K-medoids.

K-means. K-means (KM) clustering [107] aims at finding Z disjoint clusters minimizing
the within-cluster squared Euclidean distances. Here, we consider the generalized Lloyd
algorithm [108], 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 configurations derived in Section 3.3.2. 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 repeated until either convergence

or a maximum number of iterations IXM is reached.

Agglomerative Hierarchical clustering. The agglomerative hierarchical clustering (HC) [109]
partitions a set of data points into disjoint clusters by iteratively merging points into clus-
ters 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 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. K-medoids (KMed) [110] 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 [111], 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
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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 4. The presented distance-based clustering techniques converge to a local min-

imum of (3.17).

Proof for KM (LLoyd). In the assignment step each user k is assigned to the cluster z
that minimizes the squared distance ¢ (<I>Z, @(z))2. This guarantees that the total sum
J(Uy,...,Uz,T) does not increase. Then, the update step, recalculating &) ag the
average ®; within each cluster, yields the minimization of the intra-cluster sum of squared
distances ) ;. cq(. 0 ( s <I>(Z))2, for all z. Therefore, the conditions of [112, Lemma 5] are

satisfied, and the convergence to a local minimum is assured. 2 O

Proof for Agglomerative HC. At each step, the merge between clusters minimizes the in-

crease in the total intra-cluster sum of squared distances. This is equivalent to choosing

the merge that results in the smallest increase in J(Uj,...,Uz,J). Then, as for KM in
. e 2

the update step, the average of the data points minimizes Zkeuz ) (‘I’Za <I>(Z)) , for all z.

Once the desired number of clusters Z the convergence to a local minimum is reached. [

Proof for K-Medoids (PAM). Since in each iteration, a swap is performed only when it
leads to a lower value of the intra-cluster sum of squares, J(Ui, ..., Uz, J) is non-increasing
over the iterations. Given the finite number of data points and possible configurations,
the algorithm is guaranteed to converge to a configuration where no swap can further

decrease the objective function, thus reaching a local minimum. O

3.3.4 Capacity-Based Clustering Algorithms

The distance-based clustering techniques presented in Section 3.3.3 do not directly take
into account the actual rate achievable by the users, which is a crucial factor for the
sum rate maximization (3.8). Thus, in the following we propose original capacity-based
clustering algorithms that go beyond the state of the art, namely CWC (Section 3.3.4),
OSCBC (Section 3.3.4), and ICWC (Section 3.3.4).

Capacity-Weighted Clustering (CWC)

Similarly to distance-based clustering, also CWC proceeds iteratively. However, the stop-

ping condition is based on the variation of the sum rate of each cluster, rather than

2Note that [112] does not specify the iterations needed to converge, which could be large in the case of
highly dimensional spaces, therefore, in practice, we limit the maximum number of iterations to IKM.
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on the distance between the centroids. In this approach, the clustering algorithm itself
weighs the users based on their achievable rate, so that the parameters of the resulting
clusters are closer to the ones preferred by the users with higher rates, thus promoting

the maximization of the sum rate.

Let <I>§z) be the IRS configuration of cluster U, ; at iteration i. Users are initially
sorted in decreasing order of achievable rate. The algorithm then selects the Z users
providing the highest achievable rate based on the expression in (3.5) with their optimal
IRS configurations. Without loss of generality, we let z =1,...,Z, be the index of those
users, and set <I>§z) = ®7, V1< z< 7, as the centroids of the initial clusters Ui o, ..., Uzp.
In the following, for simplicity, we denote with z;; the cluster such that k € U, ;. Each
user k > Z is assigned to the cluster whose centroid provides the lowest rate difference
with respect to its ideal configuration. Let Rj(®}) be the maximum achievable rate of
user k, obtained from the solution of problem (3.1). user k is assigned to cluster

2p; = argmin[Ry,(®}) — Ry(7))], (3.19)
2
where Rk(égz)) is the rate achieved by user k adopting the IRS configuration of cluster z
at iteration i. Note that, despite being always non-negative, the rate difference in (3.19)
cannot be considered a distance metric as, in general, it does not satisfy the triangle
inequality.

However, the following result proves that increasing distances from the optimal con-

figuration correspond to lower rates, thus supporting the use of the rate difference as a

clustering criterion.

Theorem 5. Given the optimal configuration ®}, the rate Ry(®) is monotonically de-

creasing with respect to the magnitude of any phase shifts error €.

Proof. Let € be an arbitrary error phase shift € [—m, 7], and consider the configuration

. = ®.E, where E = diag(e’,1,...,1), i.e., the sub-optimal configuration where only
the first IRS element is affected by the error e. Assuming without loss of generality that
Ng = N, = 1 and 0, = 0, = 1, the rate Ry(®},) is proportional to I'y(®{,) when using
configuration ®{,. The SNR I'y(®{,) reads

L.(®5) = |91 @i ER® = [gi]1[ @7 E]1a[h]y + AP, (3.20)
where A = Zg;Q[Qk]n[@ﬂnm[h]n. Since @7 is the optimal configuration, it satisfies (3.13).
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It follows that A € Rt and that (3.20) can be further manipulated into
Ui(®5) = lllgwlulliRlile’® + A = A + (lgili[[[R]1])? + 2A[[gi]u]|[R]1] cos(e).  (3.21)

Finally, it suffices to evaluate the sign of the derivative of I'y(®{,) with respect to the

eITror €

o'y (®1,)
Oe
and observe that I'y(®4,), and therefore Ry (®,), is strictly decreasing for 0 < |¢| < 7. O

= —2A[gk]1||[R]1] sin(e), (3.22)

After all the remaining users have been assigned to the corresponding clusters, the
coordinates of the centroids are updated. At iteration ¢ + 1, the new IRS configuration
(centroid) of cluster U, ;41 is computed as the average of the data points in the cluster,

weighted by their achievable rate, i.e.,

o) _ 1 (Zkeuz f(@Z)Rk(¢2)> _
o Zkeuz Rk(q’Z)

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

(3.23)

performed as

. (2)
i¥1lnn ¢ argmin (4@3(4@1*1]”’"71[’)) ,  Vn. (3.24)

PEPy

This two-step procedure is repeated until convergence, which is reached when the rate
difference between two consecutive iterations is lower than the sum rate tolerance p > 0.

The rationale behind the algorithm is that, based on the initial centroid assignment,
the users experiencing the best channel conditions, i.e., those dominating the system sum
rate, are initially served with their optimal (individual) IRS configurations. Even after
the adjustment of the clusters, these users will always get the largest weight coefficient
within the cluster. The remaining users, instead, will be penalized by the configuration
constraints, but their impact on the sum rate will be limited. The whole workflow of the

CWC procedure is summarized in Algorithm 3.2.

One-Shot Capacity-Based Clustering (OSCBC)

The main drawback of CWC presented in Section 3.3.4 is that it requires solving prob-
lem (3.19) at each iteration, relative to all the users in each cluster. 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 algorithm, denoted as OSCBC.
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Algorithm 3.2 CWC Algorithm
Require: Z, H, Gy, Vk
Ensure: Uq,..., Uz, J
Compute ®7,Vk with the procedure of Algorithm 3.1
Sort the users in decreasing order of Ry(®})
Select the Z users providing the highest Ry (®7),
Set <I>§Z) =®;, 2=1,..., 7 as the initial centroids.
repeat
for each user k
2p;  argmin, Ry(®7) — Ri(®)
end for
for each cluster z
Compute ‘1’1(?1 as per (3.23), (3.24)
end for
14 1+1
until [Cye, Br(@7) = Liar, R(@7))] < p
. Assign ®) to all k € U..

— e
Wy P

—
'

As in CWC, also in OSCBC a) the users are sorted in decreasing order of achievable
rate; b) the Z IRS configurations of the Z users experiencing the highest rates are chosen
as initial centroids for the clusters; and c) the remaining users are assigned to the closest
centroid in terms of circular distance, as per (3.16). Then, compared to CWC, instead
of recomputing the coordinates of the centroids at each iteration until convergence, the
algorithm stops right after the initial association. Therefore, with OSCBC the computed
centroids are the optimal configurations relative to the Z users achieving the highest
individual rate, which provides sub-optimal (non-optimized) performance for the rest of

the users in the clusters.

Inverse Capacity-Weighted Clustering (ICWC)

The CWC algorithm is designed to optimize the rate of the users experiencing the best
channel conditions and is unfair to the other users in the system, which may use sub-
optimal IRS configurations. Therefore, we propose an additional variation of CWC,
named ICWC, with the goal of achieving higher fairness among the users in the sys-
tem. In ICWC, while the cluster association principle of (3.19) is preserved, the initial

condition is reversed. Specifically:
1. users are sorted in increasing order of achievable rate;

2. the initial configurations of the clusters @gz) =&, z=1,...,Z, are based on the
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Table 3.1: Computational complexity of distance-based vs. capacity-based clustering.

Clustering algorithm Computational complexity

KM (Lloyd) O(IZKNy)
KMed (PAM) O(Z3K?Ny)
HC O(K3Ny)
CWC/ICWC O(IZK NgN})
OSCBC O(Z(K — Z)Ny)

optimal configurations of the users with the worst channel conditions.

The remaining k > Z users are associated as in (3.19). Then, at iteration ¢, the IRS

configuration is updated as

& R (P
o, - (B o), 329
> kew, By (®F)

and the discretization step (3.24) is performed (if needed). As in CWC, convergence
is achieved if the rate difference between two consecutive iterations is lower than the
tolerance p. While ICWC obtains lower sum rate than CWC, it can provide significant
improvements in terms of fairness, especially from the perspective of the users with the

worst channel conditions.

3.3.5 Computational Complexity Comparison

Computational complexity is evaluated as the number of iterations required by each of

the clustering algorithms to:

1. obtain the optimal IRS configuration of each user;

2. partition the users into disjoint subsets, or clusters, based on distance or capacity

metrics; and

3. for each cluster, find the best IRS configuration to serve the corresponding users.

In Table 3.1 we compare the computational complexity of the clustering algorithms pre-
sented in Sections 3.3.3 and 3.3.4. In all the algorithms, the first step is to obtain the
optimal IRS configuration of each user, as described in Section 3.3.2. At each iteration,
the main source of complexity is the computation of the overall cascade channel matrix
G P H, which has complexity O(NBNI2 + NBNINU). Additionally, in the case of quan-
tized IRS phase shifts, after obtaining the optimal beamformers, the optimal phase shifts
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for the IRS are obtained through an exhaustive search over the set of possible phase shifts
Py, yielding a complexity of O(20Ny).

Notice that different clustering algorithms, in general, require a different number of iter-
ations I to reach convergence, thus possibly introducing practical limitations. Moreover,
the complexity exhibited by each iteration varies across different clustering algorithms.
Therefore, in the following, we characterize the overall complexity of each considered

clustering strategy.

Distance-based clustering. These algorithms do not require specific initialization. For
KM, based on the Lloyd implementation in [108], each iteration involves calculating the
distances between data points and centroids. As a result, the computational complexity
is influenced by the number of iterations required for convergence, the number of data
points, the number of clusters, and the dimensionality of data, resulting in an overall
complexity of O(IZKNy). KMed can be solved with the PAM algorithm [111], which
exhibits computational complexity O(Z3K2Ni), due to the pairwise distance computa-
tions between data points and medoids. Finally, the computational complexity of the
agglomerate HC is primarily determined by the computation of pairwise distances among

all data points, resulting in a total complexity of O(K?Ny) [113].

Capacity-based clustering. The complexity of the OSCBC algorithm is dominated by the
centroid assignment upon initialization, which, has complexity O(Z (K—-Z ))NI. Instead,

for the iterative capacity-based clustering algorithms, the following result holds.

Theorem 6. The time complezity of CWC and ICWC' scales quadratically with Ny as
O(IZK NgN{).

Proof. Capacity-based clustering requires an initialization stage where the algorithm se-
lects the Z users providing the highest (or lowest) Ry ((I)}';), 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 user and the Z
centroids. The complexity of computing Rk(q)l(»z)) can be either dominated by the
matrix multiplication in (3.4), or by the SVD needed for the single stream beamform-
ing which requires, respectively, O(NBNI2 + NBNINU) and O(NBNU min(Np, NU))

operations for each user and each centroid.

2. The computation of the centroids as per (3.23)-(3.25) requires Ni + 1 scalar op-
erations per user, thus exhibiting negligible complexity with respect to the rate

computation.
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In typical IRS-aided systems Nt > Ng > Ny, therefore, the complexity at each iteration
is dominated by the channel matrix product, and the overall algorithm complexity is
O(IZK NgN}). O

3.4 Downlink OFDMA Scheduling

In this section, the extension to the downlink OFDMA scheduling with reconfiguration
constraints is investigated. In this framework F' > 1, therefore all the constraints exposed
in Section 3.2 must be considered in the scheduling optimization. Moreover, we con-
sider different that the IRS configuration codebooks, inluding the case Cg = fPé,VI, which
eventually includes the case of b-bits quantized phase shifts. We formalize the sum rate
maximization problem as an NP-complete generalized multi-knapsack problem, and we
propose a heuristic greedy algorithm for the joint IRS configuration and time-frequency

scheduling. Numerical simulations prove the effectiveness of our greedy solution.

3.4.1 OFDMA Sum Rate Optimization Problem
As for the TDMA case, we impose the following constraints.

1. at most Z IRS reconfigurations, choosen from codebook Cg, can occur per time
frame. Each configuration is kept for a, € N time slots, where «, has to be optimized

as well; 3

2. the BS serves K users by partitioning them into Z disjoint subsets Uq,...,Uz,
Z < K/F, and assigning each user to a unique RB;

3. for each user in U, the same IRS configuration ®*) is used, i.e., ®; = ®*) VEk
U, vi<z< 7.

Let 8, ¢ = 1,...,F, be the set of users assigned to frequency i. Also, define the
assignment variables

1 ifkel,ns,,
xk,z,i = (3.26)
0 otherwise.

With this notation, the system sum rate 3.6 can be rewritten as

R(Up, .Uz, 9,9) = > N N Re(®C), fi)an s (3.27)

z=1 k=1 i=1

3Note that, if the codebook is small, two or more users’ subsets could share the optimal configuration,
in such case, the clusters are merged, and the number of reconfigurations is reduced.
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leading to the following formulation of the joint resource allocation and configuration

optimization problem.

Z K F
max Y Y > Rp(®Y), i)z (3.28a)

Thoai z=1 k=1 i=1
st. ®%) e ey, (3.28b)
xk,z,i € {07 1}7 Vk7 2, ia (328C)
Z F
SN wpai=1 Yk, (3.28d)
z=1 i=1
K
Za:k“ =, Viz, (3.28¢)
k=1

where constraint (3.28b) imposes the IRS configurations to be chosen the codebook Cg,
and (3.28¢)-(3.28d) impose the assignment of each user to a unique RB. Instead, constraint
(3.28¢) imposes the clusters’ cardinalities to be an integer multiple of F', reflecting the
frequency non-selectivity of the IRS configuration. Note that, due to constraints (3.28d)-
(3.28¢) 327 | a, = K/F, ., represents indeed the number of time slots for which ®() is
kept.

Note that (3.28) belongs to the class of generalized multi-knapsack problems, which
are well-known to be NP-complete. This straightforward intuition also comes from the
NP-completeness of the simpler problem for sum rate optimization in TDMA (3.8). Its so-
lution requires an exhaustive search over all the discrete parameters, therefore, a heuristic
approach, which splits (3.28) into two sub-problems, is necessary to reduce the complexity.
Moreover, we remark that the size of codebook Cg may be extremely large, up to the
case |Cg| = 201Nt i e all the combinations of phase shifts, thus exacerbating the problem

complexity.

3.4.2 Optimization Problem Decomposition

With the aim of simplifying problem (3.28), we first propose to decompose the joint re-
source allocation and configuration assignment into two sub-problems named, respectively,
the configurations assignment, and the RB assignment.

The configuration assignment sub-problem assigns one user per cluster, leaving K — Z

users unassigned, and sets the IRS configuration for each cluster. The problem can be
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written as

Z F
max Ri(®%), £y . 3.29a
@(z);; (R, fi)z,, (3.292)
Tk, 2z,
K F
st. (3.28b),(3.28¢), > > mp.i=1 Va (3.29Db)
k=11:=1

In the RB assignment sub-problem, instead, the remaining users are assigned to the
clusters defined with (3.29) as

F
Rip(®9), fi)ap i, s.t. (3.28¢),(3.28d), (3.28¢). (3.30)

8
3
n
:
i
I
Eonl
i
)
.

Note that both the RB assignments and the cluster cardinality constraint (3.28e), are
assessed in this second step, as «a,, z = 1,...,Z are optimization variables. Moreover,
(3.30) is still a multi-knapsack assignment problem with variable knapsack capacities,

therefore belonging to the class of NP-complete problems.

3.4.3 Greedy Maximum-Rate Scheduler

Algorithm 3.3 Greedy Maximum-Rate Scheduler
Require: R (®, f;) for all k,i, ® € Cqp
Ensure: 1,z ., for all k, 2,4

1: a, <1, forall z

t X 0,  forall k,z,i

: (g0, @) < solve (3.29) exhaustively

: while 327, 5700 300 e < K

2

3

4

5 while 327, 30 S0 whei S F Y7 s
6: X ;< 1 for k,i solving (3.31)
7

8

9

end while

e 2 K F
(k, z,1) + solve (3.31) neglecting constraint (3.28e)

10: oy, —a,+1
11: Thzi < 1
12: end if

13: end while

Due to the complexity of (3.28), we resort to a greedy approach to obtain a heuristic

but close-to-optimal solution, by proposing the greedy maximum-rate scheduler (GMAX)
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algorithm, summarized in Algorithm 3.3.

First, we observe that (3.29) can be solved by exhaustively computing Ry(®, f;) for
alli=1,...,F, ® € Cg, and k = 1,..., K, and then selecting the Z users (with their
IRS configuration) providing the highest rate. Each of the selected users is assigned to
RB maximizing (3.27), respectively. Once (3.29) is solved, Z clusters are created, each
consisting of one user only. Moreover, each cluster z is associated with a configuration
&) and the configurations for z = 1,..., Z are collected in set J.

To handle the remaining users and solve (3.30), instead, we resort to a greedy sub-

optimal approach. At each iteration, GMAX solves

(k, z,i) = argmax Ry,(®®), f;) (3.31a)
k,z,i

st. (3.28), ® €7, (3.31b)

ke{k:ap.;, =0Vzi}, (3.31c)

(2,9) € {(2,0) r @ ;s =0 VEk}. (3.31d)

Since Z < % in general, the users are firstly allocated considering only F' RBs per cluster,
i.e., one time slot per IRS configuration, by setting a, = 1 for all z. Once the first ZF
users are allocated, the algorithm proceeds by solving problem (3.31), considering the
allocation of new time slots in the resource grid (i.e. increasing a, by one).

At the end of the procedure, each user is assigned to a specific RB, satisfying all
the constraints of problem (3.28). Note that, as per (3.26), sets Uy,..., Uz, and §; are
uniquely determined by variables x4, for z =1...,Z,i=1,...,F, k=1,..., K. We
remark that codebook Cg may contain all the possible IRS configurations, i.e., all the 201
combinations of phase shifts. Therefore, the introduction of the codebook constraint does
not limit the contribution, but it extends it to the more general case of limited choices of

the configurations.

Codebook Design And Control Overhead

To obtain the cell-specific codebook of IRS configurations Cg, a clustering-based approach
is employed. In particular, similarly to the distance-based clustering proposed in Section
3.3.3, the points to be clustered are the IRS phase shifters (with b-bits quantization)
that maximize the achievable rate (3.5), at each f € F, of K users deployed at random
positions in the cell, with K > K. Such configurations are grouped into |Ce| < K

clusters, according to the well-known KM clustering [108], and the codebook entries are
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the resulting cluster centroids.

Note that the codebook allows a substantial reduction of the IRS control link overhead.
Indeed, for each IRS reconfiguration, the BS transmits by = log, |Ce| bits, instead of the
b7 bits needed to configure each phase shifter individually. Moreover, by further limiting
the number of reconfigurations per time frame to Z, the total number of control bits is
reduced by a factor Z—If <1

Computational Complexity

The computational complexity of GMAX is mainly due to the maximum rate computation
for the initial choice of the Z IRS configurations in (3.29). Specifically, the cascade channel
matrix product G ®, H dominates computations with a complexity O (NBN12+NBNINU) ,
and the procedure must be done for all users, central frequencies, and IRS configurations
in the codebook. Similarly, the second loop computes the Ry in the same fashion, but
the search is restricted to set J, and typically |J| = Z < 2%a. As a result, the overall
complexity of GMAX is O(ZF(2Z’q + 1)(NBN12 + NBNINU)). Note that, in the first step
the complexity grows exponentially with the codebook overhead, penalizing codebooks
of large resolution. This suggests the adoption of a cell-specific codebook to maximize
the rate with low overhead. However, a further complexity reduction can be achieved
by observing that, in the first loop, only the optimal IRS configuration of each user, i.e.,
the one maximizing its transmission rate, is needed. A possible approach is to derive the
optimal IRS configuration <I>;€*( fi) for all k, i in the continuous phase domain, as described
in Section 3.3.2. @*(f;) is then mapped to the closest (in the sense of circular distance)
codeword in the codebook ®; € Cg. While the time complexity of deriving @;ﬂ*( 1)
for each k,i is O(NBNI2 + NBNINU), its approximation requires O(2%Ny) operations.
With this approximation, the total complexity can be reduced to O(K (2b‘1 + (NBNI2 +
NBNINUNI)) + ZF(NBN12 + NBNINU)).

3.5 Numerical Results

After presenting our various simulation scenarios and evaluation metrics, in this sec-
tion, we assess the scheduling performance of an IRS-assisted network with practical

constraints.

Simulation Parameters

Our simulation parameters are reported in Table 3.2.
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Table 3.2: Simulation parameters.

Parameter Value

Carrier frequency 28 GHz

Total bandwidth (W) 100 MHz

Noise spectral density —174 dBm/Hz
Number of users (K) 100

BS antenna array (Ng) 8Hx8V

BS transmit power 33 dBm

UE antenna array (Ny) 2Hx1V

IRS elements (V) {10Hx20V, 20H x40V, 40Hx80V, 60Hx 120V}
Phase shift quant. bits (b) {unquantized, 1-bit, 2-bits}
LoS probability (pros) Eq. (3.33)
Individual rate opt. tolerance (v) 1079 [bit/s/Hz]

KM max. iterations (IXM) 50
CWC/ICWC rate tolerance (u) 1073 [bit /s

Scenario. All devices are assumed to lie on a 2D plane, and we consider an urban macro-
cell (UMi) scenario, according to the 3GPP nomenclature [114], with the BS placed at the
center. According to the 3GPP specifications, the coverage area of the BS is characterized
by an average radius of 167 m and is assumed to lie in the positive z-axis region.

We assume that K = 100 users are randomly deployed according to a uniform distri-
bution within the cell area, to be served in downlink by the BS, assisted by an IRS at
coordinates (75,100) m. The BS is equipped with a uniform planar array (UPA) with
8Hx8V antennas (i.e., Ng = 64), and the users with uniform linear arrays (ULAs) of
2Hx1V antennas (i.e., Ny = 2). For the IRS, if not otherwise specified, we adopt a
40Hx 80V reflective panel (N1 = 3200).

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 BS 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. Finally, we consider the fourth numerology
of the NR frame structure [61], wherein each 10 ms frame is split into 160 ms slots.
With this assumption, as already pointed out in Section 3.2, channels can be considered
constant over the entire frame duration. We consider the 3GPP TR 38.901 spatial channel
model [114], which supports a wide range of frequencies, from 0.5 to 100 GHz (and
including therefore our carrier frequency of 28 GHz), and can be integrated with realistic
beamforming models. As such, channel matrices, and multipath fading, are computed

based on the superposition of NV different clusters, each of which consists of M rays that
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arrive (depart) to (from) the antenna arrays with specific angles and powers. Based
on [114], and using the simplifications proposed in [115], the generic entry [A],, of the

channel matrix can then be computed as:

N M -CDG,G 1 .(I>9,¢

Pn . A A e] n,m \/me] n,m

[Alpg :'YZ \ v E : Fry (‘gn,rm ¢an) 0 b
oM \/ K e?®m eI P (3.32)

N e
Xth (Gn’m7¢n’m)e ro,n,m9re,p ,

where v is the large-scale fading coefficient (LSFC) of the considered link, which incor-
porates the path loss and shadowing terms. For a complete description of the remaining
terms appearing in (3.32) we refer the interested reader to [115]. Specifically, while the
BS and the IRS can be assumed to operate in line-of-sight (LoS), the path loss between

a generic user k and the IRS is modeled based on the following channel conditions:
o non-line-of-sight (NLoS): user k is in NLoS with the IRS;
o deterministic line-of-sight (dLoS): user k is in LoS with the IRS;

o probabilistic line-of-sight (pLoS): the IRS-UE k link is in LoSVNLoS with respective
probabilities p°S(dy) v 1—pk°5(dy,), with

1S = | . (3.33)
p k) = '
k clTS+ (1_378) e if dp>18,

k k

where dj, is the distance (in m) between the IRS and user k. In the considered
UMi scenario, and based on 3GPP specifications [114], the average LoS probability
in (3.33) is 0.35.

For each wireless link, based on the presence of the LoS component, the path loss is
then derived according to [114, Table 7.4.1-1], with shadowing standard deviation set

to ogr = 0. For the optimal individual IRS configuration (Section 3.3.2), we set v =
1075 [bit/s/Hz).

3.5.1 TDMA Scheduling Results

In the following subsections, we present extensive simulation results to compare the per-
formance of distance-based (KM, HC, KMed) vs. capacity-based (CWC, OSCBC, ICWC)
clustering algorithms to perform TDMA scheduling in an IRS system with reconfigura-
tion constraints. The KM clustering has been implemented with the Lloyd algorithm [108]
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with a maximum number of IXM = 50 iterations. Instead, for both CWC and ICWC, we
set = 1073 [bit/s].

As an upper bound to the system performance, we also consider an “unclustered”
scheduling, wherein we assume that all users are served with their optimal IRS config-
uration. 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
users belong to a cluster with cardinality one. As such, it is a suitable approach for

benchmarking the performance of more practical schemes.

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 users, under different channel conditions, IRS dimensions, and degrees of quantization
for the phase shifts.

Average sum capacity. It is derived from (3.7) as

C= %E (RO, ... Uy 9)], (3.34)

where W is the total system bandwidth and the expectation is computed across the
different channel realizations. Moreover, as each user is served in its specific slot, we
average over the TDMA frame length, dividing the empirical expectation by the number
of users (slots) K.

Fairness. We consider the 95% percentile of the achieved individual user capacity, com-

puted as
w
Cos9, = i inf{xz : CDF(x) > 0.95}, (3.35)

where CDF(:) is the empirical cumulative distribution function of Ry (®(*)), Vk, z. Note
that the choice of the 95% percentile in this context is a practical and meaningful way
to evaluate fairness by focusing on the majority of users. Indeed, it aligns with ensuring

high individual capacity for each user.

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, reconfig-

uration constraints, and degrees of quantization of the phase shifts.
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for the IRS-UEs links. a pLoS channel for the IRS-UEs links.

Impact of the clustering algorithm. First, Fig. 3.3 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 as Z increases, and they all converge to the “unclustered” pol-
icy 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 clustering policies, CWC and OSCBC provide the highest sum capacity, as
they are designed to maximize C, and choose the IRS configurations of the users 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 configura-
tions when building the clusters. As expected, ICWC is designed to promote fairness,
thus underperforms 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 almost negligible: this implies that a single iteration in the clustering process
is enough to achieve good sum capacity, while also promoting lower computational com-
plexity as reported in Table 3.1, which demonstrates the good scalability of the proposed
techniques.

Fig. 3.4 compares the fairness performance of the different clustering algorithms, mea-
sured as the 95% percentile of the average sum capacity Cysy, as a function of the max-
imum 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 capac-

ity, as shown in Fig. 3.3. Therefore, there exists a trade-off between the achievable sum
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Figure 3.5: Average sum capacity as a function of
the maximum number of clusters Z, for N1 = 3200,
unquantized phase shifts, and for different channel
conditions.

capacity and fairness. We also observe that OSCBC achieves very low fairness, as the
users with worst channel conditions are forced to aggregate to the strongest users, thus
via a sub-optimal 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. Finally, notice that Cgse increases as Z increases,
and eventually approaches the unclustered 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 users.

Impact of the channel. From the above results, we concluded that distance-based clus-
tering 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. 3.5 and 3.6
display the average sum capacity and the 95% percentile, respectively, for CWC, ICWC,
and OSCBC in different channel conditions. First, we observe that in the dLoS scenario,
where users 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 a) a higher path loss, and b) 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 users 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
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terms of capacity 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. 3.6 (see, in particular, the zoom for 50 < Z < 90).

Finally, although 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 users have similar channel
conditions, which permits ICWC to choose, on average, a good IRS configuration even

among the worst users in the clusters.

Impact of the IRS configuration. Figs. 3.7 and 3.8 show the impact of the number
of IRS radiating elements on the system performance when considering 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 CWC is able to approach the optimal sum capacity with as few as 20
clusters for small-sized IRS, i.e., with 10Hx20V or 20Hx40V arrays. The same trends

are shown also in Fig. 3.8 also in terms of fairness. Still, notice that C' is below 100 Mbps,
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which is not compatible with the requirement of most 5G applications when the IRS is

made of fewer than 200 elements, which justifies the use of larger IRS panels [116].

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 users having the same (or similar) ideal configu-
rations, and therefore, it increases the probability of being associated with increasingly
sub-optimal centroids if the number of clusters is small. However, if the number of phase
shifters is large, the sub-optimality is mitigated by the increasing number of reconfigura-

tions.

Impact of quantization. Figs. 3.9 and 3.10 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 [117], 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 [86], with
negative implications for the resulting achievable sum capacity. Here, 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
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the gap between quantized the unquantized performance increases with Z. As a result,
1-bit quantization is sufficient to guarantee performance comparable to the unquantized
case with a low 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 al-
gorithms. To do so, we first show the performance benefits provided by capacity-based
clustering in Figs 3.11 and 3.12. In particular, we compare the performance of CWC
and ICWC with HC as a function of the ratio K/N, for an unquantized 40Hx80V IRS,
K = {50,100, 150} users, and considering pLoS channels for the IRS-UEs links. Note that
the achieved results match the plots in Figs 3.3 and 3.4, thus highlighting the scalability
of the proposed clustering techniques for different numbers of users. Finally, Fig. 3.13
depicts the average minimum number of IRS configurations Z,,;, needed to achieve 80%
of the maximum achievable sum capacity (“unclustered” baseline) as a function of the
number of users K in the system. Notably, we observe that CWC and OSCBC are con-
firmed to be the best algorithms to optimize the sum capacity, even for a limited number
of IRS configurations. For example, both solutions achieve 80% of the maximum sum
capacity with less than half the number of configurations than in the “unclustered” de-
ployment. 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 users increases.

3.5.2 OFDMA Scheduling Results

For the performance evaluation of OFDMA scheduling, we consider a slightly different
setup with ULA panels Ng = 32 and Ny = 4 antennas, while for the IRS, if not otherwise
specified, we adopt a 20H x40V reflective panel (N = 800), b = 1 phase shift quantization
bits, and by = 14 bits for the codebook overhead. Furthermore, we assume that RBs
are equally spaced in the spectrum range (f. — 10 MHz, f. + 10 MHz). Neglecting the

bandwidth, the system performance is evaluated in terms of average sum rate, defined as
R=E[R(Uy,...,Uz,Y,9)], (3.36)
where we average over multiple channel realization and randomly generated user positions.

86



Table 3.3: Average Sum Rate for Different IRS Sizes [bit/s/Hz]

by =12 by=14 by=16 by = Ny

10Hx20V  12.89 19.06 20.92 21.36
20Hx40V ~ 44.65 69.97 78.33 92.16
30Hx60V  86.90 108.33  131.65  162.19

Compared Solutions

In the following, we compare GMAX with different resource allocation policies, under

different codebook sizes.

Deterministic assignment (DA). As a baseline, in this scheduling, each user is determin-
istically assigned to an RB in cluster z and, upon the assignment, the IRS configuration

B0 ¢ Ce maximizes the cluster sum rate.

Unconstrained OSCBC (UOSCBC). This is an extension to OFDMA scheduling of the
OSCBC proposed in Section 3.3.4 for TDMA. The unique assignment to a particular RB,
i.e., constraint (3.28d) is violated, as there is no limitation imposed in the number of users

associated with each RB.

Genetic algorithm (GA). Finally, to analyze the gap between our proposed and the optimal
solution of problem (3.28), GMAX is compared to a GA approach [118] with fitness
function (3.28a), which initial population includes the GMAX solution. In such GA
approach the population generation, crossover, and mutation functions are customized
such that all the constraints (3.28b)-(3.28e) are always satisfied.

Performance Results

Firstly, Table 3.3 investigates the relationship between codebook size and system sum rate
in the ideal case with F' = 1 and each user scheduled with its optimal IRS configuration
®;. The results reveal the need for a large codebook to approximate the continuous case
(i.e., by = Ny for b = 1). Also, larger IRS panels are more sensitive to the codebook
size, as a result of the larger number of degrees of freedom provided by the independent
control of each phase shifter. For example, a 10Hx20V-elements IRS achieves around
60% of the sum rate achievable with the continuous codebook with only b, = 12, and 98%
for by = 16. Instead, a 30Hx60V-elements IRS requires by = 16 to reach 81% of the sum
rate achievable in the continuous case.

Fig. 3.14 depicts the average sum rate as a function of the number of clusters Z,

comparing the different clustering strategies. Since each user must be scheduled once
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in the resource grid, Z is bounded by K/F. The results show a huge performance gap
between the proposal and the DA baseline and highlight the huge performance degradation
due to the codebook resolution compared to the slight impact of the frequency assignment
constraints (3.28d)-(3.28e). In particular, GMAX and UOSCBC with high-resolution
codebook (by = Np) show a substantial sum rate gap with their respective low-resolution
codebook case (bq = 14), while the negligence of constraint (3.28d)-(3.28¢) with UOSCBC
does not provide any substantial benefit on the performance. Note that the proposed
GMAX schedulers attain performance that is very close to the GA, which is shown to
deviate very slightly from the greedy solution. Even if the GA approach cannot be
considered optimal, such a negligible gap is representative of the validity of GMAX in
this context. To emphasize the performance gap between the compared schemes, Fig. 3.15
shows the empirical cumulative distribution function (ECDF) of the per-user rate for fixed
numbers of clusters Z € {7,14}. Note that, while the performance hierarchy remains
invariant for almost all compared schemes, the adoption of the sum rate as the fitness
function of GA may result in a different rate distribution than GMAX, promoting the
users experiencing the best channel conditions and penalizing the remaining users.

Fig. 3.16 shows the average sum rate as a function of K, for F' = 3 frequencies. Clearly,
the sum rate increases with the number of users, however, it is important to notice that,
for few clusters (Z = 4) the performance gap between GMAX with the low-resolution
codebook and GMAX with by = N1 becomes negligible for a large number of users, as the
configurations associated to each cluster are sub-optimal in maximizing the sum rate in
both cases.

Finally, to analyze the impact of the number of frequencies, Fig. 3.17 shows the sum
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rate as a function of and ZF. Since 1 < Z < KF, the best performance is achievable
for fewer frequencies, allowing for more frequent reconfigurations. Moreover, it is shown
that for large Z the cases F' = {1,3} exhibit very similar performance. This peculiar
behavior is a direct consequence of the considered UMi cell, wherein ~ 33% of the users
on average exhibit a LoS channel component. The channel gain experienced by such
users is significantly larger than the gains of the user in NLoS. For Z = K/3, such users
are allocated in different clusters and their optimal configurations are therefore chosen
to serve their respective clusters. Thus, Z = K/3 is enough to obtain a high sum rate

performance.

3.6 Summary

In this chapter, our investigation focused on a MIMO cellular network, where the BS
experiences deep blockage in serving the associated users. To overcome such blockage,
an IRS is used for the downlink transmissions to the users. We first developed and im-
plemented a TDMA-based transmission strategy, aiming to optimize the average sum
capacity within the constraints of IRS reconfigurations in each time frame. Our approach
initially involved an iterative algorithm to identify the optimal IRS configuration for each
user. Then, we introduced a novel clustering-based scheduling technique, which grouped
users based on either distance or achievable rate metrics, ensuring similar IRS configura-
tions within each cluster. This strategy significantly reduced the IRS reconfigurations, as
users in the same cluster shared identical IRS settings. Through extensive simulations,

we evaluated the effectiveness of our clustering algorithms in terms of computational com-
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plexity, sum capacity, and fairness, under different channel conditions of the IRS-users
links.

Furthermore, we extended the work to the OFDMA downlink scheduling. We framed
the challenge of maximizing the sum rate as an NP-complete generalized multi-knapsack
problem and proposed a heuristic solution for simultaneous IRS configuration and resource
distribution. This solution closely matched the maximum sum rate achievable by a more
intricate GA-based method, thus confirming its practical applicability in such network
scenarios.

Notably, our methods reduced the IRS reconfigurations per time frame, thus lowering

overhead and boosting communication efficiency.
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Uplink Non-Orthogonal Multiple Access

In this part of the thesis, we discuss the NOMA uplink transmissions in the context of
MRA. In particular, the chapter focuses on unsourced random access (URA). Firstly, the
main state-of-the-art URA schemes are presented in Section 4.1. Then, the considered
URA scenario is discussed in Section 4.2. A detailed description of tensor-based modula-
tion (TBM) is firstly presented in Section 4.3. Differently from the initial scheme originally
proposed in [119], TBM is here combined with SIC and log-likelihood ratio (LLR)-based
soft decoding, which both significantly improves the robustness and the decoding capa-
bility at the BS. Then, a novel scheme combining TBM and conventional power-domain
NOMA, denoted as tensor-based plus coherent modulation (TBMC) [29], is presented
in Section 4.4. An analysis of the achievable degrees of freedom (DoF) of TBM and
TBMC is presented in Section 4.5, and a performance comparison with the state-of-the-
art MIMO-aided URA solutions is assessed in Section 4.6. Finally, Section 4.7 summarizes

the chapter.

4.1 Unsourced Random Access Background

URA [18], [120] represents a shift from conventional managed and scheduled access meth-
ods to a more flexible and scalable approach, catering to the needs of emerging wireless
communication scenarios with a vast number of connected devices. Differently from con-
ventional multiple access paradigms URA focuses on the case of users transmitting very
short payloads, leading to finite blocklength effects [121]. Only a small fraction of users

are active at any given time, but the total number of active users can still be comparable
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with the overall blocklength. Moreover, users transmit their messages in a NOMA GF
fashion. The core concept of URA involves all potential users sharing a common codebook,
which greatly simplifies the process at the BS as it only needs to decode a list of messages
instead of identifying active users’ identities, which are not linked to specific waveforms
at the physical layer. This approach is particularly beneficial in scenarios where only a
subset of a large set of potential users is active at any given time. Note that, in general,
the URA setting is non-coherent [122] by definition, as the non-identification of the users
implies the absence of each user’s CSI at the BS. One of the key challenges in URA is the
development of effective decoding algorithms, as the process involves the joint channel
estimation and decoding of a large number of messages transmitted by multiple users over
a shared medium. This process can be complex due to the interference among the signals

from different users and the lack of prior knowledge about which users are active.

Within this framework, a variety of practical strategies have been proposed in the
literature. Some URA solutions propose to split the channel resources into multiple
slots in which a sub-message is encoded using an inner compressed sensing code. The
sub-messages are then concatenated and further encoded using an outer code [123]-[126].
The decoder then combines an inner decoder solving a compressed sensing problem (using,
e.g., approximate message passing (AMP) algorithms that are commonly adopted for the
activity detection task [127]-[129]) and an outer decoder. A different class of approaches
that are usually referred to as pilot-based schemes proposes to split the transmission
resources into two parts. The first part contains a pilot sequence encoding a small part
of the payload that is used at the decoder to estimate the active users’ channels while
the second part sees a modulation scheme whose decoder assumes the users’ channels
as known. Note that, in contrast to typical multiple access schemes, wherein pilots are
associated with the user identities, pilot bits in URA are part of the payload, thus no
additional overhead is required for pilot sequences. To avoid misunderstandings, we will
refer in the sequel to such symbols as unsourced signals. Different decoding strategies for
pilot-based schemes have been also proposed. For example, [130] uses an AMP algorithm
to decode the unsourced signal and relies on a maximum-ratio combining (MRC) equalizer
and a low rate forward error correction (FEC) for the second sub-slot. Alternatively,
Gkagkos et al. use in their FASURA scheme [131] a simple energy detector to decode the
unsourced signal and a scheme combining random spreading and single-user coding for
the second slot. Moreover, the decoder uses interference cancellation in order to improve

the decoding performance.

A different URA philosophy has been adopted in the TBM, initially proposed in [119].

In TBM, the transmitted symbols are rank-1 tensors so that the combination of the
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superimposed signals at the BS becomes a tensor whose rank is equal to the number
of active transmitting users. Additionally, the coded bits of each user are modulated
by using Grassmanian sub-modulations in each tensor dimension of the rank-1 tensor.
The main advantage of the TBM decoder is that the user separation can be efficiently
carried out using tensor decomposition approaches and without relying on pilot sequences.
Unfortunately, under practical constraints, the TBM receiver suffers from performance
degradation due to the approximations needed to compute the LLR of the coded bits

when the payload is much larger than the tensor sizes.

4.2 Unsourced Random Access Scenario

We consider K single-antenna devices, out of which only a subset of K, <« K are active
simultaneously and aim at transmitting in the uplink to a common BS equipped with M
antennas. Without loss of generality, we assume that the indices of active devices take
values in the set {1,...,K,}. Each active device k € {1,..., K,} transmits a message
my, of length B bits. ! Furthermore, we adopt a quasi-static Rayleigh fading model
with uncorrelated channel coefficients between both users and receiving antennas that
remain constant over the n channel resources (blocklength) used for the simultaneous
transmissions.

Let @ € C" be the encoded and modulated transmit signal of user k normalized to

have power ||z||? = n. Then, the received signal at the BS is

Ka
Y =) ahf +Z=XH" + 7, (4.1)
k=1

where Z € C"M is the AWGN matrix, whose entries are drawn independently from
a circularly symmetric complex Gaussian distribution CN(0,02), hy € CM captures the
channel coefficients between user k£ and each antenna at the BS, which under the as-
sumption of Rayleigh fading are distributed as CN(0, 7), where v denotes the LSFC. In
matrix form, symbols and channel vectors are stacked into matrices X = [z1,...,®k,]
and H = [hy,...,hg,].

The performance of URA schemes is measured by the BS decoding capability. Upon
the uplink transmissions, the BS produces a list £ = {rny, : k=1,..., K.} of K, decoded

!Note that, in the URA framework, the number of active users accessing the medium simultaneously
is typically assumed to be known. Only recently, URA with random activity has been analyzed from
the information-theoretical perspective in [132]. Furthermore, asynchronous URA, wherein the users may
overlap the transmissions only partially is recently gaining attraction [133], [134].
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messages, which hopefully matches the list of transmitted packets £. The misdetection

and false alarm probabilities are defined, respectively, as

_ | £\ 4]
s pfa—E[ ‘2,‘ ] (42)

£\ £

Pmd = E Ka

In the following, we assume that the number of active users is known at the BS. The goal

2
of the modulation design is to minimize the energy-per-bit to noise ratio F}, /Ny = %
such that the decoding error probability P, satisfies

P = min{pmd + Dfa; 1} <, (43)

for given n, K, B, M, and e.

Note that the identity of the transmitting user can be included in the message with a
total overhead [logy K| bits. In that case, the number of users K has an impact on the
achieved spectral efficiency since the data payload is reduced to B — [logy K| per user.
In the URA framework, such an aspect is ignored. Moreover, we stress that the number

of active users K, is known at the receiver, as commonly assumed in the URA literature.

4.3 Tensor Based Modulation

In TBM, each user’s transmission corresponds to a rank-1 tensor. In this chapter, we
merely consider tensors to be multi-dimensional data structures, which can be seen as the

generalization of matrices to dimensions greater than 2. 2

Tensor Order and Rank. The order (or mode, dimension) refers to the number of indices
required to describe the tensor, which corresponds to the number of dimensions in the
array representation of the tensor. For example, a scalar is a tensor of order 0, a vector is
a tensor of order 1, and a matrix is a tensor of order 2. Instead, by definition, a tensor is
said to be rank-r whenever r is the smallest integer such that the tensor can be written
as a sum of r rank-1 tensors [136].

The TBM receiver observes a linear combination of the transmitted rank-1 tensors, each
weighted by the channel coefficients between the users and the BS. This combination can
be conceptualized as a tensor which is the sum of several rank-1 components, the number
of which equals the count of active users, K,. This tensor-based structure enables the

receiver to distinguish between users via conventional tensor decomposition techniques,

2The exact tensor definition tensor requires the additional mathematical, such as covectors and multi-
linearity, see [135] for a detailed introduction.
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such as canonical polyadic decomposition (CPD), obviating the need for separate steps
for activity detection or channel estimation. Indeed, the channels are jointly estimated
by the receiver with the data.

The primary advantages of TBM include:

e The receiver can separate users without relying on pilot sequences. This approach
effectively bypasses the complex task of designing pilot sequences for grant-free

access and does not require knowledge about the discrete nature of the modulation.

e This scheme applies to a wide range of multiple-access channels, including AWGN
and block-fading, and extends to multiple-antenna receivers. It benefits from spatial

diversity without depending on specific assumptions about the fading distribution.

4.3.1 TBM Encoder

In the TBM scheme introduced in [119], the unsourced message my, is first encoded with
a FEC code and then modulated with TBM as follows. We stress that we treat tensors as
multi-dimensional data structures. Specifically, let us consider a complex-valued tensor of
order D (i.e., a D-dimensional matrix of complex scalars) of dimensions ny,...,np. Note
that sz | n; scalars forming the tensor can also be stored sequentially in a vector [136, Sec.
2.4]. Indeed, the corresponding vectorization operator defines an isomorphism between the
space of (T1,...,Tp)-dimensional tensors and the space of (Hf): 1 Ti)—dimensional vectors.
For notational convenience, in the following, we use the vectorized representation while
referring to algebraic arguments applying in the space of tensors.

Let us define z = vec(Z) € CM". The signal received at the BS with the n channel

resources (4.1) can be rewritten in its vectorized form as

K,
y=vec(Y) = Z i @ hy + z. (4.4)
k=1
Let us assume that n can be factorized asn = HiD:I n; for some D > 2 and ny,...,np >

2. The transmitted unsourced signal xj, is obtained as the vectorized representation of a

rank-1 tensor of dimensions nq,...,np:
Tp =01 Q- - Qagp € cr (4.5)

where each vector ay; belongs to a sub-constellation, i.e., a codebook of complex vectors

satisfying some specific properties, denoted by €; C C". Note that the resulting vector
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constellation € is the discrete set
G:{a1®...®aps.t. alEel,...,aDGGD}. (46)

The noise-free received signal at the BS is

Ka

Yo = Zwk ® hg. (4.7)
=1

This formulation allows for the application of several tensor properties and decomposition

techniques, as described in the following.

4.3.2 Tensor Decomposition and Discrete Identifiability

In TBM each user transmits a rank-1 tensor of order D, while yg is the vector represen-
tation of a tensor of order D + 1 and dimensions ni,...,np, M. From the tensor rank
definition [136], yo has rank at most K,. TBM is motivated by the fact that the decom-
position of a tensor into a sum of rank-1 components (known as the CPD) is unique up
to a permutation over the components under mild conditions. Furthermore, tensors of
order 3 or more can attain high rank even for moderate tensor sizes. Therefore, TBM
can achieve a high degree of multiplexing while using the CPD to separate the signal
components related to each user.

To support the effectiveness of the proposed encoding scheme, we now introduce the

properties of CPD uniqueness and discrete identifiability of the noise-free tensor yg.

CPD Uniqueness and Rank. The (ny,...,np, M)-dimensional tensor represented by o
admits a unique rank-K, CPD if for any set {a}, € C™,...,a} , € C"P h} € CM 1<
k < K/} with K. < K, such that

K,
> ap,® - ®aj, p® hi =y, (4.8)
k=1

then we have K, = K, and there exists a permutation o such that a} ; ®---®a) ,®h) =
Qo)1 @ @ Aoy D @ Ry(h)-

According to [137, Th. 1.1], there exists an upper bound R to the rank of uniquely
decomposable tensors, in the sense that the set of rank- K, tensors for which the CPD is
not unique has measure zero if K, < R. Let us restate the main result of [137] using our

notations. For tensors of size ny,...,np, M, let us assume without loss of generality that
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ny > ng > --- > np and define the expected generic rank [20], [137] as

0 nM
= {M@f’:l (i - 1)} | 9

and
D D
R'=2-M+M][]n - (ni—1),
=2 =2
B (4.10)
R2=1—|—n—2(ni—1).
i=1
According to [137, Th. 1.1], we have
R'—1 forn; > R!
R={R?*-1 for M > R? (4.11)

R otherwise.

Note that the tensor decomposition is here considered in a continuous domain, i.e.,
ai; € C". To take into account takes into account the discrete nature of the €;, we refer

to the discrete identifiability property.

Discrete identifiability. The noise-free received tensor is said to be identifiable in the
discrete case [137] if for any set {a} , ® ---®@ a} p, € C,hy € CM.1 < k < K!} with
K] < K, and

A
> ap,® - ®aj,p®hl =y (4.12)
k=1

then it holds that K. = K, and there exists a permutation ¢ such that aj,m- = Qy(k),; and
hj, = ho ).

Design of the Sub-Constellations. We now discuss the design of the information-bearing

sub-constellations €1, ...,Cp. Observe that the rank-1 tensor
ap1 @ - Qagp @hp =a1a;1 @+ @apagp @ apiihyg, (4.13)
with aq,...,apy1 € C whenever HiDjll «a; = 1. This indicates that, even if the CPD

perfectly recovers the rank-1 component associated with each transmitter, the information-
bearing components ay 1, ..., ax,p can only be retrieved up to a set of D complex scalar

multiplicative coefficients, effectively providing D parallel (non-interfering) non-coherent
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SISO blockfading channels to each active user. To account for this scalar indeterminacy,
each sub-constellation C; can either i) embed at least one reference symbol, or ii) rely on
a Grassmannian codebook design suitable for the single-user non-coherent block-fading
case [138], [139]. In particular, as the original TBM scheme described in [119], here
we adopt the so-called cube-split modulation introduced in [139]. The cube-split vector
constellation involves dividing the Grassmannian of lines using bent cubes and mapping
Euclidean coordinates onto these cubes. Its advantages include high packing efficiency
with larger minimum distance than existing structures, comparable to theoretical limits

and it supports accurate LLR approximation. We refer the reader to [139] for details.

We remark that because of the unsourced nature of the scheme, the case of several
users transmitting the same payload leads to a failure in the discrete identifiability of yg.
However, as noted in [18], this occurs with low probability when the payload size B is

large and can be completely avoided if the payload includes a unique user identifier.

Moreover, the discrete identifiability condition is more appropriate for the communica-
tions problem at hand, while the CPD uniqueness condition is unnecessarily strong, as
there might be tensors that are discretely identifiable but do not admit a unique CPD.
Still, the CPD uniqueness is relevant since i) it constitutes a sufficient condition for dis-
crete identifiability, and ii) it is independent from the design of the discrete constellation

C.

4.3.3 TBM Decoder

When K, is known at the receiver, the joint maximum likelihood (ML) multi-user detec-

tion and channel estimation problem of the unsourced transmissions is defined as

2

Ka
{ay., hy} = argmin |ly — Z x, @ hy, (4.14)
{ar,i€Ci} k=1
th(CNI

Solving (4.14) directly requires an exhaustive search with 285 evaluations of the objec-
tive function, thus the exhaustive search is unfeasible for practical values of K,. To reduce
the computational complexity, we split (4.14) into the user separation and the single-user
decoding tasks. Let us first consider the continuous relaxation of problem (4.14), wherein

ajq,...,a, p are not chosen from the discrete constellation but from C™,...,C"P, re-
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spectively. We have

K, 2
{aj ;. hy} = argmin ||y — Z ap 1 ®...Qa,p® hy (4.15)
aj, ,€Cni k=1
th(CA/I
where ¢ = 1,..., D. The user separation problem (4.15) can be tackled with an approxi-

mate CPD algorithm to decompose the K,-rank tensor y into K, rank-1 tensors. Once
the rank-1 components are separated, we can perform, independently for each user k,
single-user decoding of all d;m' € C*,¢=1,...,D. To this end, we use soft demapping by
computing the LLRs, which, assuming that the /-th coded bit of user k, denoted by by, ¢,

is among the set of bits mapped into a;;, are defined as

P(bk,e = 1]ay, ;)

ot TR 4.16
P(bk,e = Olay, ;) (4.16)

LLRhg = log

An approximated closed-form expression for the LLRs in (4.16) has been derived in [140]

and it is further simplified here as

NI 1t Aflip,f)) - e
|ag,ia’k7i| - Iaﬁliakf’ )i ifbke=1,

LLR, ~ J Aflipl] A s (4.17)
ap;Qr | — |ak,iak,i| Mei i be =0,

where aj; = argmaxg, e, ]d;liaﬂ is the closest codeword to d;ﬁi, Z;k’g is the /-th bit corre-
sponding to dﬁm- and &ZTE’E is the codeword corresponding to the estimated bit sequence
with a flipped ¢-th bit. Moreover, ), ; denotes an approximated inverse of the variance
computed as (see [140])

12| |*n
(ni —1)o2’

A

i = (4.18)

The FEC decoder of user k takes as input all the terms LLRy, o, 1 < ¢ < B, and gives as
output the estimated messages. Messages with invalid cyclic redundancy check (CRC) are
discarded from the estimated messages set. In general, at iteration [, K al < K, messages
are correctly decoded in the n unsourced signals resources. Each decoded bit sequence is
subsequently re-encoded and modulated as in (4.5). If K al < K, the SIC step detailed
in Section 4.4.3 is applied to obtain y'*! and the procedure is repeated while [ < ™% If,
instead, K al = K, the TBM inner decoding loop is stopped, and the estimated channels

and messages are passed to the coherent signals decoder.
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4.4 Tensor Based Plus Coherent Modulation

The main drawback of TBM is that, under practical constraints, the receiver suffers from
performance degradation due to the approximations needed to compute the LLR of the
coded bits when the payload is much larger than the tensor sizes. To overcome these
limitations, we present the novel TBMC scheme, which allows to overcome the payload
size limitations of the original TBM and, thus, extends its applicability to a wider range

of scenarios. TBMC results from the concatenation of two signals:

e a first unsourced signal encoded as a TBM vector symbol responsible for the channel

estimation, and carrying a fraction of the message,

o a second coherent signal encoded and transmitted using a NOMA scheme that
carries the remaining fraction of the user message and is decoded after channel

estimation.

Observe that the above structure is similar to that of pilot-based schemes with the par-
ticularity that the unsourced signal is a TBM vector symbol. In the following, we discuss
in detail the TBMC encoder and decoder.

4.4.1 TBMC Encoder

First, the encoder divides the resource block into a first sub-block of n, resources for
the unsourced transmissions and a second sub-block of n. resources for coherent signals
transmissions, such that n = ny + n.. Accordingly, the bit sequence to be transmitted
by user k is split into two parts m}} and mg, of length B, and B, respectively (so that
B, + B. = B). The messages m} and m§ are then encoded into the symbol vectors x}:
and zj, respectively. Finally, the transmitted signal x;, is given by the concatenation of

the unsourced and coherent signals, i.e.,

€ C" with =z, € C™, xj € C". (4.19)

Therefore, the received signal in (4.1) can be rewritten as the concatenation of the two

signals:
K
Yu a mu Zu
Y=|_. :Z lh+ s (4.20)
Y = | %k VA

where Z" and Z°¢ are the AWGN components affecting the unsourced and coherent re-

ceived signals, respectively.
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Figure 4.1: TBMC resource block splitting.
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Figure 4.2: TBMC encoder structure. The payload bits are first split into unsourced and coherent bits.
Both the bits sequences are independently encoded with a FEC code. The unsourced part is encoded
according to TBM, and the coherent bits are instead encoded with the coherent NOMA encoder. The
obtained complex symbols a recombined and transmitted over the channel.

Let us define 2" = vec(Z") € CM™. TFor convenience, we reformulate the signal
received at the BS in the first sub-block with the n, channel resources reserved for the

unsourced signals in its vectorized form as

Ka
y" =vec(Y") = Z ) @ h, + 2", (4.21)
k=1

On the other hand, the received signal in the second sub-block with the remaining n.

resources, can be rearranged in matrix form as

Y= X°H' + z°. (4.22)

NOMA Encoder for Coherent Signals. For the coherent part we resort to the unified
NOMA framework introduced in [17], wherein data bits are first encoded with a FEC
code and then modulated according to an arbitrary coherent modulation. Specifically, we
assume that the set of resources for coherent transmissions is split into S. slots of equal
size ng = n./Sc. Then, user k selects the slot for transmission based on the unsourced
messages as s, = 6(m}), where § : {0,1}P+ — [S;] is a map such that the sets 6 1({s})
are of equal size for all s = 1,...,S.. Finally, the coherent part of the message mj is

encoded with a FEC code and modulated using quadrature amplitude modulation (QAM).
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Let qj denote the ng-dimensional vector collecting the QAM symbols from user k, then

the transmitted coherent signal takes the form
zy, = (es, ® In,)qy;, (4.23)

where e, € R is a vector with 1 in position s; and 0 elsewhere.

A representation of the resulting TBMC resource block is depicted in Fig 4.1. The
resources for unsourced signals are orange-colored with a dotted pattern. The blue part
with parallel diagonal lines pattern represents the resources for NOMA coherent trans-
missions, split in S, slots of equal size. Fig. 4.2 shows a block diagram summarizing the

encoding procedure performed at each user.

4.4.2 TBMC Decoder

The BS decoding task is carried out iteratively, performing a sequence of sub-tasks. First,
the received unsourced signal is decoded performing a CPD-based user separation (which
also allows for the channel estimation), followed by a LLR-based FEC decoding and
SIC steps. The decoded unsourced signals and the estimated channel vectors are used
as input to the NOMA decoder, which performs linear minimum mean squared error
(LMMSE) estimation of the received symbols, as well as FEC decoding and SIC. Finally,
the messages are re-combined and re-encoded to obtain the channel inputs and perform
a final SIC step. This procedure is repeated until the decoder either reaches a maximum
number of performed iterations or decodes exactly K, messages. Overall, the decoder
implements three SIC iterative procedures: one for the unsourced signals, one for the
coherent signals transmissions, and an outer iterative procedure nesting such loops. In

the following, we denote the corresponding iterations indices as [y, I, and [, respectively.

NOMA Decoder for Coherent Signals. Upon the decoding of the unsourced messages, the
NOMA decoder aims at obtaining the transmitted coherent messages, given the estimated
channel vectors flk and the already decoded unsourced messages mj, k =1,... ,K aly at
the last iteration performed by the TBM decoder. The estimated slots used for the

~

coherent signals transmissions 55, k = 1,..., K, are obtained from the already decoded
unsourced messages as &, = 6(m}), k=1,...,K,,;,. Let s be a generic slot index, and
H s the matrix whose columns are the channel vectors ka such that 5 = s. An LMMSE
filter is applied to retrieve the QAM symbols transmitted by each active user in each slot
s as

@, a5 )T = (HLH, + 2L ) ' HLY, (4.24)

s
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Figure 4.3: TBMC decoder structure. The received signal is firstly split into an unsourced and a coherent
part. While the former is processed with an iterative TBM decoder, the latter is passed to the coherent
NOMA decoder which also takes as inputs the channels estimated with the unsourced part decoding. The
signal is finally recombined, and the interference cancellation step is applied.

where k, is the estimated number of users transmitting in slot s and Y is the coherent
part of the signal received in slot s. Similarly to the TBM decoder, the symbols in (4.24)
are passed to a LLR-based FEC decoder that outputs the estimated coherent messages
my, k = 1,...,f( ales With K ale < K al.- Once again, interference cancellation (see
Section 4.4.3) is applied to obtain Yo, if IA(a,lC < IA(a,lu. The decoding loop is stopped
when the number of decoded unsourced and coherent messages coincides, or the maximum

is reached.

number of iterations [J'**

Final Concatenation and SIC. At each iteration of the outer loop [, upon the decoding
of both the unsourced and coherent parts a list of messages my = [m, my|, for k =
1,..., K ale, is built. If K amar < K alys one or more coherent signals were not decoded.
In this case, the respective unsourced bit messages are dropped. As a final step SIC is
applied to the combined received signals to obtain Y, 1, and the outer loop keeps iterating
until [ = ["™#* or K, messages are decoded.

The decoding procedure is summarized in the scheme of Fig. 4.3.

4.4.3 Successive Interference Cancellation

Recall that an interference cancellation step is applied at each iteration of each loop in the
decoding process. At given generic iteration v, a set of K a,» messages are decoded. Those
messages are re-encoded with the same FEC and modulated according to the procedures
explained in Section 4.4.1 to obtain the generic channel input X. Then, the channels are
estimated with LMMSE as

H= (XX +o20,) X'y (4.25)
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Algorithm 4.1 TBMC iterative decoder

Require: Y
Ensure: hg, &, my, Vk

1: forl=1,...,[™ma
2: for I, =1,...,[®
3: {44, hi} + CPD on ;. to solve (4.15)
4: mp, k=1,...,K,,, + FEC decoding on {¥};}
5: if Ka,lu =K,
6: STOP inner loop
7 else
8: Y¢,, < SIC step
9: end if
10: end for
11: compute s = d(my), for k=1,... ,Ka’l
12: for [ =1,..., [0
13: for s=1,...,5;
14: &y, « LMMSE estimate (4.24) for k: s = s
15: end for
16: mi, k=1,... , K., + FEC decoding on &
17: if Ka,lc = Ka,lu
18: STOP inner loop
19: else
20: Y;¢,, < SIC step
21: end if
22: end for
23wy« [mb,mg), fork=1,..., K,
24: Y;e,, < SIC step
25: end for
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and the interference is mitigated by subtracting the contribution of the users being already
decoded as
o T
Y=Y -XH . (4.26)

The SIC-based decoding procedure is summarized in Algorithm 4.1.

4.5 Degrees of Freedom Analysis

The concept of DoF in the context of MIMO systems refers to the maximum number
of independent data streams that can be simultaneously transmitted and received over
a communication channel. To establish the number of DoF achievable by TBM and
TBMC, let us consider the case of asymptotically high SNR, assuming that yg is available
at the receiver. The DoF achievability proof relies on a random coding argument, in
the sense that we assume that the elements of the sub-constellations ©; and channel
realizations hj are independently drawn from absolutely continuous distributions. These
two assumptions ensure that the received tensor is generic, for which case the CPD is
almost surely unique whenever K, < R. As a consequence, under these ideal assumptions,
CPD allows to recover all the tensor components at the first decoding step, thus the

decoding procedure does not affect the following DoF analysis.

Per-User DoF in the Unsourced Part. Focusing on the non-coherent TBM resources, note
that the uniqueness of the CPD is defined in terms of the rank-1 components, however
each factor ay; can only be recovered up to a complex scalar coefficient. Nonetheless, the
uniqueness result can be extended to the sub-constellations by considering that the ay ;
are representatives of Grassmannian variables. More specifically, for all 1 < i < D, let
G (n;, 1) denote the Grassmannian of lines in dimension n;, i.e., the set of 1-dimensional
linear subspaces of C™, and let us consider x; as a representative of the corresponding
point in G (n;,1). Note that every rank-1 component aj; ® -+ ® ay p ® hj maps to a
unique point of G (n1,1) x --- x G (np,1) x G(M,1). Consequently, whenever K, < R,
the proposed scheme allows the noise-free communication of d complex Grassmannian
variables in G (n1,1)...G (np,1) respectively, for each active user (the component in
G(M, 1) corresponds to the channel, and does not carry information). As shown in [138],
a variable in G(m,1) has m — 1 DoF. Summing across the sub-constellations indicates
that the TBM approach allows the noise-free communication of Z?:l (n; — 1) DoF per
active user.

The total DoF achieved in the system is obtained by summing up the per-user DoF;

therefore, it is a function of K,. Since every active user contributes Zil (n; — 1) DoF
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Figure 4.4: Sum-DoF per channel use, for TBM and TBMC, n = 1000 and M = 16.

up to the maximum number of users for which the rank- K, tensor is almost surely

identifiable in the discrete case, the sum-DoF is

D
DoFrpm(Ka, n1,...,np) = Kaz (ni—1) for K,<R-1. (4.27)
i=1
Clearly, the highest sum-DoF is attained for K, = R—1, and is equal to (R—1) ZZD:1 (n; —1).

Moreover, using the fact that

nM

K., <R-1<R'-1< y , (4.28)
M+ (ni—1)
we can upper bound the DoF independently from the tensor size by
DOFTBM(Ka,TLl,...,’I’LD) < M(n—Ka). (4.29)

Per-User DoF in the Coherent Part. In the multi-user single input-multiple output
(SIMO) coherent setting, the DoF in a MIMO system is limited by the minimum be-

tween the number of receiver antennas and the number of transmitting users as
DOFNOMA(Ka) = N¢ min(Ka, M) (4.30)
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The sum-DoF of TBMC is therefore given by,

DoFrpmc(Ka,ni,...,np) = DoFnoma (Ka) + DoFreMm(Kani, ..., np)

D (4.31)
= nemin(K,, M) + Kaz (ni—1)
=1

which is bounded by R — 1, as the coherent part depends on the channel estimation
performed with TBM in the unsourced part.

Depending on the number of active users, antennas, and the number of resources,

different tensor dimensions n,...,np should be considered to maximize the overall sum-
DoF. Let
DoF*(K,) = pmax DoFremc(Ka,n1,-..,np)/n, (4.32)

be the maximum sum-DoF per channel use.

Fig. 4.4 shows the maximum sum-DoF per channel use for different resource splitting
between unsourced and coherent resources. Note that, in the case n, = 1000 = n, TBMC
coincides to TBM. Moreover, the shorter TBM section corresponds to a larger sum-DoF
but a lower maximum supported number of active users. For this reason, depending on
the number of available resources (blocklength) and the number of active users to support
simultaneously, a different resource-splitting policy should be adopted. We remark that
the optimality of the resource and payload splitting needs further investigation, as the
analysis of the sum-DoF is limited to the balance between unsourced and coherent channel
resources. Indeed, FEC, SIC, and soft decoding are not considered in the DoF analysis,

and high sum-DoF performance may not correspond to a low decoding error probability.

4.6 Numerical Results

This section presents the numerical results comparing TBM and TBMC with two state-
of-the-art URA solutions. We assume that the BS is equipped with M = 16 antennas
and each active user transmits a message of B = 200 bits in a block of n = 1000 channel
resources. In addition to the proposed TBMC strategy, we also consider the original
TBM scheme in [119] using the TBM decoder described in Section 4.4.2. Note that this
corresponds to TBMC with ny =n and B, = B.

For completeness, we further include the pilot-based scheme in [130] and the FASURA

scheme [131] in our numerical analysis, which are summarized as follows

Pilot-Based Scheme. In the pilot-based scheme of [130], the users’ messages are divided

into two sub-messages. The first B,-bit sub-message is mapped to a complex codeword
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Figure 4.5: URA simulation setup. Users are uniformly spread in a disk with the BS at its center, with
inner radius rmin and outer radius 7ous.

chosen from a codebook of 2Pt entries and length n, (unsourced signal). The second
sub-message, instead, is encoded with a low-rate polar code and modulated with a QPSK
modulation. At the decoder, AMP is adopted for the unsourced signals, with ML estima-
tion of the LSFCs performed in each multiple measurement vector (MMV)-AMP iteration.
An LMMSE estimator is applied to estimate the channels of the active users. Then, in
the second block MRC and successive cancellation list (SCL) polar decoding is adopted
to recover the QPSK symbols.

FASURA Scheme. The FASURA scheme [131], from fading spread URA, consists of a
pilot-based scheme combining spreading and single-user polar coding. FASURA divides
the users’ messages into two parts. The first B,-bits are used to select operational param-
eters, such as the frozen bits and the interleaving pattern, while the second is encoded
using a single-user code, depending on the first sub-message. Then, each symbol is spread
before transmission. At the decoder, a simple energy detector is adopted, moreover, the
spreading enables the computation of a LMMSE estimate of the coded unsourced signals,
leveraging the active spreading sequences to mitigate interference during the decoding
process. To enhance channel estimation, FASURA adopts noisy pilot channel estimation
(NOPICE), which estimates the channel by utilizing both pilot signals and preliminary
decisions about the coded symbols. Embedded within an iterative loop, this estimation
technique progressively improves the accuracy of channel estimates when parameters are

carefully selected.

FEC Code Details. All messages are encoded with a polar code [141] comprising CRC.
At the receiver, the FEC decoder uses SCL decoding with a list of candidate codewords
of length 32. A CRC validation step is applied to each codeword in the list and the most

likely message among the ones succeeding the CRC check is returned. If no messages with
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valid CRC are found in the list, no messages are outputted. The coding rate depends
on the modulation specifications. On one hand, the TBM unsourced signals are adapted
to the number of bits modulated with cube-split [139] in each tensor dimension. On the
other hand, for the coherent signals, the code length is constrained by the number of

resources per slot n./Se.

URA Schemes Details. For TBMC we consider n, = 500, and (n1,n2,n3,n4) = (5,5,5,4)
with 4 coded bits-per-dimension, i.e., 4 bits are mapped to a point in sub-constellation
Ci (see [119], [139] for details). The number of bits encoded for unsourced signals is
By = 40. The sub-block of coherent signals resources for NOMA is split into S. = 2
slots and the QAM constellation size is set to 4. The TBM scheme is configured with
D = 2 and (n1,n2) = (40,25) and 4 coded bits-per-real-dimension. The choice of this
configuration was guided by the following remark. As shown in [119], TBM with smaller
tensor dimensions can support more users, however, we are constrained by the payload
size. The decoding performance drops significantly due to the approximation in the LLR
computation as the sub-constellations become denser. We have observed in numerical
results that Grassmannian constellations cannot support more than 4 coded bits per real
dimension. For the pilot-based scheme proposed in [130], we consider 16 pilot bits, 360
pilot resources, a code length of 1280, and a SCL list of length 32. Finally, the FASURA
scheme is configured with 16 pilot bits, 360 pilot resources, a code length of 256, a SCL
list of length 64, and spreading sequences of length 5. The aforementioned URA solutions

are also compared to the achievability bound derived in [142].

Decoder Complexity Comparison. In addition to the decoding performance, the decod-
ing complexity plays a crucial role in URA, and therefore it has to be discussed. All
the considered decoding algorithms implement SCL-based FEC decoders and, thus, its
complexity can be excluded from the comparison. Moreover, all the compared algorithms
require a different, but limited, number of iterations either for performing SIC, MMV-
AMP, or CPD. In the comparison, we neglect this aspect for the sake of conciseness.
For tensor-based schemes, the complexity is mainly dominated by the user separation
task. The approximate CPD for both TBMC and TBM is here implemented using the
Gauss-Newton algorithm with dog-leg trust region [143], which provides a complexity
of O(nyM + K2) and O(nM + K3), respectively. Additionally, TBMC computes the
LMMSE estimator for each NOMA slot, adding a complexity of O(K3/S5?). Instead, the
complexity of the pilot-based scheme [130] is dominated by the MMV-AMP algorithm,
which has complexity O(n,M25) due to the matrix multiplication between the received

symbol and the codebook matrix. Moreover, LMMSE is applied to estimate the channels
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Table 4.1: Complexity comparison of MIMO-aided URA solutions

Unsourced Coherent
Pilot-based ~ O(n,M2B) O(n-MK,)
FASURA O(K3) O(Typreaa K2)
TBM O(nM + K3) 0(1)
TBMC O(nyM + K3) O(K2/5%)

)
=
- —6 |
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Figure 4.6: Average minimum Ey,/Ng required to achieve P. < 0.1 versus K, for n = 1000 and M = 16.

and maximum-ratio combining to recover the coherent signals. While the former requires
singular value decomposition with a complexity of O(n3), the latter is a product of three
matrices, having complexity O(n.M K,). Note that the complexity of MMV-AMP can
be reduced to O(n,M By) by adopting a DFT codebook. Finally, for FASURA, the com-
plexity is dominated by the symbol estimator. The decoder performs an LMMSE for each
spreading sequence matrix, leading to a total complexity of O(Tspread kK. 3), where Tipread

is the number of spreading sequence matrices.

In Table 4.1, we summarize the complexity of each of the compared schemes, distin-
guishing the complexity of the decoding task for the unsourced and the coherent resources.
On one hand, we observe that the complexity of TBM, TBMC, and the pilot-based scheme
is mainly due to the decoding of the unsourced signals. On the other hand, the FASURA
scheme, for which Tipeaq is proportional to the number of coded bits, has higher com-
plexity in the NOMA decoding. Note that the decoder complexity strictly depends on
the application and the considered parameters, therefore it is not easy to declare which

of the considered schemes has the lowest complexity.
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Figure 4.7: Average minimum Ey,/No required to achieve Pe < 0.1 versus rmax, for n = 1000 and M = 16.

Energy Efficiency Performance. The energy efficiency of the URA schemes is measured
as the minimum Ey, /Ny required to satisfy the P, constraint in (4.3). Fig. 4.6 shows the
empirical average minimum FE}, /Ny required to satisfy this constraint for ¢ = 0.1 as a
function of the number of active users K,. All LSFCs ~; are set to 1, for all k. Firstly, we
observe that the (5,5, 5,4) TBMC outperforms TBM in all activation conditions, while the
(25,20) is a valid solution only if few users are active simultaneously. In comparison with
FASURA, we observe that the proposed scheme allows greater energy efficiency for low
numbers of active users, while FASURA seems to be more efficient in case of high system
load. Indeed, the limitations of tensor-based schemes, when the number of users is large,
come from the tensor decomposition that is held in the continuous domain. Gains are
therefore expected by taking into account the constellation knowledge. Such study is left
as future work. However, it is important to highlight that, while the gap between FASURA
and the achievability bound of [142] is large over all the range of considered K, values,
TBMC is 1.5 dB away from the achievability lower bound for K, < 20. Finally, we observe
that the gap between all the considered schemes and the achievability bound is growing
with the number of active users, suggesting that there is still room for improvement in

that regime.

Fading Robustness. We now assess the robustness to large-scale fading. The LSFCs are

derived as

,YIE:dB] — a[dB] — /Bloglo(rk) (433)

where 7}, is the distance between user k£ and the BS in meters, § is the path loss exponent,

and o8] is an additive control term. According to Fig. 4.5, we consider the users to
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be uniformly distributed in a disk of inner radius ry;, and outer radius 7rmax, thus ry is
distributed as U(rmin, "max). The parameter al9Bl is chosen so that the expected received
power is equal to 0 dB, i.e. alB) = BE[log,q(rs)]. Both the path loss exponent and the
minimum distance are chosen according to the non-line-of-sight UMi scenario [114] as
8 = 35.3 and ry, = 10.

Fig. 4.7 depicts the minimum F},/Ny guaranteeing P, < 0.1 as a function of the cell
radius, for K, = 50 active users and M = 16 antennas. The cell radius ry.x takes values
in the range (Tmin, 167) m, where the upper bound of the interval is the cell radius of a
typical UMi cell deployment with an inter-site distance of 250 m. Note that, the case
Tmax = Tmin corresponds to the scenario in Fig. 4.6 with v, = 1 for all k. Note also
that, as the cell radius gets increased, the variance of the received power and therefore
the probability of having a relevant fraction of active users exhibiting very poor channel
characteristics becomes larger. We observe that TBMC is the most robust scheme with
respect to the received power variance. Instead, despite achieving great performance for
50 users when the received power is equal for all users (see Fig 4.6), the FASURA scheme is
shown to be more sensitive to the received power variance, especially for 20 < rpax < 60.
This aspect, which should be further investigated, is most likely related to the energy
detection phase, which is carried out as the first step at the decoder. Moreover, as shown
in Fig 4.6, the pilot-based scheme achieves very poor performance for 50 users and ~; = 1

for all k. For this reason, its results are not reported in Fig. 4.7.

4.7 Summary

In this chapter, we investigated TBM and TBMC for the URA use case. At first, the state-
of-the-art URA solutions have been discussed, with a particular focus on the case of MIMO
receivers. Then, we discussed an enhanced TBM design making use of powerful FEC. soft-
decoding and SIC, and introducing the TBMC scheme. In TBMC, the users’ payloads
and the channel resources are split into two sub-blocks for unsourced and coherent signal
transmissions, respectively. For the unsourced signals, TBM with state-of-the-art FEC
coding is used to encode a fraction of the message. Then, a NOMA scheme is used for
the coherent signal transmissions. At the receiver, soft decoding and SIC are adopted
to mitigate the interference effects. We analyze the DoF achievable with both TBM and
TBMC under different resource splitting policies and assessed the energy efficiency of such
schemes. Numerical results show that with respect to TBM, the TBMC scheme achieves
better energy efficiency, approaching the achievability bound for a moderate number of

active users. Finally, in a comparison with state-of-the-art solutions, TBMC is shown to
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be more robust to large-scale fading effects.
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Conclusions

In this thesis, we have presented significant advancements in multiple access schemes
for future wireless communication systems, in both the contexts of MTC and IRS-aided
cellular networks.

After an introduction to OMA and NOMA approaches for both uplink and downlink
transmissions, our exploration began with the introduction of PIMA, a novel semi-GF
multiple access protocol designed for short packet transmissions in uplink OMA systems.
We provided analytical solutions for scheduling optimality in the case of i.i.d. user activa-
tions, which were supported by the numerical results. Our theoretical analysis extended to
correlated user activations, modeling PIMA as a PO-MDP, and optimizing the scheduling
using the GFEO algorithm. The results demonstrated PIMA’s superior performance in
reducing latency and adapting to different traffic conditions, outperforming existing OMA
solutions. Further, we delved into correlated packet generations, proposing a distributed
learning-based scheduler. By modeling users in a Markov game of incomplete information
and applying the LRI algorithm, we derived strategies leading to pure Nash equilibria.
This approach significantly outperformed contemporary correlation-based OMA schemes
in terms of throughput, especially under moderate traffic correlation and intensity.

Our focus then turned to a MIMO cellular network, exploring the integration of an IRS
to counteract deep blockage issues. We developed an optimized TDMA scheduling strat-
egy for downlink transmissions constrained by the IRS reconfiguration limits. Through
innovative clustering-based scheduling policies, we successfully reduced reconfiguration
needs while maximizing average sum capacity. Our findings showed that capacity-based

clustering was superior, achieving notable efficiencies in reconfiguration and communi-
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cation. Then, we examined OFDMA downlink scheduling in an IRS-assisted multi-user
MIMO system. Facing again the challenge of limited IRS reconfigurations, we formulated
the problem as a generalized multi-knapsack problem. Our heuristic approach for joint
IRS configuration and resource allocation demonstrated remarkable effectiveness, nearly

reaching the optimal sum rate achieved by a GA-based strategy.

Lastly, our investigation shifted to NOMA, and, in particular, to the URA framework.
We presented TBM and TBMC in the context of URA, highlighting advancements in
MIMO receivers. We introduced an enhanced TBM design incorporating state-of-the-art
FEC, soft-decoding, and SIC. Then, we proposed TBMC, a hybrid approach leveraging
both TBM and NOMA, which efficiently splits resources for unsourced and coherent signal
transmissions. TBMC energy efficiency and robustness against large-scale fading effects
marked a significant improvement over traditional TBM and other state-of-the-art URA

solutions, approaching the theoretical bounds for moderate numbers of active users.

Future Research Directions. Future research should focus on several key areas to further
advance the field of multiple access. Firstly, there is a crucial need for the exploration
and development of advanced learning algorithms tailored to handle correlated user acti-
vations. As wireless networks become increasingly dense and interconnected, effectively
managing the behavior of correlated user activations is pivotal. Sophisticated machine
learning techniques, such as deep learning and reinforcement learning, could help to accu-
rately predict and dynamically adjust the scheduling to correlated user patterns. These
algorithms must be capable of adapting to both uplink OMA and NOMA systems, where
the challenges of interference mitigation and resource allocation differ significantly. Sec-
ondly, the integration of NOMA scheduling in multi-user IRS-aided communication is
a promising research direction. Particularly in dense urban environments or areas with
challenging propagation conditions, leveraging NOMA alongside IRS can significantly en-
hance spectral efficiency and coverage. Investigating the optimal deployment strategies,
beamforming techniques, and resource allocation algorithms in such scenarios is crucial
for unlocking the full potential of NOMA-IRS synergy. Thirdly, other advances for the
tensor-based approaches for URA should be discussed. In particular, the optimality of
the resource and payload split in TBM as well as the adoption of code-domain NOMA for
the coherent transmissions are still a subject of debate. Theoretical studies are needed to
elucidate the trade-offs and performance bounds associated with these approaches. Ad-
ditionally, ensuring the scalability of TBM and TBMC is essential to accommodate the
diverse requirements of modern wireless networks. This entails addressing the challenges
posed by a large number of devices, varying traffic patterns, and fluctuating payload

sizes while maintaining efficiency and fairness. Finally, for all the aforementioned future
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research directions at the physical layer, the interaction between physical and higher net-
work layers protocols could lead to more integrated and efficient network operations. By
jointly optimizing parameters across different layers, such as modulation schemes, resource
allocation, and routing protocols, network performance can maximized while satisfying
diverse quality-of-service requirements. This approach holds the potential to unlock new

insights and innovations ensuring greater efficiency and reliability.
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