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Abstract

Massive machine-type communications (mMTC) serve as the backbone for future internet of
things (IoT) applications. Characterized by sporadic traffic from a massive number of
connected devices, mMTC presents unique challenges for traditional channel access protocols.
To address this, grant-free random access has been widely adopted as a key enabler of mMTC.
The major advantage of grant-free random access is its ability to eliminate the four-step
handshaking protocol used in previous communications systems. However, it introduces pilot
collisions that renders device activity detection and channel estimation difficult. The central
challenge in implementing grant-free access therefore lies in the joint activity detection and
channel estimation (JADCE) problem. Although extensive research exists on solving the
JADCE as a sparse recovery, most studies employ overly simplistic assumptions regarding both
the structure of the propagation channel and the traffic patterns within mMTC networks.

This thesis addresses the JADCE problem by focusing on two distinct categories of mMTC
networks. The first category involves mMTC networks that operate under spatially correlated
channels. The aim here is to go beyond the often-used simplistic models in the literature by
employing more realistic and practical channel models that take into account the correlated
nature of multi-input multi-output (MIMO) channels. The second category considers mMTC
networks where device activities are correlated, capturing a more nuanced realization of real-
world device interactions within the large-scale IoT network.

To address these issues, this thesis aims to propose, develop and optimize various sparse
recovery algorithms for the JADCE solution. These solutions are developed within both
deterministic and Bayesian frameworks to account for different levels of available prior
information, both in terms of channel statistics and device activity patterns. Furthermore, the
thesis goes beyond its algorithmic contributions to provide an in-depth theoretical analysis of
the device activity problem.

By leveraging the correlation structures in practical mMTC, this thesis develops multiple
solutions that achieve equivalent performance metrics to current state-of-the-art solutions but
with reduced signaling overhead and computationally efficient implementation.

Keywords: activity detection, channel estimation, correlated activity pattern, massive
machine-type communications, sparse recovery algorithm, spatially correlated channel,
sporadic activity
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Tiivistelmdi

Massiivinen konetyyppinen tietoliikenne (mMTC) toimii tulevaisuuden esineiden internetin
(IoT) sovellusten selkdrankana. Massiiviselle konetyyppiselle viestinnédlle on ominaista
satunnainen liikkenne valtavasta médrdstd yhdistettyjd laitteita. Se tuo wuusia haasteita
perinteisille kanavayhteysprotokollille. Tdmén ratkaisemiseksi skeduloimaton satunnaiskayttd
on mMTC:n keskeinen mahdollistaja. Skeduloimattoman satunnaiskdyton etu on sen kyky
poistaa aiemmissa viestintdjarjestelmissd kaytetty nelivaiheinen kéttelyprotokolla. Se tuo
kuitenkin mukanaan pakettitdrmayksid, jotka vaikeuttavat laitetoiminnan havaitsemista ja
kanavaestimointia. Néin ollen keskeinen haaste skeduloimattoman kdyton toteuttamisessa on
yhteisen toiminnan havaitsemisen ja kanavaestimoinnin (joint activity detection and channel
estimation, JADCE) ongelma. Vaikka ongelman ratkaisemista harvana signaalin
rekonstruktiona on tutkittu laajasti, useimmissa tutkimuksissa kdytetddn liian yksinkertaisia
oletuksia sekd radiokanavasta ettd mMTC-verkkojen liikennemalleista.

Téssé viitoskirjassa JADCE-ongelmaa kasitellddn keskittymélld kahteen erityiseen mMTC-
verkkojen luokkaan. Ensimmaéinen luokka koostuu mMTC-verkoista, jotka toimivat tilatasossa
korreloivissa kanavissa. Niiden osalta syvennetddn kirjallisuudessa usein kéytettyja
yksinkertaistettuja malleja hyodyntdmaélld realistisempia ja kadytdnnollisempid kanavamalleja,
joissa otetaan huomioon MIMO-kanavien (Multiple-Input Multiple-Output) korreloiva luonne.
Toisessa luokassa tarkastellaan mMTC-verkkoja, joissa laitetoiminnot korreloivat keskendén.
Siini otetaan tarkemmin ja monipuolisemmin huomioon todelliset laitevuorovaikutukset suuren
mittakaavan IoT-verkossa.

Y14 kuvattujen tutkimuskysymysten selvittdimiseksi tdmédn viitdskirjan tavoitteena on
suunnitella, kehittdd ja optimoida erilaisia harvaa rekonstruktiota kdyttdvii algoritmeja JADCE-
ratkaisua varten. Ndmid ratkaisut on kehitetty sekd deterministisessd ettd bayesilaisessa
viitekehyksesséd, jotta voidaan ottaa huomioon saatavilla olevan tiedon eri tasot sekd
kanavastatistiikkojen ettd laitetoiminnan mallien osalta. Algoritmeja koskevien havaintojen
liséiksi viitoskirja tarjoaa syvillisen teoreettisen analyysin laiteaktiivisuuden havaitsemisesta.

Hyodyntdmalla korrelaatiorakenteita kéytdnnon massiivisessa konetyyppisessd viestinndssa
tdimé véitoskirja kehittdd useita ratkaisuja, joilla saavutetaan vastaava suorituskyky kuin
nykyisilld huipputason ratkaisuilla mutta joilla on pienempi signaloinnin yleisrasite ja
laskennallisesti tehokas toteutus.

Asiasanat: harva rekonstruktio, kanavaestimointi, korreloiva laiteaktiivisuus,
laiteaktiivisuuden havaitseminen, massiivinen konetyyppinen viestintd, satunnainen
toiminta, tilatasossa korreloiva kanava
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cluster activity indicator vector
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noise term in the equivalent linear model of the AMP algorithm
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a generic random variable

small positive parameter to adjust the steepness of fy(.

denotes the set of dual variable matrices {A1,...,An} in the cov-ADMM
algorithm

denotes the set of dual variable matrix in cov-IRW-ADMM, MAP-ADMM
and corr-MAP-ADMM algorithms

denotes the set of dual variable matrix in cov-IRW-ADMM, MAP-ADMM
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prior knowledge of the average covariance matrix Ry,

Calligraphy letter notations:

o

the set active devices
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1 Introduction

1.1 Motivation and significance

The rapid progress of 5th Generation (5G) wireless networks has paved the way for
delivering ubiquitous and reliable connectivity to a massive number of Internet of
Things (IoT) devices. As a result, there has been an exponential explosive growth in
the number of connected IoT devices, catalyzing the proliferation of widespread IoT
applications across various domains, including autonomous mobility [1], healthcare [2],
smart factories [3], home automation [4], and more. By the end of 2022, the global count
of interconnected 10T devices had reached a staggering 13.2 billion, with projections
from the Ericsson Mobility Report [5] forecasting an increase to 34.7 billion by 2028.
This exponential growth underscores the critical role of IoT in reshaping our world and
underscores the importance of efficient and effective IoT communications systems.

To fully harness the advantages of massive IoT networks, the key lies in deploying
reliable wireless access technology. Conventional solutions have often relied on
cost-effective technologies such as Bluetooth [6, 7] and WiFi [8]. However, these
technologies have limitations when deployed on a large scale, as they are primarily
designed to accommodate a limited number of devices within a short-range wireless
network. This necessitates the design of seamless channel access schemes for the new
era of massive IoT networks [9].

To ensure dependable connectivity for a vast number of IoT devices, with densities
reaching up to 1 million devices per square kilometer, the third generation partnership
project (3GPP) has designated massive machine-type communications (mMTC) as a
primary use case within the framework of 5G wireless networks [10]. In addition, two
distinct cellular technologies have been proposed to facilitate the deployment of mMTC:
narrow-band IoT (NB-IoT), tailored for fixed and low-rate scenarios, and LTE-machine
(LTE-M), designed for mobile and high-rate applications [11, 12]. Therefore, the
existing architecture and technology of cellular networks serve as a robust foundation
for the practical realization of massive IoT [13].

In addition to the mMTC, 5G encompasses two other essential use cases: enhanced
mobile broadband (eMBB) and ultra-reliable low-latency communications (URLLC)
[14, 15]. In particular, eMBB is primarily designed for human-type communications
(HTC) or human-to-human communications. Its goal is to provide higher data throughput
to a relatively small number of users, enabling access to multimedia content, services,
and data such as 3D video streaming and augmented reality experiences. On the other
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hand, URLLC places stringent requirements on capabilities such as throughput, latency,
and availability. It aims to deliver guaranteed quality of service (QoS) for critical
missions such as tele-surgery and intelligent transportation in which ultra-reliable and
low-latency communications is vital.

In contrasts with both eMBB and URLLC, the practical mMTC networks are
envisioned to embody the following key characteristics [9, 10, 16]

— Sporadic transmission: Unlike traditional communications systems, which often
involve continuous data streams, mMTC is geared towards facilitating sporadic data
transmissions. IoT devices, many of which have single antennas due to size and power
limitations, transmit data only when specific events occur or at periodic intervals.

— Small-size packet communications: In many IoT applications, the data packets
transmitted are quite small. For example, a temperature sensor might send only a few
bytes of data at a time.

— Predominance of uplink traffic: Given the nature of IoT deployments, the data
traffic is usually from the devices towards a centralized multiple-antenna base station
(BS). This configuration enables efficient data aggregation and processing at the
BS, which often possesses greater computational power and energy resources than
individual IoT devices.

— Moderate constraints on data reliability and latency: While some applications may
require high reliability and low latency, mMTC generally operates under moderate
constraints for these metrics. This means the system is designed to tolerate a
certain level of data loss or delays, which makes it adaptable to a wide range of
IoT applications—from industrial sensors to smart agriculture—that may not have
stringent real-time requirements.

The inherent characteristics of mMTC, such as sporadic transmission, small data
sizes, and tolerance of moderate delays, requiring a rethinking QoS metrics and traffic
management strategies. The efficiency of the allocation of resources to accommodate
this sporadic and often asynchronous communications behaviour is a non-trivial task.
For instance, how efficiently allocating resources to accommodate this sporadic and
often asynchronous communications behavior is a non-trivial task. Thus, novel resource
allocation algorithms that strike a balance between conserving energy, maximizing
network capacity, and ensuring timely delivery of data are required. Secondly, rethinking
the channel access protocols may be necessary to effectively accommodate the massive
concurrency and sporadic nature of mMTC traffic.

In conclusion, while mMTC networks hold great promise for revolutionizing various
industries through the connectivity of a massive number of devices, they introduce a
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new set of challenges. To harness their full potential, significant upgrades in resource
allocation strategies, channel access protocols, and traffic management techniques are
essential. Addressing these challenges is imperative for the successful deployment and
operation of mMTC networks in the 5G and beyond wireless ecosystem.

1.2 Grant-free access in mMTC

Conventional cellular network solutions have predominantly relied on orthogonal
multiple access (OMA) and grant-based access protocols [9, 17]. These techniques have
traditionally been developed with a focus on serving HTC requirements, prioritizing
high data rates for a limited number of users. Nevertheless, since high data rates are not a
major concern in mMTC, conventional channel access protocols prove to be ill-suited for
mMTC. In conventional channel access protocols, each device is allocated a dedicated
transmission resource. However, given that IoT devices are not continuously active, this
approach often leads to inefficient resource allocation. In such cases, numerous resource
blocks may remain unused, resulting in sub-optimal network performance [17].

Optimizing channel access protocols to meet the distinctive demands of mMTC,
including high network density, energy efficiency, and minimal signaling overhead,
presents a substantial challenge. In 5G networks, any device seeking to transmit data to
the BS must initially establish a connection using a designated random access protocol.
Consequently, the development of efficient random channel access protocols has been
recognized as the primary performance bottleneck in mMTC [18].

In practice, the procedure of a typical grant-based random access protocol, in
LTE/LTE-advanced (LTE-A), for example, includes four transmission steps [19], as
depicted in Fig. 1: 1) Each active device randomly selects a pilot sequence from a
predefined set of orthogonal sequences and informs the BS that it has become active; 2)
the BS responds to each device with a grant to transmit its data; 3) each active device
sends a connection request containing the selected pilot sequence to request resources
for data transmission; 4) if a pilot sequence is selected by only one active device, the BS
authorizes the corresponding request and sends a contention-resolution message to
inform the active device about the allocated resources. Otherwise, the access request is
not granted.

The main advantage of the grant-based random access protocol is the simple process-
ing at the BS. However, in the context of massive access, it has several shortcomings.
First, due to the limited coherence time and sequence length, the number of orthogonal
sequences is finite. Subsequently, there is a high probability that two devices will
select the same pilot sequence, causing access failures and delays. More importantly,
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Fig. 1. A typical grant-based random access protocol in LTE/LTE-A.

the access delay inevitably increases as the number of devices increases. Second, the
first and third phases include only pilot sequence and no information data. Thus, the
signalling overhead would be prohibitively large, given that the actual information
data in practice are very short. Third, the high signalling overhead will also increase
the power consumption of battery-operated IoT devices, hence reducing their lifespan.
Finally, allocating entire resource blocks to each device is not feasible, given the large
number of devices. Moreover, it is inefficient, as IoT devices are not always active,
leaving several resource blocks unused and rendering performance sub-optimal.

Given the complexities and unique requirements of mMTC networks, two critical
questions arise that require further exploration:

1. What are the most effective methods for efficiently allocating the available channel
resources among a diverse and dynamically changing set of connected or active IoT
devices?

2. How can channel access protocols be optimized to not only meet the requirements
of mMTC but also significantly improve energy efficiency and reduce signaling
overhead?

Resource allocation has been addressed using non-orthogonal multiple access
(NOMA) protocols, where different connected devices share the same radio resource
block [17]. This is particularly useful in massive 0T networks characterized by
sporadic traffic and a demand for energy-efficient protocols. In such settings, inactive
devices are likely to opt for an idle mode, reducing the likelihood of simultaneous
channel resource use. The fundamental premise of NOMA is to support non-orthogonal
resource allocation among all the connected devices at the cost of complicated receiver
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Fig. 2. Grant-free access mechanism as described in [22].

design. Several NOMA solutions have been investigated in the literature, which can be
categorized into either power-domain NOMA or code-domain NOMA [20].

While NOMA would solve the resource allocation issue, it fails to efficiently
address the issue of massive channel access. Recently, a significant amount of research
focused on enhancing random access protocols to address the challenges associated
with massive random access. Among the newly proposed protocols, grant-free random
access protocols [18, 21, 22, 23] have received increasing attention. For example, in a
practical grant-free access protocol, the active devices access the channel and transmit
their uplink (UL) data in a single shot without undergoing four-steps channel access
protocols [22], as shown in Fig. 2. The inherent advantage of combining pilot sequence
and information data within a single step in grant-free access is the reduced signaling
overhead and the improved energy efficiency of the IoT devices.

The paramount challenge in grant-free access protocol is to reliably identify the set
of active devices that have transmitted their pilot sequences to the BS. Moreover, the BS
may need to estimate the active devices channels’ information to preform coherent
data detection. Indeed, the problem of joint activity detection and channel estimation
(JADCE) is the result of the deployment of non-orthogonal pilot sequences and the
massive number of devices, meaning the received pilot signal at the BS suffers from
high co-channel interference [9]. It is therefore necessary to utilize sophisticated signal
processing techniques to design and optimize computationally-efficient JADCE solution.
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Fig. 3. lllustration of a standard uplink mMTC scenario with a single BS and sporadically
active devices.

1.3 Device activity detection and channel estimation

This section introduces a general mathematical model for uplink transmission in grant-
free access. This model will serve as the foundational framework for the problem
explored throughout the thesis.

This thesis considers the conventional massive random access problem in mMTC, as
depicted in Fig. 3. More precisely, we consider a single cell mMTC network consisting
of a single BS equipped with M antennas serving a set of N = {1,... N} devices in a
sporadic uplink only communication.

Activity model

During each coherence interval, there is generaly at most K << N devices that are in an
active state, i.e., they need to transmit their UL data to the BS. The active devices are
considered to belong to set &7 C A, |o/| = K. The device activity state is modeled by
the activity state binary vector Y= [, ..., Yv]|, such that

1, ied
Yi= .
0, otherwise.

Since only K devices are active at any particular coherence interval, the vector ¥ exhibits
a sparse structure.
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Exploiting the sparsity within the activity of devices is a pivotal step in designing
efficient and reliable solutions for the JADCE problem. Therefore, it is of utmost
importance to leverage any structure within the underlying sparse activity patterns. In
practical scenarios, two broad categories of activity patterns are commonly observed:
1) Independent activity pattern: This is the most widely considered in mainstream
discussions of the massive random access problem. It models scenarios such as an [oT
network where each device is assigned an independent task, resulting in device activities
that are unrelated and can be considered mutually independent. 2) Correlated activity
pattern: This arises naturally in large-scale and dense IoT applications following an
event-triggered traffic model. It is particularly relevant in practical MTC networks where
devices are organized into clusters for specific monitoring tasks. For instance, consider
a sensor-equipped manufacturing facility monitoring automated machinery. When a
significant event occurs in any machine, the corresponding sensors often transmit uplink
data to the BS simultaneously, resulting in a correlated activity pattern.

Pilot sequences assignment

In grant-free access, each device receives a pre-assigned unique pilot sequence, denoted
here as ¢;, that serves as an identifier. Given that the number of mMTC devices is
expected to be extremely large, employing orthogonal pilot sequences such as Zadoff-
Chu (ZC) sequences may be impractical for massive access. Specifically, the constraints
of the limited coherence interval, the large number of connected IoT devices, and the
finite set of possible (sub)-orthogonal pilot sequence combinations make it unfeasible to
allocate a unique orthogonal sequence to each device. To address this issue, the pilot
sequences are drawn from a large pool of non-orthogonal sequences to form the pilot
sequence code book, denoted here as @ = [ ,..., ]

Uplink transmission

In grant-free access, each transmission interval is divided into two stages. In the first
stage, the active devices transmit their identifier to the BS. The remaining transmission
interval is used to transmit the UL data!. Subsequently, based on its received signal,
the BS aims to detect the active devices and estimate their instantaneous channel state
information by detecting which pilot sequences have been transmitted.

'We assume that all the devices and the BS are perfectly synchronized.
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The received signal during the pilot transmission phase, denoted as Y, is given by

N
Y=Y 7o +W=0X"+W, (1)
=1

L

where h; denotes the channel response between the ith device and the BS, x; = yh;
denotes the effective channel vector, X = [Xj,...,xy], and W represents the additive
noise at the BS.

While the use of non-orthogonal signature sequences as device identifiers removes
the need for contention resolution, it makes the task of joint device activity detection
and channel estimation at the BS more challenging. For instance, if the sequences are
generated from an orthogonal pilot code book, the JADCE can be simply solved by
applying a matched filter on the received signal. However, due to the non-orthogonality
of the pilot sequence, a simple solution like a matched filter is no longer applicable
to solve the JADCE problem. Therefore, advanced signal processing techniques are
therefore required.

The sparse device activity pattern induced by the sporadic transmissions in mMTC
motivates the formulation of JADCE as a compressive sensing (CS) problem [24,
25, 26]. Traditionally, CS is characterized by an under-determined system of linear
equations aimed at recovering a high-dimensional sparse signal vector from a low-
dimensional single measurement vector (SMV). Furthermore, as the BS senses the same
sparse activity from different antennas, the JADCE problem extends to the multiple
measurement vector (MMYV) CS framework. One such extension, known as the MMV
problem, generalizes sparse signal recovery or the SMV problem to cases where a group
of measurement vectors has been obtained from a set of signal vectors that are assumed
to be jointly sparse, sharing a common support, i.e., the positions of the nonzero rows of
the unknown sparse matrix.

1.4 Literature review

The JADCE problem has gained significant attention, leading to a substantial body of
research that addresses it as a sparse recovery problem. To set the stage, we first present
a concise literature review of the main techniques deployed to solve such problem.

1.4.1 Compressive sensing overview

Compressive sensing (CS) is a signal processing technique with applications in various
fields such as communications, imaging, and data science [27]. The fundamental idea
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behind CS is the efficient acquisition and reconstruction of a signal that is sparse or
compressible in some basis.

In classical signal processing, the Shannon-Nyquist sampling theorem dictates the
sampling rate necessary to capture all the information contained in a signal. According
to the theorem, the signal must be sampled at a rate that is at least at twice its highest
frequency to guarantee its perfect reconstruction. However, this classical notion is
challenged by the CS theory, which states that, under certain conditions, a sparse signal
can be sampled at much lower rates than dictated by the Nyquist-Shannon theorem and
still be perfectly reconstructed [27].

Mathematically speaking, the CS problem aims to recover a high-dimensional sparse
vector X from its low-dimensional measurement vector y. The transformation of x into y
is a mapping through a matrix ¢, known as the sensing matrix, as follows

y=0x+w. (2)
The canonical CS recovery formulation, in the noiseless case, is given as
min |[x|lp st Px=y, 3)
X

where || - ||o denotes the ¢y-norm defined as the number of nonzero elements of the
argument. However, since the observation is practically always noisy in real-world
applications, one can relax the equality constraint to rewrite the noiseless CS problem in
its noisy version as

min|jxflo st [[Px—yl}2 <eé, 4)

where &, is a positive small parameter that denotes a tolerable error due to the additive
noise w.

Solving the constrained optimization problems outlined in (3) and (4) is typically an
NP-hard task. Exact solutions are therefore unattainable using traditional computational
techniques, especially in the context of large-scale optimization. To address this issue,
the literature presents various algorithms designed to relax the optimization problems (3)
and (4). Broadly speaking, the most prominent algorithms for sparse recovery problems
can be categorized into the following classes: 1) convex optimization approaches [28]; 2)
iterative methods such as approximate message passing (AMP) [29]; 3) sparse Bayesian
learning (SBL) [30]; and 4) greedy algorithms [31]. The current literature suggests that
greedy pursuit techniques are generally outperformed by mixed-norm minimization
approaches. The latter are in turn surpassed by AMP and SBL methods [29]. In the
following subsection, we will briefly introduce each of the main classes of sparse
recovery algorithms.
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Greedy algorithm

One way to avoid solving the non-convex optimization problem (3) is to utilize greedy
algorithms. Instead of solving the non-convex problem explicitly, greedy algorithms
employ an iterative approach that seeks to make locally optimal decisions in each
iteration, leading to sub-optimal solutions.

Since the sparse signal x contains only a few nonzero elements, in the absence of
noise, the measurement matrix y is in a space supported by a sub-matrix of & determined
by the support of the vector x. Greedy algorithms estimate the unknown support of x by
evaluating the correlation between a residual from the measurement matrix y and the
sensing matrix ®. The most widely used greedy algorithm is the orthogonal matching
pursuit (OMP) [32], which solves the sparse signal recovery problem in the SMV setup
by detecting a single nonzero element at each iteration.

Additionally, several variants of the OMP have been proposed, including the
compressive sampling matching pursuit (CoSaMP) [33] and subspace pursuit (SP) [34].
Both of these algorithms aim to accelerate algorithm convergence by detecting more
than one nonzero element per iteration. Furthermore, an extension tailored to the MMV
setup has been introduced in [31] to harness the joint sparsity pattern in the unknown
sparse signal, capitalizing on both the intra-signal and inter-signal sparsity structures.
Furthermore, the group orthogonal matching pursuit (GOMP) [35] builds on the OMP
by integrating any previous knowledge of the signal’s bock-sparsity structure to improve
support detection accuracy.

While greedy algorithms are generally simple to implement, their performance often
falls short compared to state-of-the-art algorithms in noisy scenarios. This is because
they lack a feedback mechanism to rectify errors made in previous iterations.

Convex optimization

Another strategy for finding a feasible solution to the CS problems (3) and (4) is to relax
the combinatorial /yp-norm penalty using the convex ¢;-norm instead. Indeed, due to
the convex nature of /;-norm and its tendency to promote sparse solutions, £;-norm
minimization has been a focus in the development of sparse recovery methods.

Chen et al. proposed the basis pursuit (BP) algorithm to solve the optimization
problem (3) by formulating the CS problem as

min|x||; st dx=y. Q)
X
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Furthermore, the BP has been modified to accommodate the noisy scenario through the
basis pursuit denoising (BPDN) algorithm [36], which reformulates the CS problem as

min ||&x —yl|2 + A |[x[1, (©)

for some positive parameter A that controls the sparsity of the solution. Indeed, the
BPDN formulation bears resemblance to Tibshirani’s seminal work [37], in which he
introduced the least absolute shrinkage and selection operator (LASSO) that solves

mxin||<l>x—y||2 st |Ix][1 < &, @)

Given that BP, BPDN, and LASSO are convex problems, they are readily solvable using
standard optimization tools.

While many studies have explored /;-norm minimization, it was the pioneering
studies in [38, 39] that truly ignited a proliferation in related works and applications
leveraging CS recovery algorithms. More precisely, these studies provided rigorous
theoretical conditions, focusing on the structure of the sensing matrix and the number of
measurements within the observation signal, to achieve perfect sparse recovery from a
limited set of linear, non-adaptive measurements. For example, Donoho showed in [38]
that in the noiseless case, the non-convex problem (3) could be equivalently solved via
the BP algorithm. In addition, Candés ef al. [39] showed that for a sufficiently sparse
signal, an /;-norm penalty could lead to an optimal solution for the CS problem even in
the noisy case.

Alternative to the £yp-norm are the iterative hard-thresholding methods [40], the non-
convex £, pseudo-norm (0 < p < 1) minimization [41], and the iteratively reweighted
£1-norm [42]. For the MMV case, a mixed norm approach has been proposed, such
as the group LASSO [43], the ¢» ;-norm [44], the atomic norm [45], and iterative
reweighted ¢, [46].

Sparse Bayesian learning

While optimization approaches offer significant improvements over greedy algorithms,
they predominantly rely on deterministic regularization. This focus on deterministic
methods neglects any prior knowledge of the data, potentially leading to sub-optimal
performance in sparse recovery. To address this limitation, numerous studies have
reformulated the CS problem within a Bayesian framework [47]. The Bayesian approach
brings several unique advantages to traditional formulations, including the ability to
make probabilistic predictions, the automatic incorporation and estimation of model
parameters, and the provision of theoretical means to assess the quality of the recovered
signal.
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In a typical sparse recovery problem from the Bayesian inference perspective, the
parameters to be estimated—specifically, the components of the sparse signal x—are
treated as random variables (vectors) and assigned with a probability distribution
function (PDF) to reflect any available prior knowledge of these parameters. One of
the most prominent approaches in Bayesian compressed sensing (BCS) is the SBL
algorithm [48, 49]. SBL adapts the relevance vector machine (RVM) concept proposed
in [49] to the CS problem. A key feature of the RVM mechanism is its ability to suppress
elements that do not contribute significantly to the reconstructed signal, thereby yielding
a sparse solution.

In the SBL framework, the sparse signal X is treated as a random variable and
modeled in accordance with a sparsity-promoting distribution parameterized by a set
of hyper-parameters E. Two popular signal priors that have already been explored
in the CS Bayesian literature are the Bernoulli-Gaussian prior (also known as the
spike-and-slab-prior) and the Gaussian prior. Subsequently, instead of finding a point
estimate for x, the SBL framework aims to infer the posterior distribution p(x|Z*,y)
where E* maximizes the evidence function p(y|E*).

One main advantage of SBL compared to other conventional CS methods is that it
does not require prior knowledge of signal sparsity or noise levels, as both are inferred
automatically using the RVM mechanism through the inference process [48]. Note
that many CS recovery schemes can be viewed from the Bayesian perspective. For
example, the LASSO problem can be interpreted as maximum a posteriori probability
(MAP) estimation under a Bayesian model with a sparseness-inducing prior drawn from
a Laplacian distribution [48]. For the MMV case, both MSBL [30] and T-SBL [50] have
been proposed to exploit the joint sparsity and the temporal correlation of the ensemble
of the sparse signals respectively.

A known limitation of SBL is the prohibitively high computational costs of the
inference algorithm due to the requirement to evaluate a dense covariance matrix at each
iteration. SBL (and its variants) may therefore not always be suitable when applied to
large-scale problems such as activity detection and channel estimation in mMTC.

Approximate message passing

The AMP algorithm introduced by Donoho et al. in [51] has emerged as a significant
and efficient algorithmic framework to solve the CS problems. AMP is an iterative
algorithm that operates as follows

Z(t> — y_(bx([) _’_u(t)’ (8)
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where (¢) denotes the iteration index, n()(-) is a component-wise separable denoising
function, and u) is a correction term that is unique to the AMP, and the so-called
Onsager term. While the AMP shares similarities with the iterative soft thresholding
algorithm (ISTA) (where u) = 0), it distinguishes itself through the incorporation of
the Onsager term. This inclusion notably accelerates the convergence rate of AMP, also
enhancing its robustness [52].

One of the key features of AMP lies in its flexibility to design the denoising function
n(-) in a way that promotes sparsity. For example, AMP can be considered a relaxed
version of the BP algorithm when no prior knowledge about the distribution of the
sparse signal x is available. In this scenario, the denoising function 1(-), adheres to a
min-max framework via the the soft thresholding operator [53]. Conversely, Donoho et
al. [54] introduced a Bayesian variant of AMP, which is applicable when the distribution
of the sparse signal is known a priori. Here, the denoising function 7(-) is designed
based on the minimum mean-squared error (MMSE) criterion. Further extending this
work, Vila [55] proposed an innovative AMP-based algorithm aimed at learning both the
signal distribution and the noise variance while concurrently recovering the sparse signal.
Remarkably, the quality of reconstruction achieved through this method is comparable
to an AMP algorithm developed within a comprehensive Bayesian framework, where
both the signal distribution and noise levels are known.

The cornerstone of the AMP algorithm success and popularity is its state evolution
(SE) analysis. This analytical tool allows the prediction of the mean squared error
(MSE) per iteration under large i.i.d. sub-Gaussian sensing matrices [52] and finite
size i.i.d. sub-Gaussian sensing matrices [56]. Nonetheless, AMP has been noted to
suffer from divergence for non i.i.d sub-Gaussian sensing matrices [57]. To address this
issue, several variants of the AMP have been proposed in the literature. For instance,
the orthogonal AMP (OAMP) has been proposed in [58] for general unitary-invariant
matrices. However, due to the matrix inversion required at each iteration, OAMP
suffers from high computational complexity. Rangan et al. proposed in [59] the vector
approximate message passing (VAMP) algorithm, which provides a robust performance
for a much broader class of large random matrices. Furthermore, they provide a rigorous
theoretical analysis for the SE under right-orthogonal invariant random matrices.

Covariance approach

A new class of sparse recovery algorithm, namely the covaraince-based approach has
been introduced in [60, 61]. Indeed, the covariance approach was originally proposed to
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tackle the activity detection problem in massive access. Haghighatshoar ef al. [60]
leveraged the fact that the BS is equipped with a large number of antennas in practice,
allowing an accurate covariance matrix estimate of the received signal at the BS. The
covariance approach formulates the detection problem as a maximum likelihood (ML)
problem, treating the signal coefficients as deterministic unknowns.

One of the key advantages of the covariance-based approach is its ability to identify
the support of a sparse signal, using short pilot sequences. More precisely, a scaling law
has been established, stating that the support of the signal can be reliably recovered when
the cardinality of the signal support is in the quadratic order of the pilot sequences length
under a non-negative least squares (NNLS) formulation [61]. A similar conclusion
was reached using a maximum likelihood approach and Fisher information analysis, as
detailed in [62]. On the other hand, unlike traditional CS sparse recovery algorithms, the
covariance-based approach focuses primarily on detecting the support of the sparse
signal, without estimating its coefficients.

1.4.2 CS-based JADCE

Numerous solutions for JADCE that employ greedy algorithms have been reported in the
literature [63, 64, 65, 66, 67]. For instance, one of the earliest solutions to the JADCE
problem in an SMV setup, i.e, when the BS is equipped with just one antenna, have been
proposed in [63], using a hierarchical block orthogonal matching pursuit (HBOMP).
Additionally, Wang et al. [68] introduced a CS-based device detection scheme that
leverages the structured sparsity across consecutive coherence intervals to improve
both active device and data detection. Meanwhile, Du et al. [65] have proposed a block
sparsity adaptive SP, which assimilates activity patterns from prior time slots to boost
the accuracy of device activity detection in the current coherence interval.

From a convex optimization perspective, the JADCE has been formulated as an
£, 1-norm minimization problem and solved via various methods such as the alternating
direction method of multipliers (ADMM) [69], augmented Lagrangian-based alternating
direction inexact Newton (ALADIN) [70], and block coordinate descent (BCD) [69, 71,
72]. Li et al. addressed JADCE in mMTC with asynchronous transmission using both
LASSO and sparsity-constrained methods [73]. Yuan et al. [74] addressed the JADCE
problem in a distributed mMTC system with mixed-analog-to-digital converters under
two different user traffic classes. Zhu et al. [75] addressed JADCE in millimeter-wave
(mmWave) channels where they leveraged the angular domain sparsity inherent in these
channels to formulate the JADCE problem as an atomic-norm minimization problem
and designed a solution based on ADMM. The authors in [76] provided a theoretical
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study of the performance of JADCE under a group LASSO formulation. More precisely,
they conducted a phase transition analysis to determine the minimum length of the pilot
sequence required to achieve a high probability of correct support recovery.

The covariance-based approach has also been applied to the problem of activity
detection when channel coefficients are known [61, 77, 62, 78]. For example, the
work in [61] formulated the device activity detection in a single-cell network as an
ML estimation problem and proposed a BCD-based approach to obtain a stationary
point for the ML estimation. To enhance the convergence rate of BCD, Dong et al.
[78] proposed a multi-arm bandit approach that aimed to select the coordinates that
would result in a more aggressive increase in the ML objective function. The same ML
estimation problem has been solved using gradient descent [77]. On the other hand,
Chen et al. [62] utilized the same formulation presented in [61] to solve joint activity
and data detection problem. An extension to multi-cell network has been proposed in
[79, 80, 81]. While the work in [79, 80] ignored inter-cell interference when designing
activity detection solutions, the work in [70] proposed a cooperative approach, where the
BS from different cells jointly estimated both active devices and inter-cell interference.

From the Bayesian perspective, the authors exploited the path loss information
and the joint sparsity structure in in [82], proposing a Bayesian CS-based algorithm
to efficiently detect device activity in an uplink cloud radio access network. The
authors in [83] deployed pattern-coupled sparse Bayesian learning [84] to exploit the
temporal correlation of the device activity state between consecutive coherence intervals.
Furthermore, the appealing properties of the Bayesian AMP have garnered significant
attention as a solution for the JADCE problem, as evidenced in numerous studies
such as [9, 85, 86, 87, 88, 89]. For instance, Chen ef al. addressed the user activity
detection problem in grant-free mMTC using AMP and derived analytical performance
of the proposed AMP algorithm in both SMV and MMV setups [9]. Liu et al. [85, 86]
extended the analysis of [9], conducting an asymptotic performance analysis for activity
detection, channel estimation, and achievable rate under the assumption of known LSFC.
Ke et al. [87] considered an enhanced mobile broadband network, investigatating the
performance of the generalized AMP algorithm that exploits the structured sparsity in
the multiple-input multiple-output (MIMO) channels. Senel and Larsson [88] designed a
non-coherent detection scheme for very short packet transmission by jointly detecting the
active users and transmitted information bits. An extension to cell-free mMTC networks
proposed in [90] utilized the prior knowledge of the devices position to assign adequate
prior distribution and solved the JADCE problem via expectation maximization-AMP
(EM-AMP). The authors in [89] addressed the JADCE problem in a mMTC network
assisted with a reconfigurable intelligent surface (RIS). Furthermore, they proposed an

39



AMP-based solution that exploited both the sparsity in the device activity pattern and
the sparsity of the RIS-to-BS channel in the angular domain.

Recently, conventional sparse recovery algorithms have been increasingly adapted to
develop machine-learning solutions that address the JADCE problem [91, 92, 93, 94, 95,
96, 97]. For instance, [92, 91] introduced data-driven auto-encoder architectures capable
of jointly optimizing the measurement matrix and the support recovery algorithm. On
the other hand, Cui ef al. focused on harnessing the inherent sparsity patterns in mMTC
networks and proposed a model-driven framework for JADCE in [98]. This framework
includes two distinct decoders, one based on MAP problem and another that utilizes a
group LASSO penalty, thereby enabling the joint design of pilot sequences and active
device detection. Additionally, model-driven JADCE solutions that employ known pilot
sequence code books have been proposed [94, 95, 97]. These solutions feature various
decoder architectures designed based on AMP [94], SBL [97], and LASSO [95]. It
is noteworthy that while machine-learning-based approaches often excel in terms of
accuracy and computational efficiency, they typically require extensive training on large
data sets and do not provide theoretical performance guarantees.

15 Thesis objectives

It is evident from the literature that CS-based JADCE solutions are a very promising
candidate for enabling grant-free access in mMTC. Given the plethora of available
work for solving the JADCE problem, it is therefore natural to investigate what, if any,
improvements can be made. After a careful analysis of the mainstream literature, two
notable gaps become apparent:

1. Uncorrelated fading channels: A prevalent simplifying assumption in many of these
studies is that the wireless channels between the devices and the BS are spatially
uncorrelated. This assumption often facilitates tractable performance analysis and
low-complexity algorithmic implementations. Nevertheless, this assumption does
not always hold in practice, as the MIMO channels are usually spatially correlated
[99, 100].

2. Independent activity pattern: Most existing works on JADCE address mMTC
networks with independent activity patterns among devices, typically modeling
scenarios where each device monitors an independent process and is randomly
activated. This does not fully capture the intricacies of more realistic IoT network
deployments. In practice, IoT devices are often organized into clusters, each
monitoring the same phenomena, which results in correlated activity patterns rather
than independent ones.
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In this thesis, we aim to propose, develop, and optimize several solutions to address the
JADCE problem in mMTC. These solutions are developed to investigate, address, and
exploit the spatial correlation of the MIMO channels between the connected devices
and the BS. Furthermore, the proposed solutions cater for various assumptions on
the device activity pattern and the availability of channel distributions information
(CDI). To achieve these objectives, we employ a range of well-established mathematical
methodologies, including:

— Convex optimization and decomposition techniques: These tools will be utilized
to formulate and solve optimization problems, breaking them down into more
manageable sub-problems when necessary.

— CS theory: We will apply principles from CS theory to address problems related to
sparse signal representation and reconstruction, which are often encountered in the
JADCE problem.

— Bayesian inference: Employing Bayesian methods will allow us to incorporate prior
knowledge into our algorithms, thus improving their robustness and accuracy.

The efficacy of the newly developed algorithms will be rigorously assessed through
extensive Monte-Carlo computer simulations, implemented in Matlab, to provide a
comprehensive numerical evaluation of their performance. By taking a multifaceted
approach that combines these mathematical tools and techniques, this thesis aims to
deliver innovative and practical solutions that advance the state-of-the-art in JADCE for
mMTC. The main objectives of this thesis are the following:

1. JADCE under spatially correlated channels: Initially, we aim to tackle the principal
shortcoming present in the existing solutions, which is the lack of accounting for
spatial correlations in channels between the BS and the devices. Addressing the
JADCE problem while considering the spatial correlation structure of channels
is imperative. This importance stems from two factors: first, practical MIMO
channels inherently exhibit such spatial structures, and second, the performance
of previously developed JADCE solutions may vary depending on the specific
correlation structures encountered in real-world scenarios [98].Indeed, to realistically
evaluate the performance of the JADCE problem, it is essential to employ channel
models that accurately reflect the core features of massive MIMO networks.

2. Efficient JADCE solutions for diverse scenarios: Our second objective is to
provide a range of versatile and robust JADCE solutions tailored to various system
model assumptions and prior information scenarios, regarding both the device activity
pattern and the availability of exact or limited CDI at the BS. For each of these
scenarios, our approach includes a thorough investigation and comparison of the
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proposed algorithms against state-of-the-art counterparts designed for similar setups
and similar levels of prior side information.

3. Theoretical analysis: Beyond algorithmic contributions, we aim to provide theoreti-
cal insights by analyzing the performance of AMP-based JADCE in the asymptotic
regime. Specifically, we use the state evolution of the AMP algorithm to characterize
user activity detection performance, deriving closed-form expressions for missed
detection and false alarm error probabilities.

1.6 Thesis outline and contributions

In this section, we outline the structure of the thesis and provide an overview of the
main contributions of each chapter.

Chapter 2

The main contributions of Chapter 2 are based on the journal publication [101] and the
conference paper [102]. The contribution on this chapter are twofold. First, we provide
a detailed mathematical overview of the JADCE problem in spatially correlated channels
in grant-free mMTC. Second, it addresses the JADCE problem under two different
assumptions of the availability of the second-order statistics at the BS. We therefore
made the following contribution: 1) For unknown CDI, we investigate the use of iterative
reweighted ¢, -minimization IRW-#; |). The core idea of the reweighted ¢, |-norm is
to suppress the magnitude dependency associated with the use of the ¢;-norm so that the
reweighted ¢;-minimization becomes closer to the sparsity optimal £y-minimization.
2) When the second order statistics are available to the BS, we formulate a novel
deterministic JADCE problem based on an iterative reweighted £ 1-norm optimization
problem augmented with a covariance matching penalty. Furthermore, we propose two
computationally efficient methods based on the ADMM framework to solve the JADCE
problem. The proposed approaches are shown, via computer simulations, to significantly
enhance the device activity detection accuracy and therefore the channel estimation
performance. Moreover, the proposed approaches achieve the same performance as
baseline deterministic MMV sparse recovery algorithms, yet with a smaller signaling
overhead.
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Chapter 3

The content in Chapter 3 is primarily based on the journal paper [103]. This chapter
maintains the same system model as Chapter 2 and addresses the JADCE problem
under the assumption that the CDI are available at the BS. In addition, Chapter 3
adopts a Bayesian perspective to address the JADCE problem. In this context, we
introduce a sparsity-inducing prior that characterizes the sporadic activity of the devices,
transforming the JADCE problem into a MAP estimation framework. This formulation
allows us to incorporate prior knowledge of the CDI through the Mahalanobis distance
measure. Moreover, through the application of an appropriate problem decomposition
technique, we transform the non-convex Bayesian MAP estimation into a multi-block
convex optimization problem. As a result, we derive a computationally efficient solution
based on ADMM that exhibits a closed-form update rule for the involved sub-problem.

Chapter 4

Chapter 4, based on conference paper [104], introduces two key departures from the
preceding chapters. First, it addresses the JADCE in spatially correlated MIMO channels
without prior knowledge of the exact CDI. Second, the chapter shifts the focus to
mMTC networks with correlated device activities. This scenario gives rise to a specific
hierarchical sparse activity model, encompassing both cluster-level and intra-cluster
structures.

To effectively address these distinctions, we propose two different solutions from
a Bayesian perspective. Specifically, we rely on the selection of appropriate prior
functions to model the underlying aspects of this particular system. Initially, to estimate
the unknown CDI, we employ a prior function following a Wishart distribution [105].
Furthermore, leveraging the concept of strong sparsity inducing prior, we introduce a
novel hierarchical spike-and-slab prior to account for both the cluster-level and intra-
cluster activity patterns to the model. Furthermore, the proposed solution builds on the
integration of an expectation propagation (EP) algorithm [106] within an EM framework
[105]. This proposed solution effectively navigates the complexities of approximating
an intractable joint posterior distribution. Furthermore, it offers estimations pertaining to
active devices, their associated channels, and their CDI.

In addition to the EP-based solution, we propose an alternative solution to the JADCE
problem by relaxing the spike-and-slab prior with a log-sum prior [107] that provides a
more flexible approach to encode the hierarchical activity pattern. Subsequently, we
formulate the JADCE as a MAP problem and derive a solution based on the ADMM
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framework iteratively solve an approximated version of the MAP problem via a sequence
of closed-form updates.

Chapter 5

Chapter 5 is based on conference paper [108]. While Chapters 2 through 4 employ
algorithmic approaches to formulate and optimize solutions for the JADCE problem,
Chapter 5 offers a detailed theoretical analysis of activity detection accuracy using
the AMP algorithm. Chapter 6 presents a detailed performance analysis for JADCE
in spatially correlated fading channels. In particular, Chapter 6 conducts a detailed
theoretical performance analysis of MM V-AMP-based JADCE in the asymptotic regime.
More precisely, by using the state evolution analysis of the AMP algorithm, Chapter 5
derives closed-form expressions for both miss detection and false alarm probabilities.

Chapter 6

Chapter 6 serves as a culmination of the extensive research and findings presented
throughout the thesis. In this chapter, we aim to provide a detailed summary of the key
contributions, insights, and implications arising from our investigation into the JADCE
problem. Additionally, we outline potential directions for future work and research in
this domain.

1.7 Author’s contributions

This thesis is structured as a monograph and based on the following original publications,
including two already-published journal articles [101, 103], one submitted journal article
[109], and four conference papers [102, 108, 104, 110]. The author of this thesis had the
main responsibilities in conceiving the original concepts behind the developed methods,
formulating the mathematical problems, deriving their analytical solutions, compiling
the MATLAB codes to run empirical performance analysis simulations, and writing
the original international peer-reviewed publications. The collaborating co-authors
provided invaluable guidance for shaping research directions, contributed ideas pertinent
to the developed methods and algorithms, and offered constructive feedback during the
manuscript preparation phase to enhance the overall quality.
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2 JADCE under spatially correlated channels:
A deterministic approach

This chapter addresses the JADCE problem in single-cell mMTC networks under
spatially correlated fading MIMO channels. In particular, the JADCE problem in
spatially correlated MIMO channels aims to provide a realistic assessment of the
performance of the proposed JADCE solutions. Addressing the JADCE under such a
channel model is significant for two primary reasons:

— The MIMO channels in practical scenarios are inherently spatially correlated [111].

— Spatial correlation can enhance multi-user MIMO system performance if devices
possess sufficiently diverse spatial correlation matrices [111, 112]. Furthermore,
given that channel spatial correlation varies more slowly than channel realizations, the
channel covariance matrices for all devices can be accurately estimated [113]. This
intrinsic information within spatial configuration matrices can therefore be leveraged
to boost JADCE performance.

This chapter addresses the JADCE problem through a deterministic framework
under two distinct assumptions of the availability of prior knowledge of the channel’s
second-order statistics at the BS. When the channel statistics are unavailable, we
propose an iterative reweighted ¢, ;-norm optimization problem that depends solely
on the sparsity of the channel matrix and is robust to different channel distributions.
Conversely, when the covariance matrices are known to the BS, we introduce a novel
JADCE formulation that incorporates this side information to enhance the JADCE
performance. For both cases, we derive two ADMM-based solutions that feature
computationally efficient closed-form expressions, which can be calculated via simple
analytical formulas.

2.1 System model and problem formulation

2.1.1 mMTC uplink system model

Consider a single cell uplink communication scheme, shown in Fig. 4. (a), consisting of
a single BS equipped with a uniform linear array (ULA) containing M antennas serving
a set of N uniformly distributed single-antenna devices .4#" = {1,...,N}.

We consider a block fading channel response over each coherence period T¢.
Furthermore, to model the propagation channels between the devices and the BS, we
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Fig. 4. Depiction of a standard mMTC network: (a) an uplink mMTC system featuring K active
devices and N — K inactive devices; (b) grant-free access packet; (c) sporadic device activity.

employ a one-ring channel model [100, Sect. 2.6]. In such channel model, the BS is
assumed to be positioned at an elevated location compared to the devices, and it thus has
no scatterers in its near-field.

The channel response vector for each device h;, i € ./ is the superposition of P;
physical signal paths, each reaching the BS as a plane wave, and modelled as

P
Z P a(yi, (10)

3\

where y; , and ppdt € C denote the angle of arrival (AoA) and the gain of the pth path

respectively, and a(y; ,) € CM represents the steering vector of the ULA, given as

a(llfi.p) _ [17671'271:Arcos(l;/,-,,,)7 o ’e7j27'c(M71)Arcos(u/,;,,)]T’ (11)

where A; denotes the normalized spacing between the adjacent BS antennas. We consider
that y; , = W; + ASD , where ; € [—m/2, /2] represents the (deterministic) incident
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angle between the ith device and the BS, and C{}SD

the incident angle with angular standard deviation (ASD) oy,.

denotes a (random) deviation from

The channel realizations h;, i € .47, are assumed to be independent between different
coherence intervals 7. Additionally, in this work, we consider devices with low mobility,
which is justified in the context of mMTC [114]. Therefore, we adopt the common
assumption that the channels are wide-sense stationary [113]. Subsequently, the set
of channels covariance matrices {Ri}f.V: | vary in a slower timescale compared to the
channel realizations [99]. Accordingly, {Ri}fy: , are assumed to remain fixed for 7
coherence intervals, where T; can be in the order of thousands [111]. Nevertheless, in
practice, the BS does not know the exact channel covariance matrices {Ri}f.vz 1- Rather,
during a training phase, the BS acquires an estimate of the second-order statistics of
the channel, {ﬁ,}f\’: 1 [99]. Thus, for each device i € .47, the BS obtains T estimates of
channel response h; from different coherence intervals, denoted as fl} e ,fl;»r. We define
the estimated channel covariance for each device i as R; = %):thl ﬁﬁﬁﬁH. We note that
this assumption can be challenging in mMTC; where some devices are inactive for a
longer period. We will therefore elaborate further on this issue in Section 2.5.

2.1.2 Pilot assignment

In grant-free mMTC, the BS assigns a unique unit-norm pilot sequence ¢, € C™ to each
device i € 4. Due to the large number of devices, it is impractical to assign orthogonal
pilot sequences to all connected devices. This would require a pilot length comparable to
the number of devices in the network. Instead, the BS uses a pilot codebook containing
non-orthogonal sequences. These sequences can be generated from an i.i.d. Gaussian or
Bernoulli distribution. In this context, we consider pilot sequences generated from a
complex symmetric Bernoulli distribution. This approach minimizes the probability of
pilot collision, i.e., the likelihood of assigning the same pilot to two distinct devices,
making it negligible [88].

2.1.3 Data transmission

Owing to the sporadic activity patterns inherent to mMTC networks, only a subset
of devices—specifically K << N—are active during each coherence interval 7;. The
remaining N — K devices are inactive, as illustrated in Fig. 4(b). Furthermore, 7,
symbols are transmitted at each coherence over two phases, as shown in Fig. 4(c)>.
During the first phase, each active device sends a pilot sequence of length 7;, to the BS.

2We make the assumption that all devices and the Base Station (BS) are synchronized.
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Subsequently, in the second phase, the active devices transmit their UL data to the BS
using the remaining 7. — T, symbols. Within each coherence interval T, the BS employs
the pilot sequences received during the first phase to identify which devices are active. It
then estimates their respective channel states to accurately decode the information data
transmitted in the second phase.

Furthermore, to counteract the discrepancies in the channel gain amongst the devices,
a power control policy is implemented. Each device i € .4 transmits with a power p,-UL
that is inversely proportional to the average channel gain [88, 111]. This strategy serves
to equalize the effective channel conditions across all devices, thereby enhancing the
overall system performance [88].

The received pilot signal at the BS, denoted as Y € C**¥  is given by

N
Y=Y ny/p’o:hi +W, (12)
i=1

where W € C%*¥ js an additive white Gaussian noise with i.i.d. elements, each
following €.# (0, 62), and ¥; € B is the ith element of the binary device activity
indicator vector Y = [¥1, %, . .., |", defined as

1, ied
Y = Yie N, 13)
0, otherwise,

where & C {1,...,N}, |&/| = K, is the set of active devices. We further assume that no
prior knowledge of the device activity level % is available at the BS.

Let us define the effective channel of the ith device as x; = }/,-\/piﬁh,-, and subse-
quently, the effective channel matrix as X = [x,...,xy] € CM*N_ The pilot sequence
matrix is defined as ® = [¢,..., ¢ ] € C?*N. Accordingly, we can rewrite the received
pilot signal in (12) as

Y =&X"T+W. (14)

The columns of the effective channel matrix X corresponding to the inactive devices
are zero. Hence, XT has a row-sparse structure. Therefore, joint device identification
and channel estimation reduces to the detection of the support of XT (i.e., the nonzero
columns of X), as well as estimating their coefficients. Thus, JADCE can be modeled as
a sparse MMV reconstruction problem.
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2.2 JADCE without side information

The canonical form of JADCE in the MMV setup is given as
!
min > [ X" = Y/[&+ B [X" 12, (15)

where | XT

controls the trade-off between the emphasis on the measurement matching term and the

l20 = YN, 1(||Ix:]|2 # 0) represents the sparsity-promoting penalty, and

sparsity-promoting penalty. However, as discussed in the first chapter, solving the optimal
JADCE problem using £p-‘“norm” minimization is an intractable combinatorial NP-hard
problem. Various solutions have therefore been proposed to address this challenge. The
existing solutions can be categorized based on the type of prior information they require
about the unknown sparse signal. For example, AMP-based and SBL-based solutions
require prior information about the CDI. On the other hand, mixed-norm minimization
and most greedy algorithms operate solely on the assumption that the signal is sparse.
Although AMP-based and SBL-based sparse recovery algorithms have been shown to
offer superior performance in the literature [29], they come with the trade-off of higher
computational costs.

In this chapter, we aim to address the JADCE problem by utilizing deterministic
sparse recovery frameworks. The proposed frameworks aim to provide computationally
efficient solutions, as well as being adaptable to different assumptions regarding the
availability of channel statistics at the BS.

221 JADCE via group LASSO

Without a priori knowledge of the effective channel statistics, it is logical to replace the
canonical {y-norm with the tractable and convex ¢;-norm penalty. This is a sensible
approach, given that £;-norm minimization has the best theoretically established recovery
threshold among polynomial-complexity decoding algorithms for sparse signals [115].

To this end, and to account the row-sparsity of X', JADCE can be formulated as a
group LASSO as follows

1
min | ®X" = Y&+ By [X"||2,1, (16)

where || X"||2.;=Y¥, |Ixi|l2, and parameter B; introduces a trade-off between the
measurement fidelity [|®X" — Y||# and the sparsity level in X.
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2.2.2  JADCE via reweighted ¢, i -norm minimization

Unlike the democratic £yp-norm, which penalizes all nonzero coefficients equally, the
£1-norm is biased toward coefficients with larger magnitudes. In other words, coefficients
with larger magnitudes are penalized more heavily than those with smaller ones. As a
result, although the group LASSO formulation in equation (16) promotes sparsity and
effectively identifies the locations of large nonzero elements in X, it may fail to detect
smaller nonzero elements, leading to inaccurate estimates for these nonzero components.

To achieve improved sparsity recovery, we invoke the log-sum penalty [107] to
formulate a JADCE problem, that is both efficient and tractable as

N

1 T 2
r)r(11l1115||<l>X —Y||F+[31;10g(u,-+£o) a7

st |Ixill2 < wi, Vie N,
where u = [uj,uz,...,uy|" is a vector of auxiliary optimization variables, and & is a
small positive stability parameter. The log-sum penalty resembles most closely the
£p-norm penalty when & — 0. However, a practical, and numerically robust choice is to
set & to be slightly less than the expected norm of the nonzero rows in X' [107].

As the objective function in (17) is a sum of convex and concave functions, it is
not convex in general. We therefore rely on the majorization-minimization (MM)
framework [116], and we approximate the concave penalty, i.e., the log-sum penalty, by
its first-order Taylor expansion to transform (17) to a convex problem. To this end, we
proceed as follows. Given the starting points (X(), u(")), where (/) denotes the MM

iteration index, the MM algorithm iterates the solution by approximating (17) as follows
1 2 N uj
(XD, = min 2 [ SX =Y E 4B Y —
Xu i=1 (ui +&) (18)
S.t. HX,’||2 <u, VieN.

Removing the auxiliary variable u, the JADCE problem in (18) can be equivalently
written as the following iterative reweighted (IRW)-{» jnorm minimization problem

1 N
XD = min 2 [[@X" - Y5+ Y Brgt il (19)
i=1
where the weights gl@, i € 4, are defined as

gV = (o + |x|]) " Wie N (20)
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By applying the MM approximation, the optimization problem (19) is convex. Hence,
it can be solved optimally using standard convex optimization techniques. However, as
the mMTC networks are large-scale systems by nature, the standard techniques can
suffer from high computational complexity. As a remedy, we utilize ADMM [117] to
solve (19) iteratively in a computationally efficient manner at each MM iteration (/), as
we will show in section 2.4.

2.3 JADCE with channel covariance information

While the group Lasso and the iterative group Lasso formulations in equation (16) and
equation (19), respectively, leverage the sparse nature of the effective channel matrix X,
they neglect the information embedded in the estimated channel covariance matrices
{R;}Y_,. We therefore propose a novel JADCE problem formulation that exploits both
the row sparsity and the covariance information available at the BS.

The foundational ideas behind our proposed formulation are driven by the following
considerations: 1) Given that the channel covariance matrices vary very slowly, the
sample covariance matrix x;x!! for the effective channel computed over a single coherence
time for each active device i € o7 should carry similar information to the estimated
covariance matrix R; that has been computed by the BS in the training phase. 2) In
practical one-ring models, the covariance matrix is typically low-rank, with many
eigenvalues being negligibly small [100, Sect. 2.6]. The results reported in [100] indicate
that the effective rank of the covariance matrix is approximately M /3 for an ASD of 10°
and decreases for a smaller ASD. Consequently, in scenarios where the number of BS
antennas Mis not large, and the ASD is small, it is feasible to impose a regularization
penalty on the mismatch between the one-rank single covariance matrix and the low-rank
covariance matrix.

Based on the above argument, we augment the log-sum-based formulation in (17)
with a regularization term that penalizes the deviation of the sample covariance matrix
x;x!! from the estimated scaled covariance matrix R; = p"R;, i € <7. Subsequently, the
modified JADCE problem, which capitalizes on prior knowledge of the second-order
channel statistics, can be formulated as follows

) 1 N N B
min = |®XT - Y|)2 + B, Zlog(uiJreg) + B Z’]I(llti)HX,'x?I —Ri|
Xu 2 =~ = (2D

i=
S.t. HX,”Z <u;, Vie :/V,
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where the parameter 3, controls the penalty on the covariance deviation term, and I(u;)
is an indicator function given by

1, u;>0,
() = i Vie N, 22)
(), u; = O,

Note that I(u;) ensures that only the estimated active devices are penalized with the
covariance regularization term. The indicator function is hard to handle due to its
combinatorial nature. Therefore, we relax (22) with a smooth approximation by utilizing
the function f(-), which approximates the sign step function for positive values v, and

defined as
_ log (1 + Kv)

where Kk is a positive parameter to adjust the steepness of the function for small input
values [118]. The choice of the function f; to approximate the indicator function is a
viable. First, it is generally magnitude-independent, so it penalizes the estimated active
devices almost equally. 2) It allows a closed-form solution to a sub-problem involved in
the optimization procedure, as shown later.

The optimization problem (21) is approximated as

log(u; + &)
N ! (24)
+B Zfs(u,-; ) |xx! —R||Z st |[xill2 <w, Vie N

i=1

1 N
in— || ®XT - Y|
min > | lF+hil

1

Note that since both the log-sum penalty and f;(u;; k) are concave functions, we again
rely on the MM approach, and we approximate the problem in (24) by its first-order
Taylor expansion at ul). Subsequently, with the use of some simple manipulations
as shown in the previous section, we solve (24) as the following iterative reweighted
problem given at the /th MM iteration as

) — o Do v2 s g 3 o)
X = n%(lnEHd)X —YHF—&-[%Zgi [I1%:|2
¥ ! . (25)
+B2 Y a; lIxillz|Jxixi’ — Ry
i=1

o _ K 1

- tos(1 ) 14 )
problem. In the next section, we present the proposed solution to this problem.

with ¢ , Vi € 4. The problem (25) is still a non-convex
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2.4 Generalized solution via ADMM

It is noteworthy that both the group LASSO approach (16) and the iterative reweighted
£, 1-norm minimization problem (19) are specific instances of the general optimization
problem described by equation (25). To elaborate, equation (19) is equivalent to (25)
when B, = 0. Similarly, equation (16) matches (25) when B, = 0 and g\¥) is a unit vector.
Within this context, we propose a generalized algorithm solution leveraging the ADMM
to efficiently solve the optimization problems (25), (19), and (16). ADMM is a rather
simple yet efficient framework that is well suited for high-dimensional optimization
problems. For instance, Deng et al. [119] reported that ADMM outperformed coordinate
gradient descent for sparse recovery from single measurement vector in terms of both
signal recovery quality and convergence rate.

ADMM has gained wide acceptance for solving computationally intensive problems
related to sparse signal recovery [120]. Beyond applications in signal reconstruction,
ADMM has found utility in the specific context of device activity detection in mMTC.
For instance, Cirik et al. [121] introduced an ADMM-based solution for multi-user
support and signal detection in an SMV model, incorporating prior information about
the recovered signal from previous transmission instances. Additionally, Ying et al. [98]
proposed an approximation step in ADMM, similar to [120], and solved the ensuing
sub-problems through a model-driven deep learning decoder.

In this section, we introduce two ADMM-based solutions for the JADCE problem.
The first approach is in line with existing works [98, 120], and it provide an approximate
solution for the JADCE problem. Indeed, this solution utilizes the Taylor approximation
to linearize any involved quadratic and non-convex functions in the objective function,
hence facilitating the derivation of closed-form update rules. Conversely, the second
approach to solving the JADCE problem exactly employs a strategic splitting technique
to convert the non-convex optimization problem into a set of convex sub-problems.
Each of these sub-problems has the advantage of admitting a closed-form solution.

2.4.1 ADMM via Taylor approximation

By introducing a splitting variable Z € CM*V i.e., a copy of optimization variable X,
we can decompose the objective function in (25) into two separate components. The first
term is a quadratic function on the measurement fidelity term over Z, and the second
term is a reweighted ¢ ;-norm penalty applied to X. Subsequently, we rewrite (25)
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equivalently as

i oXT-Y i ill211Z; — Ril[,
dlity, UK VIR Il B x ez R

st Zi=xxlie N,
To proceed with the ADMM solution, we first write the augmented Lagrangian of (26)
as

N N
1 1 1 ~
LXZN) =B Y& Il + 519X =Y+ B2 Y silel 2~ Rl
i=1 i=1
+ X (A xix = Zi) + S ZHXz —Zil
27
where A = {A; € CM*M}N denotes the set containing the ADMM dual variable
matrices, and p is a positive parameter for adjusting the convergence of the ADMM.
Combining the last two terms in (27) and with some manipulations, we can express (27)
in the following form, known as the scaled augmented Lagrangian:

u () 1 T 2 P A
f(X,Z,A):ﬁlzgi HXinvL*HCI’X —Y||F—§||*||F

i= | p (28)
B XY ¢\ Ixil21Zi — Ril 2 + HXiXiH*ZiJrEAiH%-

The basic idea of ADMM is to iterate the optimization through three steps sequen-
tially. First, .2 (X,Z,A) is minimized over the set of primal variables Z for fixed X and
A. Second, Z(X,Z,A) is minimized over primal variable X for fixed Z and A. Finally,
we update the set of Lagrange multipliers A using a gradient ascent step.

Let (k) denotes the ADMM iteration index. The ADMM algorithm iterates as
follows [117, Egs. (3.2)—(3.4)]:

1

k+1 . 1 k 5
Y = min{ Bog" x| Z: ~ Ri

29)
Py (0 (k 1 . (
+§||x§ W gz, +pA ||F} VieN,
X i min {2, oY o+ 519X - Y
X Z(k+1) 1A G0)
FE I ! =2 AV
Where(x ([31& +I32||Z (k+1) —Ri||12;),Vi€JV, and
Al(k+l):: +p( (k+1) l(k+1)H (k+1)) Vie N, 31)

We present the derivations of the ADMM steps (29) and (30) in detail below.
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Z-update: Finding the optimal solution for (29) decouples into solving N convex
sub-problems in parallel. Thus, the unique optimal solution is obtained by setting the
derivative of (29) with respect to Z;, i € 4, to zero, resulting in

H
i1y 2Bagt” % ||2R +A ®) 1 px®x®

Z:
2ﬁ2qi Hxi 2+p

YieN. (32)

1

X-update: First, it is important to recognize that the objective function in (30),
which includes a fourth-order polynomial term, is non-convex. While it is feasible to
tackle equation (30) using traditional iterative methods like steepest descent, this would
necessitate an additional inner loop of iterations within each primary ADMM iteration
(denoted by (k)). This approach becomes computationally burdensome for large-scale
problems. To circumvent this issue, we resort to Taylor expansion to approximate the
solution to (30).

The use of Taylor expansion serves three critical purposes. First, it linearizes both the
quadratic and non-convex terms in the equation. Second, it enables the decomposition
of the overarching optimization problem into N individual sub-problems. Finally,
each of these N sub-problems is structured to have a closed-form solution, making the
computational process more efficient.

The quadratic term in (30) is approximated by the first-order Taylor expansion at
X®) as

10XT — Y2 ~ [X® — Y|+ (F) —X©), (33)

where F((]k) = 2(X( o — Y)®" is the gradient of ||[®X" — Y| with respect to X at
point X, Similarly, the non-convex term in (30) is approximated by the first-order
Taylor expansion as

[ x;x! —Z(H]) + ! —AilE~ ||x x (W _ ZEHI) + lA,||12: + (fgk),xi —xfk)>, Vie N,
p p (34)
where fg.{) = 4(x§k)x5k>H — ZEHI) + %Agk))xi
Due to the linearization, the Taylor approximations in (33) and (34) are accurate
only for X near X¥). We therefore add a quadratic proximal regularization term
lix— X812 with parameter T > 0 to the objective function of (30) [122]. Subsequently,
we reformulate (30) as follows

X (k1) nga 1|2+ = <( W —Y)@T, X —XW)
(35)
(Fepxi =) + f||x X2,

_*
M= B
N\‘D
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The optimization in (35) can be decomposed into N separable sub-problems as
. 1 1 ;
x/ ) min {4 5 (8 4t xi—x) + —lx—xP IR pvie v, G6)

where £y, € CM is the ith row of F; in (33). By adding an appropriate constant term and
applying some manipulations, we can reformulate the objective function in (36) as

(k)

Q; 1 k .
Il + Sl =<3, vie (37)
where c§k> = xfk) — 5(fg; + pfc;). The expression in (37) admits a closed-form solution

to (36), given by the soft thresholding operator [53] as

ra

2 I viewr. (38)

ey _ max {0 [l -

Xi X
e

(k+1)

i

A-update: Finally, we update the set of Lagrange multipliers in (31) to obtain A
fori=1,...,N.

Algorithm implementation

The details for the proposed algorithm in this section, termed cov-ADMM, are summa-
rized in Algorithm 1. cov-ADMM is run until the X-update is converged, measured
as | X® — X*=1D|12 < g, with a predefined tolerance parameter &, > 0, or until a
maximum number of iterations k.« 1S reached, where ky,x denotes the maximum
number of ADMM iterations.

Algorithm 1: cov-ADMM
Input: 1) Pilot matrix ®, 2) parameters 31,2, 0, T, €, Ep, kmax
Output: X
Initialization: X(© Z( A©) k=1

1 Receive Y at the BS

2 while k < kinay or || X®) —X*D|2 < g, do

3 Update Z*+1) using (32)

Update X*+1) using (38)

A+ AK) _|_p(X(k+1) _Z(k+1)>

k<k+1

A s
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2.4.2 Exact solution

In contrast with the approximate solution presented above, this section derives an exact
solution to the JADCE formulation proposed in (25) by adopting a different variable
splitting strategy. More precisely, the proposed splitting technique decomposes the
objective function in (25) into three separable convex functions that can be solved
efficiently via simple analytical formulas. In particular, we derive a set of update rules to
solve (25) iteratively in a sequential fashion over multiple convex sub-problems, where
each sub-problem admits a closed-form solution, as we will show next.

First, we introduce the two splitting variables Z. € C¥>*N and V € CM*N_ Hence,
we rewrite the objective function in (25) as

) 1 N N 5
min 2 [|OZ" ~ Y|[5+ B Y. & lxill2 + B2 Y- g il |[zivf R
i=1 i=1

st.  x,=1z, X;=Vv;, Vie N .

(39)

The optimization problem in (39) is block multi-convex, i.e., the problem is convex in
one set of variables, while all the other variables are fixed. Since ADMM implicitly
exploits the block multi-convexity nature of (39), utilizing ADMM to solve (39) is a
reasonable choice. Accordingly, the scaled augmented Lagrangian associated with (39)
is given by

ZmlnfllcbZT YHFZBlg, HXsz+BzZq, Iz v — R [+
i=1 i= (40)
IAVIE _ 1Al

2p 2p
where A, = [A,,,..., A5 ] and Ay = [Ay,,..., Ay, ] are the ADMM dual variable matri-
ces.

)

+§||X—Z+FZ||F *||X V+*||F

The ADMM solution to the optimization problem (39) is achieved by sequentially
minimizing .Z(X,Z,V,A;,Ay) over the primal variables (Z,V,X), followed by dual
variable (A, Ay) updates as follows.

First, the Z-subproblem, i.e., minimizing (40) with respect to Z, is given by

| AW
ZH+) = minf||<1>ZT—Y||12:+B||X(k)— AP

(41)
+Bag" Zux allzv®" —Ry|2.

The objective function in (41) is convex, and the solution is obtained by setting the
gradient with respect to Z to zero, resulting in
* * —1
2000 = (Yo" ) (07" + (2Bg I 2V 15+ )0)) L 42)
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where d = 2[3261 ||X ||2R,V —I—px )+ /1 ) is the ith column of matrix D®),
Second, the V-update solves the mlmmlzatlon problem given by

(k)

gy ) " P
VED = minBy Y ¢ % a2 v R+ T IX© (43)
i=1

The optimization problem in (43) can be decoupled into N convex sub-problems, each a
unique solution given by:

= (k+1)
yED 2ﬁ2‘11 ||X HzRiZ,<+ +px +7Lv,

Vi ) (k+1)
2[32%' [Ix; HZHZi ||2+P
Next, with some manipulations, the X-update solves the following convex optimiza-

,Vie N, 44)

tion problem

N
X :=n;gn2af’”uxinz+p||x—c<k)ué, 45)

i=1

(k) (k)

1 A A H
where CK) = 3 (Z(k+1) VD) %) and a ﬁ1g, B ql ||z (k+1) (k+1) _
R,||12; The optimal solution to (45) has a closed-form expression given by

(k) ;
max {0, ||c; d
Xl(k+1) _ { ||| Ek) H 2p cl(k)’ Vic N 46)
Ci 2

Finally, the dual variables are updated as follows
Ag‘""l) — A(k) +p(X(k+l) —Z(k-H)). 47
A(k+1) _ +p( k+l)_V(k+l))' (48)

Algorithm implementation

We term the algorithm presented in this section as cov-IRW-ADMM, and its details
are summarized in Algorithm 2. As one stopping criterion, Algorithm 1 is run until
[X®) — X k1|12 < gy, or until a maximum number of iterations lyaxkmax is reached,
where [h.x and kpax denotes the maximum number of MM iterations and ADMM
iterations respectively. Furthermore, note that:

— If we set B, = 0, Algorithm 2 solves the IRW-/, | norm minimization in (19), and we
refer to the algorithm as IRW-ADMM.

— If we set B, = 0, and the weight vector is fixed to g(” =1,1=1,2,..., Algorithm 2
provides the ADMM solution for the group LASSO problem (16), which we term
ADMM henceforth.
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Algorithm 2: cov-IRW-ADMM
Input: 1) Pilot matrix @, 2) parameters 3, 32, P, €0, Estp, Imax, kmax
Output: X
Initialization: 1) X©,V(©) 7O A® A© r— 1 7=1 and2)

(@T0* +ply) '

1 Receive Y at the BS, and compute and store YT+

2 while [ < [, do

3 | while k < kpyx or [|XB) —XED|12 < g4, do

4 Update Z**1) using (41)

5 Update v(*+1) using (43)

6 Update X*+1) using (46)

. Agkﬂ) ::A&“ er(X(kJrl) 7Z(k+1))
s Ag<+1) — Ag‘) +p<X(k+l) _V(k+l)>
9 k+—k+1

10 X?’) — X&)
u | g =(eo+ x| i

1

o _ K 1

12 q; = ,Vie NV
o loe(lER) 1 ks
13 I —1+1
25 A note on the availability of second-order statistics

The proposed algorithm operates on the assumption that the BS knows the second-order
statistics of the individual channels, i.e., {R}fv= 1- We note that the assumption that
the BS knows {Ri}ﬁ\': | is widely accepted in the massive MIMO literature [100, 113].
Furthermore, a similar assumption on the availability of the second-order statistics has
been adopted in [123] that addresses JADCE in mMTC with sporadic user activity.
The acquisition of the second-order statistics at the BS may be challenging, especially
for devices that are inactive for a long period. Therefore, a possible solution to circumvent
such an issue can be realized by deploying a training phase to estimate the second-order
statistics. The training phase can be implemented over separate channel resource blocks
that are solely dedicated to estimating the second-order statistics. In practice, the
BS would consume a set of available channel resources to obtain an estimate of all
the channel covariance matrices, denoted as {ﬁ,}f’: |- In particular, at different time
intervals, specific of devices transmit pre-assigned orthogonal training pilots to the BS
over T coherence intervals, and subsequently, the BS employs conventional MIMO
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channel estimation techniques to obtain 7" estimates of channel responses h;, denoted as
ﬁ} yeon ,ﬁiT. Subsequently, the BS computes the estimated channel covariance matrix> for
the ith UE as R; = L Y7 Akt

The frequency of updating the second-order statistics at the BS depends on the
mobility and the activity level of the devices, as well as the changes in the multi-path
environment. Therefore, the estimated R,- can be used over several coherence intervals
because: 1) the channel covariance matrices vary on a slower timescale compared to the
channel coherence time, and 2) the devices have very low mobility in many practical
mMTC systems. Consequently, learning the second-order statistics does not consume a
disproportionate amount of resources. As we will show in the next chapter, numerically,
the BS does not require a large number of training samples T to estimate {R}Y . In
fact, the BS needs roughly 7 = 2M samples to provide near-optimal results in terms of
the mean square error for channel estimation, and we note that similar conclusion has
been reported in [100, Sect. 3.3.3].

2.6 Numerical results

In this section, we provide numerical results to evaluate the performance of the proposed
method. Specifically, we focus on three key metrics: device activity detection accuracy;
channel estimation quality; and convergence rate. These metrics are compared with
various MMV sparse recovery algorithms.

2.6.1 Simulation setup

System setup: The BS employs a ULA to serve a total of N = 200 devices that are
randomly distributed in a cell with a radius of 100 m. We set the channel ASD oy, = 5°,
and we fix the number of propagation channel paths between the ith device and the BS
to P, =200 %, Vi € .#. At each coherence interval T, K = 10 devices are active. Each
device i € ./ is assigned with a unique normalized quadratic phase shift keying (QPSK)
sequence ¢;. The QPSK pilot symbols are drawn from an i.i.d. complex Bernoulli
distribution. In addition, the BS uses 7' = 100 channel realizations in the training phase
to estimate {R;}Y .

3For a recent review of the different channel estimation and channel covariance estimation techniques in
massive MIMO networks, we refer the reader to [100, Sect. 3.2-3.3].

“Note that knowledge of the number of paths is apriori unknown to the BS, and it does not affect the
performance of the proposed algorithms.
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Baselines: The performance of the proposed method is compared to the following
algorithms that solve the sparse MMV problem in (16):

— F-ADM algorithm [120], which utilizes the same Taylor approximation approach as
in cov-ADMM, while ignoring the prior second-order statistics.

— SPARROW, which reformulates (16) as a semi-definite programming problem [28,
Eq. (22)], and we solve it using the CVX toolbox [124].

— SOMP [31], which represents the extension of the classical OMP to account for the
row-sparsity of the matrix XT.

In addition, we use the oracle least square (LS) that is provided “oracle” knowledge
on the true set of active UEs, i.e., set «/. The oracle LS estimator provides a good
benchmark for channel estimation when no prior knowledge of the signal statistics is
available at the BS.

Metrics: The channel estimation accuracy of the proposed JADCE solutions is
quantified in terms of NMSE, which is defined as

E [|Xy — X |]
E[IXxl7]

NMSE = (49)

where X, and X,/ denote the original and estimated channel matrix respectively,
restricted to the true active support .27. Note that the expectation in (49) is computed
via Monte-Carlo averaging over the randomness of effective channel matrix X, the
pilot sequence matrix @, and noise W; thus, the NMSE is presented as the normalized
average square error (NASE)°.

The activity detection accuracy is evaluated in terms of the support recovery rate
(SRR), defined as
|l 0o

SRR=——" "1
|/ — | +K

(50)
where o7 = {i|||xi||2 > &nr, Vi € A} denotes the detected support for a pre-defined
threshold parameter &g,. Thus, |2/ N o | denotes the number of correctly identified
active devices, whereas |.o/ — o | accounts both for the number of misdetected active
devices and falsely identified inactive devices. The SRR rate approaches 1 when o is
close to the true 7.

5To maintain clarity and consistency throughout the manuscript, the terms NMSE and NASE are used
interchangeably.
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Parameter tuning: The recovery performance of the algorithms depends on their
hyper-parameters. For all algorithms, the sparsity of the solution is controlled by f3;
which is usually selected via a trial and error approach. In our simulations, we set

B based on the noise variance 67 as 8| = @ because it provided the most robust
convergence for the SNR range [0 — 20] dB. The proposed approach also depends on f3,,
which controls the emphasis on the covariance deviation term. We used empirical tuning
and found a robust choice for 8, to 25 % of the average norm of the effective channels.

2.6.2 Performance without side information

First, we examine the scenario when no prior knowledge of the channel statistics is
available to the BS. To this end, we compare the performance of the proposed ADMM
and IRW-ADMM algorithms (Algorithm 1) with F-ADM, SPARROW, SOMP, and
oracle LS.

Fig. 5 illustrates the obtained SRR against SNR for the different sparse recovery
algorithms. The obtained results indicate that our proposed IRW-ADMM outperforms
other methods by achieving the highest device activity detection accuracy. Specifically,
with a pilot sequence length of 7, = 20, IRW-ADMM using pilot sequence length
T, = 20 attains an SRR of = 0.95 when SNR > 8 dB. Remarkably, even when the pilot
sequence length is reduced by 25 % to 7, = 15, IRW-ADMM continues to surpass
other MMV sparse recovery algorithms by a significant margin. Furthermore, Fig.
5 demonstrates that even the proposed ADMM, which solves the problem exactly,
delivers superior performance compared to other algorithms solving the conventional
group LASSO problem, including SOMP and SPARROW. Nonetheless, it achieves the
same performance as F-ADM. It is noteworthy that ADMM uses fewer regularization
parameters than F-ADM, potentially making it more resilient to parameter tuning.

Fig. 6 depicts the channel estimation performance for the different recovery algo-
rithms in terms of NASE against SNR, including the comparison to the genie-aided
LS benchmark. It can be readily seen that for 7, = 20, and the performance of the
proposed IRW-ADMM matches the performance of the genie-aided LS. Notably, even
with a reduced pilot sequence length of 7, = 15, IRW-ADMM sitill outperforms ADMM,
F-ADM, SOMP, and SPARROW for for SNR > 8 dB. Similarly to the SRR performance,
both ADMM and F-ADMM provide the same NASE, while outperforming SPARROW
and SOMP.

Figure 7 illustrates the typical convergence behavior of ADMM, IRW-ADMM,
and F-ADM at an SNR of SNR = 16 dB. The figure indicates the number of iterations
required for each algorithm to reach optimal performance. The results show that
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Fig. 5. Activity detection performance of JADCE with no side information in terms of SRR for
N =200, M =20, and K = 10.
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Fig. 6. Channel estimation performance of JADCE with no side information in terms of NASE
for N = 200, M = 20, and K = 10.
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Fig. 7. Convergence behaviour in terms of NASE versus the number of iterations at SNR
=16 dB for N =200, M = 20, and K = 10.

when using a pilot sequence length of 7, = 20, IRW-ADMM takes approximately 450
iterations to converge. The rate of convergence decreases when the pilot sequence length
is reduced to 7, = 15. Interestingly, unlike in the cases of SRR and NASE performance,
where ADMM and F-ADM exhibited similar efficacy, F-ADM converges more rapidly,
taking only about 15 iterations. This is in contrast to the proposed ADMM, which
requires approximately 50 iterations to reach convergence.

2.6.3 Performance with side information

In this section, we quantify the impact of exploiting the available prior knowledge of the
second-order statistics of the channel in designing the JADCE solution.

Fig. 8 depicts the activity detection performance in terms of SRR. The results show
that for pilot sequence length 7, = 20, the proposed methods (cov-ADMM and IRW-
ADMM) indisputably provide the best activity detection quality, where they can both
identify the set of true active devices 7 perfectly at SNR > 8 dB. While the performance
of cov-ADMM and IRW-ADMM would naturally degrade when reducing the pilot
length by a factor of 25 % (i.e., 7, = 15), they still slightly outperform IRW-ADMM
that utilizes 7, = 15. Hence, the significant reduction in signaling overhead clearly
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Fig. 8. Impact of prior knowledge on the activity detection performance in terms of NASE, for
N =200, M =20, and K = 10.

outweighs the minor performance degradation. The obtained results imply that utilizing
the prior channel covariance information is highly beneficial in the identification of the
true set of active devices.

We now focus on the performance of channel estimation. Fig. 9 compares the
NASE performance for the different algorithms. It can be seen that for the pilot
sequence length of 7, = 20, the proposed cov-IRW and cov-IRW-ADMM provide the
best performance, and they practically the same performance. Additionally, Fig. 9
illustrates one advantageous feature of utilizing prior channel statistics information: For
SNR < 16 dB, both cov-ADMM and cov-IRW-ADMM with 7, = 15 still outperform the
oracle LS, that uses a pilot length of 7, = 20 with a gain of 6 — 8 dB. Furthermore, the
gains from employing our iterative reweighted approach become particularly pronounced
for shorter pilot sequence lengths. This is evidenced by the fact that cov-IRW-ADMM
offers a 2 dB gain in performance compared to its cov-ADMM counterpart.

The results in Figs. 8 and Figs. 9 show that the performance of the proposed approach
depends heavily on the length of the pilot sequence. Although device activity detection
achieves near-optimal performance at 7, = 1.5K, channel estimation accuracy continues
to improve significantly with the increase of 7,. Nevertheless, increasing 7, will come at
the cost of a large signaling overhead. Therefore, a trade-off has to be made between
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Fig. 9. Impact of prior knowledge on the channel estimation performance in terms of NASE,
for N =200, M =20, and K = 10.

recovery performance and signaling overhead in the design of the optimal pilot sequence
length.

Fig. 10 displays the typical convergence behavior of the proposed algorithms SNR
=20 dB. The results reveal that for 7, = 20, cov-ADMM exhibits the fastest convergence
rate, as it requires about 20 iterations for convergence, whereas cov-IRW-ADMM
converges in 35 iterations. Again, the performance gap between cov-IRW-ADMM and
cov-ADMM becomes more pronounced when the pilot sequence length is shortened to
T, = 15. Specifically, reducing the pilot length leads to a slower convergence rate for cov-
ADMM, which then requires twice the number of iterations to converge. Interestingly,
cov-IRW-ADMM does not experience a similar decline in the convergence rate when
the pilot sequence length is reduced.

Fig. 11 shows the active device detection performance as a function of SNR for
different numbers of BS antennas M using cov-ADMM. A key observation from the
results is the diminishing returns experienced with increasing M. Specifically, the
performance gains are more pronounced when M is increased from M = % toM =K, as
compared to the increase from M = K to M = 3K. This result can be interpreted as the
relative improvement in device activity detection gradually declines as the number of
antennas M continues to rise. It suggests an important trade-off in system design: there
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Fig. 10. Impact of prior knowledge on the convergence rate in terms of NASE vs. the number
of iterations at SNR = 20 dB.

appears to be an optimal number of antennas beyond which additional increases do not
contribute as substantially to performance improvement.

This trend is particularly insightful when considering massive MIMO configurations,
where M > K. In such regimes, our results indicate that focusing on increasing the pilot
sequence length could be a more effective strategy for boosting performance than merely
increasing the number of antennas M.

2.7 Conclusion

This chapter addressed the JADCE problem in single-cell mMTC under spatially
correlated fading MIMO channels. This channel model is crucial for realistically
evaluating the solutions designed for grant-free access in mMTC. The goal of this
chapter was to develop a sparse recovery problem that takes into account any side
information available at the BS to offer acceptable performance while minimizing
signaling overhead. To this end, we addressed JADCE in two distinct scenarios: one
without prior information on second-order channel statistics and another that leverages
this prior knowledge for enhanced performance. This chapter introduced novel JADCE
formulations that effectively capitalize on prior knowledge about second-order channel
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Fig. 11. Device activity detection performance vs. the number of BS antennas. (Under CC BY
4.0 license from Paper [101] ©2021 Authors)

statistics. Furthermore, two ADMM-based solutions have been derived based on

deploying different optimization problem decomposition techniques.

The numerically obtained results highlight the following key findings:

— When channel statistics are unknown, our results underscore the substantial benefits of

formulating JADCE as an iterative reweighted ¢, ;-norm minimization problem com-
pared to classical deterministic sparse recovery methods like ¢|-norm minimization
and greedy algorithms.

If prior knowledge of the second-order statistics of the channel is available, our pro-
posed formulations show great potential in reducing signaling overhead. Specifically,
the proposed cov-IRW-ADMM and cov-ADMM methods yield significant gains,
particularly with short pilot sequences. Given that the length of the pilot sequence is
directly proportional to the signaling overhead, reducing this length while maintaining
good performance is a valuable gain.

— The performance of JADCE dramatically improves when transitioning from the

conventional MIMO regime to the massive MIMO regime.

A limitation of the research presented in this chapter lies in the specific applicabil-
ity of our proposed approach. Specifically, the solutions are tailored for spatially
correlated channels that adhere to a one-ring model with a narrow ASD. This raises
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an important question: Can we extend our methodology to accommodate a broader
spectrum of spatially correlated channel models?

Recognizing this limitation, the next chapter aims to address this gap by presenting
a more generalized approach. Specifically, we introduce a novel methodology rooted
in Bayesian principles to tackle this challenge. By adopting a Bayesian perspective,
we strive to create a more robust and adaptable framework capable of handling a
variety of spatially correlated channel models, thereby broadening the scope and
solutions provided in this work.
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3 JADCE under spatially correlated channels:
A Bayesian approach

In contrast with the previous chapter, which employed a deterministic approach for
solving the JADCE problem, this chapter takes a fundamentally different approach
by adopting a Bayesian perspective. Specifically, we focus on scenarios in which the
CDI are known to the BS, thus allowing the treatment of JADCE from a Bayesian
perspective. While deterministic approaches generally yield fixed-point solutions,
offering consistency and ease of computation, they may not fully capitalize on the
prior knowledge concerning the statistical properties inherent to the spatially correlated
MIMO channels. The Bayesian framework, on the other hand, allows for a probabilistic
formulation of the problem, incorporating prior knowledge and uncertainties directly
into the model. This results in more robust and potentially more accurate solutions,
especially when dealing with broader channel models.

Concurrent with this work, there has been a growing interest in recent years in
tackling the JADCE problem under spatially correlated channels using Bayesian methods.
For instance, Cheng et al. exploited in [123] both the spatial and temporal correlation of
the propagation channels and proposed the orthogonal AMP algorithm to solve the
JADCE problem. Rajoriya ef al. [125] proposed a Bayesian solution that coupled AMP
and SBL to provide an algorithm that enjoyed the low complexity of AMP and the
good performance of SBL. Bai et al. [126] proposed a distributed AMP algorithm in
cell-free MTC networks that aimed to reduce the complexity of AMP by distributing the
computation load over several access points.

By deploying a Bayesian framework, we can take into account the prior information
about the CDI and the devices sparse activity, thus creating an adaptive and resilient
estimation process. This framework allows better exploitation of the spatial correlations
in MIMO channels, thereby potentially yielding more accurate device detection accuracy
and improved channel estimation. To this end, this chapter expands the scope of the
JADCE problem by introducing a Bayesian approach tailored for spatially correlated
MIMO channels, aiming to provide a more comprehensive and robust solution compared
to deterministic methods.
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3.1 System model

This chapter continues the discussion of the system model initially described in Section
2.1. We further extend our analysis by introducing several generalizations to the existing
channel model. First, we align our study with the prevailing assumptions frequently
encountered in the MIMO literature. Specifically, we adopt the local scattering model
as the basis for describing the propagation channel between each device and the
Base Station (BS). This choice is particularly well-suited for characterizing multi-
antenna channels, as it encapsulates key features commonly observed in conventional
MIMO systems. Within the local scattering model, it is assumed that each device is
surrounded by a large number of scatterers, which significantly influence the propagation
characteristics. Following this, we leverage the central limit theorem to derive the
statistical properties of the channel vector h;, i € .4, can be modelled as a complex
Gaussian random vector with zero mean and covariance matrix R; = E[h;hll] € CM*M
[100, Sect. 2.6], i.e.,

hi ~CN(OR;), P,—oo Vie N, (51)

where P; is the number of propagation paths.

We consider devices with low mobility, which is justified in the context of mMTC
[114]. Hence, we adopt the common assumption that the channels are wide-sense
stationary [113]. Thus, the channel covariance matrices {R,'}ﬁv: , vary in a slower
timescale compared to the channel realizations [99]. Accordingly, {R,-}f’: , are assumed
to remain fixed for 7 coherence intervals. Furthermore, we make the assumption that an
estimated set of covariance matrices {ﬁl}f\’ is known to the BS.

Recall the received signal model Y € C**M is given by

N
Y=Y 1\/p " 0h] + W=>IX"+W,
i=1

where X = [xq,...,xy] € CM*N_ such that x; = ¥%/p thy, 1 € {0,1}, i € A4, and
W € C%*M i an additive white Gaussian noise with i.i.d. elements, each following

CN (0, 62).

3.2 Problem formulation

The JADCE formulation presented in Chapter 2 can be viewed as a joint support and
signal recovery problem with a deterministic sparsity regularization. Its robustness
stems from its invariance with channel statistics, making it widely applicable across
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various channel distributions. However, this formulation does not take into account any
available side information concerning the CDI. Alternatively, if the CDI is available, the
JADCE problem can be formulated in a Bayesian framework to account for the fact that
each unknown channel to be estimated is a realization of a random variable (vector) with
the known distribution. Such a Bayesian sparse signal recovery framework has great
potential to provide certain advantages over deterministic formulations, as discussed in
[127].

A Bayesian approach to JADCE is enabled by leveraging two key factors: 1) the
fact that the propagation channels h;, i € .4, are modeled by Gaussian distributions as
shown in (51), and 2) the relatively slowly changing covariance matrices {Ri}fvz 1 Which
can be estimated with high accuracy. In the rest of the paper, we consider the common
assumption that {R;}Y, are known to the BS [113].

Next, we utilize the prior information on the CDI and derive a Bayesian formulation
for the JADCE problem. JADCE performs two tasks in a joint fashion: 1) the identifica-
tion of the support of the device activity indicator vector 7, and 2) the estimation of
the effective channel matrix X, relying on the current estimate of . In the Bayesian
modeling, we treat the two variables to be estimated, ¥y and X, as unknown quantities
with such prior distributions that best model our knowledge of their true distributions,
that is: 1) the sparse distribution of the device activity indicator vector 7, and 2) the
effective channel x;, Vi € .4, which is a random vector consisting of a multiplication of
% and the complex Gaussian random vector h; (i.e., x; = /p Fyh,).

We derive joint MAP estimates {X, %} by making an explicit use of the prior
knowledge of the fact that the propagation channels between the devices and the BS
follow complex Gaussian distributions given in (51), under the assumption that the BS
knows the estimates of the second-order statistics of the channels, i.e., the matrices
{ﬁ,}i\': 1~ To this end, the joint MAP estimates {X,¥} with respect to the posterior
density given the measurement matrix Y are given by

{X,%} = max p(X, 1Y)
— ppX|n)p(YX,7)

-5 p(Y)
@ max p()p(X[y)p(Y|X) (52)

= r;(lgl —log p(Y|X) —log p(X|y) —log p(7)

m .1
= min — Y — ®X|z —log p(X|7) —log p(7),
7o

where (a) follows from the Markov chain ¥ — X — Y and because p(Y) does not affect
the maximization and (b) follows from the additive Gaussian noise model in (12). The
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term p(X|y) denotes the conditional probability density function (PDF) of the effective
channel X given the device activity state vector ¥, whereas the term p(7) represents the
prior belief concerning the distribution of the device activity.

Next, we elaborate in detail the choice of the prior p(y) and the definition of the
conditional PDF p(X]7). Then, having fixed these quantities, we derive an ADMM
algorithm to find an approximate solution to the MAP estimation in (52).

Sparsity-inducing prior p(y)

Through the model assumption of the sporadic device activity, the device activity
indicator vector y exhibits a sparse structure (y; = 0,Vi ¢ <7). Therefore, in the context
of sparse recovery, we impose a sparsity prior p(y) on 7y. For instance, given a
continuous-magnitude random vector & € CV, a sparsity-inducing prior can be given by
p(6) <exp (=YX, |6]7), where p € [0,1] [50].

Note that setting p = 1 results in the £;-norm penalty, corresponding to the Laplace
density function. On the other hand, setting p = 0 renders the optimal sparsity-inducing
penalty corresponding to the ¢yp-norm. Since 7 is a vector of binary elements, setting
p = 0is equivalent to p = 1, as it imposes the same sparsity prior p(7). Subsequently,
we select the prior p(7) as the £y-norm penalty as

p(y) < exp (~ iﬂ(%))- (53)

Conditional probability p(X|y)

Since the device activity is controlled by 7, the conditional probability p(X]y) is defined
as follows. First, we note that the activity patterns of the different devices are mutually
independent. Hence, the conditional PDF factorizes as p(X|y) = [I¥, p(xi|%). In
addition, for each device i € .4, we distinguish the two possible cases for p(x;|y;) as
follows:

1. Conditioned on y; = 1, the ith device is active, and x; follows a Gaussian distribution,
i.e., p(xi|% = 1) = px,, where py, ~ €4 (x;;0,R;), and R; denotes the scaled
covariance matrix defined as R; = pl-ULlAli.

2. Conditioned on 7; = 0, the ith device is inactive, and X; is a deterministic all-zero
vector x; = 0 with probability 1, i.e., Pr(x; = 0|y =0) = 1.

Therefore, p(x;|7;) can be modeled as

p(xi|%) = €N (xi;0,R;)1 0. (54)
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Subsequently, and based on the assumption that the device activity is independent across
the devices, p(X]y) is given by
N

pX|y) =[Ir&xily) =[] px- (55)

i=1 ice/

By applying the log transformation to p(¥) in (53) and to p(X]7y) in (55), and by
dropping the constant terms that do not depend on Y and X, the joint MAP estimation
problem (52) can be equivalently written as

. 1 N N

(X7} = min 5 [V = @XTE 4 B L 100) + o xRy i (56)

’ i= i=

where regularization weights f8; and 3, balance the emphasis on the priors, both in
relation to each other and to the measurement fidelity term. The third term in (56)

6, xHR"1x;,i € A, for active devices

applies a quadratic Mahalanobis distance measure
to incorporate the knowledge of the spatial correlation matrices of the devices into the

optimization process.

3.3 MAP-ADMM solution

The non-convex problem (56) is a mixed-integer programming problem due to the
involvement of the binary optimization variables 7, and is thus difficult to solve for large
N. In this section, we develop a computationally efficient ADMM algorithm, which is
numerically illustrated to achieve great performance in Section 3.4.

We start by noting that the recovery of effective channel X implicitly renders the
vector 7, i.e., finding the index set {i | y; # 0, i € .4} is equivalent to finding the index
set {i | ||xi||2 >0, i € 4"}. Therefore, we solve a relaxed version of the MAP estimation
(56) by approximating the penalty term that depends on y by penalty term that depends
on ||x;|[2, Vie A

Note that the second term Y’ , 1(¥) in (56) is equivalent to an ||X||2,o penalty in the
sense that it enforces the row sparsity of the matrix X'. Therefore, Zf»vzl 1(7;) can be
relaxed by the log-sum penalty Y~ | log(||x;||2 + &)-

Subsequently, we can eliminate y and approximate (56) as

1 ul " H
Y — BXT12 log (u; HR- 1y,
min 5 | I+ Br Y log(ur+ &0) +Pa YRy x (57)

S.t. HX,’HQ <u;, Vie N

5The Mahalanobis distance between a vector 0 and the Gaussian distribution with mean u and covariance
matrix R is defined as v/(8 — u)HR~1(6 — p1). Tt measures the distance between the vector 6 and the mean
of the distribution (1), measured along the principal component axes determined by the covariance matrix R.
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Again, we utilize MM and linearize the concave penalty term by its first-order Taylor
expansion at point u¥. Thus, an approximate solution to (57) is found by iteratively
solving the problem

. 1 Yo o Hp—
XD = min 2| Y - X[+ By Yoo Ixl+B Y KR X, (58)
i=1 i=1

where the weight vector gl) = [g(ll),gg), s ,gl(é)]T is given according to (20). The
optimization problem (58) can be seen as an iterative reweighted £ ;-norm minimization
augmented with an additional penalty function that incorporates the spatial correlation
knowledge to the optimization process by applying a Mahalanobis distance penalty to
the active devices.

The objective function in (58) is a sum of convex functions, hence, the optimization
problem (58) is convex. Therefore, aiming to provide a computationally efficient
solution, we develop an ADMM framework that solves (58) through a set of sequential
update rules, each computed in closed-form. In particular, to decompose (58) into a set

CMXN

of separate functions, we introduce two splitting variables Z,V € and rewrite the

optimization problem as

N - 1 A
(ROED,200,90) = min S|V - 2T+ B Y gl il

i=1
(59)
+ﬁ221 1Vi R Vi
st. x,=1z;, x;=v;, Vie N

The optimization problem (59) is block multi-convex, i.e., the problem is convex in
one set of variables, while all the other variables are fixed. Since ADMM implicitly
exploits the block multi-convexity nature of (59), utilizing ADMM to solve (59) is a
reasonable choice. Accordingly, the augmented Lagrangian associated with (59) is given
by

X(X7Z7V>A27A) 7HY CI)ZT||F+ﬁlzgz |Xl||2+ﬁZZVHR Vi

AR A2 ©0
P _ 1 Ll F F
HEIX-VSAR+ iz Lagp - I0dE VMIE,
where A, = [A,1,...,An] € CM*N and Ay = [Ay1,...,Ayw] € CY¥*N are the matrices

of the ADMM dual variables.
The ADMM solution to the optimization problem (58) at the (/)th MM iteration
is achieved by sequentially minimizing -#(X,Z,V,A,,Ay) over the primal variables
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(Z,V,X), followed by dual variable (Az, Ay) updates as follows:
z* = mzin.z(x<’<>,z,v<’<>,1\§"),A&“) 61)

1 P 1 k)
= min=|®ZT —Y|2+ E|x® —z 4+ ZAW)2
min S | I+ 351 e &

yk1) . n{;nf(x(k),Z(k"'l),V,Agk),Ask)) (62)
N (k)
. Hp -1 P ixk A
.—n%nﬁzigiVi R; Vi+§||X()_V+ I
X+ . mXin,jf(X,Z("“>,V<"+l>,/\§k),l\5k)) 63)

X () P RINCIE
2=H§n2ﬁ18i ||Xi||2+§||X—Z + =N ||g
i=1 p

P vkt L L2
+5IX-V +pAv Il

A§k+l) — Aik) +p(X(k+1) _Z(lc4r1)>7 (64)
Ask+1) — Ask) +p(X(k+1) _V(k+l)). (65)

We present the derivations of the ADMM steps (61), (62), and (63) in detail below.

Z-update ADMM updates the primal variable Z by solving the convex optimization
problem (61). Thus, Z*+1) is obtained by setting the gradient of the objective function
in (61) with respect to Z to zero, resulting in

1

7(k+1) — (pX(k) +AW +Y'®") (@D +ply) . (66)

Note that the matrix inversion (®*®" + pIN)_1 and the product Y'®* need to be
computed only once, so they can be stored, reducing the overall algorithm complexity.

V-update We can easily show that the V-update in (62) can be decoupled into N
convex sub-problems, given by

d

_ A%
“0 = min VIR i ) v+ S, vies (67)

The solution for (67) is obtained by setting the derivative of the objective function
with respect to v; to zero, resulting in

1 ~ - _
vl = FR,»(BERi+IM) "ox® + a0 vie s, (68)
2 2
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X-update We can rewrite (63) as

N
XED = min Y o x| + %Tr (2XXH +2ZZ1 + VY
=1

CXH(Z4V) - (Z+V)“X>

(69)
1,55 -
= mmZ o™ x|l +p Tr | XXM+ 5(ZzH +VVH)
1 - 1,5 o H
—-X"Z+V)-=(Z X).
X2 V) - 5(249)")
-~ 1.~ -
By subtracting the constant term P |V —Z||% from (69) and denoting ck = 3 (V + Z),
the X-update solves the following convex optimization problem:
A
XU = min ). o il + pIX — €O, (70)
i=1

1 A Al
where Oc ﬁlg, and {CW) =3 ~ (2D ylrl) 2 ¥ ) The problem (70)

decouples into N sub-problems, each admitting the closed-form solution

oy _
LD max {0, [l¢;"’ |2 - ﬁ}c(k)

i i

Vie N, (71)

e 12

Algorithm implementation The details of the proposed MAP-based JADCE,
termed MAP-ADMM, are summarized in Algorithm 3. We note that the Z-update (61)
and the V-update (62) are independent of each other. Hence, they can be performed
fully in parallel. MAP-ADMM is run until [ X%) — X*=1) |2 < &, or until a maximum
number of iterations /yaxkmax 1S reached.

Algorithm computational complexity In a typical mMTC scenario, where the
number of connected devices is very large, the complexity of the recovery algorithms is
an important issue to address. Indeed, for the implementation of the proposed algorithms,
the computational complexity determines the hardware processing cost. Next, we
analyze the complexity of the proposed JADCE algorithms in terms of the number
of required complex multiplications per iteration using the big &(-) notation. The
complexity analysis is summarized in Table 1, which also shows the exact number of
matrix multiplications.

At the Z-update step of IRW-ADMM and MAP-ADMM, for fixed p, the quantity
(@T* + pIN)7l is computed only once at an algorithm initialization. Similarly,
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Algorithm 3: MAP-ADMM

Input: 1) Pilot matrix &, covarlance matrices {R;}Y |, (®T®* + ply) -
ERi(ERiJFIM) ,Vl eN
2) parameters B, .0, €0, Ep» K, Imax-Kmax»
Output: X
Initialization: X©,V(©) 70 AD A©® 1 7-1,
1 Receive Y at the BS, and compute and store while [ < /;,x do

2 | while k < kpyy or | XK —X*-D|| < ¢ do
3 Update Z**1) using (66)

4 Update V*+1) using (68)

5 Update X*+1) using (71)

p A£k+1) ( +p( k+1)_Z(k+1))

. AS]‘“) ( ) (X(k+1) _V(k+1))

8 k< k+1

9 | X XUkt
10 Update ggl) using (20)
11 [+1+1

the term YT®* is computed only once upon receiving the pilot signal Y. Therefore,
computing Z*+1) requires (M +1)N? complex multiplications. For the V-update of
MAP-ADMM, the terms ﬁ—lzﬁi (%f{i +1n) ~! Vi€ ¥, in (68) need to be computed only
once and can subsequently be used for several coherence intervals. Hence, MAP-ADMM
requires N(M? +2M) complex multiplications to compute V&1 | The soft-threshold
operators in (71) for the X-update require 2MN complex multiplications. Finally, the
weight vector g) is computed only at the outer MM iteration level (1), and it requires
MN complex multiplications. Therefore, the overall complexity for IRW-ADMM and
MAP-ADMM is & (MN?) and 0(MN? + NM?) respectively.

Table 1 also compares the complexity MAP-ADMM to the four baseline algorithms
that we consider in the numerical experiments: the fast alternating direction method
(F-ADM) [120], IRW-ADMM presented in Chapter 2, SOMP [31], and T-SBL [50].
F-ADM has computational complexity of &'(M1,N). The greedy SOMP is reported
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in [87] to exhibit computational complexity of &'(M1,N). T-SBL has computational
complexity” of O'(N>M?>1,).

In summary, incorporating the channel spatial correlation information results in
increased computational complexity. For instance, MAP-ADMM has higher compu-
tational complexity per iteration compared to IRW-ADMM due to the incorporation
of the spatial structure information in the V-update step. In addition, as the proposed
IRW-ADMM and MAP-ADMM aim to providing an exact solution to the JADCE
problem, they are more computationally complex than F-ADM. Nevertheless, the
additional cost of the proposed algorithms is compensated for by the convergence to a
more accurate solution, as we will show in the next section.

Table 1. Computational complexity for different recovery algorithms, where (k) is the iteration
index, and X is the estimated number of nonzero element at any particular iteration (Under
CC BY 4.0 license from Paper [103] ©2021 Authors)

Algorithm complex multiplications per iteration o)
IRW-ADMM (M +1)N* + M(N 42K +N) O(MN?)
MAP-ADMM (M +1)N?>+M(N +2K +N) + NM? O(MN?*+NM?)
F-ADM [120] 41,MN + 5MN O(1,MN)

SOMP [31] (27, + 1)MN + tpM* + (M + 1)1, (k) + (k)? 0(t,MN)

T-SBL [50] 2MPN*1, + M* 15 + NM?1, O(N*M>1,)

34 Simulation results

In this section, we evaluate the performance of the proposed algorithm via numerical
simulations in terms of device activity detection accuracy, channel estimation quality,
and convergence rate, and compare them to existing MMV reconstruction algorithms.

Simulation setup We consider a single-cell of a radius of 50 m, where the BS is
surrounded by N = 200 uniformly distributed devices, of which K = 10 devices are
active at each coherence interval T;. The propagation channel between the ith device and
the BS in (51) consists of P; = 200 paths with an angular spread deviation of o, = 10°.
Each device i = 1,...,N is assigned with a unique normalized quadratic phase shift
keying (QPSK) sequence ¢;, where the QPSK pilot symbols are drawn from an i.i.d.
complex Bernoulli distribution.

"The authors in [50] also devised a low-complexity version of T-SBL relying on approximate updates which
was shown to work well in the high SNR regime. However, since we are interested in a broader SNR range,
this implementation is not readily applicable to our JADCE problem.
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Baselines We compare the performance of the proposed algorithms against the
following algorithms that solve any MMV sparse recovery problem: 1) IRW-ADMM; 2)
T-SBL[50] where both the second-order statistics and the noise variance are known
at the BS, and the sparse recovery is performed using the update rules given by [50,
Egs. (6), (7), (12)] (i.e., “B-update” in [50, Eq. (13)] is not performed, because we
provide the covariance matrices {ﬁ,}f’: 1-)- In addition, we use the oracle joint minimum
mean square error (MMSE) estimator, shown in Appendix 1, where the MMSE estimator
is provided “oracle” knowledge of the true set of active devices. The oracle joint MMSE
estimator provides a lower bound on channel estimation performance when both the
CDI and the noise variances are available at the BS.

Parameter tuning The sparse recovery algorithms require their regularization
parameters to be fine-tuned to yield their best estimates. While the regularization
parameters depend on the different system parameters such as N, M, K, 7,,, and o2, in
practice, they are selected empirically by cross-validation. For a fair comparison, all
the parameters have been empirically tuned in advance and then fixed such that they
provide the best overall performance in terms of NASE for the SNR range [0 — 16] dB.
For instance, 8; depends highly on the ratio % However, since the K is not known to

the BS in general, we tuned f3; based on the noise variance 62 as B = \/E , since it
provided the most robust convergence. Furthermore, we set 3, and log-sum stability
parameter & to B, = 1% and & = 0.07 — 0.12% of the average norm of the effective
channels. Moreover, since ADMM typically converges in few tens of iterations, a
maximum number of iterations of In,x = 12, kmax = 5, and stopping criterion € = 1073
were found to be sufficient for the ADMM-based algorithms to converge to their best
performance. All the optimization variables for MAP-ADMM (X, V,Z, A,, and Ay) and
for IRW-ADMM (X, Z, and A) are initialized as zero matrices. The results are obtained
by averaging over 10° random channel realizations.

3.4.1 The impact of exploiting channel statistics

Since we have shown the superiority of IRW-ADMM over conventional sparse recovery
algorithms where no knowledge of the CDI is used, we next investigate the effect of
incorporating the CDI on the JADCE performance.

First, we quantify the activity detection accuracy performance of the proposed
MAP-ADMM and compare it to IRW-ADMM and T-SBL. Fig. 12 presents the SRR
against SNR for the proposed algorithms for the different pilot length values. The
results clearly show that MAP-ADMM provides superior performance compared to
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Fig. 12. Activity detection performance of the proposed MAP-ADMM in terms of SRR and
NASE against SNR for N =200, M = 20, and K = 10. (Under CC BY 4.0 license from Paper [103]
©2021 Authors)

IRW-ADMM. For instance, MAP-ADMM identifies the set of true active devices o7
perfectly for SNR > 8 dB, using a pilot length 7, = 20. Furthermore, reducing the pilot
length by a factor of 25% (i.e., T, = 15) affects the performance of MAP-ADMM only
moderately, and optimal performance is achieved for SNR > 10 dB. More interestingly,
the results indicate that even with 40% reduction in the pilot sequence length (i.e.,
T, = 12), MAP-ADMM provides 95% SRR rate for SNR > 10 dB. Finally, the results
show that while T-SBL suffers from an inferior performance in the low SNR regime, it
provides optimal activity detection performance when SNR > 8 dB.

Fig. 13 illustrates the channel estimation performance in terms of NASE for MAP-
ADMM against SNR for different pilot lengths and compares it to IRW-ADM, T-SBL,
and the oracle MMSE benchmark. The proposed MAP-ADMM indisputably provides
superior performance and significant improvement over IRW-ADMM. For example,
given the same pilot sequence length of 7, = 20, MAP-ADMM achieves the same
performance as IRW-ADMM while using up to 6 dB lower SNR. Furthermore, Fig. 13
reveals one advantageous feature of utilizing available CDI: even with 25% reduction in
the pilot length, i.e., 7, = 15, MAP-ADMM still provides a 2 dB gain compared to
IRW-ADMM. Comparing the performances between the MAP-ADMM and T-SBL
algorithms, we distinguish two cases: 1) For SNR < 8 dB, T-SBL does not provide a
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Fig. 13. Channel estimation performance of the proposed MAP-ADMM in terms of SRR and
NASE against SNR for N =200, M = 20, and K = 10. (Under CC BY 4.0 license from Paper [103]
©2021 Authors)

reliable performance and MAP-ADMM outperforms T-SBL by a large margin, or so; 2)
In the high SNR regimes, i.e., SNR > 8 dB, T-SBL slightly outperforms MAP-ADMM.
These results can be explained by the fact that, in contrast to MAP-ADMM, T-SBL
knows and uses the exact noise variance 2. However, when the BS has the exact
knowledge of the noise variance 62, as well as the CDI, the slight gap in the NASE
performance between T-SBL and MAP-ADMM can be compensated for by utilizing a
joint MMSE estimator on the received signal associated with the estimated active device
set &/ obtained by MAP-ADMM. Fig. 4(b) shows that using the joint MMSE estimator
on the estimated active devices provides even the same performance as the oracle joint
MMSE estimator starting from SNR > 8 dB, which consolidate the results from with
Fig. 12 where perfect recovery is attained at SNR > 8 dB. The results shown in Fig. 12
and Fig. 13 clearly highlight the advantages of exploiting the prior information about the
channel to improve the JADCE performance in terms of activity detection accuracy and
channel estimation quality.

Fig. 14 presents a typical convergence behavior of NASE versus the number
of ADMM iterations for MAP-ADMM using different pilot sequence lengths at
SNR = 16 dB. The results reveal that MAP-ADMM, using 7, = 20 requires about 40
iterations to converge, which is similar to IRW-ADMM performance. On the other
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hand, the results show that reducing the pilot length also affects the convergence rate of
MAP-ADMM, as it takes more iterations to converge.

Fig. 15 plots the SRR performance versus the average number of ADMM iterations
using different pilot lengths. MAP-ADMM using 7, = 20 achieves the perfect activity
detection in 20 iterations, whereas it takes up to 40 iterations to achieve the same
performance for 7, = 15. This result is interesting because MAP-ADMM needs not to
run until convergence in the NASE domain, where it takes up to 40 iterations. Rather,
MAP-ADMM can be run for a few iterations until it detects perfectly the set of active
devices (20 iterations on average), as shown in Fig. 15. Afterward, the joint MMSE
estimator (136) can be applied to the estimated set of active devices to provide the
optimal channel estimation quality for the effective channel matrix, as shown in Fig. 13.

3.4.2 Effect of the number of BS antennas

Next, we focus on quantifying the effect of the number of the BS antennas on the
JADCE performance. We fix both the pilot sequence length 7, = 20, and SNR = 16 dB.

Fig. 16 illustrates the SRR of MAP-ADMM versus the number of BS antennas M. It
is clear that increasing the number of BS antennas significantly improves the active
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device detection accuracy. Moreover, for the low SNR regime, i.e., SNR < 8 dB, the
results show the significance of increasing the number of antennas to be greater than
the number of active devices, i.e., M > K. However, the SRR performance starts to
saturate gradually when the number of BS antennas M is increased. In fact, increasing
the number of BS antennas from M = 8 to M = 16 provides more gains than increasing
from M = 24 to M = 32; this means that the gain in SRR gradually decreases as M
increases.

Fig. 17 depicts the channel estimation performance as a function of the number of
BS antennas M at SNR = 12 dB. First, as expected, increasing M improves NASE for
all the algorithms. Moreover, by increasing M, the channel estimation quality obtained
by MAP-ADMM significantly improves and it approaches the lower bound offered by
the oracle joint MMSE. More interestingly, in contrast with activity detection accuracy
where the performance saturates when M > 2K, channel estimation quality improves
considerably with the increase of M. Fig. 17 illustrates the effects of operating in a
massive MIMO regime, i.e., M > K: while device activity detection accuracy saturates
around M > 2K as depicted in Fig. 16, channel estimation quality consistently improves
when moving to the large numbers of BS antennas M.
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3.4.3 Impact of imperfect knowledge of the channel covariance matrix

This section explores the impact of the training phase on the estimation of the channel’s
second-order statistics, denoted as {li,}f\': 1- Specifically, we examine the impact of
varying the number of training samples 7" on the NASE performance of the MAP-
ADMM and the oracle joint MMSE estimator. It is important to note that once the set
of covariance matrices is generated with a given number of samples 7', it is directly
inputted into MAP-ADMM. As such, the BS does not need to update these matrices
during each MAP-ADMM iteration.

Fig. 18 depicts the NASE versus the number of samples 7" used to generate {ﬁ,}f\': 1
for M =20 and M = 40 at SNR = 16 dB. The regularization parameters for MAP-
ADMM and IRW-ADMM are fixed to the ones providing the best results when perfect
knowledge of {ﬁ,}f\’: | is available. First, Fig. 18 indicates that using a low number of
training samples T is detrimental to the performance of MAP-ADMM and the joint

MMSE estimator, as they require at least 7 > M training samples to achieve the same
performance as IRW-ADMM. Second, as expected, increasing the number of samples T
improves the channel estimation quality for both MAP-ADMM and the joint MMSE
estimator as their NASE asymptotically approaches the lower bounds achieved by their
counterparts that rely on perfect knowledge of {K}f\': |- More interestingly, the results
show that MAP-ADMM and joint MMSE require around 7" = 2M samples to a achieve
the same NASE performance to their optimal lower bound. This result indicates that
MAP-ADMM is not highly sensitive to imperfect channel statistics. Finally, we note
that a similar conclusion on the required number of samples 7 to achieve near-optimal
performance for the MMSE estimator is reported in [100, Sect. 3.3.3].

3.5 Conclusion

The chapter addressed the JADCE problem in grant-free access in mMTC under spatially
correlated fading channels. We approached JADCE from a Bayesian perspective
and proposed a novel JADCE formulation based on MAP estimation that exploit
available CDI at the BS. Furthermore, we derived ADMM-based algorithms that
featured computationally efficient closed-form solutions that could be computed via
simple analytical formulas.

The obtained numerical results highlight the following key findings: 1) While
incorporating the spatial correlation of the channels increases the computational
complexity of the recovery algorithms, it results in significant gains, even with a
smaller signalling overhead. 2) The performance of JADCE improve dramatically when
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Fig. 18. Channel estimation performance versus the number of samples 7, N =200, K = 10,
and 7, =20, SNR = 16 dB. (Under CC BY 4.0 license from Paper [103] ©2021 Authors)
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moving from the conventional MIMO regime to the massive MIMO regime. 3) The
training phase for estimating the second-order statistics of the channel does not require a
substantial amount of resources. Furthermore, MAP-ADMM is robust against imperfect
channel statistics knowledge, which is conducive for practical use cases.
MAP-ADMM relies on the knowledge of the CDI at the BS, which may be
challenging to acquire in practice. To this end, in the next chapter, we derive two
Bayesian inference frameworks that aim to design a sparse recovery algorithm that
estimates the second-order statistics of the channels within the recovery process.
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4 Hierarchical mMTC activity detection and
channel estimation with unknown spatial
covariance

This chapter addresses the JADCE problem in mMTC under the practical spatially
correlated channels model with unknown covariance matrices. Furthermore, we consider
an mMTC network with correlated activity patterns following an event-triggered traffic
mode. While the prior works reported in [123, 101, 102, 103, 125, 126, 108, 128]
addressed the JADCE problem under the same spatially correlated MIMO channels,
they make the assumption that the CDI for all the devices are fully known to the BS at
any transmission instance. However, this assumption can be challenging to fulfill in
realistic scenarios, as the BS may be unable to track the CDI of the devices with long
inactive status without spending additional communication resources .

Furthermore, existing research on the JADCE problem has predominantly focused
on the generic random device activity pattern. These models typically assume that the
devices are independently active, capturing scenarios where each device is monitoring
an independent process and activates in a random manner. For example, one might
envision an mMTC network where various devices are employed to monitor disparate
environmental variables such as temperature, humidity, and air quality, where each
device acts independently based on its specific monitoring requirements.

mMTC networks with independent activity are well-suited for capturing the random-
ness and diversity inherent in large-scale mMTC networks, and much of the existing
literature has developed methods and algorithms that operate effectively under such
assumptions. However, this model fails to capture the complexities of real-world deploy-
ment scenarios, where devices are often organized into clusters. In these cluster-based
setups, all devices within a particular cluster are tasked with monitoring the same
phenomenon, thus breaking the assumption of independent activity. This leads to what
is known as “event-triggered traffic” models. In these models, the activities of devices
within a cluster are highly correlated, often triggering the transmission of simultaneous
updates to the BS.

Consider an industrial IoT network deployed in a manufacturing plant. In such a
setting, multiple sensors may be distributed across the plant’s different zones, each
zone acting as a cluster. If one sensor in a zone detects an anomaly such as a sudden
temperature spike or equipment failure, it is highly likely that other sensors in the same
zone will detect the same event. As a result, the BS would receive simultaneous updates
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from multiple sensors within that cluster, requiring more sophisticated solutions that
effectively incorporate this prior information to improve the detection of the active
sensors, as well as estimating their channel coefficient for possible data detection.

Cluster-based, event-triggered traffic patterns introduce new challenges in the design
and optimization of JADCE algorithms. They necessitate the development of new
frameworks that can adapt to the correlation in device activities, offering both efficient
and accurate detection and estimation performance under these more realistic conditions.

The event-triggered traffic model results in a hierarchical sparse activation pattern
constituting in both cluster-level sparsity and intra-cluster sparsity. The cluster-level
sparsity arises because the event epicenters are concentrated around a small subset
of clusters (referred to as active clusters), causing only the devices from those active
clusters to be prompt for activity. On the other hand, each event would trigger only a
subset of devices to be active in practice, resulting in an intra-cluster sparsity model®.
To the best of our knowledge, only three works have investigated the JADCE problem
with a correlated devices activity pattern. Liu et al. [129] addressed only the activity
detection problem and proposed a solution based on preamble selection under different
assumptions of the availability of the prior knowledge of the activity correlation
distribution. Becirovic et al. [130] proposed two sparsity-promoting priors based on
the £, 1-norm and total variation and proposed a non-negative least squares algorithm
to solve a relaxed version of an /p—norm minimization. Furthermore, the authors in
[131] modeled the correlated activity via a Beta distribution and derived a GAMP-based
solution.

41 JADCE with correlated activity and partially known CDI
4.1.1 System model

We consider a single-cell uplink network consisting of a set A4 = {1,2,...,N} devices
served by a single BS equipped with a uniform linear array containing M antennas, as
depicted in Fig. 19. The devices are geographically distributed over N; clusters, where
each device belongs to a unique cluster. We denote the index set of the /th cluster as
€ C A,1=1,...,N;, where each cluster contains L devices?, such that N = LN..
with the majority of the literature on grant-free access, which considers an indepen-
dent devices activation pattern, in this paper, we consider an mMTC network operating

8This can occur if the devices in the same cluster do not perform the same task, or when some of the devices
are not triggered by the event when they are far from the event epicentre.

9For the simplicity of presentation, yet without loss of generality, we assume that all clusters contain the same
number of devices.
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Fig. 19. lllustration of an mMTC network with an activity pattern centered around few number
of clusters.

in an event-triggered traffic model inducing a correlated activation pattern between the
devices. In particular, the event-triggered traffic model arises in the practical mMTC
network, where the devices are grouped into clusters, such that each cluster is associated
with a monitoring task. Subsequently, we make herein the following distinctions based
on technical observations on the devices activation pattern under the event-triggered
traffic model:

— The devices activity is triggered by events concentrated around a small subset of
active clusters, thus giving rise to a cluster-level sparsity structure. We therefore
define the cluster-level vector ¢ = [cy, . .., N¢|T, where ¢; = 1 if the [th cluster is active,
and ¢; = 0, otherwise.

— Within each active cluster, a subset containing at most L, < L devices will be active,
thus inducing a correlation between the devices activity within the same cluster, in the
form of intra-cluster sparsity. Thus, to model the intra-cluster sparsity, we introduce
Y € {0,1}, i € A, where ¥ = 1 if the ith device is active and ¥; = 0, otherwise. Note

that intra-cluster sparsity imposes a special structure on ¥ = [Vi,..., Yo, Yit1s-- - V2L;
Cluster I  Cluster 2
wesYN—L+1s---» Yn]» where the elements belonging to a given cluster (y;, i € ;) are
————
Cluster ¢
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assumed to be correlated. The correlation in the devices activity will be discussed in
the following sections.

We consider that the channel response h; between the ith device and the BS
follows a local scattering model [100]. Thus, h; € CM,Vie #,is modeled as a zero-
mean complex Gaussian random variable, i.e., h; ~ €4 (0,R;), such that R; € C¥*M
represents the channel covariance matrix computed as R; = E[h;h}]. Additionally, we
adopt the common assumption that the channels are wide-sense stationary. Thus, the
changes in the covariance matrices R = {R;}ﬁ\; 1 occur less frequently compared to the
variations in the channel realizations [99].

At any coherence interval T, each active device transmits a total of 7, symbols to
the BS over two phases. In the first phase, each active device transmits a 7,-length
pilot sequence to the BS, whereas in the second phase, each active device transmits its
information data to the BS using the remaining 7. — 7, symbols. Subsequently, to decode
the information data transmitted from the active devices, the BS utilizes the received
signal from the pilot transmission phase to perform the JADCE task. To this end, the
pilot transmission phase is realized by assigning to each device i, Vi € .4/, a unique
unit-norm pilot sequence ¢; € C™, and a transmit power pl.UL inversely proportional to
its average channel gain to to reduce the disparity in the channel’s gain amongst the
devices [132, 111].

Recall that the received signal during the pilot transmission phase Y € C%* is

given by

N

Y=Y %/p lohf + W=>X"+W,

i=1
where X = [xy,...,Xy] represents the effective channel matrix with x; = pl.ULh,-,
®=[¢y,...,0y] € C?*V is the pilot sequence matrix , and W € C**M is an additive
white Gaussian noise with i.i.d. elements, where each element is drawn from % .4 (0,

2

o).

The joint detection of the active devices and estimating their channel reduces to
estimating the (unknown) row-sparse effective channel matrix X' based on the received
pilot signal in (1). JADCE can be formulated as a sparse recovery problem from an
MMV setup. Prior works in the literature showed that sparse recovery algorithms
derived from a Bayesian perspective usually yield the best performance [29].
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4.1.2 Bayesian inference setup

In the Bayesian framework, the unknown unknown variable to be estimated, i.e., X, is
modeled using a PDF which incorporates and encodes both the prior knowledge of X
and the prior knowledge of its hidden hyper-parameters. Subsequently, utilizing prior
functions that promote sparsity while incorporating the hierarchical sparse structures of
XT is the key to achieving accurate solutions for the JADCE problem. In particular,
sparsity-promoting priors can be categorized as either weak or strong priors. For
instance, the Laplace distribution is a weak sparsity prior, as it promotes sparsity, but it
does not strictly assign a zero probability to the case where the vector x; = 0. On the
other hand, strong sparsity priors such as the spike-and-slab distributions (with the delta
peak at zero) are more stringent, as they assign a strictly positive probability to the case
of x; = 0 [133]. Therefore, for the JADCE problem in this paper, the priors should be
designed to the encode (i) the spatial correlation of each x;, Vi, (ii) the cluster-level
sparsity between clusters, and (iii) the intra-cluster sparsity structure. We will next
discuss, how to design the priors to encode (i), (ii), and (iii).

4.1.3 Hierarchical spike-and-slab prior

In the following, we leverage the concept of strong sparsity priors, and we propose a
hierarchical spike-and-slab sparsity-promoting prior to model the cluster-level sparsity,
the intra-cluster sparsity, and the spatially correlated channels. First, we introduce the
following parameters:

Cluster-level activity prior: To impose the cluster-level activity, we model each ¢;
as a Bernoulli random variable with Pr(c; = 1) = p. and Pr(¢; = 0) = 1 — p;. Further-
more, to account for the independence amongst the clusters activity, we express the
probability mass function of ¢ as

ple) =[]%(c:pe), (72)
where 4 denotes the Bernoulli distribution.
Intra-cluster sparsity prior: We define the hyper-parameters ¥ € R™, Vi, that

impose a row-sparsity structure on X. To this end, we design p(¥) such that it promotes
sparse solution. For example, p(¥) can be drawn from the Laplacian distribution as

N
p(7)<exp(— Y. 7). (73)
i=1
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Channels spatial correlation prior: We introduce the set of covariance matrices,
namely, {Ri}f\': 1» such that each R; is a positive definite matrix that captures the spatial
correlation between the entries of ith row in XT. A common and physically grounded
prior for an R; of the Gaussian random variable x; is given by the inverse Wishart
distribution [105], defined as

p(R,') ~ jW(R,’;Bi,VW> = fw (Bi,vw)det(Ri)*d eXp [—TI‘(B,'R;I )} s (74)

where fy,(B;,vy) is a normalization constant, d = vy, — M + 1 > 0, vy, controls the
degrees of freedom of the distribution, such that vy, —M 41 >0, and B, € CMxM
is a symmetric positive-definite matrix that represents the prior information for the
covariance matrix R; [105].

By utilizing the definitions in (72), (73), and (74), we model the effective channel x;,
Vi € A, using the spike-and-slab prior as

p(X,'|C[, ’)7,',1_{1‘) = (l — CI)S(X,') +Cl<€</V(Xl‘;0, ’}_/IR,) (75)
The main idea in (75) can be summarized as follows:

— If ¢; = 0, the vector x; would have only the spike component, i. e., delta function,
from (75), thus leading to an estimation of a zero-vector (x; = 0).

— If ¢; = 1, x; would only have the slab component from (75) in the form be a Gaussian
random vector with covariance matrix #;R;. Therefore, if §; ~ 0, the covariance matrix
7iR; of the slab component in (75) would be very small, allowing us to safely estimate
that x; ~ 0, whereas if % > 0, x; would be a nonzero Gaussian random vector.

Finally, to encode (ii)—(iii) into the Bayesian formulation, we propose the following
Hierarchical spike and slab prior on p(X|c,R) as

Ne

Ne
p(X|e,R) =[] p(Xgler) =[] |(1—c))8 (X)) +c: [] €4 (xi:0,R;) |, (76)
I=1 =1 i€t

where & (X¢;) = [Tic#, 6(xi), and, for simplicity, we denoted R; = iR;.
from the exponential family by solving a series of local variational problems in an
iterative fashion.

4.2 JADCE via EM-EP

A common approach in Bayesian inference when the hyper-parameter set & = {¥;, R;}?’: 1
is not known is to maximize the likelihood function p(Y|Z). However, in many cases,
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the likelihood p(Y|Z) is a non-convex function of E and its global maximum cannot be
found in a closed form. Thus, E can be obtained through type-II maximum likelihood
estimation by finding a local maximum using the expectation-maximization (EM)
framework. The classical EM iteratively alternates between two steps, namely, the
E-step and the M-step. In the E-step, the current values of the hyper-parameters are used
to evaluate the posterior distribution of interest. Subsequently, the hyper-parameters are
estimated again using the current statistics of the posterior distribution in the M-step
[105].

In the JADCE context, for a given &, the joint posterior distribution p(X,¢|Y) is
expressed as a product for three factors, namely, f1(X), f2(X,¢) and f3(c) as

fX.0) = p(X.e]¥) = — p(Y[X)p(X[e)ple)

p(Y) N
1 C
= ——CN(@X", 0’ L) [][(1 - ))8(Xe) +c: [] €4 (x::0,R))]
p(Y) N——— ] =
fi(X)
f(X.e)
Ne
[T1%(c:pe).
=1
f(e)

(77
The disadvantage of the spike-and-slab prior is that it renders the evaluation of the
posterior distribution in (77) a computationally demanding Task. In particular, p(X,c|Y)
cannot be computed exactly when N is large, and, thus, it has to be estimated numerically.
To this end, we resort to the expectation propagation (EP) algorithm to find a tractable
approximation for the true posterior distribution p(X, ¢|Y) in (77).

Next, we will derive a novel JADCE solution based on coupling the EP algortihm
within the EM framework. More precisely, at any EM iteration (k): (i) given the set of
hyper-parameter 2*=1) the EP framework is utilized to approximate the intractable
posterior distribution p(X,¢|Y) and subsequently, compute the posterior mean, denoted
(k=1) 1), of the effective channel x;, Vi € 4.

; , and covariance matrix, denoted as Zik7
(ii) In the M-step, by utilizing the sufficient statistics of X obtained from the previous

as m

E-step, we compute the new values of the hyper-parameters =z by minimizing an
upper-bound on the negative log-likelihood p(Y|Z). Next, we will present the details of
the proposed algorithm.
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4.2.1 Main idea of expectation propagation

The EP algorithm is a deterministic framework for approximating probability distri-
butions. In particular, in the EP framework, the true distribution is approximated by
another distribution that is drawn from the exponential family by solving a series of
local variational problems in an iterative fashion.

The EP algorithm aims to approximate iteratively the true posterior distribution
f(X,¢) by a simpler distribution Q(X, ¢) that belongs to an exponential family. More
precisely, EP aims to approximate the factors fi(-), f>(-), f3(-) in (77) by q1(+), ¢2(-),
q3(+), respectively, such that

FX,0) = 0(X,€) = 251 (X)aa(X,€)aa(c). a8)

Each factor gi(-), k = 1,2,3, of the joint approximation Q(X,¢) is obtained by
minimizing iteratively the Kullback-Leibler divergence [105] as

G = H;inKL<fk(-)Q\k(') I qk<->Q\"(~>) k=123, (79)

where Q\k(~) = qQA—E)) is termed the cavity distribution. The optimization problem (79)
is convex, with a unique global optimum solution that is obtained by matching the
expected values of the sufficient statistics of g (-)Q\(-) to those of fi(-)Q'*(-) [105].

In the following section, we show in detail how to derive the approximation factor
0(X, ¢) through the EP framework.

4.2.2 E-Step: posterior approximation via EP

The choice of the approximating factors in EP is not stringent, rather, it is flexible. We
therefore design ¢ (-), ¢2(+), g3(+) such that they: 1) offer tractability and closed-from
updates; 2) capture the important features of the true posterior distribution, such as
cluster-level and intra-cluster sparsity. To this end, we design the approximate factors as

follows N N
01(X) =[Ja1(x) = []€A (xizmu i, Z), (80)

=1 i=1

Ne Ne
@(X,0) =[[eXg,c) =[]a [] € (xima;, Xa,), 1)

=1 =1 ic%
Ne

q(c) = H@(Cl;pc). (82)

=1
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Thus, we write the global approximation Q(X, 7,¢) as

0(X,7,¢) o q1(X)q2(X,€)g3(c)

N N
o [[€A (xismy i, 21,0)C AN (xismy 1, X0,) [ [ 1B (i pe) (83)
i=1 =1

N Ne
o< [[€A (xismy, Zp) [ [ e1B (s pe),
i=1 =1
with |
L =(E0+5) i=1,---,N,

_ _ . (84)
m; :Z,-(Zl_’ilml.’,-—i—zzjl!mz’i), l:],---’N7

where m = [my,...,my] and £ = {X;}} | are obtained by applying the product of two
Gaussian terms rule, as shown in Appendix 2.1. We note that since ¢3(c) is the same as
f3(x), it can be obtained directly, and we need to estimate only ¢; (X) and ¢>(X,¢), as
we show next.

Estimation of g, (X)

We now describe how to compute the {mu,Z]’i}ﬁV: , of the first approximate term
q1(X). Note that since both the f1(X) and g1 (X) have a Gaussian form, f;(X) can be
approximated exactly by ¢ (X), independently of the values of the other approximate
factors g () and ¢3(-). Subsequently, we only have to set g1 (-) = fi(-) at the start of the
EP algorithm, and it can be kept constant afterwards.

Now, let us rewrite the vector form of the received signal as

y=0%+w, (85)

where % = vec(X), w=vec(WT) € C*", y =vec(Y") € C*", and @ = d® 1y €

CM%*NM " \where the operation vec(-) stacks the columns of the matrix vertically.

Subsequently, the vector-form of the likelihood function f(+) is given by
Si(X) = p(y|%) ~ €N (y:0%,67Iyy). (86)
Similarly, we can write the vector form of ¢; (X) as
q1(X) ~CAN (x;my,%)), (87)
where £ = diag(X 1,...,21 ) is a block diagonal matrix and m; = [m]T,] e 7m]TJ\,]T.

Note that f;(X) is a distribution of y conditioned on X, whereas ¢ (X) is a function
of X that depends on y, m, and Y. Thus, by writing the full Gaussian distributions in
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(86) and (87), and rearranging a few terms, the first and second moments of ¢; (X) are
parameterized as follows

1 1

L =40, £ m = 50My. (88)

Estimation of ¢»(-)

Note that ¢»(X,¢) in (81) factorizes into N, independent mixed Gaussian-Bernoulli
distributions ¢>(X«,,¢;), [ = 1,...,N¢, allowing for the parallel updates of g>(X,¢). In
the following, we present in detail how to update each term g2 (Xg;, ¢;).

Update 0\>/(-) First, we compute the marginal cavity distribution Q\>/ (X, ¢1) by
removing the contribution of g2 (X, ¢;) from the the global approximation Q(X, ¢) in
(83) as

OXO)  Tonam 22 Beip).  69)

0\ (Xq;,c1) =
! 72(Xg;,c1) i€,

A\z

where il\ and .~ are obtained by utilizing the rule of the fraction of two Gaussian

terms, as shown in Appendix 2.1, and they are given as

£ = (-5 vieg, ©0)
ml\z” :ii\z’l(zlflm, Zzlmb) Vi€ G.

Update 0™" Next, we update Q") = ¢,(-)0\?(-) by minimizing a KL divergence
distance given as KL (Gllofz( Q\ZZ ! ‘ a0 (- Q\2 Z( )) , where G is the normalizing

constant needed to ensure that the f>(-)Q"\?/(.) integrates to unity, given as (Please refer
to Appendix 2.2)

Go=Y, /X f2(Xeg,c1)0\H (X, €)dXde = by + ay, 1)
C

where by = (1— po) [] €4 (0:8002" £y and @ = pe [T €./ (00> £ +Ry).
i€t i€t
Since all the terms in Q(-) and f»(-) are drawn from a Gaussian distribution, the

solution to the previous KL-divergence is given by matching the moments of Q" (-)
and fo;(-)Q\*!(-). To this end, we compute the sufficient statistics of f3(-)Q">!(-) with
respect to both ¢; and x;, i € 6. Subsequently, the sufficient central moments of Q"% (-)
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are given as

a
]E =
1210\ [ci] a+b;
&2\ —1..\2,/
Bpoeilx] = m(alRi(RﬁE} )iy
. a a\2,l7! 1yl 1 H
Varg, gailxi] = Gro (2 +R7) T+ (Gl oar 1)Ef2>,Q\2J [Xi]Efz,zQ\2~’ [xi]".

92)
The details of the derivations to obtain (92) are presented in Appendix 2.2.

Update ¢>(X¢,,c;) Finally, the updated g>(-) is computed as

Q*c(ac) aj
X, = — | | E N (x;;m YY Blc;; —— , 93
2(Xac1) 0\ (X, c1) =7 (2, 22,) (Cl az+bz) ©3)

where the mean and the covariance matrices of the updated g2 (X, ¢;) are computed as

1o\ -,
2271- = (VaerJQ\z_/ [X,‘] _ZZ,i ) NAS cgh 94)
_ _ A\ 21,
my ; 222,,! (Varfz.,Q\zﬁl [xi] ]Efz,lQ\ZJ [xi] _Z;,i mi\zl) 1 € . (95)

4.2.3 M-Step: hyper-parameter update

Once ¢5(X, c¢) is updated using the previous Z*~1)

posterior covariance > ®) of O(X,¢) are updated using (84). Subsequently, the M-step at
the kth EM iteration is carried out as follows

, the new posterior mean m® and

[

k) — argénax Ep(X,C\Y,EU"I)) 10gp(Y, X, C, E)

(@)

~ argmax EQ<X"C‘Y7E(,(,1)) logp(Y,X,c,E)

(b) _ - ~ _
= argmax EQ<X’C‘Y£(!{—1)) {logp(X7c|y, R)+logp(y)+ logp(R)}

Ex cjv,z[XiX] ]

Yi

N
© argmax Z —M1log(%) —log |R; — Tr {Ri_l
E =l

] +log p(7) +logp(R)

(@) . _ . - -
o< arg max Z—Mlog(yi) —log|R;|+log p(¥) +log p(R)

= i=1
_ H
TR )|
(96)
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where (a) is obtained by approximating the expectation over the intractable p(X,c|Y,
2(=1) by its EP approximation Q(X,¢), (b) from the joint distribution chain rule, and
¥ and {l_{,-}fy: | are independent by design, and by dropping the terms that do not depend
on E from the objective function, (c¢) by using the conditional PDF of X as defined in
(76), and (d) by using the moments of the global EP approximation (83).

¥-update

Note that the final expression in (96) shows that the prior p(¥) plays a role in the M-step.
However, it has been shown that even a non-uniform prior will lead to a sparse vector ¥,
thanks to the RVM mechanism [49]. Thus we will make the same simplification and
drop p(¥) from (96). Subsequently, (96) decouples into N subproblem across 7 as

_ H

%W:m%—Mbg@—th&%mwﬂm4%@”,VL 97)
%>

Thus, the optimal solution is obtained by setting the gradients of the objective function

in (97) with respect to ¥; to zero, resulting in the following update rule:

i i i i

S N S e S T W (S L () .
: —Mﬂhﬂ®-m +2)} Vi. (98)

Covariance matrix {R;}-update

Taking inspiration from the argument presented in [50], we recognize that attempting
to estimate all N covariance matrices R; using the data available at the BS would
result in overfitting. Therefore, instead of estimating N covariance matrices R;, we
estimate only N, covariance matrices chl, I =1,...,Nc. In particular, we make the
assumption that all effective channels within a single cluster share the same spatial
correlation structure', i.e., x; ~ €N (0, }ZR%), Vi€ 6, Vl=1,...,N.. Consequently,
the optimization problem (96) with respect to Rg, decoupled into L subproblems as

Rgf) = max — (L+Ld)logdet(Ry,)
! Rrgfl =0

ONOLSNIE 99)

_ m.: ‘'m:
+nbg;<2"_

A=1,...,N,.
i€ Yi

+LB%)

107t is noteworthy that this assumption is not only technical but also highly justified in the context of MIMO
channels, where closely located devices are expected to have approximately the same covariance matrices
[134]
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Therefore, by applying the first-order optimally condition, Rr,g[ is given as

k) (O (k)
a1 m;'m; +%; _
R, _M(Z — = 4 IBy ), l=1,...,N,. (100)

i€t Yi

Subsequently, we set I_{Ek) = I_{(fl), Vi€ 6.

4.2.4 Algorithm implementation

The details of the proposed algorithm, termed EM-EP, are summarized in Algorithm 4.
EM-EP is run until || X®*) — X*=1|2 < ¢, or until a maximum number of iterations
kmax 18 reached. Next, we outline two practical implementation considerations of the
EM-EP algorithm.

Non-positive covariance matrix

While Q(-) and 0™ (-) must have to be proper distributions in the EP framework,
the approximated terms ¢ (-) and g»(+), on the other hand, are not constrained to be
proper distributions. In practice, some factors ¢»(-) may become improper, resulting in
non-positive definite covariance matrices. In this work, for any non-positive definite
matrix X ;, Vi, we add a small regularization parameter {gp > O to its diagonal elements
to ensure that the covariance matrix is positive definite. For more alternative solutions,
we refer the reader to [135].

Pruning

In practice, to overcome the computational complexity of EM-EP, at each iteration,
we reduce the search space by ignoring any non-active devices when updating the
approximate factors. To this end, we use the posterior mean of the activity cluster
indicator E 5,0\ [¢;] as a measure to prune non-active clusters. More precisely, for any
cluster [ with E 5,0\ [c1] < €, all the effective channels are set to zero, i.e., Xy = 0,
and they are pruned from the model.

4.3 Alternative solution via ADMM

Owing to the proposed Hierarchical spike-and-slab prior and the efficient joint posterior
approximation obtained using the EP framework, the proposed EM-EP algorithm
provides superior performance compared to the state-of-the-art algorithm, as we will
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Algorithm 4: EM-EP
Input: received signal Y, pilot sequence matrix ®, noise variance o2, Pes Esps
{Bl}é\lchkmax-
Initialization: mgo),zgo)’k =1

1 Compute the £, ' = é@HG Viim = #@Hy

2 while k < kigy or || X®) — X*=1 || < g5 do

3 Compute the covariance )i,-\z’l and the mean rili\z’l of the cavity distribution
m; using (90)

4 Compute the normalization term G o using (91)

5 Compute the covariance Var, ,2/[X;] and the mean E; 2, [x;] using (92)

6 Compute the new covariance )2271- and the mean 1y ; of qz(X% ,cr) using (94)
and (95) respectively

7 update the new posterior mean m; and covariance X; using (84)

8 Update the set of hyper-parameters E using (98) and (100)
9 | k< k+1
Output: X =m

show in the simulation analysis. However, the EM-EP algorithm, like most EP-based
methods, comes with the burden of high computational complexity. Therefore, in this
section, we provide an alternative solution to the JADCE problem by relaxing the
strong spike-and-slab prior with a weak prior based on the log-sum penalty [107], which
still captures the essence of the hierarchical structure of the device’s activity pattern.
Furthermore, we reformulate JADCE as a MAP estimation that is solved via ADMM
to offer a computationally-efficient algorithm with closed-form updates that can be
computed via simple analytical expressions. Next, we present the proposed solution in
detail.

4.3.1 JADCE as MAP estimation

In this section, we formulate JADCE as a MAP estimation problem to: 1) identify the
active clusters, and their corresponding active devices; 2) estimate the effective channel
matrix X; and 3) estimate the unknown covariance matrices {R,'}?’: |- Subsequently,
given the received signal Y, the MAP estimation problem is expressed as
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{X,%:R} = max p(X,7,R|Y)
NG
— max P-RIPX[Y.R)p(Y[X, 7, R)
X.7.R p(Y)
= max p(7,R)p(X|7,R)p(Y|X) (101)
X,7,R

—
=

= ;(nyi% —log p(Y|X) —log p(X|y,R) —log p(7,R)

(b) . 1
= min gIIY—ﬂPXTII% —log p(X|7,R) —log p(R) —log p(7),

where (a) follows from the Markov chain {y,R} — X — Y, and since the maximization
is independent from p(Y), and () follows from the likelihood function of the received
signal model (1). Note that an alternative expression to the conditional PDF of X in (76)
is given as

N N
p(X|y,R) =[] p(xil% R) = [T €4 (x:;0,p” R, =0, (102)
i=1 i=1
where I(a) is an indicator function that takes the value 1 if a # 0, and 0 otherwise. Note
that p(x;|%,R;) in (102) implies that if y; = 0, then x; equals 0 with probability one, and
in the case of ¥; = 1, the effective channel x; follows a complex Gaussian distribution
with a zero mean and a covariance matrix pl-ULRi.

4.3.2 Cluster-sparsity promoting prior via log-sum

Recall the definition of the effective channel x; = \/piﬁyihi, where the true indicator
variable ¥; € {0,1} controls the sparsity of ith device. Thus, assigning a sparsity-
promoting prior to p(7) is the key to obtaining a sparse solution to (101). A conventional
choice for a fractable sparsity-promoting prior p(y) is the log-sum penalty prior
Zfil log(7; + €o), as it resembles most closely the canonical £y-norm, when & — 0.
Subsequently, we define the following sparsity prior p(7y)

N
p(y) < Js(y) = ) log(% + &) (103)

i=1
Although the prior (103) is an appropriate choice as it 1) promotes sparsity, and 2) is
separable across the devices, it ignores the hierarchical structure of the devices’ activity
pattern. Therefore, to account for the cluster-level sparsity, we propose the cluster-
sparsity-promoting prior J.(-) that correlates the device activity indicator variables
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belonging to the same cluster, i.e., ¥, i € 4, with the same log-sum penalty. More
precisely, we propose the following prior function:

p(y Zlog(Z Yite). (104)

€%

Note that J,.(y) promotes quite stringently solutions that have clustered sparsity, as it has
the tendency to enforce all devices within each cluster to be detected as active even if
only one device is active, thereby being susceptible to high false alarm error rate. Thus,
Jo(7y) would face robustness issues in instances where the devices’ activity pattern does
not exhibit a clustered structure.

4.3.3 Proposed ADMM solution

Before we derive the ADMM-based solution for (101), we make two technical choices:
1) the binary nature of ¥ renders the objective function in (101) intractable for large N.
To overcome this challenge, we note that finding the index set {i | %; #0, i € A4} is
equivalent to finding the index set {i | ||x;||2 > 0, i € .#}. We can thus eliminate the
variable y from the MAP problem by approximating each ¥; by ||x;||» and by relaxing
p(7) by an equivalent prior function p(X) which depends on ||x;|2, Vi € 4. 2) Similarly
to Section 4.2.3, we resort to estimating a shared covariance matrix for all the devices
within the same cluster.

By using the aforementioned arguments and introducing the regularization weights
B1, B2, and B that control the emphasis on the priors with respect to the measurement
fidelity term, the MAP estimation problem (101) can be equivalently rewritten as

A 1 o X; R‘K, X;
{X,R}:mm 4\Y-<1>X |2 — By log p(X +ﬁ22 y - e
N =1lies; i (105)
M S _
—ﬁZZlogdet Re) Y pi7" |Ixilla—BsL Y (dlogdet(Ry;) +tr(BR,)).

€6 =1

Now, we propose an iterative solution based on a hierarchical algorithm with two
loops, an outer loop and an inner loop. The central idea is to alternate p(X) over
Jo(+) (104) and Ji(+) (103). More precisely, in the outer loop, the algorithm enforces
the detection of active clusters via the cluster-level sparsity-promoting function J;.
Subsequently, the algorithm runs an inner loop over the just-estimated active clusters to
detect the individual active devices belonging to them by using the sparsity-promoting
prior Js. The algorithm details are presented next.
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Outer loop

As we aim to detect the set of the active clusters first, we enforce p(X) to promote the
|xi||2 + €0). Since —log p(X) is
concave, we apply the MM approximation [116] to linearize the cluster-level sparsity as

cluster-level sparsity by —log p(X) = Zfi log(Licy,

=z

~logp(X) ~ ¥ ¢ |Ixi]2, (106)

where ql = (Yie Ix | s &) ! and k. is the MM iteration index for the outer
loop. Thus, the relaxed version of the problem (105) can be solved iteratively as

N
{XUket) RUHD} = min 1||Y — X"+ B Z g Ixill>

(107)
+B2 Z Y xR, X+ Z ') logdet(Ry; ) +ﬁ3LZtr BR,'),
1=1i€%;
where ) = (B, ) pULM k°)||xl(»kC) |+ BsLd).
lE(él

We develop a computationally efficient ADMM solution for (107) through a set of
sequential update rules, each computed in a closed-form. To this end, we introduce two
splitting variables Z,V € CM*N and the Lagrange dual variable A,, A, and define the
set of variables to be estimated as Q = {X,R,Z,V,A,, A, }. Subsequently, we write the
augmented Lagrangian as

Z(Q) = *HY <I>ZT||1:+[3124, \Xt\|2+ﬁszHR<g,Vz *||X V+p/\ vlF

i=1

A A
+Z %) log det(Ry,) + B3 Ltr(B/R ))+2|X—Z+pAZ||]2:—|2:)|F—”2;)”F.
(108)

The ADMM solves the optimization problem (107) by minimizing the augmented
Lagrangian -2’ (Q) in (108) over the primal variables (Z,V, X, X), followed by updating
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the dual variables (A;,Ay) [117]. The primal variable update is given as

1 1
z<kc+'>=minf||<1>ZT—Y||%+§||X“c —Z+ AR
Al)

y (ke t1) mmﬁzszR%) v+ g”X(kC)—V—&— 112,

p . 109
X(ket1) mmZa Ill + S 1% — €, (10
RUHY —mmﬁz Zv"““ RV ket logdet(Ryy)

i i€t
+BsLu(BR,'), VI,

where (x( (B1 B> logdet(R%C))), and
(ke) (ke)
1 A, A
clko) — E(Z(kc+1> Lyt _ %),
Inner loop

After running the outer loop for some pre-defined K, iterations, we detect the set of the
estimated active clusters &/ = |J je gz Cj» where | € 7 if there exists i € €7 such that
Ixill2 > €.

In the inner loop, the proposed algorithm aims to detect the active devices belonging
to .27 by using the separable sparsity-promoting prior — log p(X) e Yc.7log(|[xil|2 + &).
Furthermore, we apply the MM approximation to linearize the concave function as

~logp(X) ~ Y g™|Ixil>, (110)
ico

where k, is the inner loop iteration index, and ggk“) = (ngk”) Il2 + 80) - Subsequently,
the optimization problem for the inner loop is given by

< (ka+1 ku+1) (ku)
(X5 RG ) = in Y@ XU Y g sl B Y Y R
o icd le 7 icd,

+B2 ) logdet(Ry;) Zgl ||x,||2+63Ld )+BsL Y. (B (6)
le 7 i€ le 7

(111)

where @ , and X, denote the matrices ® and X respectively, restricted to the set o .
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Algorithm 5: corr-MAP-ADMM
Input: &, {Bl}?ﬁp B1.B2. B3 .P, €0, Estps Kumax> Keman» Ko
Initialization: X0, V(©) 7O A A® 0 — 1 k. =1

1 BS receives Y, compute and store (®Td* + pIy) -

2 while k¢ < ke,,,, or [ X — X1 < g, do

3 2kt = (pX (ko) +A§k€) LYT0H) (@7 + ply)

o | VR = (B fpny) T ox M 4 Ak i1 N

(ke)
k)% ke
(ke+1) max{O.HcE )\\27‘2—’3}05 )

5 X; = 3 Jd=1,....N
lle;" 2
ke)+1
6 R%,) =ﬁ(ﬁzZiezﬁviV}{+53LBl)J=1,---7Nc

; Agkc—&-l) _ Agkc) +p(X(kc+l) _ Z(kCH))
g AEIkchl) _ A(vkc) +p(X(kC+1) _V(kc+1))
9 | if (k. mod K.) =0 then

10 d =Uje s 6, {1 € 7 :3i € Gll|xill2 > pe}
11 while k, < ky,,,, do
12 Solve (111) using the similar update rules as steps 3—6, but using
ky ku -1
8 = (= + el
(ke+1) _ A (ke) (ke+1) (ke+1)
B R 2 e A
c+1 c c+1 c+1
14 AT =AY (XY VT
15 B ky +— ky+1
(ko) _ xka) rplke) _ mplku) yylke) _ yylku) (k) _ A (k) g (k) _ A (ku)
16 X=X 2 =2V =V VA =M A=A
17 ke=1,

18 ke < ko+1

ADMM update rules

The details of the proposed algorithm in Section 4.3, termed corr-MAP-ADMM, are
summarized in Algorithm 5. We note that owing to the proposed splitting techniques in
(108), all the sub-problems in (109) are convex, and therefore can be solved analytically
via closed-form formulas. Further, the optimization over X, V, and X is separable over
the devices and the clusters, allowing parallel updates. Thus, the exact solution to (109)
is given in steps 3-6 in Algorithm 2, and we follow the same analogy to solve (111) in
the inner loop.
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4.4 Simulation result

This section quantifies the performance and robustness of the proposed algorithms
and compares them to existing sparse recovery algorithms in terms of active devices
identification accuracy, channel estimation quality, and convergence behavior.

4.4.1 Simulation setup

We consider a network with a single BS serving N = 200 devices distributed equally
over N; = 20 clusters, with a total of active K = 16 at each coherence interval T.. Each
device is assigned a unique unit-norm pilot sequence drawn from an i.i.d. complex
Bernoulli distribution. We set each B, VI, as B; = {g¥; + (1 — {p) % Yice Ri, where ¥
is a random positive-definite Hermitian matrix to model the error in the prior knowledge
of the covariance matrix R¢;, whereas the parameter (g controls the level of average
mismatch between B; and R;, Vi € 47, and it is set as {g = 0.1.

The performance is evaluated in terms of NMSE, SRR, as well as the convergence
rate. We compare the performances of the proposed algorithms against three algorithms
that solve MMV sparse recovery problem, namely, 1) IRW-¢; |, 2) MAP-ADMM, and 3)
T-SBL [50]. Note that for MAP-ADMM and T-SBL, the second-order statistics are
known at the BS. Furthermore, for an optimal MMSE benchmark, we consider the
oracle minimum mean square error (MMSE) estimator.

The regularization parameters of the sparse recovery algorithms needs to be fine-
tuned. For a fair comparison, all the parameters have been empirically tuned via
cross-validation in advance and then fixed such that they provide their best performance.

4.4.2 Correlated activity pattern

First, we investigate the performance of the proposed EM-EP and corr-MAP-ADMM and
compare it to the baseline algorithms. To this end, the 16 active devices are distributed
over 2 active clusters, each with 8 active devices.

Effect of pilot length

First, we quantify the performance of the proposed algorithms in comparision to
MAP-ADMM, T-SBL, and IRW-/, ; for different pilot sequence lengths with fixed
SNR = 16 dB.
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Fig. 20. Activity detection performance in correlated activity scenario in terms of SRR against
pilot sequence length 7, for SNR = 16 dB, and M = 10 dB.

Fig. 20 depicts the activity detection performance in terms of SRR. The results
show clearly that the proposed EM-EP and corr-MAP-ADMM algorithms provide the
best activity detection accuracy, as they achieve the highest SSR compared to all other
algorithms. For instance, EM-EP achieves the same SRR as MAP-ADMM and T-SBL
using 25% shorter pilot sequence length. Furthermore, the results show that the EM-EP
provides a comparable gain over corr-MAP-ADMM in the low pilot length regime.

Fig. 21 depicts the channel estimation performance for the different recovery
algorithms in terms of NMSE. Again, the obtained results highlight the remarkable
gains in channel estimation accuracy obtained by using EM-EP, which significantly
outperforms all other algorithms. Indeed, even with a 30% reduction in the pilot length
used, EM-EP achieves the same performance as corr-rMAP-ADMM, MAP-ADMM, and
T-SBL. Moreover, the proposed corr-MAP-ADMM moderately outperforms T-SBL and
provides almost similar performance to MAP-ADMM. These results can be explained
by the fact that EM-EP, using the hierarchical spike-and-slab prior, efficiently captures
the intrinsic structure of the sparsity model to improve the solution in terms of recovery
rate and channel estimation.
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Fig. 21. Channel estimation performance in correlated activity scenario in terms of NMSE
against pilot sequence length 7, for SNR = 16 dB, and M = 10 dB.

Effect of SNR

In this section, we focus on analyzing the effects of SNR on the performance of various
algorithms in activity detection and channel estimation. We specifically set the pilot
sequence length to 7, = 24 for this part of the analysis.

Fig. 22 provides insights into the SRR achieved by different algorithms under various
SNR conditions. Notably, the proposed algorithms, EM-EP and cor-MAP-ADMM,
outperform the other algorithms in terms of activity detection accuracy. These algorithms
exhibit a substantial SRR improvement, reaching an SRR = 0.9 when operated at an
SNR of 8 dB. In contrast, the alternative algorithms T-SBL and MAP-ADMM necessitate
a considerably higher SNR level—specifically, an SNR of 16 dB—to attain a comparable
level of activity detection performance. This demonstrates the efficiency of our proposed
algorithms in achieving accurate activity detection, even in lower SNR environments.

Further evaluation of channel estimation quality is shown in Fig. 23, which quantifies
the performance in terms of the NMSE. Interestingly, the cor-MAP-ADMM algorithm
shows performance metrics that are closely aligned with those of MAP-ADMM and
T-SBL, implying that these algorithms are roughly on a par in this aspect of evaluation.
However, it is crucial to point out the distinct advantage of the proposed EM-EP
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Fig. 22. Effect of the SNR on the activity detection accuracy in mMTC with correlated activity
for 7, =24, and M = 10 dB..

algorithm in terms of channel estimation quality. Specifically, EM-EP offers a noticeable
gain of around 8 dB in comparison to both MAP-ADMM and T-SBL.

These observations collectively indicate that the proposed algorithms are particularly
effective in scenarios with high levels of noise. Their superior performance becomes
increasingly pronounced when compared to state-of-the-art algorithms under these
challenging conditions.

Effect of the number of BS antennas

Fig. 24 illustrates the effect of the number of BS antennas (M) on the performance of
the proposed algorithms in terms of NMSE. As expected, all the algorithms experience
an improvement in the channel estimation quality as M increases. Notably, the EM-
EP algorithm substantially outperforms the other sparse recovery algorithms, with
remarkable gains in the lower range for BS antennas, i.e., M < 12. In addition, corr-
MAP-ADMM provides the second best performance for M < 12. However, it is
important to note that as M increases, the performance gap between all algorithms
gradually decreases. This can be attributed to the fact that having more measurements
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Fig. 23. Effect of the SNR on the channel estimation quality in mMTC with correlated activity
for 7, =24, and M = 10 dB.

from additional antennas would yield more gains compared to incorporating any side
information, such as a correlated activity structure.

In summary, the results presented in this section clearly demonstrate the substantial
gains achieved by incorporating the structured activity pattern when designing solutions
for the JADCE problem. Indeed, even with no prior knowledge of the CDI, by carefully
exploiting the correlated activity pattern, the proposed algorithms outperform state-of-
the-art recovery algorithms that utilize prior knowledge of the full CDI.

4.4.3 Robustness to model mismatch

In this section, we investigate the performance of the proposed algorithms under a model
mismatch, which refers to the discrepancies between the actual scenario and the model
imposed by the algorithm. In our specific context, this could describe, for example,
transmission instance where the activity is independent of all the devices in the network.
A sparsity mismatch therefore occurs if the devices’ activity is independent rather than
exhibiting a correlated pattern. Next, we show that the proposed algorithms exhibit
robustness in such scenarios and maintain good performance.
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Fig. 24. JADCE performance in terms of NASE versus the number of BS antennas M for
7, =20, and SNR = 15 dB.

We now investigate the robustness of the proposed algorithms in scenarios of sparsity
model mismatch where discrepancies exist between the actual scenario and the imposed
algorithm model. To this end, in this section, the assumption of the hierarchical activity
is not met, and the activity is independent of the devices.

Fig. 25 illustrates the SRR against the pilot length for the different algorithms in an
independent activity pattern. The results show that EM-EP and corr-MAP-ADMM
clearly outperform IRW-/; ; and provide a slight improvement over T-SBL and match
MAP-ADMM performance for 7, > 20.

Fig. 26 demonstrates that the proposed algorithms outperform IR-/; |, with EM-EP
delivering inferior NMSE performance compared to MAP-ADMM but outperforming
T-SBL. On the other hand, both corr-MAP-ADMM and T-SBL provide roughly the
same NMSE performance.

The results shown in this section demonstrate that the proposed algorithms yield
comparable results to state-of-the-art algorithms, even in an activity pattern model
mismatch and no prior knowledge of the CDI. More precisely, even though the proposed
strong hierarchical spike-and-slab (75) and the weak log-sum-based cluster-sparsity
(104) priors were designed to favor clustered sparse solution, they are still flexible and
robust to changes in the underlying sparsity structure.
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Fig. 25. Performance of the proposed algorithms in random activity pattern in terms of SRR
against pilot sequence length.

«ofk- EM-EP
—g— MAP-ADMM
e corr-MAP-ADMM
= p= T-SBL

== IRW-/5;

wt= Oracle MMSE

102 I I I I I
10 12 14 16 18 20 22 24 26

Pilot length 7,

Fig. 26. Performance of the proposed algorithms in random activity pattern in terms of NMSE
against pilot sequence length.
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4.4.4 Convergence behaviour

The computational complexity per iteration of EM-EP is mainly dominated by the
¥ update in (84) and requires &(M>N?) complex multiplications. In contrast, corr-
MAP-ADMM’s primary computational complexity arises from the V-update and the
R-update, resulting in computational complexity in the order of &(NM? + N.M?).
For reference, MAP-ADMM and T-SBL require &(MN? + NM?) and 0(N*M?,)
complex multiplications respectively. Nonetheless, despite being more computationally
demanding than to corr-MAP-ADMM, EM-EP exhibits a faster convergence rate,
requiring only about 10 iterations to converge, in contrast to corr-MAP-ADMM which
takes up to 60 iterations, as shown in Fig. 27.
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Fig. 27. NMSE versus number of iterations for the proposed algorithms.

4.5 Conclusion

This chapter proposed two Bayesian inference approaches to solve the JADCE problem
with hierarchical devices activity pattern in spatially correlated MIMO channels with a
limited knowledge of the CDI. We have developed two algorithms from a Bayesian
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perspective by utilizing appropriate structured sparsity-promoting priors to capture both
cluster-level and intra-cluster sparsity.

First, we proposed a hierarchical spike-and-slab prior that incorporated both the
cluster-level and intra-cluster sparsity patterns. Subsequently, we derived an EP-based
solution that iteratively approximates the intractable joint posterior distribution and
provides an estimate on the active devices, their channels, and their CDI.

Second, we proposed an alternative solution to the JADCE problem by relaxing
the spike-and-slab prior with a cluster-level log-sum sparsity-inducing prior that was
able encode the hierarchical activity pattern. Subsequently, we formulated the JADCE
as a MAP problem and derived a solution based on the ADMM framework to solve
iteratively an approximated version of the MAP problem via a sequence of closed-form
updates.

‘We numerically showed that the proposed algorithms provided a huge gain compared
to state-of the art algorithms, as well as exhibiting a strong robustness against activity
pattern model mismatch.
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5 Activity detection performance via AMP

This chapter aims to provide a detailed theoretical analysis of the device activity
detection problem in the uplink single-cell mMTC network in spatially correlated
channels with known covariance matrices.

The existing theoretical work addressing the activity detection problem has primarily
focused on the AMP algorithm. This focus arises from the AMP’s state evolution
analysis, which provides means of tracking several performance metrics at each iteration.
For example, Chen er al. addressed the device activity detection problem in grant-
free mMTC using AMP, deriving analytical performance metrics for the proposed
AMP algorithm in both SMV and MMV setups [9]. Liu et al. extended this analysis
and conducted an asymptotic performance analysis for activity detection, channel
estimation, and achievable rate [85, 86]. However, these works have considered spatially-
uncorrelated MIMO channels. However, it is of utmost importance to consider the
channel’s spatial correlation when evaluating the performance of a JADCE solution
from a sparse recovery perspective [98].

Therefore, to bridge this gap in the literature, this chapter first extends the uncorre-
lated vector AMP [85] to its correlated vector AMP. Furthermore, it provides a detailed
theoretical analysis of the activity detection performance of the AMP-based JADCE
algorithm. This includes deriving closed-form expressions for the probabilities of both
miss detection and false alarm.

5.1 System model and problem formulation

We consider a single-cell uplink mMTC network consisting of a set 4" ={1,...,N} of
uniformly distributed single-antenna devices communicating with a BS equipped with a
ULA containing M antennas. We consider a block fading channel response over each
coherence period T;. Let h; € C denotes the channel response from the ith device to
the BS.

Recall the local scattering model discussed in Chapter 3. The propagation channel
h;, i € 4 can be equivalently written as

1_
h, =RZh;, Vie.¥, (112)

where R; = E[h;hf!] € CM¥*¥ s the channel covariance matrix, and h; ~ €4 (0, Iy).
Furthermore, {R,-}fy: , are assumed to be known to the BS [123].
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Due to the sporadic traffic in mMTC, the activity state of each device is controlled
by Y= [11,%,-..,w]|" € {0,1}¥B, where each ¥; can be statistically modeled as

Vie . (113)
0) = 1 _pa7

a;
=
—
=
I

Subsequently, we define the effective channel of the ith device as x; = %h;!'!. Thus, the
effective channel x; can be modeled as a mixed Gaussian-Bernoulli distribution, given as

P(Xi|pa; Ri) = (1 = pa)8(Xi) + paC A (x50, R;). (114)
According to (114):

— The effective channel for the ith device would be a zero-vector (x; = 0), with
probability (1 — pa).

— The effective channel for the ith follows a complex Gaussian distribution, i.e.,
x; ~ €A (0,R;) with probability p,.

During the pilot transmission phase, each active device transmits its pilot sequence
¢, € C™ to the BS. We consider that the pilot sequences are drawn from a complex
symmetric Bernoulli distribution. This choice is motivated by the fact that: 1) pilot
sequences generated from a complex symmetric Bernoulli distribution are practical, as
they can be deployed using QPSK modulation; 2) matrices drawn from a Bernoulli
distribution are well-suited for AMP-based support and signal recovery [88, 136], as
we will discuss later. The transmitted pilot are used to perform activity detection and
channel estimation.

The received signal associated with the transmitted pilots at the BS, denoted by

Y € C%*M is given by
N
Y =Y y0hl+W
,;W’ i+ (115)
=

XT+W.

5.2 AMP for JADCE with spatially correlated channels

AMP is an iterative sparse recovery algorithm that was originally proposed in [51]
for the general sparse recovery problem in an SMV setup and extended to an MMV
setup in [29]. Subsequently, AMP has been deployed to solve the JADCE problem in
[9, 85, 86, 88, 87]. In this paper, we adopt a Bayesian AMP originally proposed in [137]

without any loss of generality, we drop herein the power control term for simplicity of presentation
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for solving an MMV sparse recovery problem. This section provides a description of the
design of AMP for solving JADCE in spatially correlated channels.

The AMP algorithm for sparse signal recovery from an MMV setup can be expressed
by the following iterations [137]:

£ =z @7 4112y, (116)
N o (70T 1 )
Z([+1) _ Y_@x(FH)T + E Z n (Z q)l +Xi ) (1 17)
T izl N ’
where s = 1,2, ... is the iteration index, X’ = [f(gt) - ,f(,(\t,)] is the estimate of X at iteration

(1), Z") € C®*M is the residual matrix initialized with Z(!) =Y, and Zg> € CMxM
denotes a covariance matrix that can be tracked using the state evolution, as we discuss
later. Function 7(-) represents the denoising function that operates on each row of XT
individually, and 1’(-) is the first-order derivative of 1(-). The third term in (117) is
called the Onsager term, and it is the key component in determining the performance of
AMP [51].

For the matrix & drawn from a Bernoulli distribution and under the assumption that
N, T, — oo with a fixed ratio %’, the term Glm = Z(’)TCIJT erl([), Vi € A, is statistically
equivalent to the sum of the true effective channel x; and a colored noise term el) ~
<Ke/i/(O,):g,t)) as follows

0" —x;+e), Vie.r. (118)

i =

Given the linear signal model (118) and by exploiting the fact that the CDI is known
(t ))

to the BS, a minimum mean square error (MMSE) based denoiser function n (Gft> iZg
is calculated as

e 119
= y(0";zR(R+20) 10" vie r, (1)

such that

_ -1
2 exp (4" — 9‘.’>HQ§’>9<’>)) , (120)

~1

where Ql@ = Zg) —(R;+ Zg))’l, and ,ul.(t) = logdet(R; 4+ I ). For more details on
the derivation of MMSE denoiser function (119), please refer to Appendix 3.

The covariance matrix of the noise term Zg> can be tracked in the asymptotic regime

via the state evolution. More precisely, the matrix Zg) is updated at each iteration (7)
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using the following update rules [137]

= = 62y + E[XXH]
H
2y = oty 2 () -y v (121)

+%(’)Z(9’>Ri(R,- +Z§’))*1,

where we y) = w(61";24)), and v\ = Ry(R; + ) 10"

5.3 Activity detection performance

In this section, we derive closed-form expressions for the probabilities of miss detection
and false alarm achieved by AMP in spatially correlated fading channels. The derivation
hinges mainly on the equivalent system model (118) and the state evolution matrix
(121). While the Gaussian system model in (118) holds in the asymptotic regime, it can
provide a useful insight into the performance of the AMP for a practical mMTC setup
where the number of connected devices N is large, yet finite.

5.3.1 Decision threshold

Here, we discuss the decision rule for the device activity detector on the AMP output.

Let us examine the denoising function 1(-) given in (119). Note that for any finite p,,
w(eﬁ’);z(;)) € 10, 1]. Thus, a close examination shows that the denoising function 1 (-, -)
consists of an activity indicator estimate I[I(Ql(»t);):g)) € [0,1] and a conventional MMSE

estimate term R;(R; —|—Zg))_1 91@, Vi € . Therefore, in order to set the decision rule

for the device activity detector, one can use Y(-; ) to determine the activity status
of each device. More precisely, if l//-(t)

1
l//i(t) — 0, the ith device is declared not active. While the activity detection performance

— 1, the ith device is declared active, and if

can be characterized at each iteration (r), it is typically more interesting to discuss
performance upon AMP convergence. We therefore omit the iteration index (7) in the
following derivations for the sake of brevity.

In a practical scenario, one would use a vector of pre-defined threshold values
¢ =1&1,...,&x|T, such that §; € [0, 1], Vi € 4. The activity detector will declare the ith
device to be active if y; > {;, and inactive otherwise. The values of {;, Vi € .47, can be
selected based on the cost of miss detection and the cost of a false alarm for each device.
This paper proposes the following decision rule on the device’s activity:

1, G?Qieiz v; = U; —log (”a(I*Ci))

- G(1=pa) ]
Yi= MNP (122)
0, 6;'Q;0;< v; = y; —log (2((1*/8)
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The decision rule in (122) provides a threshold-based decision rule for AMP-based
(t)

recovery at each iteration (¢) by comparing ;" to the predefined threshold value ;.

5.3.2 Probabilities of miss detection and false alarm

The activity detection performance is quantified using two types of error probabilities:
First, the probability of false alarm, which represents the probability of declaring an
inactive device to be active; Second, the probability of miss detection, which represents
the probability of declaring an active device as inactive.

The equivalent signal model (118) suggests that the term 6;, Vi € .47, follows a
zero-mean complex Gaussian distribution, i.e., 8; ~ € .4(0,S;). The covariance matrix
S: depends on the value of the true ¥, and it is given as

Yo+R;, p=1
§={ 0T N ey, (123)
297 yl:o

p(6iy #0) ~ €A (0, Ri +X)

124
p(6!]3 = 0) ~ G (0, ). (124

To characterize the activity detection performance, we refer to (122) and define two
complex quadratic Gaussian random variables, Q; ; and Qo ;, Vi € .4, as

01; = (68l =1)

Yie V. 125
0n; = (M0l =0) " © (12

Next, by using the decision rule in (122) and the Gaussian quadratic random variables in
(125), the probabilities of a miss detection and a false alarm for each device i are defined
respectively, as

PMP =Pr(§;=0|y=1) =Pr(Q1; < vi),Vie A (126)

PFA =Pr(§ = 1]y, = 0) = Pr(Qy,; > v;),Vi€ N (127)

To evaluate (126) and (127), we need to evaluate how to obtain the cumulative distribu-
tion function (CDF) Pr(Q\) < v;).

Now, let us consider a general complex Gaussian quadratic form Q = 6"Q0 for a
random variable 8 ~ €.#(0,S) € C”. By using some algebraic transformations, Q can
be expressed as a linear combination of chi-squared random variables, as we show next.

First, we write 0 as
H

. 1_
0=7'S?2 QS27, (128)
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where 6 = S2Z for Z ~ €A (0,Iy). Let Uand Aq = diag(Ay,,...,Aq,) denote the

. . . . ol 1
eigenvectors and the eigenvalues respectively, associated with Sz QS2. Thus, we can
further express Q as

M
0 =7"UAUMZ=v"AV =Y Ay, [Pul%, (129)

m=1
where v = [7},...,7y]T = UYZ. Note that since U is a unitary matrix, v follows the

same distribution as Z, i.e., v ~ €.4(0,I,). We can rewrite v,, = % (a@m~+ jbm), where
Gy by ~ A (0,1), form=1,...,M. Therefore, Q can be finally expressed by a linear
combination of zero-mean independent squared Gaussian random variables as

&1 TR
0= X 3hun(@nt0) = X 34t (130)
where ¥, = a2, + b2, m=1,..., M. Note that Q can be viewed as a linear combination of

M independent Chi-squared random variables 7, ~ 7522(1) with two degrees of freedom.
Subsequently, a closed-form expression for the cumulative distribution function (CDF)
of Qin (130) is given as [138, Sect. 4.3]

u (1L 22)
FQ(U):Pr(Q<v):;§(7Lq,m) F(}l“")”' : (131)
where
I T i BEEY - TR
g“q””)—jf_ll(xq,.)‘qu;;m((k W e-7™)

with I'(+) denoting the gamma function, and ¥(-; -) denoting the lower incomplete
gamma function.

Having provided a closed-form expression for the CDF of a general complex
quadratic form Q given in (128), we now present Proposition 1, which characterizes the
activity detection performance based on the state evolution matrix Xg.

Proposition 1. Consider device activity detection by the Bayesian AMP for mMTC in
spatially correlated channels with finite % and largely enough N and 7, so that the
equivalent signal model (118) holds. Using the CDF expression (131), the probabilities

of miss detection and a false alarm per device are given respectively, as

) (133)

M
PP =Y z(Aim)
m=1
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’}/(1 ) Zvi/z‘i.m)

) , (134)

M
PR =1-Y gum)
=1

where A; = [i,'_yl . ,i,',M]T and A; = [Aits-.., Aim]" are the eigenvalues associated with
lH

H 1
(Ri+%9)2 Qui(Ri+%g)2 and 3 Q

i,15
1
Ly respectively.

5.4 Simulation results

We consider a single cell with a radius of 100 m with a BS equipped with M antennas and
surrounded by N = 1000 uniformly distributed single-antenna devices. We consider an
activity level p, = 0.05 at each T;. The channel responses h;, for i € .47, are generated
using a local scattering model for the channel covariance matrices [100, Sect. 2.2]. To
mitigate the channel gain differences between the devices, we assume that each device
has a unit average channel gain, i.e., ﬁ Tr(R;) = 1, Vi € 4. Furthermore, each device
is assigned a normalized QPSK sequence ¢; drawn from an i.i.d. complex Bernoulli

distribution.
The activity detection performance is quantified in terms of the average miss
, 1 1 ¥ .
detection PMP = 5 Y PMP and false alarm P = 5 Y PFA probabilities.

i=1 i=1
Fig. 28 and Fig. 29 compare the the simulated and predicted PMP and PFA. The

simulated performance is obtained by running the AMP algorithm and deploying the
decision rule (122) to detect the active devices, whereas the predicted performance is
obtained from the analytical expressions (133) and (134).

Fig. 28 shows the activity detection performance versus the pilot sequence length T,
with M = 32, and a signal-to-noise ratio (SNR) = 10 dB. The obtained results suggest
that increasing 7, results in continual improvement in the activity detection performance.
More interestingly, the results show clearly that the probabilities of miss detection and
false alarm derived in (133) and (134) match the simulation results obtained by AMP.

Fig. 29 shows the same activity detection performance but with respect to the
number of BS antennas M. As expected, the activity detection performance improves
significantly with increasing M. Furthermore, similar to the results in Fig. 28, the
simulated results provide the same performance as the theoretical ones.

5.5 Conclusion

This chapter presented an AMP-based solution for the JADCE problem in mMTC in
spatially correlated fading channels. By utilizing the properties of the state evolution of
the AMP algorithm, we derived a closed-form expression for both the miss detection
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and false alarm probabilities. The simulation experiments showed that the theoretical
analysis provided in this paper matched the numerical results.
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6 Conclusion and future work

6.1 Conclusions

This thesis considered the massive random access problem in mMTC networks, char-
acterized by massive device connectivity, uplink-dominant traffic, sporadic device
activity, and relaxed data rate requirements. These characteristics necessitate innovative
solutions for efficient channel access. Grant-free access protocols have been highlighted
as a pivotal factor in reducing signaling overhead, allowing devices to transmit data as
required without conventional channel access schemes. On the other hand, grant-free
access poses the challenge of detecting which device is active and estimating their
channel coefficient. To enable reliable active device identification, each device is
assigned a unique pilot sequence drawn from a large pool of non-orthogonal sequences,
which serves as its unique identifier. In the random access phase, all the active devices
transmit their pilot sequences simultaneously to the BS. The latter aims to identify the
the set of the active devices by detecting which sequences are transmitted. In addition,
these pilot sequences are used to deploy pilot-based channel estimation.

This thesis focused on the problem of jointly identifying which devices are active
and estimating their channel coefficients, a problem referred to as JADCE throughout the
thesis. A distinction has been made from the rich body of work in the literature in this
thesis by addressing the following crucial research areas: 1) The consideration of spatially
correlated channel setups, which have a significant impact on the communication
environment; and 2) the incorporation of correlated activity patterns among the devices,
which further provide a more realistic assessment of practical mMTC networks. By
examining these two fundamental aspects, we aimed to provide a comprehensive
understanding of the challenges posed by massive random access and devise effective
solutions for them.

The first part of this thesis focused on the JADCE problem in spatially correlated
channels, considering two scenarios of the availability of prior information about
the channel statistics at the BS. In the absence of side information, we employed
deterministic mixed-norm minimization, specifically, the iterative reweighted ¢, |-norm
optimization. This approach excels in robustness and outperforms mainstream sparse
recovery algorithms with similar prior knowledge. When channel statistics are available
at the BS, the problem has been approached from a deterministic perspective, and we
propose with a novel covariance matching penalty combined with ¢; ;-norm optimization.
Additionally, from a Bayesian standpoint, we leveraged the available CDI to derive
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a joint estimation and detection problem based on the MAP estimator. Furthermore,
for each problem formulation, we proposed optimization decomposition techniques
and the ADMM framework, enabling computationally efficient iterative solutions with
closed-form update rules calculated via simple analytical formulas.

In the second part of the thesis, we employed a full Bayesian approach to tackle
the JADCE problem under two critical constraints: 1) a correlated (structured) activity
pattern, and 2) unknown second-order statistics of the channel. Overcoming these
constraints requires well-defined and thoughtfully designed priors to achieve highly
accurate solutions. To address these challenges, we introduced structured sparsity-
promoting priors based on the spike-and-slab family. These priors effectively encode the
correlated structure of device activity. Additionally, we incorporated a Wishart prior to
model the unknown second-order statistics of the channel. Furthermore, we developed
a comprehensive Bayesian framework by combining the EP algorithm with the EM
framework. This framework aims to accomplish two primary objectives: detecting
active devices and jointly estimating the channel coefficients and second-order channel
statistics.

The third part of this thesis provided a theoretical evaluation of the activity detection
problem, leveraging the AMP algorithm to analyze activity detection accuracy. More
specifically, the thesis derived closed-form expressions for the probabilities of miss
detection and false alarm. While maintaining brevity, the provided analysis ensured a
thorough comprehension of the AMP algorithm’s operation and its significance in the
context of activity detection.

The key results obtained throughout the thesis demonstrate the following:

— Incorporating spatial correlation into the design of the JADCE solution holds
paramount importance within mMTC networks. Acknowledging and accommodating
this correlation in the design of JADCE solutions is not only pivotal but also highly
advantageous, as it leads to enhanced accuracy in activity detection and elevates the
quality of channel estimation.

— Having prior information about spatial correlation can lead to substantial improve-
ments across various performance metrics. Thus, if the BS possesses prior knowledge
about the spatial correlation, it can leverage this information to improve and optimize
the JADCE solutions. This optimization translates into superior system performance,
increased reliability, and enhanced resource utilization.

— A comparison between Bayesian and deterministic approaches, particularly in scenar-
ios lacking prior spatial correlation information, reveals that the Bayesian approach
significantly outperforms the deterministic approach across various performance
metrics. However, it is important to note that these gains comes with the caveat of
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increased computational complexity. While Bayesian approaches excel in accuracy,
they require more computational resources. This trade-off between performance and
complexity must be carefully considered when selecting an approach for JADCE in
such scenarios.

6.2 Future work

While the JADCE problem has garnered significant attention in the literature, there
remain more challenging issues that warrant further investigation. Drawing on the
results presented in this thesis, as well as insights from the existing literature, several
possible research directions emerge, as outlined below.

First, extending the discussion to cell-free MIMO networks, which rely on distributed
access points instead of traditional cell-based architectures, would be highly beneficial.
Indeed, for cell-free MIMO network, the JADCE solution can be effectively designed to
leverage both the spatial diversity and cooperative processing. For example, the EP-EM
solution can be made more efficient by distributing the computational load among the
different access points in the network.

Second, more realistic models of mMTC traffic should be incorporated into the
design of the JADCE solution. For instance, comprehensive characterization of the
mMTC traffic pattern would include a statistical modeling of the traffic generation of the
mMTC devices to account for packet size, packet inter-arrival time, and the distribution
of packet arrivals. Incorporating these realistic models into the design of the JADCE
solution serves two crucial purposes: 1) It allows for the design of solutions that are
better suited to the dynamic and sporadic nature of mMTC traffic, ultimately leading to
more effective and reliable communications systems; 2) It ensures that performance
assessment is closely aligned with the behavior of practical mMTC networks.

Finally, one assumption that has been made throughout the thesis is the synchronized
transmission from the devices. However, achieving such synchronization is not always
guaranteed without deploying additional synchronization signaling overhead. Therefore,
the JADCE problem in realistic scenarios must consider the possible asynchronous
transmission from the devices. When addressing the detection of device activity in situa-
tions where received signature sequences from different devices lack synchronization, a
common approach is to detect both the transmitted sequences and their respective delays.
This is done by expanding the sequence pool to include all possible time-shifted versions.
However, it is important to note that this approach comes with the drawback of potential
performance degradation due to increased complexity in delay estimation. Additionally,
computational complexity escalates significantly due to the larger sequence pool.
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Appendix 1 Joint MMSE Estimator

The received signal in (12) can be rewritten as
Yy=0yXy+W, (135)

where y = vec(YT) € C%M, w = vec(WT) € C**, and O, = ®,, @ I}y € CMH*KM
The vectorization in (135) transforms the matrix estimation into a classical vector
estimation. Thus, we utilize the MMSE estimator [139] to jointly estimate the channels
of the active devices, as

X TMMSE — yoo(XIMMSE) — % 4 (Rying®ORin O + 615 ) ' (y — OF), (136)

where X denotes the mean of x, and Ry;ag denotes the covariance matrix of X, given as a
block diagonal matrix whose main diagonal blocks are given by the scaled covariance
matrices R; corresponding to the active devices i € 7.
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Appendix 2 EP derivation

2.1 Product and quotient rules

This section derives the product and quotient rules of two Gaussian random vectors 0
and 0,. These rules are useful for the derivation of EP updates, as well as the AMP
denoiser function, as we will see later.

First, let us denote the two Gaussian vectors a ~ 4 (,,X;) and b ~ A (U5, %5).
This give us the following two results

Product
Let the vector 6, denotes the random variable obtained by 6, = ab. The PDF of 6,

follows

A (as g, Z1) A (s fy,X0) = KoV (Op3 1y, Zp), (137)

- -1 e _
whereZp:(EllJrZzl) Jp =X 1(211u1+Z21[.12),ande:JV([Jl;uz,ZerE]).

Fraction

Let the vector 84 denotes the random variable obtained by 64 = £. The PDF of 6
follows

N (01;:44,%1)

— = =K, 04:; Y 138
N (025 15,52) a ¥ (O, 2a): (138)

B 1yl -1 =z
where g = (7' =25 1) " =27 (27 iy — 55y, and Ky = 2t .
Thus, by using (137) and (138) and few simple manipulations, we straightforwardly

obtain the terms in (83),(89), and (93).

2.2 Derivation of ¢,(-) update
We start by computing the normalizing constant for f>(Xg;, c1)Q\* (X, 1)
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Gio :2/ fz(X(gI,CI)Q\Z’I(X%,Cl)dX%dcl
(QZ/ [(1_5’1)HS(Xi)-i-CzH‘ﬁ/V(X,-;O,R,»)]
X4 i€t i€,
Cff/’/(xu >, £")B(cp; pe)dXe,
= (1-pc) / [16x)% (x> £, )dXq,

61 i€6)
/ G N (x::0,R)E N (x> £V x,
[T/ €/ x:0.R)EGA (x> £ ax; (139)
jge "X '
(:) (1= pe) H%'/V _A\zz \2,1)
€%
1
+pc/ [T (xR(Ri+5>) i (R 8,71 ) ax,
Xi ic6
1 (21
[1% (0:0 £ 4 R)
€%
(i)bl-ﬂlz,

where (a) is obtained by plugging the densities, (b) by straightforward application of
(137), (c) by integrating all the involved Gaussian distributions to unity, and (d) by
setting by = (1 — pc) H%JV B i -\21 i\2, ) and a; = p; HC&/V 0; 1 \21 Z\zlJrR,-).

l
16(61 16(51
Subsequently, by following the same steps, the nth moment with respect to x; is

computed as

EnpuilX] =55) / X! (X, 1) 0" (Xeg, 1) d X dey
94

=g [ (R £ (R ax,
(140)
Note that the integral term represents the nth moment of a multivariate Gaussian random
vector. Thus, the mean E; 2/[x;], and the variance Var ;2. [x;] are deduced directly
from (140) and they are given in (92). Finally, the posterior mean with respect to ¢; is
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computed as

Esz\zJ ] = #‘0Z/leZ(X%’,aCl)Q\z’l(ng)],c)dXdc
C

:ch(l—cl),%’(cl;pc)dcl/n5 )N (x> £

C i€

A 2,1

+ZL, A B(er; po)de; [ Ticy, €N (%30, R)%/V(x,, > £ Xy,

= LBl - [[er Om> £+ L g H%,/V

Lo i€t G170 i€t
p— TI,O'

(141)
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Appendix 3 MMSE-based denoiser

Recall the linear signal model given by (118)

k)

0! =x;+e, vies.

1

In this section, we provide a detailed derivation for the MMSE denoiser function
n(-,-) = E[x|0]. For clarity of presentation, we drop both the device index i and the
iteration index (¢).

Let us consider the following linear model

6=x+e, Vie.t,

where e ~ €4 (€;0,%¢), and p(x) = (1 — pa)6(x;) + pa€ -4 (x;;0,R). The MMSE-
based denoising function 7 (-, -) estimator is given by 1 = E[x|0]

n() =E[xe]
= [ xp(x/6)dx

Bx (1—pa i 2N (x;5;0,R
/p %) ((1—pa)d (p()e;p ( ) (142)

U=rd) Pa .
- p(O) /Xp(6|X) )dx+/xxp(6)P(9|X)<€</V(Xi,0,R)dx.

m m
Since /f(x)S(X)dx = f(x=0) =0, n; =0 and, hence, it does not contribute to E[x|6].
X

Thus, in order to evaluate E[x|6], we have to evaluate only / XMdX in (142).
X

Next, we express 1), as follows

=

p(6x)€.¥ (x;0,R) (@

@ €N (8;0,R+Z6)C.N (x:(Z5' +RZ,'0, (' +R) )

Pa p(6) - (1—pa) €N (0;0,R+Zg) + p €N (6;0,2¢)
CN (x: (%" +R)Z,160,(Z, +RT) )

1+ 22264(6:0,25" — (25" +R1)~!) det (R+1y)

© CN (x: (55" +RZ,'6,(Z," +R D)
1+ 22 det(Iy + R)e~®" (% ~(ZoR) 10

—
S
=

?

(143)
where

— (a) follows from the fact that the nominator is obtained by applying the rule of product
for two Gaussian random vectors with respect to x as shown in Appendix 2.1.
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— (b) is accomplished by dividing both the denominator and numerator by the scaled
Gaussian term p, % .4 (6; 0,R+ Zg) and then applying the rule for the division of
two Gaussian random vectors with respect to 6.

— (c) is achieved through straightforward manipulation of the Gaussian term in the
denominator.

Finally, note that the numerator in (143) identifies as a circularly symmetric com-
plex Gaussian distribution with mean (251 + R‘l)_lZgl 0= R(Z;1 +R")719 and
covariance matrix (251 +R~1)~!. Thus, by definition,

n(6.%6) = Ex|6] = [ xmdx = y(6.5o)R(E,' +R )0 (144
X
where we used the matrix inverse lemma [100, Lemma B.3] to get (Z;' +R ! Z;l 0=
—1 —1)-1 _ 1 :
R(X, " +R7')"'6and y(0,%g) = TS T This completes
Pa det(Zg)
the proof.
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