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Abstract

In recent years, the number of massive Internet of Things ([mIoTI) has grown
tremendously, giving rise to the term massive machine-type communica-
tions (MMTC). Cellular Internet of Things ([oTJ) is an economical solution
for connecting devices wirelessly because it reuses existing cellular infrastruc-
ture. 3rd Generation Partnership Project (3GPP) has recognized ImMTC] as
one of the use cases of 6G. However, providing massive access to the [[oT]
devices within the constraints of limited system resources has been an ongo-
ing challenge in cellular networks. On the other hand, Deep learning (DL
has emerged as a powerful method for various applications, such as image
processing and natural language processing. More recently, [DI] has been
successfully applied to a wide range of wireless communication tasks. Given
that, this thesis aims to design massive multiple access protocols using [DI]
algorithms for both cell-based and cell-free networks.

Firstly, a synchronized uplink grant-free (GE|) non-orthogonal multiple
access (NOMAI) scenario is considered in which only a small number of de-
vices out of several devices are active at a given time. In contrast to orthog-
onal multiple access, permits sharing of the same time-frequency
resource; therefore, can support a massive number of devices. Since there
is no grant procedure, the base station (BS])) must identify the active users.
Consequently, a [DIlbased solution, comprised of two novel deep neural net-
work (DNN]) architectures, is proposed, one for sparsity estimation and the
other for identifying the users.

Secondly, an asynchronous random access uplink scenario is consid-
ered where users are uniformly distributed around the Asynchronous

schemes are important for ultra-low-cost [[0T] devices, as the signaling over-
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head is reduced to the minimum. When a user becomes active, it initiates a
virtual frame (VE]) comprising of slots with each slot duration equal to the
packet length. Each active user transmits multiple replicas in the chosen slot
to boost performance. As there is no coordination between the and active
device, the packet detection tasks need to be performed at the For this
task, [DNNlis designed that predicts if the received symbols are preamble or
not.

Finally, a cell-free massive MIMO (CE=mMIMOI) scenario is considered
in which access points (APk) are arranged in a grid form and users are dis-
tributed in an area. can improve the quality of the service for
the users at the end of the cell and can reduce inter-cell interference. Strate-
gic power control and careful pilot assignment are pivotal in mitigating inter-
user interference and enhancing network performance. Taking into account,
a[DNN]is designed for joint pilot and data power and pilot assignment that
maximizes the minimum user rate.

Artificial intelligence (AI) integration in 6G network holds significant
potential for adaptive and efficient network performance. [All can analyze
real-time data to predict and manage traffic congestion. [All can strengthen
network security by identifying threats and responding proactively. The re-
sult is higher efficiency, improved quality of service, and an enhanced user

experience.
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Chapter 1
Introduction

Recent years have witnessed the explosion of wireless Internet of Things (IoT))
communications across several application domains, including home appli-
ances, surveillance cameras, smart grid, smart factories, and intelligent trans-
portation systems [, [2, 3]. The global count of Internet of Things (IoT)
devices is projected to nearly double, rising from 15.1 billion in 2020 to sur-
pass 29 billion by 2030 [4]. Owing to the rapid and widespread adoption of
[oTl] across various application domains, the density of connected objects (in
terms of devices per unit area) has recently become so large that the termi-
nology massive machine-type communications (mMTC]) has been introduced
[5, 6l [7] to refer to wireless networking between the devices that are physi-
cally located in the same geographic area. Each of these devices is commonly
powered by batteries. The device produces data intermittently, with short
periods of activity separated by long periods of inactivity. The active period
is typically used for transmitting a single message in the form of a short
packet. This communication may occur either between devices or from the
device to a remote server through the network [8, [9]. In the uplink, i.e., the
wireless link from the devices to the base station (BS]) or access point (AP)),
a massive number of devices contend to transmit short data packets over
the radio access network, giving rise to term massive multiple access (MMAI)
[10, 11]. As devices wake up sporadically, unpredictably, and independently,

the receiver lacks a priori knowledge of the number and subset of concur-
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Figure 1.1: A massive multiple access scenario.

rently active devices within a specific time window. A typical MMAlscenario
is depicted in Fig.

Providing multiple access within the constraints of limited system re-
sources has been an ongoing challenge in cellular networks [3]. Over the evo-
lution of cellular technology, various multiple-access techniques have been
proposed. In earlier and current wireless networks, orthogonal multiple
access ([OMA]) constitutes the fundamental aspects. For instance, in first-
generation ([IG)) and second-generation (2G)) time division multiple access
(TDMA]) and frequency division multiple access (FDMAI) are employed, re-
spectively. While third-generation (8G)) systems utilize code division multiple
access ([CDMA]), and fourth-generation (Gl and fifth-generation (5G] sys-
tems implement orthogonal frequency division multiple access (OFDMA]).
To minimize the interference between the adjacent blocks and perform signal
detection, these systems divide resource blocks orthogonally across time, fre-
quency, or code domains [I2]. Yet, supporting a massive number of devices in
beyond 5G (B5G) networks is a non-trivial task and consists of the following

challenges.

1. The conventional information-theoretic approach typically concentrates
on facilitating a limited number of devices, where the user count is de-
terministic and pre-known. Extending this traditional multiple-access
theory to the more intricate multiple-access scenarios is not a trivial
task [13] [14] [15].
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. Grant-based schemes employed in a conventional multiple access sce-

nario allow orthogonal resource allocation due to the small number
of devices. However, in [MMAI applications grant-based access leads
to long delays for resource allocation and is inefficient due to control

signaling overhead that may even outnumber data [16].

Majority of the current [[QT] networks employ schemes, which
simplifies the transceiver design but it often results in a lower overall
spectral efficiency (SEl). Therefore, implementing schemes in a
massive Internet of Things (mIoT]) network is inefficient due to under-

utilization of the radio spectrum [17, [18].

To prolong battery life, the [[QT] devices transmit with a low power
which makes signal detection at the [BS] difficult. As a remedy, [QT] de-
vices increase the coverage by employing strategies like re-transmission
of the packets and considering low-order modulation, such as binary
phase shift keying (BPSK]), quadrature phase-shift keying [19].
However, these techniques come at the expense of inefficient utilization

of system resources.

. The broadcast nature of wireless signals introduces the risk of unin-

tended devices intercepting confidential signals, potentially leading to
information leakage [20, 21]. Traditionally, security in wireless access
relies on cryptography-based encryption techniques. However, due to
limited battery and computational capability, the [[QT] devices cannot

employ advanced encryption techniques.

1.1 5G and B5G

The 3rd Generation Partnership Project (3GPP) has classified 5G cellu-
lar system services into three distinct categories: enhanced mobile broad-
band (eMBB]), ultra-reliable and low-latency communications (URLLC), and
mMTC] [22]. Each category has its own set of key performance indicators

(KPIs) and requirements to meet the specific needs of different applications.
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¢MBB Al
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Figure 1.2: The evolution from 5G to B5G.

In 5G mMTC services, the primary focus is on scalability, meaning the net-
work’s ability to handle a large number of devices with sporadic traffic, with
a minimum target per-device quality of service. Latency and reliability are
less critical factors for ImMTC applications. [URLLC services, on the other
hand, demand extremely low latency and high reliability, even when dealing
with a smaller number of devices. Scalability is not as critical for [URLLC] ap-
plications. While [eMBBl specifically targets the provision of exceptional data
transfer speeds to support demanding broadband applications like virtual re-
ality (VR]) and augmented reality (AR]). The 3GPP has established specific
requirements for services in 5G, which are summarized in Table [I.1]

The transition from 5G to 6G will mark a significant shift from the tra-
ditional ”connected people and things” paradigm to a more advanced ”con-
nected intelligence” paradigm. This evolution will involve not only enhance-
ments to the existing communication service classes eMBB| [URLLC], and
to [eMBBH-, [URLLCH-, and mMTCH, but also introduce a new sens-
ing dimension, with artificial intelligence ([Al) playing a pivotal role in unify-
ing all services and applications. In fact, IMT-2030 envisioned expanding on
existing use cases like [eMBB| [URLLC, and InMTC]| and enabling new ones
using the capabilities of [AT [23]. Notably, 6G networks will also feature a con-
vergence of services, addressing the need for flexible and adaptable networks
that can seamlessly support a wide range of [QT] use cases, including indus-
trial applications, vehicle-to-infrastructure communications, and smart city
initiatives. This convergence will require a rethinking of the rigid 5G service

classification, particularly for applications that demand a balance between
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Table 1.1: 5G and B5G [[QT] key performance indicators (KPIk) and target values [3] [24]

| 5G | B5G
Connectivity | 5 - 10* per cell 107 per km?
Battery life 10 years 20 years
Coverage Ground Space-air-ground-sea
Latency 1 ms 0.3 ms
Reliability 1074 1076

scalability, latency, and reliability. While scalability will remain a primary
concern for services, tighter reliability and latency requirements will
emerge to accommodate the growing demands of emerging [Tl applications.
Additionally, new performance indicators (KPIs) are likely to be introduced
in 6G, one of which is the environmental impact of the network, i.e., carbon
dioxide (COg2) footprint. These advancements will pave the way for a more
sustainable and intelligent wireless ecosystem that supports a diverse range
of applications, enhancing the quality of life for all.

The MIQT] networks provide an ideal setting for uncoordinated grant-
free (GE]) access protocols, where a vast number of devices transmit small
data packets at arbitrary times without prior coordination or synchroniza-
tion. Several examples of protocols have been proposed in recent litera-
ture, including [25, 26, 27]. These protocols enable machine-type devices to
access the channel without any coordination with the and other devices.
This uncoordinated approach ensures scalability and efficiency for [mIoT] de-
ployments. The key advantage of protocols lies in their simplicity and low
overhead on the device side. These approaches simplify device-side imple-
mentation but place increased computational demands on the [BSl Overall,
protocols offer a promising solution for enabling mIoT] connectivity while

maintaining efficient resource utilization and low device-side complexity.

1.2 Deep Learning

Deep learning ([DI), a subset of machine learning, has revolutionized the field

of [ATl by enabling machines to learn complex patterns and make intelligent
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Hidden

neuron

Figure 1.3: Deep Neural Network

decisions, such as speech recognition [28], computer vision [29], and language
translation [30]. Depending upon the complexity of the network, it can learn
a large number of piecewise smooth functions [31]. [DL]algorithms are trained
on massive datasets. This training process involves adjusting the weights of
the network to minimize the error between the network’s predictions and
the actual data labels. Once trained, deep neural networks (DNNk) can
perform complex tasks with low computational cost, as their computations
primarily involve multiply—accumulate operations and element-wise nonlin-
ear operations. Among the plethora of [DI]algorithms, notable ones that have
garnered widespread use include [DNN] convolutional neural network (CNNJ),
recurrent neural network (RNNJ), and the groundbreaking Transformer model
proposed in [32]. Notably, the Transformer model has revolutionized the field
of natural language processing giving rise to large language models, such as
Google’s BERT and OpenAl’s ChatGPT. The subsequent section serves as
an introduction to [DNNl and [CNNL

1.2.1 Deep Neural Networks

[DNNE, also known as feedforward neural networks or multilayer percep-
trons (MLPk), are the foundation of deep learning. These networks aim to
approximate a given function f*. A [DNN]establishes a mapping y = f(x;0)

and learns the optimal parameter values 8 to achieve the best possible func-
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tion approximation [33].

A [DNN] comprises an input layer, an output layer, and multiple hidden
layers as shown in Fig. [[.3] Layers are composed of a node, similar to a
neuron, carrying out a sum-of-products operation by multiplying the weights

with the inputs and then adding a bias value as follows

z:Zwixi—i—b (1.1)
i=1

where, x, w, and b represent the input, weight, and bias values, respectively.
The intermediate result z is then sent through an activation function to

introduce non-linearity into the system

y=r(z). (1.2)

The non-linear operation f(-), known as the activation function, is a crucial
component of the [DIl model. A fully-connected layer composed of many

neurons can be conceptualized as [33]
z=f(Wx+b) (1.3)

where W € R represents the weight matrix. The input to the layer
is denoted by & € R™™ ! while the bias is represented by b € Ro"*! [33].
The activation function enables the network to learn non-linear relationships

between input and output. Some of the most common activation functions
are given in Table

1.2.2 Convolutional Neural Networks

Convolutional networks are a type of neural network that are designed to
efficiently process data that is arranged in a grid-like form, such as images

or audio signals [33]. They achieve this by using a mathematical operation
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Table 1.2: Common activation functions

‘ Function
Rectified linear unit (Rel.U) g(z) = max(0, 2)
Leaky ReL.U g(z) = max(0.01 * z, 2)
Sigmoid ( )= 1/(1 + e_z)

Hyperbolic Tangent

*)/(e* +e7)

z
= (¢?
['-(e*—1), ifz2<0,
Exponential linear unit (eL.Ul) { therwi
z, otherwise

called convolution

s; = (T *xw); Z Tp Wi, (1.4)

n=—oo

where z is the input and w is the kernel. In machine learning applications,
the data is often represented as a multi-dimensional array; thus, the filters
used to extract features are also multi-dimensional arrays. These arrays are
known as tensors. The convolution operation is simplified since the values of
the tensors being convolved are defined only at a finite set of points. Due to
this fact, the convolution can be implemented as a sum over a finite number

of array elements instead of an infinite summation as

Sii=I*xK)=Y"> ILn,Kimjn (1.5)

where S;; represents the element at the ith rows and jth column of S.
In the convolution process, an odd and square-dimension kernel or filter is
traversed across the input. Each convolutional operation involves multiplying
the values of the filter with the corresponding values in the input, followed
by summing up the results. The outcome of this summation replaces the
original value in the input. The kernel is moved to adjacent values, defined
by a stride, and convolution operation is applied. The process is iteratively
applied to obtain feature maps. The convolution operation leads to a feature

map with smaller dimensions than the input. To counteract this, values are
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padded to maintain dimension. Based on the input size (N;), kernel size (F),
stride (T"), and padding (P), the output size (Np) can be calculated as

N, — F+2P
#+1J. (1.6)

No = L T

The feature maps are passed through an activation function to introduce
non-linearity. This step is crucial for enabling the network to learn complex
patterns and relationships in the data. The feature maps are modified further
using the pooling operation. The pooling operation involves replacing a
specific value in the feature map with a derived value based on its magnitude
and that of its neighboring values. The max pooling operation is the most
popular technique that outputs the maximum value within a rectangular
region. Other pooling functions include: computing the average or Ly norm

within the rectangular region [33].

1.2.3 Training DL-algorithm

The objective of the training is to determine the suitable weights of the
[DL] model that minimizes the loss function. The loss, cost, or objective
function is dependent on the problem that we are trying to solve. For a binary
classification scenario, where the task involves assigning input to one of two
categories, or in a multi-label classification context, where the objective is to
classify the input into non-mutually exclusive categories, the binary cross-

entropy loss function is employed. It is defined as follows

J(q,4) = —qlogq — (1 — q)log(1 —q) (1.7)

where ¢ is the true label and ¢ is the predicted value by the [DI] algorithm.
For a multi-class classification problem, which involves categorizing input

into three or more mutually exclusive categories, categorical cross-entropy is
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Algorithm 1 Gradient Descent Algorithm

1: Initialize the weights W and bias b of the network randomly.
2: while not converged do
3: Compute Gradient aa_vjv and ‘?9%
4: Update weights: W < W — ag—v{, > « is the learning rate.
5: Update bias: b+ b — CX%—‘Z
6: end while
Return: W b
employed
M
J(p.p)=— Zpi log p; (1.8)
i=1

where p is the one-hot encoded vector of length M, indicating the category
position with a value of 1 and all other positions with a value of 0. The
algorithm outputs p providing the probability for each class.

To update the weights of the network, it is supplied with training exam-
ples, for which the network generates the outputs commonly known as the
forward propagation step. In the backpropagation step, the loss is computed
on these examples, and the weights are updated using the gradient descent
algorithm, which involves computing gradients of the loss with respect to
the weight [33]. The gradient descent algorithm is presented in Algorithm [1]
Both steps are repeated until the weight of the model converges, i.e., there

is no significant change in the weight values.

1.3 Thesis Structure

The rest of the thesis is organized as follows.

Chapter 2: proposes the implementation of a non-orthogonal mul-
tiple access (NOMA]) scheme to provide services to a large number of devices
and to reduce the communication overhead in [mMTC] scenarios. For NOMA]
with sparse spreading, a [DNNlbased approach is proposed for active users
detection (AUDI) called active users enumeration and identification (AUEI).
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It consists of two phases: firstly, a [DNNlis used to estimate the number of
active users; then in the second phase, another [DNN| identifies them. To
speed up the training process of the [DNNk, a multi-stage transfer learning
technique is proposed. The numerical results show a remarkable performance
improvement of [AUEI in comparison to previously proposed approaches.

Chapter 3: proposes a[DIlbased solution for detecting preambles in an
asynchronous[GFlrandom access uplink scenario, assuming multiple antennas
at the[BSl In[GE random access protocols, a large number of devices activate
sporadically and transmit short packets, typically containing a preamble (or
a pilot sequence), without any resource allocation from the One of
the critical tasks to be accomplished by the is thus the preamble-based
detection of the transmitted packets. The [DI}based approach outperforms
the classical correlator-based approach.

Chapter 4: introduce a[DNNlbased approach for joint power control and
pilot assignment, aiming to maximize the minimum user rate, commonly re-
ferred to as a max-min problem in a cell-free massive MIMO (CF=mMIMO))
network. A custom loss function is designed for training the network. Ex-
tensive simulations demonstrate that the proposed method outperforms the
existing deep learning power control and random pilot assignment strate-
gies. The model versatility and adaptability are assessed by simulating two
different scenarios, namely a urban macro (UMal) and an industrial one. Ad-
ditionally, the advantage of the proposed approach is demonstrated in terms
of energy efficiency by evaluating the per-user average pilot and data transmit
power.

Chapter 5: concludes with final remarks and considerations.
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Chapter 2

Enumeration and Identification
of Active Users for GF NOMA

2.1 Introduction

In recent years, [nMTC| has gained a lot of attention due to applications
such as smart grid and metering, smart factories, autonomous driving, and
public health [I],[2]. In cellular scenarios, ImMTClhas to provide connectivity
between and a very large number of devices [3].

In a conventional multiple-access scenario consisting of a relatively small
number of human-type users, the assigns radio resources in a coordinated
fashion to each user. On the contrary, in [nNMTC scenario, the resource
allocation approach will yield tremendous control signaling overhead which
may be large in comparison to the size of the data, making the protocol
highly inefficient.

To cope with these limitations, [GFlbased approaches have been proposed.
In random access, signalling overhead and latency are reduced as the
active devices transmit data without a grant procedure. In contrast to or-
thogonal multiple access, permits sharing of the same time-frequency
resources, therefore, it can support a massive number of devices in a limited
radio spectrum. In the code domain [NOMAL each user is assigned a sparse

spreading sequence, known to the[BSl The length of the spreading sequences

21
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is kept low to efficiently utilize the radio spectrum. Due to a large number of
users, the sequences are non-orthogonal. Despite this, decoding is possible in
because the number of active devices at any given time is a small frac-
tion of the total number of devices. Since there is no previous coordination
or grant procedure, the BSmust identify the active users to be able to decode
them by their respective spreading sequences. Thus, the first crucial step is
active user detection. Due to the sparseness of the users’ activation pattern,
compressed sensing ([(CS))-based techniques have been proposed in [NOMAI to
identify them [4, Bl [6]. In [7], the authors proposed a low-complexity algo-
rithm for active users detection using pilot sequences with a massive number
of antennas at the A receiver which works independently of parameters
such as signal-to-noise ratio (SNRI) and user activity ratio in a set-
ting is proposed in [8]. However, it has been shown that the performance of
[CStbased detection schemes degrade considerably as the sparsity level (num-
ber of active devices) increases [6]. Moreover, [CStbased algorithms fail to
consider time constraint [9]. For instance, the number of iterations of block
iterative hard thresholding (BIHT]) presented in [10] depends on the sparsity
level, i.e., the algorithm will take more time to converge as the sparsity level

ncreases.

To overcome some of these issues, [DI] methods could be used instead
of [CSl Indeed, it has been shown that a can learn a large number
of piecewise smooth functions [11], and since then [DI] methods have been
successfully proposed in various fields, such as speech recognition [12], com-
puter vision [I3], and language translation [14]. [DI] techniques find several
applications in the wireless communication domain as well [9} [15] 16} 17]. In
contrast to [CSlsolutions, [DIlrequires a large amount of data for training, but
once the algorithm is trained the complexity becomes low. Indeed, in the op-
erational mode, [DI]involves multiply-accumulate and element-wise nonlinear
evaluations, which are far less computationally expensive than the [CStbased
techniques [9] [18]. Thus, some studies have been carried out to identify ac-
tive users in scenarios using [DI] algorithms [3, [I8]. Specifically, a
has been proposed for both and channel estimation considering
a[NOMA] scenario with sparse spreading sequences in [3]. Another approach



2.1. Introduction 23

that deals with using a architecture with residual connections
has been proposed in [I8]. The existing [DNNlbased algorithms for can
be divided into three categories: i) assuming the number of active users is
perfectly known [19]; ii) without preliminary estimation of the number of ac-
tive users [3] 20}, 21]; iii) estimating this number through thresholding-based
algorithms [18]. Assuming perfect knowledge of the number of active users
is unrealistic. Also, sparsity estimation by thresholding-based algorithms is
not an easy task, as the threshold level would depend on several system pa-
rameters in an unknown way, leading to poor results when compared with
the other categories [3].

In this chapter, it is assumed that at the beginning of the transmission
the is unaware of the number of active users. The main contributions of

this chapter are summarized as follows:

e A new solution to active users detection is proposed, which comprises of
two novel [DNN] architectures, one for sparsity estimation called active
users enumeration (AUE]), and the other one for identifying the active

users called active users identification (AUI);

e The proposed solution is compared with previous approaches to assess

the performance improvement;

e False alarm rate is reported to completely characterize the performance
of the proposed model as it has never been analyzed in the literature
on [AUDI to the best of my knowledge;

e A multi-stage transfer learning approach is investigated to reduce the
training time of the [DNNk.

The rest of the chapter is organized as follows. The system model along with
the concept of spreading sequences and multiple measurements is reported
in Section [2.2] In Section 2.3 the architecture for and sparsity
estimation is explained. Section [2.4] contains the simulation settings and
results. Section [2.5] concludes the study.

Boldface uppercase, boldface lowercase, and lowercase letters are used to

denote matrices, vectors, and scalars respectively. Also, abs(v) and arg(v)
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. . Base Station - .
Active device Inactive device

Figure 2.1: The depiction of GF-NOMA uplink communication scenario where only a
few devices are active. The active devices are highlighted in blue color.

denote the magnitude and argument of the complex number v, respectively.
The operator diag(v) outputs a diagonal matrix with entries of the vector v

along the diagonal, and || . ||, represents the p-norm.

2.2 System Model

A synchronized uplink [GFINOMA] system scenario is considered as in [3} [18§],
in which N machine-type devices can transmit to the BS (see Fig. 2.1, both
machine-type devices and are equipped with a single antenna, and each
device is assigned a preconfigured sequence (or codeword), known by the [BS.
A small number of devices K are active at a given time, with 1 < K < K.«
and Ky.x < N, where K.« is a system parameter representing the maxi-
mum number of active users under consideration. The symbols generated by
each active device are spread with its device-specific non-orthogonal code-
word. Then, the samples are transmitted through parallel frequency-flat
channels, e.g., by Orthogonal Frequency-Division Multiplexing (OEDM]).
For instance, if the ith device wants to send at time ¢ a symbol sz(»t) eC,
it encodes it into qi(t) = cf;t)sgt) € C°, where cgt) = [cl(?, e ,cgg]T e C%is
the codeword of length S associated with the ith device. The S elements of
qz(t) are sent over S parallel additive white Gaussian noise (AWGN]) channels
with gains hz(»t) = [hg?, h§2, ce h%]T Overall, the received vector at the
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at time ¢ can be written as
N
y = Z i diag(cgt))hgt)sgt) +nl (2.1)
i=1

where n denotes the complex Gaussian noise vector n ~ CAN(0, o2I). The
device indicator §; € {0, 1} indicates the activity status of the ith device,

with §; = 0/1 for inactive/active devices, respectively.

To minimize the interuser interference, low-density signature (LDS]) code-
words are employed, i.e., each codeword has only a small number ng of
non-zero values [22]. Similarly to [3, I8, 22], ng positions are randomly
picked to generate a codeword, and then the non-zero entries are generated
as independent and identically distributed (Lidl) according to a complex
Gaussian distribution CA(0, o2).

Assuming the devices transmit NV, consecutive symbols, the received mea-

surements can be arranged in a vector as follows

51:131 n(l)
g=|® @ | 1 |+] (2:2)

(5]\[33]\[ ’I’L(Nd)

T (™ are the codebook matrices of dimension

Y are the randomly generated codewords, and x; =
Nd))T]

where ®; = diag[(cgl)
(Ng-S)-(Ng-9), ¢
[(S(l)h(l))T . (S(Nd)h

)

A~ e~

i T € CN+91 denote the composite channel vectors

and data symbols. For example, consider the case where only the 2nd and
4th users are active. Then, (2.2]) reduces to

e

+1 | (2.3)

n(Nd)

Assuming a maximum number of active users K .., [AUD]| can be formu-
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lated as the support identification problem

Q= argmin || g — ®oxq |- (2.4)
Qv‘Q‘SKmax

where ) are the subsets of {1,2,..., N}, and the ) contains the indexes of
the estimated active users.

One possible approach to solve (2.4]) consists of applying [CSFbased tech-
niques, which however could be challenging for real-time applications [6], 10,
23, 24, 25]. On the contrary, once a is trained, estimating Q will be
less computationally expensive with respect to [CSFbased approaches. In the

next section, the proposed [DI] approach is discussed.

2.3 Deep Learning-based AUD

Different approaches based on have been proposed in the literature
for [AUD! all employing thresholding-based algorithms for determining the
number of active users [I8, 26]. Here a different solution composed of two
separate architectures is presented, one for active users enumeration
and the other for active users identification. To the best of my knowledge,
this is the first work which utilizes a[DNNtbased architecture for enumerating
the active users in a [NOMAI scenario. The task of the [AUE] network is to
output the number of active users, while a set of [AUI| networks, each trained
for a different sparsity level, identifies the active users. More precisely, the
former learns the mapping between the received vector y and the estimated
number of active users K, while the latter learns the mapping between the
received vector g and € for the cardinality |Q] = K.

The networks provide the result as follows

K= f(y; V) (2.5)

where ¥ and O are the sets of weights and biases associated with the enu-
meration [DNNl and the identification [DNN] for sparsity & € {1,2, ..., Kyax},
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respectively.

2.3.1 DNNs Architecture

The received vector obtained through has complex elements. To work
with common [DNNE, which assume real numbers as input, the complex el-
ements are split into the magnitude and phase parts. More precisely, for a
received vector ¥ = [y1,...,Ym]] € C™ then the input to the [DNNk would
be

¥ = [abs(y1), arg(y1), . . ., abs(ym ), arg (ym)]" .

Fig. shows the architecture for the [AUE] and [AUIl Both [DNNk con-
sist of convolutional layers, fully-connected layers, batch normalization layers,
dropout layer, and activation layers. The difference between the [AUEl and
[AUl is in the output layer, which is a softmax for the [AUE] and a sigmoid
layer for the [AUIl These output layers are described precisely below. The
input to the y is reshaped to a 2-D feature map (N4, 2S5) using the
reshape layer, where the first dimension corresponds to the channels anal-
ogous to the channels in a colour image. The 1-D convolution operation is
performed using filters of size 2 and 4, with a stride equal to the filter size.
Here, valid convolution is performed, i.e., the output is only considered when
the filter is fully contained in the feature map and the output feature map is
reduced according to the input feature map, filter size and stride [27]. The
output feature maps from the convolutional layers are passed through a[ReL.Ul
activation function. The output from the activation function is reduced to
1-D and then concatenated through the concatenation layer. The rationale
behind using convolutional layers is to reduce the computational complexity
and to extract the features shared among N; multiple measurements. The
fully-connected layers, defined in , consist of a neurons, except for the
last one. In fact, the last fully-connected layer dimension must agree with the
output layer dimension, so it contains K., and N neurons for the enumer-
ation and the identification [DNNk, respectively. The fully-connected layers

employ a linear activation function.
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Instead of a single training example, [DNNk are trained on a batch of
training examples called a mini-batch, B = [a"), ..., a™]. The batch nor-
malization layer normalizes the mini-batch B to zero mean and unit variance
and then scales it using the trainable parameters v and

(k) _ .
w _ la — ) 2’“")+ﬁ i=1,...,a (2.6)

g;

z

where y; and ¢? are estimates of the mean and variance of the ith element
of the vector, respectively, obtained by moving average [28]. The activation
layers are introduced so that the DNNk can learn non-linear functions. [Rel.Ul
is a common choice as an activation function in the hidden layers for numer-
ous [DNN architectures [27, 29] and [ReL.U] can be mathematically described

a = max(0, 2) (2.7)

where the operation is to be considered element-wise.

A [DNN] consists of many hidden layers, and it becomes challenging to
train due to the vanishing/exploding gradient problem [30]. Therefore, the
residual connections scheme is adopted, proposed in [31]. Residual connec-
tions directly pass information from the previous layer to the next layer as
depicted in Fig. [2.2

The output layer of the [AUE] has dimension equal to the maximum spar-
sity level K .. The softmax layer takes as input a vector and normalizes it

to a probability distribution
ﬁi - —Km(w ] (28)

where z; and z; are the 7th and jth element of 2z, while p; is the ith element

of p. The final estimate is

K = arg max p; . (2.9)

7



30 2.3. Deep Learning-based AUD

For active user identification Kyax neural networks g1(+), g2(+), - -+, Grpa ()
are used, as defined in ([2.5)). The architecture of all the K., AUI networks
remains the same as shown in Fig. [2.2b] only the dataset used for training
each AUI is different. For instance, for training g (+), a dataset comprising of
k active users is considered. Here, a dropout layer is employed to avoid over-
fitting of the model on the training dataset. In this layer, during the training
phase, a fraction of the input and output connections from the neurons are
dropped [28]. To identify active users, a sigmoid layer with N outputs is

adopted as output, one per user. Each output is calculated as

1

= — =1,...,N 2.10
1+6—2i L ) ? ( )

i
where ¢; represents the likelihood of user i being active. In previous ap-
proaches, a comparison with a threshold was proposed to decide which users
were active, but these methods suffer from difficulties in finding a suitable
threshold value. In this approach, summarized in Algorithm [, the foun-
dation is built upon A derived from the [AUE network. Subsequently, AU
network is employed which is trained for K active users. With this network,
using y as input, the K users with the largest likelihoods are considered as

active

Q :argmaqu}. (2.11)
Q=K eq

2.3.2 DNNs Training

Sparsity estimation can be seen as a multi-class classification, in which the
input g is categorized in one of the categories ranging from 1 to K. To
this aim, a categorical cross-entropy loss is employed. The true label vector
is indicated as p = [p1, P2, - - -, PK,ay)- If the number of active users is k, it
will be p, = 1 and p; = 0Vj # k. For instance, if the number of active users

is 2, then p = [0,1,0,...,0]. The categorical cross-entropy Js(p,p) loss is
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Algorithm 2 Deep learning-based
IHPUt: 'ga AKmax

Output: Q

1: Pass g through the enumeration [DNN] to obtain p
2: K < argmax p;

ie{l,---,Krnax}
3: Q< gi(y,0f)
Return:
defined as
Kn)ax
Js(p.p) = — Y _ pilogp; = —log i . (2.12)
i=1

User activity identification can be seen as a multi-label classification prob-
lem, in which K out of N users are selected. To this aim, a binary cross-
entropy loss is employed. The true label vector is indicated as ¢ = [q1, ¢2, - - . , qn]
where each element represents the user as active (¢; = 1) or inactive (¢; = 0).
For instance, if Q = {2,4} then ¢ = [0,1,0,1,...,0]. The binary cross-

entropy loss is defined as

N
Ja(q.4) = — Z(ql log g; + (1 — ¢;) log(1 — G:)) - (2.13)

i=1
In order to determine the parameters W and Oy in (2.5)), the loss functions
Js(p,p) and Ja(q, q) are needed to be minimized for enumeration and iden-
tification tasks, respectively. For that purpose, the well-known Adam opti-

mizer is employed [32].

With the proposed approach, K. networks have to be trained
which is a time and computationally expensive task. To counter that, a multi-
stage transfer learning technique is proposed. To train the [AUll network g (+)
in for k£ > 2 through this technique, start from the trained weights of
gr—1(+). More precisely, the weights of g;(-) are initialized according to [33].
Then, g;(-) is trained until the network converges, i.e., there is no significant

change in the network weights. Instead of initializing the weights of go(+)
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randomly, they are initialized with the trained weights of ¢;(-); this way,
g2(+) leverages the information learnt by ¢;(-) and converges faster than its
randomly initialized counterpart. In general, the weights of gi(-) are hence

initialized through the trained weights of gx_1(-), for k = 2, ..., Kyax.

2.3.3 Computational Complexity

In this subsection, the computational complexity of the [AUEIlis presented in
terms of floating point operations (ELOPE). The addition, subtraction, and
multiplication computation are assumed as a single [FLOP| whereas division
and exponential computation are considered as 4 and 8 [FLOPk, as in [34].

The [ELOPk of the convolutional layers are given by

CCOHVQ =2 NCOIIVQ : FCOHVQ : Nd : OUtCOnVQ

CCOHV4 =2 NCOIIV4 : FCO]’IV4 : Nd . OUtconV4

where Neony, , Feony, and outcqny, represent the number of convolution filters,
size of the filter and output shape, respectively. The output of the convolu-

tional layers is fed into a[Rel.U], having computational complexity

C(ReLUz - NCOHV2 ' OUtCOHVg

CReLU4 - NconV4 : OUtconV4 .

The number of [FLOPk in a fully-connected layer (1.3)) is dictated by the

input (in) and output (out) size
Crc = in - out + (in — 1) - out + out .

The number of multiplication and addition operations in Wa is given by
the term (in - out) and (in - out — out), respectively. The last term (out)
is the number of addition operations due to the bias b. The computational

complexity of the fully-connected layer simplifies to

Crc =2 -in-out.



2.3. Deep Learning-based AUD 33

Consequently, the [FLOPK of the input fully-connected layer can be defined

as

Crc

=2 - [Nconvz ' OUtCOHVQ + NCOHV4 : OUtCOHV4] .

n

The batch normalization (2.6 involves four operations, therefore, the com-

plexity of the input batch normalization layer can be expressed as
CBNM =4 .

The hidden layer is composed of two fully-connected layers, two batch nor-
malization layers, two activation functions, one dropout layer and one resid-
ual connection. The dropout layer and residual connection are elementwise
multiplication and addition operations; therefore, each will contribute o com-
plexity to the algorithm. The overall complexity of L hidden layers is given
by

Chidden = (2@2 + 20 + 4o+ da+ 20+ a + a)L
=40°L + 12aL .

The computational cost incurred at the output fully-connected layer of [AUE]
and [AUT is

AUE
C’FCW = 20K ax
and
AUT
C’ch = 2aN

respectively. The softmax layer (2.8)) in [AUE invokes K., exponential, K.

divisions and K., — 1 additions operations

Osoftmax - ]-SKmax - ]. .
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Similarly, the number of [FLOPE in a sigmoid layer ([2.10)) is:
C’sigmoid = 13N .

According to [35], finding the largest probabilities in (2.9) and (2.11)) yields

the following complexity

CAUE = Kmax —1

max

and

CAUI:KN_ K<K+1)

max 2

respectively. The overall computational complexity of the [AUEl is described

below

CAuE = Ceonvs + Ceonvy + CreLu, + CreLu, + Cre,
+ Cgn;,, + Chidden + C?gi + Crottmax + Ciaor”
= 2 (Neonvs * OUtconvs ) (Feonvy * Na + @)
+ 2+ (Neonvs * 0Utconvy) (Feonv, + Na + @)
+ 4o+ 4020 + 120 4 20K oy + 14K pax — 2. (2.14)

Likewise, the computational complexity of [AUIlis given as

Caut = Ceonvy + Ceonvy + Creru, + Creruy + Cra,,
+ BN,y + Chidden + C?éjjut + Ciigmoid + Cﬁi}
=2 (Neonvs * OUtconvy) (Feonv, - Na + @)

+ 2+ (Neonvs - 0Uleonv, ) (Feonv, - Na + )

+ 4o+ 4L + 12aL + 2aN + 13N + KN

- w (2.15)



2.4. Implementation and Results 35

Finally, the complexity of the [AUEI is
Cauvrr = Cavg + Caur - (2.16)

In the next section, this complexity is compared with that of the algorithm

presented in [18].

2.4 Implementation and Results

2.4.1 Simulation Setup

The samples are generated according to the system model described by
for training and testing the networks. To compare the proposed ap-
proach with other algorithms from the literature, the same simulation pa-
rameters are chosen as in [I8], namely a total number of users N = 100, a
maximum number of active users K., = 8, spreading codewords with spar-
sity ng = 2 and length S = 10, and N; = 7 successive measurements. The
case of zero active users can be handled with less computationally expensive
spectrum sensing techniques or machine learning algorithms, as described,
e.g., in [30, 37, 38]. The non-zero values of the codewords are generated
from the distribution CA/(0, ¢2) with 02 = 1. A Rayleigh fading channel
model with perfect power control is employed, so that h; ; ~ CN(0, 1) are
Lid]complex Gaussian. Note that owing to perfect power control, the dis-
tance of the devices from the does not contribute towards the received
vector. The data symbols s; are unit energy so that the SNRI is
defined as SNR = 1/02.

For the [AUEl network dataset, the number of active users in each sample
varies from 1 to K. For the training, 13.5 - 10° samples are generated.
The dataset generation for the kth [AUI network gi(:) involves randomly
activating k users from a total of N. For training and testing, 9-10° and 10°
samples are generated per [AUIl network.

The architecture of both the [AUE] and [AUI [DNNk consists of L = 2

hidden layers. The convolutional layers consist of 64 filters. Except the
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last fully-connected layer, each fully-connected layers consists of v = 1000
neurons. In case of [AUE] and [AUIl the last fully connected layer contains
Kax = 8 and N = 100 neurons, respectively.

The sparsity estimation[DNNlis trained for 10 epochs. Regarding the[AUI]
networks, to minimize the training time, the multi-stage transfer learning
approach is adopted. Hence, the first [AUIl network, g;(-), is trained for 10
epochs with He initialization [33], while for the gi(-) network the weights
are initialized from the trained weights of gp_1(-). The Adam optimizer is
adopted for learning the weights in both networks. For the optimizer,
the following configuration is considered: learning rate = 0.001, g; = 0.9,
and J2 = 0.999. In the training phase, a mini-batch of size |B| = 1000 is
considered. The drop out rate is set to 0.1.

For the implementation of the deep learning algorithms, Keras deep learn-
ing framework with Tensorflow as backend is employed [28],[39]. The
algorithms are trained on a GPU server consisting of two Nvidia Quadro
RTX 5000 cards, two Intel Xeon Gold 5222 Processors and 128 GB RAM.

2.4.2 Results

As for performance metrics, recall defined as R = TP/(TP + FN) and the
false alarm rate F' = FP/(FP + TN) is used, where TP, TN, FP, and FN
stand for true positive, true negative, false positive, and false negative, re-
spectively. True positives (TP) and true negatives (TN) indicate the number
of occurrences when the active/inactive users are correctly identified as ac-
tive/inactive, respectively. Similarly, false positives (FP) and false negatives
(FN) represent the number of occurrences when the inactive/active users
are misclassified as active/active, respectively. In the following one iteration
means updating the weights over a mini-batch. The rate of convergence of
the weights in the training phase is investigated for the [AUIl networks. In
this regard, in Fig. the loss versus the number of iterations is reported.
Comparing the curves with and without transfer learning, where gx(-) for
k =2, 4 and 8 is trained for 3 epochs using the transfer learning approach,

a considerable improvement in the speed of convergence of the training can
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Figure 2.3: Training Loss with Transfer Learning and without Transfer Learning, SNR =
10dB.
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Table 2.1: Recall, K =8, SNR = 10dB.

Epochs | Without TL | With TL

1 0.706 0.736
2 0.728 0.740
3 0.735 0.741
4 0.738 0.742
) 0.739 0.743
6 0.740 0.743
7 0.741 0.744
8 0.741 0.744
9 0.742 0.744
10 0.742 0.744

be observed. The improvement is substantial for all sparsity levels K, and
it is particularly important for the networks designed for large K (see, e.g.,
the case K = 8). In the case K = 2 the advantage due to transfer learning
is less pronounced. The improvement also in terms of recall is tabulated in
Table where the results with and without transfer learning is reported
for K = 8 and SNR = 10dB. For obtaining the recall values through the
multi-stage transfer learning, g;(-) is trained for 10 epochs while gx(-) for
2 < k < 8 are trained for epochs as in the first column of the Table 2.1]
The networks which are trained without the transfer learning approach are
initialized through [33].

The recall for the proposed architecture is compared with the points taken
from the literature proposing other algorithms, under the same simulation pa-
rameters, namely the Deep AUD (D-AUD)) [18], and the compressed-sensing
Approximate Message Passing (AMP) [I8]. The curves for the proposed
[AUET are obtained through the multi-stage transfer learning approach. The
g1(+) is trained for 10 epochs while g (+) for 2 < k < 8 is trained for 3 epochs.
The proposed approach shows improved recall values with respect to the
other algorithms, as can be seen in Fig. and Fig. for SNR = 10dB
and SNR = 20dB, respectively. In contrast to the proposed approach, the
other algorithms suffer from substantial performance degradation for high

sparsity levels.
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Table 2.2: False Alarm rate, Transfer Learning, epochs= 3.

Sparsity Level (K) | SNR =10dB | SNR = 20dB

1 3.87 x 107° 1.11 x 1077
2.50 x 107 2.05 x 1076
9.46 x 107 | 4.50 x 107°
232 x 1072 | 254 x107*
4.88 x 1073 8.10 x 1074
9.00 x 1073 1.96 x 1073
1.49 x 1072 4.59 x 1073
1.94 x 1072 6.24 x 1073

O 1 O U i W I

The false alarm rate for the proposed architecture with multi-stage trans-
fer learning is presented in Table 2.2] It can be observed that the proposed
approach, besides the previously discussed high recall, yields a negligible false
alarm rate. In Fig.[2.6] the performance of the proposed algorithm is com-
pared with and AMP in terms of recall for the range 0 — 20 dB,
Ng = 7 and K = 4. It can be observed that the proposed approach out-
performs the other approaches, especially in the low regime. To check
the robustness of the proposed algorithm, the performance for overloading
factors 125% and 250% is illustrated in Fig. and [2.8] respectively. The
overloading factor is defined as N/(NzS). For different overloading factors,
a fixed length of the spreading sequence, S, and a number of users, N is
assumed, while varying the number of measurements, Ny. A significant per-
formance improvement can be observed for N; = 8 in comparison to Ny = 4
for all the algorithms. In other words, increasing the number of measure-
ments Ny or reducing the overloading factor yields better performance. It
can be observed that the proposed algorithm outperforms the and
AMP in both scenarios, confirming the reliability of [AUEIl Finally, the nu-
merical comparison of computational complexity between [AUEI (see Section
and is presented, whose complexity for a given sparsity K is
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Figure 2.8: Recall vs. SNR, N; =8, K = 4.

stated in [I8] as

Ch_aup = 2La* + (4N4S + 7L 4 2N + 4)a
K(K +1)

+ (K +3)N — 5

—1.

For calculating the overall complexity, the algorithm proposed in
[18] for sparsity estimation is also taken into account . In this algorithm, the
received vector is passed first through the trained for sparsity level
K = 1. If the output satisfies the threshold-based condition, this is consid-
ered as the sparsity level. Otherwise, the received vector is passed through
the network trained for K = 2, and so on. The procedure is repeated
until the threshold-based condition is met or the maximum sparsity level is
reached. Thus, for a given sparsity K, the received vector is passed through
K [D=AUDE. For this reason, the complexity of the algorithm grows

linearly with the sparsity level. Considering that, the overall computational
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Table 2.3: Computational Complexity in [FLOPk, Ny = 7.

| K=1 | K=2 | K=4 | K=38
AUEI | 2.02 x 107 | 2.02 x 107 | 2.02 x 107 | 2.02 x 107
D-AUD | 1.25 x 107 | 2.51 x 107 | 5.01 x 107 | 1.00 x 108
complexity expression for [D-AUDI is

Table shows the computational complexity of [AUEI and for
Ny =7 and K = 1,2,4, and 8, calculated through and . The
number of hidden layers for [AUEI and is L =2 and L = 6, re-
spectively. As observed, the computational complexity of increases
linearly with the sparsity level, while the complexity of [AUEI remains prac-
tically constant. This is because the dependence on the sparsity level K
in has a negligible effect on the overall computational complexity.
Specifically, for all cases with more than one active user, the [AUEI shows
a significant gain in terms of complexity. So, despite having two separate
architectures instead of one as in [D-AUD] the proposed approach yields a

lower complexity and better performance.

2.5 Conclusion

In this chapter, an active users detection method is proposed, realized by
one [DNNI for active users enumeration and one for active users identifica-
tion. The deep neural network architectures extract relevant features from
the multiple measurements for enumeration and identification. Besides the
fully-connected layers, both consist of convolutional layers to reduce
the computational complexity. To minimize the training time for the active
users identification networks, the multi-stage transfer learning technique is
adopted. The numerical results demonstrate that the proposed approach

is more effective than previously known methods in identifying the active
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users, especially for high sparsity levels and low SNRL The false alarm rates

are also analyzed, which are negligible for the scenarios of interest, and the

computational complexity, which results lower than other approaches.

Future work will include analysis of the scalability of the proposed algo-

rithm for a different number of users and further reduction of the computa-

tional cost.
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Chapter 3

Preamble Detection in

Asynchronous Random Access

3.1 Introduction

In recent years, the demand for wireless data transmission has grown tremen-
dously, leading to the rise of new applications involving communication among
machines [I, 2]. In a conventional cellular communication system, resources
are allocated to the users in a coordinated manner. However, resource al-
location would be highly inefficient in [nMTC] scenario due to control sig-
nalling overhead [3]. To address these challenges, [GEF] random access-based
approaches have been proposed. In such schemes, devices transmit packets
without coordination with the [BS over the shared time or frequency resources
[4]. Over the years, random access protocols have evolved from ALOHA [5] to
more sophisticated protocols involving repetitions of packets and successive
interference cancellation (SIC]), with the aim to reduce signalling related to
grants management and packets retransmission [0} [7, [8].

The random access schemes could be either synchronous or asyn-
chronous [9]. In asynchronous systems, there is no common time reference
between the and the active devices, which are therefore allowed to access
the channel according to a “transmit at will” policy: since time is “fuid”

and not organized into slots and frames, packets can arrive at the at any

49
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time and data can in principle be transmitted as soon as they are generated
and available at a node [9} [10]. In contrast with synchronous systems, where
any two packets from different devices have either a complete overlap in time
or no overlap at all, in asynchronous ones partial overlapping is the typical
situation [I1, 12]. While in synchronous schemes a minimum amount
of control signalling is necessary to synchronize the active devices to the
slot and frame time, in asynchronous ones absence of coordination is taken
to an extreme level [13], 14].

Asynchronous schemes are of interest from several viewpoints. In
asynchronous, the signalling overhead is reduced to the minimum, since even
a downlink beacon signal for synchronization of active devices to the frame or
slot becomes unnecessary [15], [16]. On the one hand, this reduces the burden
on the network control plane. On the other hand, after wake up, active de-
vices need not turn their radio on awaiting for the synchronization beacon,
with a positive effect on the battery lifetime [I7]. As such, asynchronous
communication becomes particularly interesting for ultra-low-cost IoT de-
vices. Moreover, since an active device can in principle start its transmission
as soon as the data is available, latency in asynchronous access protocols
tends to be lower that in synchronous ones.

The asynchronous random access setting also comes with its drawbacks
and poses several challenges. Asynchronous random access systems simplify
the access protocol on the device side but increase considerably the computa-
tional burden on the [BS side [15], [18]. The first problem is related to the fact
that there are no medium access control (MAC) frames that can be individ-
ually processed. The strategy that is usually adopted to overcome this issue
is to proceed in a sliding window fashion, where new received signal samples
are stored in memory overwriting the most outdated ones, as in [19] 20].

Another fundamental problem is connected to the random times of ar-
rival of the users’ packets, which makes the packet detection problem much
more challenging than in synchronous systems where all packets are aligned
with the global slots. The problem is further complicated by the fact that
packet detection, representing the first step of the whole processing, must be

performed prior to (or at least jointly with) channel estimation.
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In [21], a correlator-based approach is used to detect packets in a satellite-
based scenario, where devices start private and asynchronous virtual frames
(VEK) independently of each other and transmit multiple replicas of a packet
within them. A random access scheme based on correlation using DFT is pro-
posed in [22] to detect preambles in a satellite scenario. In [23], a [DIlbased
solution is proposed for the detection of preambles in satellite communica-
tion. Both approaches assumed single antenna receiver and [AWGN channel.
A architecture is presented in [24] to identify the active user preambles
in a slotted synchronous [GE] random access scenario with a single antenna
at the In [25] a neural network and logistic regression was developed
to detect orthogonal preambles, and their multiplicity, for random access in
Long Term Evolution (LTE) systems. In [20], a closed-form expression for
the probability of detection of tagged preamble sequences at Next Generation
NodeB (gNB)) is proposed.

In a [mMTC] scenario, consideration must be given to a distinct prop-
agation model, which is characterized by fading, shadowing, and possibly
multiple antennas at the receiver. The main contributions of this chapter are

summarised as follows:

e preamble detection in an asynchronous random access uplink sce-

nario exploiting multiple antennas at the is performed;

e a channel model with fading, path-loss, and shadowing, assuming no
power control is considered. Due to uncoordinated transmissions, pream-

ble detection is performed by the before channel estimation;

e a[DI}lbased preamble detection method consisting of a[CNNlis proposed
that strikes a good trade-off between performance and complexity, com-

pared to a classical correlator-based approach.

The rest of the chapter is organized as follows. The system model is pre-
sented in Section [3.2] In Section [3.3] the [CNNl architecture and correlator-
based approach are explained. Section [3.4] contains the computational com-

plexity analysis. Numerical results along with simulation setup are given in
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Virtual Frame

User 1 [
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User 3 [
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Pac@Slot
Buffer [ I I ]
time
|:| collision free collision

Figure 3.1: Pictorial representation of the users initiating virtual frame and transmitting
replicas in an asynchronous scenario.

Section [3.5] Paylaod association using [DNNJis discussed in Section [3.6] The
Conclusions are drawn in Section B.71

Throughout this chapter, matrices, vectors, and scalars are represented
by boldface uppercase, boldface lowercase, and lowercase letters, respectively.
The real and imaginary parts of a complex number are indicated as R(-)

T and () denote the transpose

and (-), respectively. The operations (-)
and conjugate transpose, respectively. Notation U(a,b) indicates a uniform
distribution between a and b. The normal and circularly-symmetric complex
normal distributions with mean 0 and variance o2 are denoted by N (0, 0?)

and CN (0, 0?), respectively.

3.2 System Model

Consider an asynchronous random access uplink scenario, where users are
uniformly distributed within an annulus with inner and outer circles of radius
Dpin and Dy, respectively, as shown in Fig. [3.2] The is positioned in
the center of the annulus. Each device has a single antenna whereas the

is equipped with M antennas. The number of users becoming active in



3.2. System Model 53

Figure 3.2: The depiction of uplink communication scenario.

an uplink symbol time follows a Poisson distribution with mean A\. When
a user becomes active, it initiates a [VE] comprising Ng slots, with each slot
duration equal to the packet length as shown in Fig. [3.1] The [VE is local to
the device: the is unaware of the starting time of [VEk but it is aware of
the number of slots in a [VElL Each user transmits multiple packet replicas
to boost performance as in [6, §]. To transmit N, replicas of the packet,
the user selects Ny slots from the set {1,--- , Ng} without replacement and
with uniform probability. The packet transmission is considered symbol-
wise synchronous. A packet consists of a preamble of Np symbols, s =
(51, ,snp]T € CNPX! ) which is the same for all users, and a user-specific
data payload of length Np.

A Rayleigh block fading channel model is assumed with no power control
and with a coherence time equal to the packet (and virtual slot) time. Ac-
cordingly, the channel gain between a device and one antenna is constant
during the transmission of a packet, but independent from replica to replica
from the same user. The channel gains between a single device and different
BS antennas are considered independent. The N, replicas from the same
user experience the same path-loss and large-scale fading, but independent
Rayleigh-distributed small-scale fading. The vector of received samples at

the M antennas at symbol time 7, y(i) € CM*! may be expressed as

y(i) = Z h;p;(i) + Z h;q (i) +n(i) (3.1)

JjEAP leAp
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where

o Ap and Ap are the set of users transmitting a preamble and data

symbol at 7th sample time, respectively;

e p;(7) is the symbol of preamble s transmitted by user j € Ap and
qi(7) represents the data symbol transmitted by user [ € Ap at the ith

sample time;

o hy, = [hp1, -, hea]t € CMX1is the vector of channel gains between
the kth user and the BS, where hy,, ~ CN(0,07 ) for m = 1,..., M.
The variance O’,%k is given by 7 (Dpax/dr)”?, where 7 is the log-normal
shadowing coefficient in linear scale, i.e., vap ~ N(0,035), B is the
path-loss exponent, and dj, is the distance between the kth device and

the BSl The distance dj, is randomly distributed as

\/D2 +(D2 _D2

min max min) ’ U(O, 1)?
e n(i) € CM*! is the vector of independent and identically distributed

noise samples, each distributed as CN (0, 02).

3.3 Preamble Detection

This section presents the proposed [DI}based approach, which consists of a
ICNNI that performs preamble detection starting from raw received samples
at the BS A correlator-based methodology is introduced as a benchmark,

showing how it can be derived from the generalized likelihood ratio test

(GLRT)) design method.

3.3.1 CNN Architecture

Assume we want to check if Np consecutive samples at an initial offset ig
correspond to a preamble or not. For this purpose, the observation matrix
R = {ri;} = [y(io),y(io + 1), - ,y(iop + Np — 1)] is considered. As the

samples are complex, the received samples are split into real and imaginary
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parts, and then the reference preamble sequence is added, obtaining the

matrix

i Cx

y - | BB SH) (3.2)
R(sT) S(sT)
R(rii) - Rriigenve-1)  S(ri) S(r1 g+ Np-1) |
R(rog) -+ R(roganp—1)  S(r2q) (72,004 Np—1)
R(rario) - Rraviornp—1) Srari) - SCaiprnp-1)
| R(s1) - R(snp) S(s1) oo S(snp)

(3.3)

Matrix Y € RIM+Dx2Np g 5 feature map obtained from the raw received
samples at the[BS and is the input to the DIl model. Extensive investigation
revealed that concatenating the reference preamble with the received symbols

and feeding the resulting matrix into the[DLImodel yields better performance.

Various architectures with different numbers, types, and sizes of layers
were explored, to find a good balance between performance and complexity.
Finally, considering the 2-dimensional nature of the input feature map, the
architecture depicted in Fig. is selected. At the [BS], each antenna
receives the same transmitted symbols with different channel gains, as de-
picted through . The purpose of the convolutional filter is to extract the
common features shared among the multiple antennas, i.e. identifying the
symbols transmitted by the device. The filter also tries to learn the map-
ping between the received symbol and the reference preamble, which helps
classify the received symbols as a preamble or non-preamble. In particular,
two convolutional layers with 8 and 4 filters of the same size is employed,
respectively, without any padding. At the [BS] each antenna receives the
same transmitted symbols with different channel gains. The purpose of the
convolutional filter is to extract the common features shared among the mul-
tiple antennas, i.e. identifying the symbols transmitted by the device. The
filter also tries to learn the mapping between the received symbol and the

reference preamble, which helps classify the received symbols as preamble or
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non-preamble.

The convolutional layers are followed by fully-connected and dropout
layers. To mitigate overfitting and enhance the model’s generalization capac-
ity, the incorporates a dropout layer, which randomly drops connections
between the fully-connected layers during the training phase. This process
helps to minimize the dependencies between neurons.

The preamble detection is essentially a binary classification problem, i.e.,
classifying the received symbols as preamble or non-preamble. Consequently,
the last fully-connected layer consists of only one neuron employing sigmoid

as an activation function. It is defined as

1

—— 4
14e2’ (34)

§=
where ¢ estimates the likelihood of the input being a preamble. A threshold
of 0.5 is applied to this value to perform classification.

The neural network architecture is linked to a cost function, which equals
zero for ideal classification and increases when the inputs are misclassified.
From this standpoint, a binary cross-entropy loss is utilized, which is formu-

lated as

J(q,4) = —qlogq — (1 — q)log(1 —q) (3.5)

where ¢ is the true label, equal to 1 if the input samples correspond to
a (possibly interfered) preamble and to 0 otherwise. The objective of the
training is to determine the suitable weights of the [DI] model that minimizes
the cost function. In this approach, Adam optimizer is utilized, which is
an extended version of the gradient descent algorithm [27], adopting mini-

batches to enhance training efficiency.

3.3.2 Correlator-based Approach

The proposed [DLFbased solution is compared with a classical approach based
on hypothesis testing. To simplify the analytical derivation and make the

problem tractable, consider a simpler scenario in which the antenna can
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receive either the symbols corresponding to a pilot sequence and noise, or
only noise. After observing Np subsequent complex samples, 7,,;, where ¢
and m are the sample and [BS]antenna indexes, respectively, the pilot detector

must choose between two possible hypotheses

7-[O:Tm,i:nm,h izla"'aNPa mzlv"'aM (36)
Hli T'm,i = hhmsi—l—nm,i, 1= 1,...,Np, m = 1,...,M (37)

where k is the user transmitting the preamble. Hypothesis H, represents the
case where there is no pilot, while H; corresponds to the case in which the

pilot is present.

One widely adopted approach to the noncoherent hypothesis test problem
in the case of M = 1 is to use the noncoherent correlation as a metric. Here,
a better test is derived which is valid also for any finite M. Consider the

optimum likelihood ratio test (LRT]) which in general, can be written as

frpp, (R[H)

AR = (RIHy)

(3.8)
where frjp, (R|Hy) is the probability density function (PDE]) of the matrix of
random vectors R in the hypothesis H; and r,, is the random vector describ-
ing the received samples at the mth antenna. The general expression
is now tailored to the preamble detection problem. For the Hy hypothesis,
the conditional [PDF is given as

M NP ‘Tm,i|2

Jrpo(R[Ho) = H H27T102 208 . (3.9)

m=1 i=1

On the other side, in the H; hypothesis the observed samples are generated
by the deterministic and known pilot symbols, multiplied by the Rayleigh
fading coefficients. Hence, the conditional [PDE] for the H; hypothesis is

given as
M Np Ifm,rhk,msil2

frip w(R[H1, R) H H27r02 o (3.10)
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Substituting the unknown channel coefficient hy ,,, in (3.10) with its maximum
likelihood (ML) estimation, we obtain

M Ne 1 \rm,rﬁ}l%sﬁ
frpu (RIH) = T H27r02 o (3.11)
m=1i=1

~ Np
where hg%l = Z’ﬁ# Now, substituting (3.9) and (| in . we get
the [GLRT]

7 ML 2
|Tm,i_hk7msi‘

Hm H’L Tos € 20121 H
A(R) = EET 51 n (3.12)
0

‘Tm,ip

Hm 1 Hz 127ra'2 € 2

which, in logaritmic form becomes AV (R) §H‘f n with metric

M Np
1 R) = Z Z |Tm,i — hl,;%lszf - |rm,i|2 (313)
m=1 =1

where 7 is the test threshold and (3.13]) is obtained by removing all the
constant terms. Incorporating the [MIL] estimation of the channel coefficients
in ((3.13]) we obtain

(R Z =1 Ty ST
1 ] "'m.jS; H
A —2R TEE TomiSi

=1
ZNPT st Np
JlmJJ

2
2o
s[> Z
M NP |2

= IISH2

Since all the constant terms can be incorporated in the threshold, the term

2

+

|s||> can be removed to obtain the final expression of the metric

M Np . Ho
AR) =D | rys! § n. (3.14)
m=1| i=1 1
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3.4 Computational Complexity

The computational complexity is evaluated in terms of [FLOPk. The real
addition, subtraction, and multiplication, are taken as a single [FLOP] while
division and exponential operations as 4 and 8 [ELOPE, respectively. The
complex addition and subtraction operations are considered as two [FELODPk
and complex multiplication as six [FLOPk. [28] 29, 30]

3.4.1 CNN Complexity

The number of [FLODE of a convolutional layer is given by
Ocv = 2NCVFCVGCVDCV (315)

where N, Fy, Goy, and D, represent the number of convolution filters, size
of the filter, number of channels, and output shape, respectively. The output
shape D., is expressed as ([ — F+2-P)/S+1, where I, F', P, and S specify
the input size, filter size, padding, and stride. The [RelLUl is applied to the

output of the convolutional layers, resulting in
CRreLy = NeyDey - (3.16)
The number of [FLOPk in a fully-connected layer can be expressed as
Crpc =2 -in - out + out. (3.17)

The dropout layer involves elementwise multiplication operations; for a single
operation, the complexity is 1. The sigmoid function and thresholding in
the last layer yield 14 [FLOPk. The total complexity of the [CNN| with «

representing the number of neurons in the first fully-connected layer, is given
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by

CVCNN :2NCV1FCV1 M Dcv1 + ZNCVQFCVQNCVlDCVQ

+ ch1Dcv1 + NCVQDCVQ + 2NCV2DCV2a
OZZ
+5a+14. (3.18)

3.4.2 Correlator Complexity

The inner sum vazpl Tmisi for the mth antenna requires Np and Np —
1 complex multiplication and addition operations, respectively. The | - |?
operation results in two real multiplication operations and one real addition

operation for each antenna. The total computational cost is then

Coome = 8M Np +2M — 1. (3.19)

3.5 Implementation and Results

3.5.1 Simulation Setup

The performance analysis, for both the correlator-based approach and
the [CNN| is conducted assuming M = 32 and M = 64 antennas at the [BS|
with per antenna ranging from —10dB to 20dB. The is defined
as SNR = 1/02, and represents the median per antenna element for a
user on the edge of the cell. Clearly, the average inside the cell is higher
than that on the boundary. The minimum and maximum distances of a user
from the are Dy, = 5m and Dy, = 100m, respectively. The path-
loss exponent is set to § = 2 and the standard deviation of the log-normal
shadowing is taken as o4 = 3.

A preamble and payload of length Np = 63 and Np = 150 are considered,
respectively. The preamble sequence is generated by a linear feedback shift
register of length 6 with primitive polynomial p(z) = 2% + z + 1 over the
Galois field GF(2). The sequence is designed to have good (aperiodic) auto-

and cross-correlation properties and allow accurate channel estimation. The
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pilot sequence bits are then converted to Np = 63 binary phase shift keying
symbols with unitary energy using z; = ¢(™/4+%7) where ¢; € {0,1} is the
1th bit of the pilot sequence and x; is the corresponding complex symbol.
The payload of each user is populated randomly with quadrature phase-shift
keying symbols having an equal probability of occurrence.

For generating a dataset, a buffer of M x 213,000 complex symbols is
considered, i.e., one sub-buffer for each antenna. The number of active users
in a symbol time in the buffer is randomly generated by Poisson distribution
with A equal to [0.05,0.25,0.5,0.75,1,1.2,1.45] x 1072, such that the average
number of packet collisions per slot ranges from 1 to 7E|When a user becomes
active, it initiates a virtual frame consisting of Ng = 100 slots, where each
slot equals the packet size. The user sends N,., = 2 replicas in slots chosen
randomly without replacement. The user packet may get partially or fully
interfered by packets from other users; at time ¢ the received sample as in an
asynchronous scheme is mathematically expressed by .

The samples for training and test sets are extracted from the buffer after
the placement of packets, as described above. For the preamble case, Np
consecutive samples are obtained from the buffer that contains the entire
preamble sequence. For the non-preamble case, Np consecutive samples are
randomly selected from the buffer that do not satisfy the preamble case con-
dition. Ensuring a balanced dataset involves acquiring an equal number of
instances for both preamble and non-preamble scenarios, while also consid-
ering an equal number of examples for each \ value. For instance, 8 - 103
examples are generated per A per class (preamble or non-preamble). For
each value, a separate is trained but with the same architecture
as depicted in Fig. [3.3] Each dataset comprises 1.12 - 10° samples, which are
split into 70% training set and 30% test set.

For each hyperparameter (learning rate, epochs, mini-batch size, dropout
rate, number of neurons, etc.) of the model, the performance is evaluated on
a range of values by fixing other hyperparameters and selecting the one that
results in the best performance [27]. The final result of this search yielded

learning rate, epochs, and mini-batch size 0.001, 20, and 512, respectively,

'The full derivation can be found in the appendix
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Table 3.1: Comparison between [CNNl and CNNx, n = 0.5

| [CNN | OCNNx |
SNRI(dB)| R | F | R | F |
20 0.9984 | 0.0011 | 0.9553 | 0.0192
10 0.9973 | 0.0012 | 0.9578 | 0.0126 | = _ .,
0 0.9899 | 0.0012 | 0.9529 | 0.0175 |
—10 0.9639 | 0.0157 | 0.9292 | 0.1185
20 0.9976 | 0.0014 | 0.9546 | 0.0078
10 0.9989 | 0.0018 | 0.9563 | 0.0081 | = .
0 0.9919 | 0.0008 | 0.9442 | 0.0145 | "
—10 0.9794 | 0.0028 | 0.9298 | 0.0472

with the architecture depicted in Fig.[3.3] A drop-out rate of 0.2 and 0.3 for
M = 32 and M = 64 is employed, respectively.

3.5.2 Numerical Results

As for performance metrics, the detection rate (or recall) which is defined as

TP
= TP + FN
and the false alarm rate
FP
F=_—-——
FP+ TN

is employed, where the true positives, true negatives, false positives, and false
negatives are denoted by TP, TN, FP, and FN, respectively. TP and TN
correspond to the instances when the preamble and non-preamble cases are
correctly identified, respectively. Likewise, FP and FN indicate the number of
instances when the non-preamble /preamble is misclassified as preamble /non-
preamble, respectively.

The receiver operating characteristics (ROC]) curves are reported in Fig.
and Fig. for M = 32 and M = 64, respectively. The curves
are obtained for the correlator-based approach by varying the threshold 7,
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(b) Base station with M = 64 antennas.

Figure 3.4: Comparison between the [CNN] and the correlator.



3.5. Implementation and Results 65

from 0 to Nmax with a step size of 10000, where 7.y, depending on the
number of antennas at the[BS, is the maximum correlation value over all the
examples. In the same figures, the curves are obtained by varying
the threshold n, from 0 to 1, with a step size of 0.01. The points represent
the performance of the classifier at n = 0.5.

The [CNNFbased classifier exhibits a substantial improvement over the
correlation-based detector. Indeed, it can be observed that the same detec-
tion rate provided by the can be achieved with the correlator-based
approach but at a higher false alarm rate, for all SNRk. For example, with
SNR = 20dB, M = 32, and assuming a target detection rate R = 0.998,
the correlator gives a false alarm rate F' = 0.023, while the achieves
F = 0.001. As the number of antennas increases from M = 32 to M = 64,
the improvement given by the is even more pronounced. In Fig. [3.4a],
the correlation-based approach for 10dB outperforms the 20dB one
because the hypothesis testing-based method does not consider interference.

To address the motivation behind using convolutional layers in the pro-
posed architecture, the performance of the [CNN|is compared with that of
a vanilla network consisting of fully-connected layers with ReLLU activation
functions, specifically (FC, ReLU, FC, ReLU, FC, and sigmoid). The first,
second, and last fully-connected layer contains 130, 65, and 1 neurons, re-
spectively. The computational complexity of the vanilla network is equivalent
to the proposed [CNN| The results of both the vanilla network and for
M = 64 antennas are presented in Table |[3.2l The table clearly demon-
strates that despite sharing the same computational complexity, the
outperforms the vanilla network. This observation serves as a motivation for
adopting the [CNNlbased approach.

To assess the robustness of the proposed architecture in scenarios
where the is also unaware of the median at the edge of the cell, a
single model is trained, referred to as CNNx, on examples obtained with
all the considered values. The performance of the CNNx is compared
with [CNN] models trained specifically for each [SNR] value, simply regarded as
[CNN|l The results of this comparison are presented in Table for M = 32
and M = 64. In CNNx, a dropout rate of 0.1 and 0.2 for M = 32 and M = 64
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Table 3.2: Vanilla Network versus [CNNl M = 64

| CNN | Vanilla Network
SNR@B)| R | F | R | F
20 0.9976 | 0.0014 | 0.9893 | 0.0276
10 0.9989 | 0.0018 | 0.9838 | 0.0235
0 0.9919 | 0.0008 | 0.9669 | 0.0320

—10 0.9794 | 0.0028 | 0.9324 | 0.0537

Table 3.3: Computational cost

| M =32 | M=64

1.62 x 10* | 3.24 x 10*
1.23 x 10° | 2.14 x 106

Correlator
CNN

is utilized, respectively. As expected, the numerical results show that training
a single model on multiple leads to performance degradation. However,
the performance degradation is only about 3.5 — 4.3% and 4.3 — 5% for the
detection rate, in the case of M = 32 and M = 64, respectively.

The computational cost of the algorithms is reported in Table [3.3] It
can be observed that the correlator is computationally less expensive than
the However, the latter outperforms the former as discussed earlier.
Furthermore, as the number of antennas at the increases from M = 32
to M = 64, the computational complexity of the correlator doubles, while
for the it increases by a factor 1.74. This is due to the fact that con-
volutional layers are employed which reduce the computational complexity,
as only the first layer has a linear relationship with the number of antennas
M, while the rest of the architecture is independent of M. Besides this,
the convolutional layer allows the extraction of the relevant features shared

among the multiple antennas.

The execution time of code can be influenced by various factors, includ-
ing the hardware platform and programming language used. For instance,
the same code written in C++ and Python may offer different performance

characteristics due to Python being an interpreted language while C++ is
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Table 3.4: Execution Time per sample in seconds

| M=32 | M=64

2.45x107% 1269 x 1076
1.39 x 107* | 3.08 x 10~*

Correlator
CNN

compiled. Additionally, deep learning libraries like Keras, TensorFlow, and
PyTorch can exhibit varying performance in terms of training and execution
time for a given neural network. Furthermore, the choice between running
code on a CPU or GPU can significantly impact execution time.

To have a fair comparison of the execution time, the code for both algo-
rithms was written in Keras with Tensorflow as backend and executed on a
GPU server consisting of an Nvidia Quadro RTX 5000 card. Based on the
above-mentioned configurations, the execution time per sample in seconds
is obtained as depicted in Table [3.4] Tt is evident from Table [3.4] that the
offers higher execution time than the correlator-based approach. For

the weighted metrics, consider the following formula
Wy =010-A)L (3.20)

where A is the accuracy defined as

B TP + TN
~ TP+ TN + FP + FN

and L is the normalized order of magnitude of the number of [FLOPk. Cal-
culating the normalized order of magnitude of [FLOPk involves determining
the order of magnitude of the computational complexity for both the
and correlator-based approach (i.e., applying a base-10 logarithm), followed
by normalizing them through division by the maximum value between the
two. The order of magnitude of the number of [FLOPk is taken into account
to ensure a fair comparison since computational complexities present an ex-
ponential growth. For example, for M = 32 antennas, the complexity of the
approach is 1.62 x 10* (with a weight of 4.21), while the correlator-
based approach has a complexity of 1.23 x 10% (with a weight of 6.09). The



68 3.6. Payload Association

Table 3.5: Performance evaluation using Weighted Metrics, M = 64

(a) False alarm rate = 0.001

SNR (dB) | Correlator | CNN | CNNx

20 0.1837 0.0020 | 0.0610
—10 0.3383 0.0155 | 0.0911

(b) False alarm rate = 0.005

SNR (dB) | Correlator | CNN | CNNx

20 0.0324 0.0031 | 0.0339
—10 0.1670 0.0127 | 0.0710

results for the weighted complexity for the false alarm rate of 0.001 and 0.005
are shown in Table [3.5a] and [3.5D] respectively. The lower the value of the
weighted metrics the better the performance of the algorithm. Although
the offers higher computational complexity than the correlator-based
approach, the outperforms the latter due to higher performance.

3.6 Payload Association

In the preceding sections, preamble detection is addressed within an asyn-
chronous random access scenario. Building upon this groundwork, this sec-
tion takes the next step towards associating packet replicas using the [DI}
approach. To enhance packet decoding and reduce the probability of packet
loss, merging replicas of the same packet presents a viable solution, how-
ever, identifying these replicas poses a significant challenge. We can employ
[DILlbased approach for identification of replicas. The key idea is to input
the two payloads into the deep learning algorithm and its task is to classify
the two payloads as replicas or not. After associating the replicas using [DI]
algorithm. Besides designing a [DI] architecture for payload association task,

considerate time has been spent on feature extraction.

e As a traditional [DNN| does not directly operate on complex numbers,

therefore, both payloads are split into their real and imaginary parts,
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which then serve as inputs to the DNNL The simplest approach doesn’t

supersede the performance of the traditional correlator-based approach.

e To achieve better results, a new feature is introduced, i.e., the correla-
tion between the payloads. Now, the input of the DNNlis composed of
real and imaginary parts of the payloads, and the correlation between
the payloads. The [DI] approach shows a slight improvement gain in
comparison to the first approach, however, it doesn’t exceed the per-

formance of the correlator-based approach.

e In previous approaches, all the possible combinations of payloads are
considered for payload association. However, replicas transmitted by
the same user must be separated by an integer multiple of the packet
size and must lie within a [VFl Given this fact, only those packet
pairs are considered which are positioned Ng slots before and after the
transmitted packet. A[DNNlmodel is trained and evaluated on dataset,
revealing that the [DI] algorithm consistently falls short of surpassing

the performance achieved by the correlator-based approach.

e To assess the implementation of the algorithm, a simple scenario is con-
sidered where payloads encountered no interference with other packets.
Under these ideal conditions, the [DNN| demonstrated superior perfor-
mance compared to cases where packets are transmitted fully or par-
tially by other packets. Despite this improvement, it did not exceed

the performance achieved by the correlator-based approach.

e In all the previously discussed scenarios, the [DNN| consistently falls
short of outperforming the correlation-based approach. In an attempt
to explore alternative avenues, sequence modeling is considered. Long
short-term memory (LSTM]) model is considered for this purpose, where
the real and imaginary parts of both payloads are input symbol by sym-
bol, treating the sequence of symbols as the temporal dimension. How-
ever, even with this sequence modeling approach, the [LSTM] fails to
surpass the performance achieved by the traditional correlation-based
method.
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In conclusion, the performance of [DIl algorithms is compromised due to
the interference caused by packets transmitted by other users. For the packet
association problem, the correlator-based approach should be preferred as it

is computationally less expensive than the [DI] models.

3.7 Conclusion

In this chapter, a architecture is proposed to detect the preamble in an
asynchronous random access uplink scenario with no power control. The
proposed deep learning model employs convolutional layers, which not only
reduce the computational complexity but also extract the features shared be-
tween the antennas. The results, obtained for several values of the and
number of antennas, show that the achieves better performance when
compared to a classical solution based on the correlation, at the price of an
increase in complexity. Furthermore, a [DIlbased approach is investigated
for payload association. While the proposed preamble detection using [DIJ
demonstrates extremely good results, the additional task of payload associ-

ation falls short of expectations.
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Chapter 4

Joint Power Control and Pilot

Assignment in Cell-Free
Massive MIMO using Deep

Learning

4.1 Introduction

As the demands for device connectivity and mobile data traffic escalate,
strategic densification within the network emerges as a pivotal solution
[1]. Network densification can be achieved in two ways: adding more
for local spectrum reuse or implementing massive multiple-input multiple-
output (MMIMOJ) to reduce interference [2 [3]. The first architecture that
combines the advantages of both approaches was proposed in [4], known as
The can achieve the objectives of 6G by improv-
ing the (usually poor) quality of service for the users at the edge of the
cell and reducing inter-cell interference [5]. In such a distributed IMIMOI
based network, a large number of service antennas, called [APk, serve a group
of users distributed in a wide area. Unlike conventional cellular networks,
this approach discards the concept of cells and cell boundaries entirely. The
approach relies on seamless cooperation among numerous [APk,

75
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all operating within the same time-frequency resource using time-division
duplexing (TDDI). At the center of the network is the central processing
unit ([CPUl) through which the cooperation between the [APk takes place.
The [APk are connected to the through a fronthaul connection.

With reference to services, a typical problem arises in the
uplink, in which a myriad of devices physically located in the same area con-
tend to transmit their packets, consisting of a pilot and data payload, over the
radio access network. Due to limited coherence time intervals and a very large
number of devices, assigning orthogonal pilots to every user becomes imprac-
tical [3]. Consequently, we are compelled to reuse pilots, inadvertently giving
rise to the pilot contamination phenomenon, which deteriorates the quality of
channel estimation [6]. Additionally, the challenge of inter-user interference
emerges, demanding innovative solutions, e.g., using advanced power control
mechanisms. However, the system benefits from channel hardening,
i.e., the effect of small-scale fading becomes negligible at the receiver due to
the presence of multiple antennas. This allows optimization of the power
coefficients based on the large-scale fading coefficients instead of small-scale

fading which requires frequent updates [7].

Strategic power control and careful pilot assignment are pivotal in miti-
gating inter-user interference and enhancing network performance. The most
diffused power control strategies focus on maximizing the minimum user rate
to ensure uniform service quality regardless of the spatial user distribution
[4, 8, @). The max-min problem for power/pilot assignment can be solved
through optimization [10, 1], 12]. However, the high computational burden
inherent in optimization algorithms poses substantial challenges in terms of
meeting stringent time constraints, making classical optimization techniques
impractical. Leveraging the universal function approximation capability of
artificial neural networks (ANNE), [DI}based methodologies emerge as an in-
novative solution yielding high performance while simultaneously reducing
the computational complexity, compared to traditional optimization algo-
rithms [13] [14]. The only drawback of is that they need extensive
training to achieve operational efficiency; however, the training is usually

performed offline [I5].
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4.1.1 Related Works

Power Control

The advantages offered by [DIJ algorithms have catalyzed a significant body
of work in various domains [16, 17, I8, 197 |, and power control in the
scenario is no exception. The approaches for power control
through [DI] in the literature can be divided into two: supervised and un-
supervised. In supervised learning, a crucial requirement is the availability
of output labels (specifically, the power coefficients of each user) for both
training and testing the network. The output labels are generated using
optimization algorithms, requiring significant execution time. A supervised
[LSTMI network and a for power control is proposed in [5] and [20],
respectively, feeding the position of the users as input to the learning model.
In [I3], a[DNNI that takes the large-scale fading coefficients as input and pro-
duces the optimized power coefficients and the total power budget as output
is proposed.

Conversely, in unsupervised learning, no prior knowledge of output labels
is required. This reduces the time to generate the datasets but necessitates
the development of a problem-tailored loss function. In [21] 22], a specific
loss function that maximizes the minimum user rate is proposed. In [23],
the model complexity is reduced by feeding aggregated large-scale fading
coeflicients to the[DNN| rather than individual ones. Notably, the DNN| with
the proposed loss function achieves better performance than the optimization
algorithm in [4]. In [24], a soft max-min problem is proposed. Most of
the above-mentioned strategies presume that mutually orthogonal pilots are
assigned to the users. Yet, in massive access scenarios, this approach becomes

impractical due to the limited coherence intervals.

Pilot Assignment

A substantial body of research has explored pilot assignment strategies,
with random pilot assignment emerging as the most widely recognized ap-
proach [25]. A repulsive clustering-based method for the pilot assignment in
is proposed in [26]. Graph coloring-based pilot assignment is
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presented in [27]. The study in [6] is focused on forming groups of the users
and [APk to reduce pilot contamination. A supervised learning-based ap-
proach that maps the users’ location to a pilot sequence is presented in [2§].
A multi-agent reinforcement learning-based approach for pilot assignment is

proposed in [3].

Power Control and Pilot Assignment

Only few works in the literature address both power control and pilot assign-
ment simultaneously. In [4], a greedy iterative algorithm is proposed that
assigns a different pilot to the user having the minimum user rate while solv-
ing the power control problem via bisection. Mai et al. designed pilots and
formulated optimization problems for joint pilot power and data power con-
trol [29]. In [12], a pilot assignment strategy is proposed focusing on [AUD]
and then they developed a power control scheme for coexisted human-type
communication (HTC]) and machine-type communication (MTC]) traffic. In
[30], a deep reinforcement learning (DRI)-based approach for joint power
and pilot assignment is presented. The authors perform clustering of the
users and then assign pilots and allocate power using [DRIJ, to increase

performance.

4.1.2 Main Contributions

The literature predominantly emphasizes either power control or pilot assign-
ment tasks, with limited attention given to both optimizations. Even in cases
where both optimizations are addressed, most studies rely on time-inefficient
optimization algorithms. Although there are works exploring [DRI] for joint
power control and pilot assignmnet, they tend to concentrate on rather
than enhancing the [SEl leaving room for more comprehensive and efficient
methodologies in this domain. Thus, the main contributions of the chapter

are summarised.

e A [DNNI for joint pilot and data power control and pilot assignment
(JPDCPA]) is designed that maximizes the minimum user rate in a
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CEF-mMIMOI network. To the best of my knowledge, the problem of
jointly controlling pilot and data transmit powers and assigning pilot

to each user in the network user has not been tackled yet.

e A massive access scenario is considered consisting of a large number
of users to which a much smaller number of orthogonal pilots must be
assigned. The [DNNtbased approach is designed to be scalable and to

deal with large cell-free networks.

e The proposed model is validated via extensive simulation, providing
a comparison with state-of-the-art methods. Moreover, an in-depth

analysis of the average transmit power per device is performed in the
CE-mMIMO| network after optimization.

e The versatility and adaptability of the proposed approach is demon-
strated by assessing its performance in a[UMal and an indoor industrial

scenarios [31].

The rest of the chapter is organized as follows. In Section [.2] the system
model is presented and in Section [4.3] signal-to-interference-plus-noise ratio
(SINR]) analysis is presented. The problem for maximizing the minimum
is formulated in Section .4, The [DI}based approach for joint pilot
and data power control and pilot assignment in [CE-mMIMO] is described in
Section[4.5] The computational complexity analysis of the proposed approach
is analyzed in Section [4.6] Simulation setup along with the numerical results
is provided in Section [£.7] Conclusions are drawn in Section [4.8]

Matrices, vectors, and scalars are represented by boldface uppercase,
boldface lowercase, and lowercase letters, respectively. The fields of real
and complex numbers are denoted by R and C, respectively. The operations
()T, (-)*, and (-)¥ denote the transpose, conjugate, and conjugate transpose,
respectively. The expectation and euclidean norm operators are defined as
E[] and || - ||?, respectively. The normal and circularly-symmetric complex
normal distributions with mean 0 and variance o2 are denoted by N(0,0?)
and CN (0, 0?), respectively.
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Figure 4.1: Cell-Free massive MIMO scenario.
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4.2 System Model

CE-mMIMO)I system is considered with M single-antenna [APs arranged
on a grid and K users randomly deployed in an area measuring D x D
m?, as illustrated in Fig. The are connected to a through
fronthaul links. The number of mutually orthogonal pilot sequences P is far
less than the number of users K, i.e., P < K. The set of available orthogonal
pilot sequences is denoted by P = {p1,p2,...,pp}. The large-scale fading
coefficients between every user and [AP] are assumed to be known at the
whenever necessary, as in [13, 21, 23]. The[APk serve all the users in the same

time-frequency resources and each channel coherence interval is divided into
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downlink and uplink phases, such that the system operates in [['lDD. During
the downlink phase, the [CPUl communicates the optimized power coefficients
and pilot assignments to the users of the network through the [APk.

4.2.1 Uplink Transmission

The uplink transmission consists of two phases: pilot transmission and data

transmission.

Pilot Transmission

In this phase, all K users synchronously transmit the pilot they have been
assigned to via optimization. The vector of received symbols at [AP] m,

Ym € CT¥1 s

K
Ym = /TPp Z \/b—kgmk¢k + w,y, (41)
k=1

where p,, is the normalized pilot [SNR] ¢, € C™*! are the pilot symbols trans-
mitted by user k with ||¢y]|> = 1, 7 is the pilot sequence length, b, € [0, 1] is
the pilot power control coefficient, g,,x is the channel coefficient between the
kth user and the mth [AP] w,, € C™*! is additive noise and its elements are
LidlCN(0,1) random variables (I-v). The normalized pilot transmit
is defined as

Pp
= —= 4.2
pp 0_721 ( )
where oi = BkpToNF, p, is the pilot transmit power, B is the bandwidth,
kg is the Boltzmann constant, Ty is the equivalent noise temperature, and
NF denotes the noise figure of the receiver. The channel coefficient between

user k£ and [AP] m is modeled as

Imk = V/ Bmkhmk (43)



82 4.2. System Model

where [,.; is the large-scale fading incorporating both path-loss and log-
normal shadowing, and h,,;, ~ CN(0, 1) is the small-scale fading. The large-

scale fading coefficient is
Bk = PLyyjy 10715m4/10 (4.4)

where PL,,;, is the path-loss from the kth user to the mth [AP] oy, is the
shadowing intensity, and s,,;x ~ N (0,1). The mth[AP] estimates the channel
associated with the kth user by projecting vy, along ¢y, as

gmk - d)kHym

K
=/TPp (\/agmk + Z bk’gmk’¢kH¢k’> + ¢kpr,m (45)

K £k
such that the minimum mean square error (MMSE]) channel estimate is

E[g:nk gmk] ~

E[|Gmr|?]

- kagmk

where ¢, is defined as

V Tppbkﬁmk (47)

o0 S b B | @ 2+ 1

Cmk =

Note that the quality of the channel estimate depends on the pilots assigned

to all the users of the network.

Uplink Data Transmission

The uplink phase is then concluded with the simultaneous transmission of

the data payload of all the users. The generic received signal sample at the
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mth [AP] can be written as

K
Zm =P YN GGmkTk + Vm (4.8)
k=1

where p is the normalized data transmit [SNR] ¢; € [0, 1] is the power control
coefficient of user k, x, is the data payload symbol transmitted by user &
with E[|z]?] = 1, v ~ CN(0,1) is additive noise. The normalized data
transmit is defined as

p= (4.9)

zqw|b'

where p is the maximum data transmit power.

For the detection of the symbols transmitted by the kth user each [APk
processes the received signal by multiplying it with the complex conjugate
of the locally derived channel estimate [4]. The resultant quantity is then
forwarded to the through a fronthaul link to perform joint detection.
The aggregated received signal at the [CPUJis

M
_ Ak
Ty = ImkAm
m=1

K M M
= VP DD NG Gk Gm T + Y GV - (4.10)
m=1

k'=1m=1

4.3 SINR Analysis

In this section, a closed-form expression is obtained for the uplink achievable
rate using the formulation introduced in [4, 11]. A key distinction between
the proposed method and the approach outlined in [4, T1] pertains to pilot
power allocation. The two approaches assume equal pilot power allocation for
each user, while in this approach pilot power control is also performed. The
derivation of the achievable rate expression assumes that each user possesses

knowledge of channel statistics but not specific channel realizations. The
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received signal 7 can be expressed as

K
ri = DSpay + BUgzy, + 3 TUTyway + TN (4.11)
K/ #k

where

M
DS; £ \/pE {Z \/%gmkg;fnk:} ) (4.12)

m=1

M M
BU £ \/p (Z VU ImkGmp — E {Z \/ak;gmk’g:nk}> (4.13)
m=1

m=1

M
UL 2 /B> /G Gk G (4.14)
m=1
M
TNG £ 4. (4.15)
m=1

The terms DS, BUy, [Ulg, and TN, denote the desired signal for the kth
user, the uncertainty in beamforming gain for the kth user, the inter-user
interference introduced by the k’'th user, and the total noise, respectively.
The first term of demonstrates no correlation with the second, third,
and fourth terms, i.e., the desired signal and effective noise terms are uncor-
related. By considering uncorrelated Gaussian noise as a worst-case scenario,
the achievable of the received signal of the kth user can be expressed

as

DS

SINRy, = .
E{[BUK[?} + 3 j0 4 E{[TULw |2} + E{|TN,[?}

(4.16)

After simplifying the expression in (4.12)), (4.13)), (4.14), (4.15) and substi-
tuting in (4.16)), the final expression of achievable uplink rate of the kth
users is obtained in (4.19)), shown on the top of the next page. The detailed

calculations are outlined in the appendix [B]
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SINR; =
G (Cy Yimk)?

K M N K M M '
Dk W (D=1 Yk \/%ﬁm: 1w + 31 Gk Py VB + % 2 m=1 Tk
(4.19)

4.4 Problem Formulation

In [4], the authors have demonstrated that uniform and good-quality service
can be ensured to all the users of a[CEF-mMIMO] system via max-min power
control. Let’s define the kth user uplink throughput rate as

R, = IOgQ(l + SINRk) (417)

where the [SINR] of user k is given by (4.19) and Yme = /T PpbkBmkCmi [4]-

The max-min power control aims to maximize the minimum user uplink
throughput rate so that all the network users can experience good service
quality. In this work, the number of orthogonal pilots is assumed to be
considerably smaller than the total number of users, so orthogonal pilot reuse
becomes necessary. Adding such a constraint, the max-min problem can be

formulated as

max min Ry
be.qx,Pr K

st.0<b, <1, k=1,2,... K, (4.18)
0<q<1, k=12... K.

4.5 Deep Learning-based Approach

In this section, a [DNNIis introduced that is designed to solve the problem
in (4.18)), allocating pilot and data power coefficients by, and gy, respectively,
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and simultaneously assigning pilot sequences ¢,. The proposed algorithm
maximizes the minimum user rate based on the large-scale fading experi-
enced by the users. Based on assumptions taken in other approaches in the
literature [13}, 211, 23], this approach also assumes that the large-scale fading
coefficients between every user and [AP| are known at the [CPUL Hereafter,
the data pre-processing strategy, the architecture of the proposed [DLl model,

and the loss function used for the unsupervised training are described.

4.5.1 Pre-processing

To make unsupervised training effective and decrease the input layer size,
the data is pre-processed by aggregating the large-scale fading coefficients
and applying proper normalization. The data pre-processing procedure is

detailed in the following.

1. Large-scale fading coefficients aggregation: The large-scale fad-

ing coefficients are aggregated related to user k as

M
¢ =87 (4.20)
=1

where the superscript () refers to the jth sample of the dataset. This
operation reduces the input layer size of the [DI] model, making the

architecture scalable and suitable for large networks [23].

2. Logarithmic scale conversion and scaling: Then z-score normal-
ization is performed of the aggregated fading coefficients in logarithmic
scale, fl(cj) = log,( ,ij)), such that the normalized data are zero mean
and have standard deviation one, i.e.,

) _

j —H
R —— (4.21)
where 1 and ¢ are the sample mean and sample standard deviation of
5,9 ), respectively, computed over all the network users and the train-

ing samples. Note that the test dataset is normalized using ji and &
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Figure 4.2: Model layout of JPDCPA for power control and pilot assignment.

calculated over the training dataset.

3. Normalization: L2-normalization is applied to each sample of the
dataset, such that the kth normalized feature of the jth sample is
()
j Ui
N — (4.22)
> )

4.5.2 Architecture

In this subsection, the proposed [DNN] architecture is presented for joint pilot
and data power control, and pilot assignment, which is referred as [JPDCPAL
Various architectures were explored by varying the numbers, types, and sizes

of layers, aiming to identify an architecture that strikes a good balance be-
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tween complexity and performance. The input of the is the vector
of aggregated and pre-processed large-scale fading coefficients obtained from
(4.22), while the outputs are the pilot and data power control coefficients,
and the pilot indexes for each network user. The architecture comprises three
branches, each of which performs one task as shown in Fig. 4.2l The pilot
assignment branch is organized into K sub-branches, each responsible for the
allocation of a pilot to a specific user. The [DI] model consists of fully con-
nected layers with multiple neurons, defined in . The number of neurons
employed in each fully connected layer is specified in Fig. 4.2l For instance,
the number of neurons in the fully connected layer of the pilot power control
branch is equal to K. Different non-linear activation functions have been
used for the network layers depending on their purpose. The activation func-
tions are applied element-wise to the layer input vectors, whose ith element
is generically denoted by a;. The sigmoid function is used in the pilot and
data power control branches such that the optimized pilot (or data) power

coefficient for user i is

1

—_—. 4.2
1+e 9 (423)

bi(or G;) = o(a;) =
The LUl function is employed for the hidden layer of the pilot assignment
branch, defined as

I (e%—1), ifa; <0,
eLU(q;) = (4.24)

a;, otherwise

where I" determines the function saturation point for the negative input val-
ues. The softmax function is used in all the output layers of the pilot as-
signment branch. In particular, the kth sub-branch activation is calculated
as

ki

vg; = softmax(ay;) = —5—— (4.25)

Eil ek
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where vy, represents the ith element of vector v, € RP*!. The softmax values

are then mapped to the pilots as

w = argmax Uy (4.26a)
i€{1,2,....P}
b1, = pu (4.26b)

where p,, is the wth pilot sequence.

4.5.3 Loss Function

Since optimal power coefficients and pilot assignment schemes are unknown,

unsupervised training is performed for the [DNN| employing the loss function

A= (0.3 A3
‘C(b7qA7®>:EIZO-<R_k>_/\2Rm1n+E3Z(jk
k=1

k=1
K K -1
A4 - 25 O,
— b + ———— 2 4.27

where A1, A2, A3, \q, and A5 are the weights associated with the loss terms.
Furthermore, the vectors b and g represent the pilot and data power coef-
ficients assigned to the users. The first two terms of the loss function lay
the foundation of this approach, solving the max-min problem as outlined
in [23]. However, unlike [23], the joint pilot and data power control and
pilot assignment optimization performance is further enhanced by incorpo-
rating three additional terms into the loss function. The average of the
assigned data power coefficients, % Zle dr, penalizes the allocation of high
data power coefficients to the users during the training process, reducing the
overall network transmit power and potentially increasing the nodes battery
life. Similarly, the average of the assigned pilot power coefficients, % Zszl b
penalizes the network to reduce the pilot transmit power. The last term of
promotes the reuse of pilots among users that are far apart in the
network area, limiting inter-user interference. The penalty becomes signif-

icant when nearby users utilize the same pilot, while it is minimized when
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users, whether in close proximity or at a significant distance, are allocated
distinct pilots. The matrix @ = {0;;} is defined as © = VVT where
V = [v1,v9,...,vg]7 € REXP. The normalized distance between the ith
and the jth users is denoted by €2;; and is obtained by dividing the actual
distance by Dv/2. For computing the average, the last term is divided by the
number of entries below the main diagonal. Note that the distances between
the nodes and the [APk are exclusively used for neural network training. Af-
ter the training phase, only the small-scale fading coefficients are necessary

for performing power control and pilot assignment.

4.6 Computational Complexity

This section performs the complexity analysis of the proposed approach
[JPDCPA], alongside joint power control and pilot assignment (JPCPA]) and
deep learning power control (DLPC). In [23], authors introduced a [DNN] for
the assignment of data power coefficients in the [CE-mmMIMOI, which we called
[DLPC The [JPCPA] follows the same architecture as in Fig. [4.2] excluding
the pilot power control branch. The next section delves into more details
about the [DLPC and [JPCPA] algorithms and evaluates the performance of

these algorithms.

The computational complexity is evaluated in terms of [FLOPk. The
real addition, subtraction, and multiplication, are taken as a single [FLODI
while division and exponential operations as 4 and 8 [FLOPk, respectively.
The number of [FLOPk in a fully-connected layer, without considering the

activation function, can be denoted as

Crc =2-in-out. (4.28)



4.6. Computational Complexity 91

4.6.1 JPDCPA
Pilot Power Control

The computational complexity of the fully-connected layer in terms of the

[FLOPE can be given as
Cié = 2K?.

The sigmoid function in (4.23)) results in 13[FLOPl However, considering
the need to compute the sigmoid function K times, the total FLOPk becomes
13K. The total computational complexity of the pilot power control branch

is given as
CHY =2K* 4+ 13K .

Data Power Control

The computational complexity of the fully-connected layer in terms of the
[FLOPk can be written as

Cry =2K2.

The sigmoid function in ([4.23) requires 13 [FLOPk. However, due to the
necessity of evaluating this function K times, the total [FLOPk amount to
13K. The overall computational complexity of the data power control branch

is expressed as

CPY = 2K? + 13K .

Pilot Assignment

The computational complexity of the fully-connected layer in terms of the
[FLOPk can be expressed as

Cre, = 20K .
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The first fully-connected layer of the pilot assignment branch utilizes the
LUl activation function, specified in (4.24]). For a; < 0, the computational
cost is 10 [ELOPK, whereas for a; > 0, it involves 1 [FLOPl Considering the
worst-case scenario, 10 [FLOPEk are considered for a single [e[.Ul operation.
With the [eL.U] operation iterated 10 times due to the layer’s size, the overall

complexity of the activation layer is expressed as follows

CHA, =10-10=100.

The pilot assignment branch is divided into K sub-branches. The cu-
mulative computational complexity of all fully-connected layers is expressed

as

Cre, = 20PK .

The softmax layer consists of P exponential operation, P—1 summations,
and P divisions. Following the softmax operation, we need to determine the
maximum value in v, which involves P—1[FLOPk. These two operations are
iterated K times, corresponding to the number of sub-branches, contributing

to the overall computational complexity

o =8P+ P—1+4P)+ (P - 1)K
= [14P — 2| K
— 14PK — 2K .

The total computational complexity of the pilot assignment branch is

given as

PA _ ~PA PA PA PA
C’tot - CFC1 + C(eLU + CFC2 + Csoftmax

=20K +100+ 20PK 4+ 14PK - 2K
= 34PK + 18K +100.
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Total Computational Complexity
The total computational complexity of the [JPDCPAlis given as
Ctot - Cg}; + CE;? + CE;?
=2K?+ 13K +2K* + 13K + 34PK + 18K + 100
= 4K* 4+ 44K + 34PK + 100

4.6.2 JPCPA

The [JPCPAl follows the same architecture as the JPDCPA] with the omission

of the pilot power control branch. Thus, the computational complexity is

given as
Ctot = Ctlj)]t) + Ct}?)?
=2K?% 4+ 13K + 34PK + 18K + 100
=2K?%+ 31K + 34PK + 100.
4.6.3 DLPC

In [23], [DLPC is presented, which consists of one input layer, two hidden
layers, and one output layer. The [Re[LUl activation function is employed for
the input and hidden layers, and sigmoid for the output layer. The [Rel.Ul
activation contributes 1 [FLOPl The computational complexity of the input

layer is detailed below

Cre,, = 256K
CheLu,, = 128.

The computational complexity in terms of [FLOPk for the first hidden

layer is expressed as

Crey, =2+ 128 - 256 = 65536
CReLUHl = 256.
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For the second hidden, the computational complexity in terms of [FLOPk

can be expressed as

Crey, = 2 128 - 256 = 65536
CheLuy, = 128.

The output layer comprises a fully-connected layer utilizing sigmoid ac-

tivation, with the computational complexity specified as

Cron, = 2128 - K = 256K
Csigrnoid = 13K.

The total computational complexity of DLPC]is given as

Ciot = Cray, + Crcyy + Cretuy, + COrcyy + CReLUpy + OFcon + Csigmoid
= 256K + 128 + 65536 + 256 + 65536 + 128 + 256 K + 13K
= H25K + 1315&84.

4.7 Numerical Results

This section describes the simulation setup and numerical results for the
[DI}based approach.

4.7.1 Simulation Setup

Simulations are conducted for two distinct scenarios: a[UMal scenario and an
industrial one. Both scenarios have identical simulation area sizes and nodes
and [ADP] distributions. The network area is a square of side D = 1000 m.
For each sample of the dataset, the positions of the users are generated
randomly and a different realization of the large-scale fading coefficients is
considered. For both scenarios, two simulation settings are considered with
different numbers of [APE, users, and orthogonal pilot sequences, namely:
1. M =64, K = 250, P = 24, and 2. M = 121, K = 500, P = 48. The
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channel models adopted in the two scenarios are detailed below.

\UMal scenario

Hata-COST231 propagation model is adopted as in [4], with path-loss

PL,[dB] =

where
L = 46.3 4+ 33.91og,, f'™ — 13.8210g,y hap
— (1.11og,o f"™ — 0.7)hy + (1.56 log,, f7M — 0.8)
and where fM is the carrier frequency in MHz, d 2 is the distance be-

tween the kth device and mth [AP]in kilometers, dy and d; are the threshold
distances associated with the path-loss model in kilometers, hap is the [AP]

antenna height in meters, and h,, is the device antenna height in meters.

Industrial Scenario

An indoor industrial scenario is considered with the following path-loss model
[31]

PL,.x[dB] = —32.40 — 231og,, d™, — 201og,, f™ . (4.30)

where f™N is the carrier frequency in GHz and d2, is the distance between the
mth [AP] and kth user in meters. The complete list of simulation parameters
is reported in Table

A set consisting of 5 x 10* and 10? different samples are used for training
and testing the model, respectively. The network is initialized with He

initialization [32]. The network is trained using mini-batches of 100 samples
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Table 4.1: Simulation parameters

Parameters ‘ Value
Carrier frequency (fU™, fIN) 1.9 GHz
Shadowing coefficient oJM, ol | 8, 5.9
Height of [AP] antenna (hap) 15 m
Height of user antenna (h,) 1.65 m
Path-loss model dy, dy 10 m, 50 m
Transmit power (pp, p) 100 mW
Bandwidth (B) 20 MHz
Noise figure (NF) 9 dB
Noise temperature (7j) 290 K
Length of a pilot sequence (1) | 24, 48
Packet length (7.) 400

for 30 epochs adopting the ADAM optimizer [33]. The initial learning rate §
is set to 0.01, which is updated after each epoch using d; = 6;_1e~%!, where
1 represents the ith epoch. The weights associated with the loss function are
A =X = X3 = N\ = A5 = 0.2. The [eLLU saturation parameter I' is set to
0.2.

4.7.2 Performance Evaluation

The performance metrics considered in this section are per-user network up-

link throughput rate and minimum user rate, defined as [4]

T BR,

C

Ry (4.31)

and

i Td .
Ry = — min Ry,
C

(4.32)

respectively, where 74 = 7. — 7 is the data payload length. Three algorithms
are compared to the proposed approach: random access (RAl), JPCPAl and
[DLPCl In the RAl algorithm, equal power is allocated to all users, ensuring
that the total transmit power matches with the proposed [DI] approach and
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Figure 4.3: Cumulative distribution of per-user net throughput for M = 64, K = 250,
P = 24 in an [UMal scenario.

assigns pilots randomly. For instance, if distributes 10 mW among
10 users, RA algorithm assigns 1 mW to each user. In [JPCPAI the focus is
on optimizing data power allocation and pilot assignment. For [JPCPAl the
architecture depicted in Fig. [£.2] is employed with the omission of the pilot
power allocation branch [? |. The network is trained for 30 epochs utilizing
the loss function in (4.27) with Ay = Ay = Ay = A5 = 0.25 and A\3 = 0. In
[DLPC], data power coefficients are obtained through the proposed in

[23] and the pilot sequences are randomly assigned to the users.

The empirical cumulative distribution functions (CDFEk) for the per-user
uplink throughput rate M = 64 and M = 121 is depicted in Fig. [4.3] and
Fig. 4.4} respectively. It is evident that [JPDCPA] significantly outperforms
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Empirical CDF
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Figure 4.4: Cumulative distribution of per-user net throughput for M = 121, K = 500,
P = 48 in an [UMal scenario.

the RA and DLPC approaches. Specifically, DLPC lacks scalability, resulting
in performance equivalent to RA. In the simulation setting with M = 64 as
depicted in Fig. [£.3] the proposed approach has a significantly higher 95%-
likely per-user net uplink throughput rate of 1.91 Mbits/s. In contrast, RA
and DLPC attain only 0.07 Mbits/s and 0.13 Mbits/s, respectively. Fur-
thermore, aligns with the trajectory of [JPCPA] exhibiting a slight
improvement in the lower region of the curve in both scenarios. For the
simulation setting with M = 64 depicted in Fig. [£.3] observe an
increase of 20% in the 95%-likely per-user net throughput with respect to
[JPCPAl Similarly, 8% increment in 95%-likely per-user net throughput with
respect to [JPCPA] can be observed in Fig. A performance increment
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Figure 4.5: Cumulative distribution of minimum user rate in an [JMa] scenario.

for can also be observed in terms of 95%-likely and median from
the scenario with M = 64 to M = 121, also highlighting the impact of the
increased number of [APk in the [UMal scenario. Precisely, 95%-likely and
median increases by 18% and 3.7%, respectively.

The minimum user rate depicted in Fig. holds greater significance
than the per-user throughput rate shown in Fig. and Fig. [£.4] in terms
of user fairness, i.e., quality service to all users. The plot in Fig. clearly
indicates a substantial increase in the minimum user rate in LJPDCPA| com-
pared to other approaches. The benchmark approach [JPCPA] achieves a
lower median value of 0.019 bits/s/Hz for the minimum user rate on the
test set compared to 0.055 bits/s/Hz through with M = 64. The

median of the empirical [CDE] of minimum user rate exhibited a substantial
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Figure 4.6: Cumulative distribution of per-user net throughput for M = 64, K = 250,
P =24 in an industrial scenario.

increase of approximately 56% from the simulation scenario with M = 64 to
M = 121 with [JPCPAIl In contrast, with JPDCPA] the curves overlap, with

the performance of M = 121 showing a marginal improvement over M = 64.

To demonstrate the adaptability of thdJPDCPA] the proposed is
tested in the industrial scenario with M = 64 and M = 121. The per-
user uplink throughput rates are depicted in Fig. and [4.7] respectively.
Similar to the scenario, DLPC exhibits comparable performance to RA.
Notably, exhibits 10 times better performance than DLPC and RA
in terms of 95%-likely. Moreover, the median of the empirical of the
per-user uplink throughput rate in doubles that of the DLPC in
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Figure 4.7: Cumulative distribution of per-user net throughput for M = 121, K = 500,
P =48 in an industrial scenario.

both simulation settings. The demonstrates a slight improvement
over [JPCPA] in terms of both 95%-likely and median of the empirical [CDE!
For instance, with M = 64, [JPCPAlachieves 1.614 Mbits/s whereas [ JPDCPAI
obtains 1.920 Mbits/s 95%-likely per-user uplink throughput rate.

The minimum user rate in the industrial scenario is illustrated in Fig. 4.8
It is evident from the figure that the outperforms the baseline
approaches considerably. Specifically, in a simulation setting with M = 64
and M = 121, exhibits an increase of 157% and 89% in the of 95%-
likely throughput rate from the [JPCPAl respectively. The performance of
JPDCPAlwith M = 121 is slightly lower than that with the M = 64, showing

an opposite behavior compared to the [UMal scenario. This discrepancy arises
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Figure 4.8: Cumulative distribution of minimum user rate in an industrial scenario.

due to the difference in the path-loss models and large-scale fading intensities

between the two scenarios. In [UMal scenario, the channel is more selective

in space, which decreases interference and slightly boosts performance in

M = 121 compared to M = 64.

4.7.3 Computational Complexity
The computational complexity of the JPDCPAI [JPCPA] and [DLPC is pre-

sented in Table 4.2 As the number of users increases from K = 250 to
K = 500, there is a significant increase in computational cost for all the al-
gorithms. It is evident from the table that the [DLPC] offers the lowest com-

putational complexity. Nevertheless, it has been previously demonstrated
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Table 4.2: Computational cost

| DCLPC 23] | TPCPAl | [TPDCPA]

M =64, K =250, P=24 | 2.63 x 10° | 3.37 x 10° | 4.65 x 10°
M =121, K =500, P =48 | 3.94 x 10° | 1.33 x 10% | 1.84 x 106

that it results in poor performance in comparison to the other algorithms
under consideration. The introduction of the pilot power control branch in
[TPDCPAI contributes to a higher computational cost compared to [JPCPAL

4.7.4 Per-User Power Usage

To demonstrate the advantage of the proposed method in terms of energy
efficiency, the average per-user pilot and data transmit powers are computed

as

_ S K
P = [’é— Z kz:: (4.33)
and

(4.34)

N‘bl

respectively. Here, S represents the number of test samples. The result of
this analysis is shown in Table .3 In both [UMal and industrial scenarios,
DLPC and [JPCPAl transmit pilots with maximum power. In comparison, the

WM»
'Q>

proposed loss function lowers the average pilot and data transmit power per
user. Notably, DLPC shows a higher average power for transmitting data per
user compared to [JPCPA] and [JPDCPAlL The inclusion of a term penalizing
high power assignment in [JPCPA| prompts the network to allocate lower
power to users. Although the average transmit power per user of
is slightly higher than [JPCPA] the overall transmit power, i.e., accounting

for average pilot transmit power per user, is significantly lower than that of

(IPCPAL
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Table 4.3: Transmit Power per User in dBm

Pilot Transmit Power (Pg)
DLPC [JPCPAl [JPDCPA

M =64, K =250, P=24 20.00 20.00 2.5208
M =121, K =500, P =48 20.00 20.00 0.1460

M =64, K =250, P=24 20.00 20.00 —6.7448
M =121, K =500, P =48 20.00 20.00 —8.5263

Urban macro

Industrial

Data Transmit Power (P¢)

DLPC [JPCPAl [JPDCPA]

M =64, K =250, P=24 16.98  3.5388 3.8439
M =121, K =500, P =48 16.99  1.5824 1.6411

M =64, K =250, P=24 1693 —6.2342 —6.4897
M =121, K =500, P =48 16.96 —8.2740 —8.0632

Urban macro

Industrial

4.8 Conclusion

In this chapter, a scalable DNNlbased solution is proposed called
for joint pilot and data power allocation and pilot assignment in a[CE-mMIMOI
network. A massive access scenario is considered where the number of users
exceeds the available orthogonal pilots. The adaptability of [JPDCPAI is
demonstrated by assessing its performance in a [UMal and indoor industrial
scenarios. Numerical results show that the shows an increase of
20% and 8% in the 95%-likely per-user uplink throughput rate with respect
to the state-of-the-art considering M = 64 and M = 121[ADE, respectively, in
the [UMal scenario. Furthermore, the unsupervised training of the
using the proposed loss function not only outperforms alternative methods in
enhancing users’ spectral efficiency but also leads to a significant reduction in
average transmit power per user compared to the considered state-of-the-art

solution.



References 105

References

1]

J. Liu, M. Sheng, L. Liu, and J. Li, “Network densification in 5G: From
the short-range communications perspective,” IEEE Commun. Mag.,
vol. 55, pp. 96-102, Dec. 2017.

E. Bjornson, J. Hoydis, and L. Sanguinetti, Massive MIMO Networks:
Spectral, Energy, and Hardware Efficiency, vol. 11, pp. 157-655. Foun-

dations and Trends in Signal Processing, 2017.

M. Rahmani, M. J. Dehghani, P. Xiao, M. Bashar, and M. Debbah,
“Multi-agent reinforcement learning-based pilot assignment for cell-free
massive MIMO systems,” IEEE Access, vol. 10, pp. 120492-120502, Nov.
2022.

H. Q. Ngo, A. Ashikhmin, H. Yang, E. G. Larsson, and T. L. Marzetta,
“Cell-free massive MIMO versus small cells,” IEEE Trans. Wireless
Commun., vol. 16, pp. 1834-1850, Jan. 2017.

A. Mazhari Saray and A. Ebrahimi, “Max-min power control of cell
free massive MIMO system employing deep learning,” in Proc. 4th West
Asian Symp. Optical Millimeter-wave Wireless Commun. (WASOWC),
(Tabriz, Iran), May 2022.

M. Sarker and A. O. Fapojuwo, “Granting massive access by adaptive
pilot assignment scheme for scalable cell-free massive MIMO systems,”
in IEEFE 93rd Veh. Technol. Conf., Apr. 2021.

A. Ghazanfari, H. V. Cheng, E. Bjornson, and E. G. Larsson, “Enhanced
fairness and scalability of power control schemes in multi-cell massive
MIMO,” IEEFE Trans. Commun., vol. 68, pp. 2878-2890, May 2020.

T. Van Chien, E. Bjérnson, and E. G. Larsson, “Joint power allocation
and user association optimization for massive MIMO systems,” [FEE
Trans. Wireless Commun., vol. 15, pp. 6384-6399, Sept. 2016.



106 References

[9] H. Yang and T. L. Marzetta, “Massive MIMO with max-min power con-
trol in line-of-sight propagation environment,” IEEE Trans. Commun.,
vol. 65, pp. 4685-4693, Nov. 2017.

[10] S. Boyd and L. Vandenberghe, Convex Optimization. Cambridge Uni-
versity Press, March 2004.

[11] M. Bashar, K. Cumanan, A. G. Burr, M. Debbah, and H. Q. Ngo, “On
the uplink max—min SINR of cell-free massive MIMO systems,” IEFE
Trans. Wireless Commun., vol. 18, pp. 2021-2036, Apr. 2019.

[12] G. Liu, H. Deng, X. Qian, W. Zhang, and H. Dong, “Joint pilot and data
power control for cell-free massive MIMO IoT systems,” IEFEE Sensors
J., vol. 22, pp. 2464724657, Dec. 2022.

[13] M. Zaher, O. T. Demir, E. Bjornson, and M. Petrova, “Learning-based
downlink power allocation in cell-free massive MIMO systems,” IFEFE
Trans. Wireless Commun., vol. 22, pp. 174-188, Jan. 2023.

[14] M. U. Khan, E. Paolini, and M. Chiani, “Enumeration and identification
of active users for grant-free NOMA using deep neural networks,” IEFEE
Access, vol. 10, pp. 125616125625, Nov. 2022.

[15] Y. Zhao, 1. G. Niemegeers, and S. H. De Groot, “Power allocation in
cell-free massive MIMO: A deep learning method,” IEEFE Access, vol. 8,
pp. 8718587200, May 2020.

[16] G. Hinton, L. Deng, D. Yu, G. E. Dahl, A. R. Mohamed, N. Jaitly,
A. Senior, V. Vanhoucke, P. Nguyen, T. N. Sainath, and B. Kings-
bury, “Deep neural networks for acoustic modeling in speech recogni-

tion: The shared views of four research groups,” IEEFE Signal Process.
Mag., vol. 29, pp. 82-97, Nov. 2012.

[17] C. Szegedy, S. Ioffe, V. Vanhoucke, and A. A. Alemi, “Inception-v4,
Inception-ResNet and the impact of residual connections on learning,”
in Proc. 81st AAAI Conf. on Artificial Intelligence, (San Francisco, Cal-
ifornia, USA), p. 4278-4284, Feb. 2017.



References 107

[18]

[19]

[21]

[22]

[23]

[24]

[25]

I. Sutskever, O. Vinyals, and Q. V. Le, “Sequence to sequence learning
with neural networks,” in Proc. 27th Int. Conf. Neural Inf. Process. Syst.
(NeurIPS), vol. 2, (Montreal, Canada), pp. 3104-3112, Dec. 2014.

D. Mzurikwao, M. U. Khan, O. W. Samuel, J. Cinatl, M. Wass,
M. Michaelis, G. Marcelli, and C. S. Ang, “Towards image-based cancer
cell lines authentication using deep neural networks,” Scientific reports,
vol. 10, Nov. 2020.

C. D’Andrea, A. Zappone, S. Buzzi, and M. Debbah, “Uplink power
control in cell-free massive MIMO via deep learning,” in Proc. IEEE
8th Int. Workshop on Comput. Adv. in Multi-Sensor Adapt. Process.
(CAMSAP), (Guadalupe, Mexico), pp. 554-558, Dec. 2019.

N. Rajapaksha, K. B. Shashika Manosha, N. Rajatheva, and M. Latva-
Aho, “Deep learning-based power control for cell-free massive MIMO
networks,” in Proc. IEEE Int. Conf. Commun. (ICC), (Montreal,
Canada), June 2021.

N. Rajapaksha, K. B. S. Manosha, N. Rajatheva, and M. Latva-aho,
“Unsupervised learning-based joint power control and fronthaul capacity
allocation in cell-free massive mimo with hardware impairments,” IFEE
Wireless Commun. Lett., vol. 12, pp. 1159-1163, July 2023.

Y. Zhang, J. Zhang, Y. Jin, S. Buzzi, and B. Ai, “Deep learning-based
power control for uplink cell-free massive MIMO systems,” in Proc.
IEEE Global Commun. Conf. (GLOBECOM), (Madrid, Spain), Dec.
2021.

R. Nikbakht, A. Jonsson, and A. Lozano, “Unsupervised-learning power
control for cell-free wireless systems,” in Proc. IEEE 30th Annual Int.
Sym. on Personal, Indoor and Mobile Radio Commun. (PIMRC), (Is-
tanbul, Turkey), Sept. 2019.

H. Ahmadi, A. Farhang, N. Marchetti, and A. MacKenzie, “A game the-
oretic approach for pilot contamination avoidance in massive MIMO,”
IEEE Wireless Commun. Lett., vol. 5, pp. 12-15, Feb. 2016.



108 References

[26] S. Mohebi, A. Zanella, and M. Zorzi, “Repulsive clustering based pilot
assignment for cell-free massive MIMO systems,” in Proc. 30th Eur. Sig-
nal Process. Conf. (EUSIPCO), (Belgrade, Serbia), pp. 717-721, Aug.
2022.

[27] R. Chen, H. Wang, and R. Song, “Pilot assignment based on graph
coloring with sum-rate maximization in cell-free massive MIMO,” in
Proc. 7th Int. Conf. Comput. and Commun. (ICCC), (Chengdu, China),
pp. 18901894, Dec. 2021.

28] J. Li, Z. Wu, P. Zhu, D. Wang, and X. You, “Scalable pilot assignment
scheme for cell-free large-scale distributed MIMO with massive access,”
IEEE Access, vol. 9, pp. 122107-122112, Sept. 2021.

[29] T. C. Mai, H. Quoc Ngo, and L.-N. Tran, “Design of pilots and power
control in the cell-free massive MIMO uplink,” in Proc. 5jth Asilo-
mar Conf. on Signals, Syst., and Comput., (Pacific Grove, CA, USA),
pp. 831-835, Nov. 2020.

[30] L. Diao, J. Li, P. Zhu, D. Wang, and X. You, “Adaptive federated
learning-based joint pilot design and active user detection in scalable

cell-free massive MIMO systems,” in Proc. 4th Inf. Commun. Tech.
Conf. (ICTC), (Nanjing, China), pp. 232-236, May 2023.

[31] 3GPP, “Study on channel model for frequencies from 0.5 to 100 GHz,”
Technical Specification (T'S) 38.901, 3rd Generation Partnership Project
(3GPP), Mar. 2022. Version 17.

[32] K. He, X. Zhang, S. Ren, and J. Sun, “Delving deep into rectifiers: Sur-
passing human-level performance on ImageNet classification,” in Proc.
IEEE Int. Conf. Computer Vision (ICCV), (Santiago, Chile), pp. 1026—
1034, Dec. 2015.

[33] D.P. Kingma and J. Ba, “Adam: a method for stochastic optimization,”
in Proc. 8rd Int. Conf. Learning Representations (ICLR ), (San Diego,
CA, USA), May 2015.



Chapter 5
Conclusions

The exponential growth of mIoT]devices has led to the emergence of the term
[IMTCL These devices wake up intermittently to transmit short data packets
and are usually powered by batteries. In this thesis, numerous challenges
associated with integrating these devices into cellular networks through [DIJ
algorithms were addressed. It is established that relying solely on grant-
based methods is inefficient due to control signaling overhead, resulting in
prolonged delays. To address this, schemes are proposed in the literature.
In schemes, the users transmit without prior resource allocation from the
[BS This simplifies the device side by transferring the computational burden

to the Some of the major contributions of this thesis are presented below.

Chapter 2 delved into the implementation of a [GE| [NOMAI scheme to
provide services to a large number of devices and to reduce the communica-
tion overhead in MMTC scenarios. In random access, is not aware
of the devices that are trying to communicate. Consequently, must be
performed at the [BSl In that respect, this chapter proposed the design of
two architectures for the task, namely [AUE] and [AUIl The for-
mer identifies the number of active devices, while the latter indicates which
devices are active. The chapter analyzed the performance of the proposed
algorithm, revealing that the proposed approach outperforms state-of-the-art

methods and offers lower computational complexity.

Chapter 3 proposed a [DIlbased technique for preamble detection in an
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asynchronous random access scenario. In the considered scenario, the ac-
tive user initiates a [VE consisting of many slots, where each slot is equal to
the size of the packet. The user transmits two replicas in the randomly chosen
slots. As a single packet contends with interference from numerous packets
transmitted by other users, packet detection poses a formidable challenge
in an asynchronous scenario. The study demonstrated that the proposed
[DI}based method provides a high detection rate for a negligible false-alarm
rate and surpassed the performance of the conventional correlator-based ap-
proach. Furthermore, Chapter 3 delved into [DI] methodologies for payload
association. As each user transmits multiple copies, the replicas can be com-
bined to enhance the decoding process. The objective of the investigated [DIJ
methodologies was to determine the positions of the two replicas within the
frame. Despite numerous attempts, achieving successful payload association

has proven to be elusive.

The networks can improve the quality of service for the
users at the edge of the cell and reduce inter-cell interference. Building on
this premise, Chapter 4 has focused on strategies for enhancing the of the
mIoTl devices in a network, aiming to maximize the minimum
user rate. Critical to this objective is the allocation of suitable power for
transmitting the pilot and payload, and the assignment of pilots to each user
in the network. A [DNN] algorithm called was proposed to achieve
this objective. The algorithm was trained using an unsupervised learning
approach and benchmarked against existing approaches in the literature. To
the best of my knowledge, this is the first approach in the literature that
deals with joint power and pilot allocation. The computational complexity
analysis of the proposed approach is performed. The results demonstrated
that the proposed algorithm outperformed the existing algorithms in terms
of per-user uplink throughput rate and minimum user rate. Furthermore, it
has been also shown that the proposed approach lowers the average pilot and
data transmit power per user, in comparison to the other approaches.

In future generations of cellular networks, [All is poised to play a trans-
formative role, revolutionizing various aspects of communication and con-

nectivity. As detailed in this thesis, [All surpasses traditional algorithms in
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performance, offering significant improvements in the reliability, throughput,
and scalability of networks. Similarly, in the future, [Allbased grant-free ac-
cess protocols will catalyze innovation in emerging technologies, such as [[oT],
autonomous vehicles, and smart cities, thus laying the groundwork for a more
interconnected and intelligent future.

Future Research Directions: Cell-Free networks offers higher for
all the users in comparison to the Cell-based networks. This performance
leap necessitates extending the activity detection algorithm to the Cell-Free
networks. Furthermore, optimizing the architectures and feature selection
for [AUE] and [AUIl can yield better performance and lower computational
complexity.

A potential future extension of the preamble detection work could explore
channel estimation through [DI] While traditional methods, such as [MMSE],
can be effective, [DIlbased approaches may perform better in the considered
scenario. Additionally, the proposed payload association approach can be
improved by integrating transformer blocks into the architecture.

For last work on pilot allocation and pilot assignment, the work could be
extended to scenarios involving [APk equipped with multiple antennas. Like
the other approaches in the literature, this approach also assumes that the
large-scale fading coefficient between every [AP] and the device is known at
the[CPUl however, this is often not the case. A future research direction may
involve estimating the values of large-scale fading coefficients, and based on

these estimates, power and pilots can be assigned.
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Appendix A

Derivation of the Distribution
of Collisions in a Random

Access for Preamble Detection

Let us start by noting that the number of arrivals at the ith symbol time
is N = Ny + Ny + -+ 4+ Ng where N, is the number of arrivals at the ith
symbol time considering only the users that wake up at symbol i — aM,
and M is the number of symbols in a slot. The number of users waking up
during a symbol time, w, is distributed as a Poisson r.v. with density A. The
probability mass function of Ny, recalling that a virtual frame is composed
by Ng slots, is given as

[e.9]

P(Ny =n) = ZPNl—nhU )P (w)
QW5
Y ) (%)
_e—Al (;Sygﬁ(l_]\%)w. (A1)
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Let z = w — n, then we have

2=0

1 2)\)"00 AZ( 2>Z

A
—e M | 2 21 =

‘ n'(Ng ; ! N

_ 1 2 " AM1=-2
_ A 22

c n'<N5> c NS)

1 /220\" _2 L2
:E<FS> e Ns NPOIS(m). (AZ)

Let us recall that the probability generating function of the Poisson distri-
bution Pois(u) is

= eMs—1) (A.3)
that for p = ]%,—2 becomes Gy, (s) = %5 Note that Gn,(8) = Gn,(s) =
-+ = Gng(s). Then, the probability generating function of the number of

arrivals in a symbol time is calculated as

Gn(s) = (G (s))™

2ANg
-1
= e Ng (S )

= 2D (A.4)

that is the probability generating function of Pois(2)). Thus, the arrival rate
in a symbol time follows a Poisson distribution with density 2A. Thus, the
average number of packet arrivals during a slot time is 2A\(Np + Np), where
Np and Np are the number of preamble and data symbols, respectively. This
can be interpreted also as the average number of collisions during the packet

transmission time. Since the aim is to test the performance of the proposed
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Table A.1: Average number of collisions in a slot time varying .

A ‘ Average n° of collisions
0.0005 1
0.005 3
0.01 5
0.0145 7

schemes with different traffic loads, the dataset is generated considering dif-
ferent values of ), i.e., scenarios with different average numbers of collisions.
Table shows the average number of collisions (after ceiling operation) for
some of the A values used in the preamble detection work.As can be seen
from the table, the average number of collisions in a slot time ranges from a
low network load condition to a much higher one. The figures presented in
Table [A.1]are discussed in sub-section B.5.1]
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Appendix B

Derivation of closed-form
expression for the achievable

uplink rate

To derive the closed-form expression for the achievable rate given in (4.16]),
we need to compute DSy, E{|BU|?}, E{|TUT;|?}, and E{|TN|*}

Computation of DSy

Let €k = Gmk — Gmi be the channel estimation error. Owing to the properties
of MMSE] estimation, €, and §,,, are independent. Thus, we have

M
DSy =v/pE {Z V(G + 5mk)§1*nk}
m=1
M
=V/PE {Z V(| Gmil” + 8mk§:nk)}
m=1
Since E|Gmr|? = Yk, E{emi} = 0, and E{g* .} = 0, it follows that
M
DSy = /g Z Yo (B.1)
m=1
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Computation of E|BU,|?

The expression can be derived as follows
M
E{[BU?} = p > auE {|gmrdis — E {gmrdini}’}
m=1
M
=0t (B {lgmidiil’} = [E{gmidin} I?)
m=1

where the property E{|X — E{X}|*} = E{|X|*} — |[E{X}|* has been used.
Substituting gmr = €me + Jmk, we get

M
E{[BU*} =p ) a (E {1+ i) Ginil*} = [E{ (e + Gmk) Tt} |2)
m=1

USing E{gmk} - 07 E{‘gmk|2} = Ymk, W€ obtain

M
E{[BUL*} = p > i (B {lemrdiil”} +E {1gmsl '} = 724)
m=1

As E{|5mk‘2} = Bk — Ymk and E{|§mk|4} = 273,11“ we get

M M
E{|BUL*} = p Z Ak (’mG(ﬁmk — Ymk) + 272 — 7,2nk) =P Z @ Ymk B
m=1 m=1

(B.2)

Computation of E|TUT;. |

The term is given as

2

E{|IULy|*} =pE

M
> G Gmr i
m=1
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Substituting ¢, = cmi¥.,,, where g, is defined in (4.5)).

M
Z kagmk’@

m=1

E{|TUL[*} Z/)E{

K * 2
X <1 /TPy Z Vbigmidr B + ¢kpr7m> }
i=1
u 2
= pqr B Z Conk Gk (D Wp,m)*
m=1
A
o K * 2
+7ppE S 1Y VK Cont Gt (Z Vbigmidf! ¢i> :
m=1 i=1
B

Since Wy, = gka'wnm ~ CN(0,1) is independent of the term g,,;, the term

A is given as

M
A= PAk! Z ankﬁmkz“
m=1

Recalling that E{|X + Y |*} = E{|X|*} + E{|Y|*} where X and Y are two

independent random variables and E{X} = 0, B can be expressed as

2

M
B =1pppE Z VA Cmk Gmi! (\/ bzgmk'qﬁqubk/)
m=1
Bl
M K *
+ TpppE Z V qklcmkgmk/ (Z \/b_lgmz¢kH¢l> (BB)
m=1 £k

B2
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Manipulating B1 we obtain

M 2

Bl = TpppE Z v Ak’ Ck mk! ( bk’gmk’qbquk’)
m=1
M 2
= T/Oprk’bk’ |¢kH¢k’ |2E Z kalgmk’ |2
m=1

M M
- Tppqu/bk” |¢kH¢k’ ‘2E {Z ka|gmk:’ ’2 Z anlgnk’ ’2}
m=1 n=1

M
= TppPibie |f) P |°E {Z Cotol G |4}

m=1

M M
+ 7o b | B DD D okt Bk Bre

m=1n#m

As E{|gmw[*} = 262, we get

M
B1 = 7p,pq b | o |* Z 2B

m=1

M M
+ Tpprk/bk/ ‘(ﬁllj(ﬁk/ ‘2 Z Z kacnkﬁmk’ﬁnk/

m=1n#m

M
= T pppi i |F | Z kB
m=1
M
+ 7 ppoai bie |7, i Z Crute Bt
m=1

M M
+ TpPka’bk’ ‘¢kH¢k’ ‘2 Z Z kacnkﬁmk’ﬁnk’

m=1n#m

M
= Tpppubie |BF Do > Y B + Tpppi i | D i

m=1
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M M
X Z kaﬁmk’ (Z anﬁnk’ + cmkﬁmk’)
m=1

n#m

M
B1 = 7p,pqibie |0 s> D g B + T0ppi i | f o |

m=1

M M
X Z kaﬂmk/ <Z anﬂnk’)

= TPppqbi | OF i | Z ot

+ TPppQibi | B D] Z CrteBrpe

m=1

Multiplying and dividing the second term with 2%21 bi B2,

M
B1 = Tp,pqubis |@F | Z Bk

m=1

2
b ' Dmk!
+ ool ol (z b, )

Manipulating B2, we obtain

w2

M K
B2 = 1p,pE Z VU Conk G <Z \/b_igmi¢kH¢i>

i#k!

m=1

M K
:mppE{zzqk/bicfnugmk,|2|gmi|2|¢f¢i\2}
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As E{|ka'|2} = Bk

M K
B2 =T1p,p Z Z Qo bi ot Bk Bimi | OF i

m=1 i#£k’

M K
= TPpP Z Z Qk'bicfnkﬁmk’ﬁmiWkH(f% |2

m=1 i=1

M
—TPop D Qurbrs Chog B | B i |
m=1
Adding and subtracting the term pgy S22 2,1 Bk

M K
B2 = Tpyp Z Z Qi bi o Bt Brmi | O il

m=1 i=1

M
—Topp Y Qb Co B | OF Bi)”

m=1
M M
+ 0 D Bk — PUr Y, Bk
m=1 m=1
M
2 Tppbkﬁmk:
=P Y oo B |
m=1 Cmk
M
—TPpp Y b g g | DK D1
m=1
M
— P4k Z C?nkBmk’
m=1
M
= Tppbkqu” Z cmkﬁmkﬁmk’
m=1
M
= TPpP Z Qi O Cop . B | DK 1|
m=1
M

— Pqk! Z ankﬁmk’

m=1
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USing Vimk = /T PpbkConk Brnk

M
B2 = pgir Y Yk Bk

m=1

M
—TPpp Y b ot g | DK D1 [

m=1
M

— P Y Co Bk

m=1

Summing A, B1, and B2, we obtain
E{|IULw|*} = A+ B1+ B2

M
9
= pq E ot Bmi
m=1

M
+ T ppbi Qi | D8 Br 2D B

m=1

M 2
V bk’ﬁmk’
+ paw| o dw)? Yk~ =

M
+ pqr Z Yk Bk
m=1
M
— TPppP Z Qb Cop B | OF i
m=1
M
— PG D ot Bk
m=1
After cancellation of terms, we get

M — 2
bkl/B k/
EIUI/2:q/q§H¢/2 Vs e
{0 |*} = paw |y, bl m§1 N

M
+ Pk Y Yk Bk (B.4)
m=1



124

Computation of E{|TN,|?}

2

E{|TN.]*} = E

M
§ :A*
ImkVm
m=1
M
m=1

Substituting (B.1)), (B.2)), (B.4)), (B.5)) in (4.16) to obtain (4.19).

(B.5)
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