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RÉSUMÉ

L’avŁnement des communications sans-�l à trŁs grand nombre d’entrØes et de sorties (mas-
sive multiple-input multiple-output ou MIMO massif) a redØ�ni le fonctionnement systŁmes
de communication sans-�l, exploitant un ensemble d’antennes pour amØliorer l’e�cacitØ spec-
trale (SE) et la capacitØ du systŁme. Les techniques de formation de faisceau jouent un rôle
crucial dans les performances du MIMO massif, avec deux catØgories principales : le prØ-
codage entiŁrement numØrique (FDP) et la formation de faisceau hybride (HBF). Alors que
le FDP o�re de la �exibilitØ mais au dØtriment de la complexitØ matØrielle, le HBF Øquilibre
complexitØ et performance. Cependant, le calcul pour la formation de faisceau est di�cile
en raison de facteurs tels que l’information d’Øtat de canal (CSI) imparfaite, les problŁmes
d’optimisation non convexes et les connexions de sous-rØseau discrŁtes dans le HBF. Aborder
ces dØ�s est crucial pour maximiser les avantages de la formation de faisceau dans les sys-
tŁmes MIMO massif. Les approches traditionnelles font face à des problŁmes d’optimisation
non convexes et la dØpendance à l’Øgard d’un CSI prØcis. Ces inconvØnients entravent leur ex-
tensibilitØ et leur e�cacitØ, conduisant souvent à des performances sous-optimales. De plus,
l’acquisition d’un CSI prØcis introduit une surcharge de signalisation substantielle. Pour sur-
monter ces dØ�s, il existe un intØrŒt croissant à exploiter la puissance de techniques utilisant
l’apprentissage profond (DL).

Dans cette thŁse, nous abordons la question cruciale : �Comment l’apprentissage profond
peut amØliorer les performances globales des systŁmes MIMO massif?� Notre travail se con-
centre sur le dØveloppement de solutions de formation de faisceau basØes sur l’apprentissage
profond qui dØpassent les limites des mØthodes conventionnelles. Plus prØcisØment, nous
explorons divers schØmas de formation de faisceau, y compris le prØ-codage entiŁrement
numØrique, la formation de faisceau hybride et le MIMO massif sans cellule (CF-mMIMO),
avec di�Ørents niveaux de connaissances du CSI, couvrant les systŁmes avec duplexage
en frØquence (FDD) et duplexage en temps (TDD). Le premier aspect abordØ dans cette
recherche est l’utilisation de l’apprentissage profond pour la conception de faisceau. En
utilisant des rØseaux neuronaux profonds avec apprentissage non-supervisØ et en utilisant la
rØtroaction de l’indicateur de force du signal reçu (RSSI), une nouvelle approche est proposØe
pour concevoir des prØ-codeurs hybrides sans dØpendre de l’estimation et de la rØtroaction
du CSI. Cette mØthode rØduit non seulement la complexitØ de calcul et la latence de maniŁre
signi�cative, mais atteint Øgalement une e�cacitØ spectrale prŁs de l’optimal.

En s’appuyant sur le succŁs de l’apprentissage non supervisØ pour les scØnarios à une seule
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station de base, la thŁse se penche ensuite sur les systŁmes de communication MIMO massifs
sans cellule (CF-mMIMO). Dans les systŁmes sans cellule, plusieurs points d’accŁs (AcP) col-
laborent pour desservir les utilisateurs, ce qui prØsente des dØ�s pour atteindre une formation
de faisceau distribuØe presque optimale avec un Øchange limitØ de signalisation entre les AcP
et le contrôleur de rØseau. Pour relever ce dØ�, la thŁse introduit de nouvelles architectures
de rØseaux neuronaux profonds non supervisØs pour la formation de faisceau coordonnØe
dØcentralisØe. Ces architectures permettent une mise en ÷uvre e�cace et Øvolutive en rØ-
duisant la complexitØ computationnelle et la surcharge de signalisation tout en atteignant
une SE presque optimale. Cette proposition amØliore considØrablement l’e�cacitØ spectrale
des systŁmes CF-mMIMO. De plus, la thŁse explore la formation de faisceau HBF sans dic-
tionnaire de codes (codebook) de sous-rØseau, visant à rØduire la consommation d’Ønergie
en optimisant les connexions entre les chaînes radio (RF) et les antennes. Cependant, la
nature discrŁte des connexions de sous-rØseau et des quantitØs de dØphasage pose un prob-
lŁme complexe d’optimisation. Pour y remØdier, une approche d’apprentissage non supervisØ
est proposØe, Øliminant la nØcessitØ d’un codebook de formation de faisceau. Le rØseau de
neurones profond est formØ pour prendre en compte la quanti�cation des dØphaseurs et le
CSI bruitØ, ce qui permet d’amØliorer la SE par rapport aux mØthodes existantes. Cette con-
tribution favorise des solutions de formation de faisceau ØcoØnergØtiques dans les systŁmes
MIMO massifs. En�n, la thŁse Øtudie la conception d’architecture et la sØlection d’antennes
adaptatives à l’aide de l’apprentissage profond non supervisØ. En abordant le problŁme com-
plexe d’optimisation de la sØlection du sous-ensemble d’antennes optimal et de la conception
de l’architecture de formation de faisceau, une approche d’apprentissage non supervisØ est
proposØe pour optimiser ces paramŁtres de maniŁre adaptative. Le modŁle d’apprentissage
en profondeur est formØ pour maximiser les performances du systŁme tout en tenant compte
de l’e�cacitØ ØnergØtique, de l’e�cacitØ spectrale et du nombre d’utilisateurs actifs. Cette
proposition o�re des informations prØcieuses sur la conception d’architectures de formation
de faisceaux e�caces et intelligentes dans les systŁmes MIMO massifs.
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ABSTRACT

The emergence of massive multiple-input multiple-output (mMIMO) technology has reshaped
wireless communication systems, leveraging an array of antennas to enhance spectral ef-
�ciency (SE) and network performance. Beamforming techniques play a pivotal role in
mMIMO’s performance, with two primary categories: fully digital precoding (FDP) and hy-
brid beamforming (HBF). While FDP o�ers �exibility but at the cost of hardware complexity,
HBF balances complexity, and performance. However, beamforming is challenging due to fac-
tors like imperfect Channel State Information (CSI), non-convex optimization problems, and
discrete sub-array connections in HBF. Addressing these challenges is crucial for maximizing
the bene�ts of beamforming in mMIMO systems. Traditional approaches to beamforming in
mMIMO systems grapple with non-convex optimization problems and the reliance on accu-
rate CSI. These drawbacks hinder their scalability and e�ciency, often leading to suboptimal
performance. Additionally, the acquisition of precise CSI introduces substantial signaling
overhead. To overcome these challenges, there is a growing interest in leveraging the power
of deep learning (DL) techniques.

In this thesis, we address the pivotal question: �How can deep learning improve the over-
all performance of massive MIMO systems?� Our work focuses on developing DL-based
beamforming solutions that surpass the limitations of conventional methods. Speci�cally,
we explore various beamforming schemes, including Full Digital Precoding, Hybrid Beam-
forming, and cell-free massive MIMO (CF-mMIMO), under di�erent levels of CSI knowledge,
spanning frequency division duplexing (FDD) and time division duplexing (TDD) systems.
The �rst aspect addressed in this research is using deep learning for beamforming design. By
employing deep neural networks and utilizing received signal strength indicator (RSSI) feed-
back, a novel approach is proposed to design hybrid precoders without relying on complex
CSI estimation and feedback. This method not only signi�cantly reduces computational com-
plexity and latency but also achieves near-optimal SE, thus enhancing the spectral e�ciency
of massive MIMO systems.

Building upon the success of unsupervised learning for single base station scenarios, the
thesis then explores cell-free mMIMO (CF-mMIMO) communication systems. In cell-free
systems, multiple access points (AcPs) collaborate to serve users, presenting challenges in
achieving near-optimal SE beamforming with limited signaling exchange between AcPs and
the network controller. To tackle this challenge, the thesis introduces novel unsupervised
deep neural network architectures for decentralized coordinated beamforming. These archi-
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tectures enable e�cient and scalable implementation by reducing computational complexity
and signaling overhead while achieving near-optimal SE. This research signi�cantly enhances
the spectral e�ciency of CF-mMIMO systems. Furthermore, the thesis explores sub-array
codebook-free HBF, aiming to reduce power consumption by optimizing the connections be-
tween radio frequency (RF) chains and antennas. However, the discrete nature of sub-array
connections and phase-shift amounts poses a complex optimization problem. To address
this, an unsupervised learning approach is proposed, eliminating the need for a beamforming
codebook. The deep neural network is trained to consider phase-shifter quantization and
noisy CSI, resulting in higher SE compared to existing methods. This contribution promotes
energy-e�cient beamforming solutions in massive MIMO systems. Finally, the thesis inves-
tigates architecture design and adaptive antenna selection using unsupervised deep learning.
By addressing the intricate optimization problem of selecting the optimal antenna subset
and designing the beamforming architecture, an unsupervised learning approach is proposed
to adaptively optimize these parameters. The deep learning model is trained to maximize
system performance while considering energy e�ciency, spectral e�ciency, and the number
of active users. This research o�ers valuable insights into designing e�cient and intelligent
beamforming architectures in massive MIMO systems.
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CHAPTER 1 INTRODUCTION

1.1 Motivation

In the era of 5G and beyond, wireless communication networks are increasingly expected to
deliver high data rates, low latency, and reliable connections [1, 2],. To face this challenge,
massive MIMO (mMIMO) has become an essential asset in the design of future wireless
networks [2]. Massive MIMO systems have been identi�ed as a potential way to improve the
spectral e�ciency (SE) and system capacity through the use of beamforming techniques [3�5].
Furthermore, to improve the energy e�ciency (EE) of the mMIMO systems with fully digital
precoder (FDP), the use of hybrid beamforming (HBF) techniques is critical, which combine
the advantages of digital and analog beamforming [6]. Hybrid beamforming allows for a trade-
o� between performance and complexity by utilizing a limited number of radio frequency (RF)
chains with analog and digital beamforming. However, the design of HBF solutions for
mMIMO systems poses signi�cant challenges due to the non-convex and discrete nature of
the problem, as well as the reliance on accurate channel state information (CSI) [6]. These
limitations highlight the need for innovative approaches that can address these challenges
and fully exploit the potential of beamforming in mMIMO systems.

Recently, machine learning (ML) has become instrumental in numerous �elds and various
domains, enabling computers to learn patterns and make predictions based on them. Deep
learning (DL), a subset of ML, utilizes multi-layered arti�cial neural networks to extract
intricate patterns from extensive datasets [7]. Deep learning has revolutionized areas like
computer vision and natural language processing (NLP), showcasing its remarkable poten-
tial. Deep learning can also o�er a promising avenue for innovation in wireless communication
networks. Its ability to leverage vast amounts of data and extract complex patterns can sig-
ni�cantly enhance the design and performance of wireless communication systems [8]. The
abundance of large datasets has encouraged the use of DL in wireless communication net-
works. By leveraging the power of DL, it becomes possible to optimize beamforming schemes
based on real-world channel data, taking into account dynamic variations in the wireless en-
vironment and improving adaptability to changing network conditions. This presents an
exciting opportunity to broaden the boundaries of traditional beamforming techniques and
unlock new levels of e�ciency and e�ectiveness in wireless communication systems.

Taking advantage of DL technology as a promising solution to the challenges of mMIMO
beamforming design, this thesis aims to incorporate DL techniques to create beamforming
techniques for mMIMO systems [9]. A key advantage of exploiting the capabilities of DL is
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that it enables the achievement of near-optimal SE beamforming solutions by overcoming the
limitations of non-DL approaches while also reducing computational complexity. This thesis
explores the application of DL in various aspects of beamforming, starting with single base
station (BS) scenarios and extending to cooperative beamforming in cell-free massive MIMO
(CF-mMIMO) systems [10]. It further investigates di�erent HBF structures, and subarray
HBF, all with the goal of enhancing the SE, reducing complexity, and optimizing the EE. In
addition to addressing the challenges of non-convex optimization, discrete subarray designs,
coordination across distributed access point (AcP), and scalability, this thesis also focuses on
addressing the need for adaptive and intelligent architecture design and antenna selection in
mMIMO systems. Through comprehensive evaluations and comparisons with state-of-the-
art techniques, this thesis aims to provide practical solutions that improve the performance
and e�ciency of mMIMO beamforming while considering the challenges associated with
computational complexity and robustness against imperfections in CSI acquisition in both
frequency division duplex (FDD) and time division duplex (TDD) communication.

1.2 Background and Concept De�nition

In this section, we will review two fundamental technologies that form the basis of this
thesis: mMIMO systems and deep neural networks (DNNs). We will explore their principles,
advantages, and challenges, providing a solid understanding of their relevance in the context
of arti�cial intelligence (AI)-aided wireless communication.

1.2.1 Massive multiple-inputs multiple-outputs

The concept of multiple-input multiple-output (MIMO) was �rst introduced in the 1970s as a
means to improve the performance of wireless communication by utilizing multiple antennas
at both the transmitter and receiver [11,12]. By taking advantage of multipath propagation,
MIMO systems can achieve higher data rates, better reliability, and increased the SE com-
pared to traditional single-antenna systems. The term �massive� refers to the deployment
of a large number of antennas at the BS in modern communication networks. Unlike tra-
ditional MIMO systems that typically utilize a few antennas, mMIMO systems can employ
tens or even hundreds of antennas, signi�cantly increasing the SE and enhancing system per-
formance [13, 14]. Massive MIMO is a revolutionary technology in wireless communication
that has gained signi�cant attention in recent years [15]. As wireless networks evolve towards
5G beyond and 6G, mMIMO is expected to play a crucial role in meeting the ever-growing
demands for higher data rates and ultra-reliable low-latency communication (URLLC). The
major bene�t of mMIMO is that it can take advantage of spatial diversity and multiplexing
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with multiple paths of propagation. Using an array of antennas, the system can create highly
focused and directional beams, reducing interference and enhancing the signal-to-interference
plus noise ratio (SINR) ratio. This spatial processing enables more e�cient use of the avail-
able spectrum, leading to improved overall network performance. Advancement of mMIMO
technology in 5G and beyond 5G not only enables improved the SE but also paves the way
for new and innovative use cases, such as massive IoT connectivity, improving the EE, and
high-bandwidth applications [16].

Massive MIMO �nds its relevance in various applications such as millimeter wave (mmWave)
frequencies and internet-of-things (IoT). In mmWave communications, which operate in
high-frequency bands, i.e. above 30 GHz, mMIMO plays a crucial role in overcoming the
challenges of high path loss and limited cell coverage. By deploying a large number of an-
tennas, mMIMO can compensate for high propagation losses and achieve beamforming with
narrow beams, enabling reliable and high capacity communication in mmWave bands [17,18].
In the context of IoT, mMIMO o�ers numerous bene�ts. The increasing use of IoT gad-
gets, which are usually low-power and small-sized, necessitates e�ective and reliable wireless
connectivity. Massive MIMO systems can provide better coverage, increased capacity, and
enhance the EE for IoT deployments. By exploiting spatial multiplexing, mMIMO can sup-
port simultaneous communications with a large number of IoT devices, enabling seamless
connectivity in crowded IoT environments. Furthermore, the beamforming capabilities of
mMIMO help mitigate interference and ensure reliable communication between IoT devices
and network [19].
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Figure 1.1: Downlink operation of a massive MIMO link [4]

Figure 1.1 shows the key characteristics of mMIMO. This diagram represents a single cell
within a network of cells, or it can be seen as an isolated site within a single cell. A collection of
small antennas, which are not directive in nature, are deployed to serve multiple independent
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users. Typically, each terminal is equipped with a single antenna. The �gure illustrates the
downlink operation, where distinct data streams are transmitted to each user. The goal is
to make sure that each user gets the data stream they were meant to receive without any
major interference from other data streams. In contemporary systems, this multiplexing
task is typically achieved by employing a combination of time-division multiplexing (TDM)
(sending data streams at di�erent times) and frequency-division multiplexing (FDM) (sending
data streams over di�erent frequencies). On the contrary, mMIMO employs spatial-division
multiplexing, enabling multiple data streams to occupy the same frequencies and times.
This is accomplished using an array of independently controlled antennas. When there is
a direct line of sight between the antennas and users, the data streams are transmitted on
focused beams. However, in environments with obstructions and multiple paths, the data
streams can arrive from various directions simultaneously. In such cases, the streams can
reinforce each other where desired and interfere where unwanted. To enable multiplexing,
the array requires knowledge of the frequency response of the propagation channels between
each antenna and the user. This information, known as CSI, is utilized in the precoding
block (shown in Figure 1.1). In this block, the data streams are mapped to the signals that
drive each antenna. Increasing the number of antennas allows a more precise beam to focus
towards speci�c users [3, 4].
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Figure 1.2: Downlink operation of a point-to-point massive MIMO link [4]

In general, there are two primary types of mMIMO: multi-user MIMO (MU-MIMO) and
point-to-point MIMO. Multi-user MIMO as shown in Figure 1.1 is designed to serve multiple
users simultaneously with the same time and frequency resources [3, 4]. In MU-MIMO, the
BS employs a large antenna array to create independent spatial beams for each user. This
enables the simultaneous transmission of multiple data streams to di�erent users on the same
frequency and time slots. Spatial beams are focused on each user, resulting in improved signal
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quality and increased overall network capacity. Multi-user MIMO is particularly e�ective in
scenarios where there are multiple users with di�erent quality of service (QoS) requirements
because it allows the system to dynamically allocate resources and tailor the transmission
strategy to the speci�c needs of each user.

On the other hand, point-to-point MIMO as shown in Figure 1.2, also known as single-user
MIMO, focuses on enhancing the communication link between a single BS and a speci�c
user. In point-to-point MIMO, both the BS and the user device are equipped with multiple
antennas [3, 4]. This allows for the creation of multiple spatial streams that are transmitted
simultaneously, leveraging the spatial dimension to increase data throughput and reliability.
The multiple antennas at both ends enable the system to exploit the spatial multiplexing
gain, achieving higher data rates and improved link robustness for the speci�c user. Both
MU-MIMO and point-to-point MIMO are powerful techniques that leverage the bene�ts of
mMIMO technology. These variations of mMIMO contribute to the development of advanced
wireless systems that can meet the growing demand for reliable high-speed connectivity in
various communication scenarios.

In general, mMIMO technology, with its abilities, has immense potential in various applica-
tions. As wireless networks evolve towards 5G and beyond, mMIMO is expected to play a
predominant role in meeting the ever-growing demands for reliable high-capacity, low-latency
wireless communication services. As research and development e�orts continue, we can antic-
ipate further breakthroughs in mMIMO technology, revolutionizing wireless communication
and shaping the future of mobile networks and beyond.

1.2.2 Massive MIMO Beamforming

Beamforming in mMIMO systems represents a fundamental aspect of the capabilities and
bene�ts of this technology. Beamforming in mMIMO systems enables simultaneous commu-
nication with multiple users, each of which may experience di�erent channel conditions [20].
By adjusting the phase and magnitude of the signals transmitted from each antenna, beam-
forming optimizes the signal strength for the intended user while minimizing interference for
other users or unwanted directions. By enabling e�cient spatial multiplexing and interference
mitigation, beamforming in mMIMO enhances the network capacity and SE, allowing for the
support of a large number of simultaneous users and high-demand applications [21, 22]. In
addition, beamforming in mMIMO can also improve coverage, extend cell range, and im-
prove QoS in challenging environments [23]. Another signi�cant application of beamforming
in mMIMO is in mmWave communications. With increasing interest in utilizing higher fre-
quency bands for wireless communication, mMIMO beamforming can address the challenges
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associated with mmWave propagation, such as high channel attenuation and limited cell cov-
erage. Using a large antenna array and adaptive beamforming, mMIMO systems can steer
narrow beams toward the desired user, compensating for the high propagation losses and
achieving reliable communication in mmWave frequency bands [24].

Furthermore, beamforming in mMIMO systems has applications in wireless backhaul and
relay systems, where it enables e�cient and high-capacity data transmission between the BSs.
By applying beamforming techniques, mMIMO systems can focus the energy transmitted
toward the desired relay nodes or backhaul links, reducing interference and improving overall
system performance [25]. Furthermore, beamforming in mMIMO has potential applications
in IoT networks, where it can support the massive connectivity requirements and provide
reliable communication in crowded IoT environments. By adaptively steering beams toward
IoT devices, beamforming helps mitigate interference and extend coverage, thereby enabling
e�cient connectivity for IoT applications. In general, beamforming in mMIMO systems
�nds various applications and holds promise in enhancing wireless communication in terms
of capacity, coverage, and QoS [26].

1.2.3 Deep Neural Networks

Arti�cial intelligence is a rapidly evolving �eld that aims to develop intelligent systems ca-
pable of performing tasks that typically require human intelligence. A prominent subset of
AI is machine learning (ML), which focuses on enabling computers to learn from data and
improve their performance. Machine learning algorithms extract patterns and insights from
large datasets, enabling computers to make predictions, classify objects, and make informed
decisions. Techniques such as supervised learning, unsupervised learning, and reinforcement
learning have revolutionized various domains, including image and speech recognition, natu-
ral language processing, and data analysis. Arti�cial intelligence and ML have become crucial
tools in numerous industries, from healthcare and �nance to transportation and entertain-
ment [27].

Deep learning (DL) is a sub�eld of ML that has gained great attention in recent years. Deep
learning models, also known as arti�cial neural networks, are inspired by the structure and
function of the human brain. These models are made up of multiple layers of interconnected
arti�cial neurons that allow them to learn hierarchical representations of data autonomously.
These layers, as shown in Figure 1.3, include an input layer, one or more hidden layers, and
an output layer. The input layer receives raw data as input, which is then passed through the
hidden layers for feature extraction and transformation. The output layer produces the �nal
predictions or classi�cations based on the learned features. In a DNN, each arti�cial neuron
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Input Layer �� ���� Hidden Layer �� ���� Hidden Layer �� ���� Hidden Layer �� ���� Output Layer �� ����

Figure 1.3: Deep neural network (DNN) architecture [28]

in the hidden layers processes its input using a set of learnable parameters, known as weights
and biases. These parameters are adjusted during the training process using optimization
algorithms to minimize the di�erence between the predicted outputs and the actual labels
in the training data. This process is known as backpropagation, and it allows the DNN to
iteratively update its parameters and learn to make accurate predictions [7].

Deep learning has revolutionized several domains, achieving state-of-the-art results in image
and speech recognition, natural language processing, and many other tasks. The success
of DL can be attributed to its ability to handle large-scale datasets and its ability to au-
tomatically learn complex features from raw data, eliminating the need for manual feature
engineering. Deep learning techniques, such as convolution neural networks (CNNs) and
recurrent neural networks (RNNs), have demonstrated remarkable performance in various
applications [28]. Deep learning has also made signi�cant contributions to the solution of
challenging research problems. For example, DL has been applied to healthcare, where it has
shown promising results in medical image analysis, disease diagnosis, and drug discovery [29].
Furthermore, the DL models have also demonstrated their potential in autonomous vehicles,
allowing advanced perception systems for object detection, lane detection, and decision-
making [30, 31]. The wide-ranging applications of DL have fueled its rapid adoption and
have prompted extensive research and development in the �eld.

As DL continues to evolve, researchers are actively exploring new architectures, optimization
algorithms, and regularization techniques to further enhance its capabilities. Ongoing e�orts
are focused on addressing challenges related to data e�ciency, interpretability, and ethical
implications of AI systems. Interdisciplinary collaborations between AI researchers, domain
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experts, and ethicists are critical to ensure the responsible development and deployment of
DL technology. The future of DL holds tremendous potential for advancing �elds such as
healthcare, robotics, �nance, and many others, providing opportunities for innovation and
transformation across diverse sectors [28].

There are several types of DL algorithms, including supervised learning, unsupervised learn-
ing, and reinforcement learning. Supervised learning is the most common type of DL. It
involves training a neural network using labeled data, where the input data is paired with
the corresponding output labels. The network learns to map the input data to the correct
output labels by optimizing a loss function. An example of supervised learning is image clas-
si�cation, where a neural network is trained on a labeled image data set to correctly classify
new images into di�erent categories, such as identifying whether an image contains a cat or
a dog [32]. Unsupervised learning, on the other hand, involves training a neural network on
unlabeled data to discover patterns or relationships within the data. The network learns to
extract meaningful features or representations from the input data without explicit supervi-
sion. Clustering is an example of unsupervised learning where the goal is to group similar
data points together based on their intrinsic properties. For example, clustering can be
used to segment customer data into distinct groups for targeted marketing campaigns [28].
Reinforcement learning is a type of learning in which an agent learns to interact with an
environment and make decisions to maximize a cumulative reward. The agent explores the
environment through trial and error and receives feedback in the form of rewards or penalties
based on its actions. The goal is to learn an optimal policy that maximizes the long-term
reward. An example of reinforcement learning is training an autonomous vehicle to navigate
through a simulated environment. The agent learns to take actions (e.g., accelerate, brake,
turn) based on the observed state of the environment (e.g., road conditions, obstacles) to
reach its destination safely and e�ciently [33].

1.2.4 Deep Learning Applied to Wireless Communications

Drawing upon the capabilities highlighted earlier, the application of deep learning within
wireless communication emerges as a promising avenue to address evolving challenges and
improve the performance of wireless communication systems [8]. Deep learning techniques
leverage the power of multiple layers of arti�cial neural networks to automatically learn in-
tricate patterns and relationships from large amounts of wireless data. By exploiting the
inherent capabilities of DL, improvements can be achieved at various layers of the communi-
cation protocol stack [34�36].

Very recently, DL has made signi�cant contributions to the physical layer of wireless commu-
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nication systems. One area where DL has been used is in channel modeling and estimation.
Traditionally, channel models are derived on the basis of assumptions about propagation en-
vironments, such as path loss, fading, and multipath characteristics. However, these models
may not fully capture the complexity and variability of real-world wireless channels. Deep
learning o�ers the potential to learn the mapping between transmitted signals and received
signals directly from data, allowing for more accurate and adaptive channel modeling. Deep
learning models can capture complex channel characteristics, spatial correlations, and in-
terference patterns to estimate channel parameters and optimize equalization �lters. These
applications have shown promise in improving the robustness and capacity of wireless commu-
nication systems [37]. This can facilitate better channel estimation [38], adaptive modulation
and coding, and e�cient resource allocation based on the predicted channel conditions [39,40].

Another application of DL in the physical layer is signal detection. Traditional signal de-
tection algorithms, such as maximum likelihood detection, can be computationally complex
and may not scale well with increasing system dimensions [41]. Deep learning models, such
as RNN, o�er an alternative approach to performing signal detection directly from received
signals. By training on large datasets of labeled signals, DL models can learn to distinguish
di�erent modulation schemes and extract the relevant features from the received signals,
even in the presence of noise, interference, and fading channels. This can lead to e�cient
and accurate signal detection, allowing improved system performance [42].

Moreover, DL techniques have been applied to antenna array optimization in wireless com-
munication systems. Deep learning can be used to optimize the antenna array con�guration,
as well as the beamforming and precoding weights. Deep learning-based techniques allow
for better signal transmission, interference suppression, and user-speci�c spatial focusing,
leading to improved overall system performance [9]. By leveraging DL techniques at the
physical layer, wireless communication systems can bene�t from improved channel modeling
and estimation, enhanced signal detection capabilities [43], and optimized antenna array con-
�gurations. These advances have the potential to increase the SE, enhance system capacity,
and improve overall performance in wireless networks. However, it is important to consider
challenges such as the availability of training data, the interpretability of DL models, and
real-time implementation constraints in order to fully exploit the potential of DL in the
physical layer of wireless communication systems.

1.3 Problem Statement

In the rapidly evolving landscape of wireless communication networks, the ever-increasing
demand for high data rates, low latency, and reliable connections has become an undeni-
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able reality. The surge in wireless device usage, data-intensive applications, and emerging
technologies such as IoT have created a pressing need for innovative approaches to maximize
SE, increase system capacity, and optimize energy consumption. In this pursuit, mMIMO
systems and advanced beamforming techniques, such as FDP and HBF, have emerged as
promising strategies. These techniques leverage the inherent spatial diversity and multipath
propagation characteristics of wireless channels to improve system performance.

However, while mMIMO and beamforming o�er tremendous potential, their design and im-
plementation present signi�cant challenges [44]. Traditional non-deep learning approaches
struggle to address the inherent complexity of optimizing beamforming solutions in the con-
text of mMIMO systems. The non-convex nature of the beamforming design problem, com-
bined with the reliance on accurate CSI, hinders the e�cacy of conventional methods [45].
Conventional methods often require extensive computation and su�er from sub-optimal per-
formance. Furthermore, the need for accurate CSI acquisition and feedback of CSI introduces
signi�cant signaling overhead, limiting the scalability and practicality of beamforming solu-
tions.

To overcome these challenges, there is growing interest in leveraging the power of DL tech-
niques for beamforming in mMIMO systems. Deep learning-based approaches o�er several
advantages over traditional methods. The problem addressed in this thesis is to explore DL-
based beamforming techniques that can overcome the limitations of traditional approaches
and optimize the performance of mMIMO systems. The objectives are dedicated to craft-
ing DL-driven beamforming strategies capable of overcoming the constraints of traditional
methods, thereby unlocking the full potential of mMIMO systems. This includes explor-
ing various beamforming schemes, such as FDP, HBF, and coordinated beamforming in
CF-mMIMO systems. Furthermore, the thesis aims to extend the application of DL to ad-
dress challenges speci�c to subarray HBF structures, adaptive antenna selection, and EE in
mMIMO systems. By integrating DL into these beamforming techniques, it is possible to
improve the performance of the system in terms of SE and EE.

Furthermore, this thesis considers scenarios with di�erent levels of CSI knowledge in FDD
and TDD systems. In FDD systems, the uplink and downlink operate in separate frequency
bands, which introduces additional complexities in CSI acquisition. Due to the large number
of antennas in mMIMO systems, the channel estimation process becomes more challenging
and resource-intensive. The estimation of CSI requires the transmission of pilot signals
from user devices to the BS, and the subsequent estimation process introduces overhead
and consumes valuable resources. In TDD systems, the uplink and downlink share the
same frequency band, which simpli�es the acquisition of CSI compared to FDD systems.
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The key advantage of TDD systems is the ability to leverage channel reciprocity, where the
uplink and downlink channels are assumed to be similar or symmetric due to the shared
environment and propagation conditions. However, the challenge lies in the fact that the
reciprocity assumption is not perfectly accurate in practical scenarios. Therefore, in practical
scenarios, mMIMO knowledge may be limited or unavailable due to channel estimation errors,
feedback limitations, or fast-changing channel conditions. Designing DL-based beamforming
techniques that can adapt to di�erent levels of CSI knowledge is crucial for ensuring robust
performance in various wireless communication environments.

Moreover, the unsupervised approach extends beyond emulating conventional methods’ per-
formance; it has the capacity to discover superior solutions. However, it comes with unique
challenges, particularly in the design of appropriate loss functions and achieving the proper
convergence of the learning process. Unlike supervised learning, where labeled data guide the
optimization process, unsupervised learning lacks prede�ned success criteria. This makes the
task of crafting e�ective loss functions critical. The challenge involves aligning the loss func-
tion with beamforming objectives and translating high-level goals into quanti�able measures
for the DL model to optimize. As a consequence, addressing the challenges associated with
loss function design is essential to harnessing the power of unsupervised learning e�ectively
and ensuring that the resulting beamforming solutions are both meaningful and impactful in
wireless communication scenarios.

1.4 Research Objectives

In response to the challenges identi�ed in Section 1.3, this thesis proposes a range of DL-based
beamforming solutions to optimize mMIMO systems, focusing on HBF, FDP, and antenna
selection in single-cell scenarios, as well as exploring CF-mMIMO cooperative beamforming.
The central question driving this research is: �How can deep learning be used e�ectively to
improve the performance of mMIMO beamforming, and what enhancements can it provide to
the overall system performance?� Consequently, this thesis aims to develop and investigate
DL-based beamforming techniques that can improve conventional approaches in mMIMO
systems. The speci�c objectives are as follows.

1. We seek to maximize SE. Deep learning models have the potential to learn and opti-
mize beamforming strategies that improve the overall SE of the system. By intelligently
allocating resources and optimizing spatial and spectral utilization, DL-based beam-
forming methods can enhance the system’s capacity to transmit and receive more data
within the available bandwidth.
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2. We are also interested in simultaneously reducing the computational complexity as-
sociated with beamforming in mMIMO systems. To achieve this, our objective is to
leverage the power of DL to transfer the computational complexity from the online
phase (during operation) to the o�ine phase (during training). By employing DL
models to e�ciently represent and parameterize the beamforming process during the
training phase, we can reduce the computational burden during real-time operation.
This approach has the potential to alleviate hardware requirements and reduce energy
consumption, making DL-based beamforming techniques more practical and e�cient
for deployment in resource-constrained scenarios.

3. Another objective is to improve the robustness of beamforming solutions against imper-
fect CSI. The performance of traditional beamforming techniques relies on accurate CSI
for optimal SE performance. However, in realistic scenarios, obtaining precise CSI can
be challenging due to various factors, including channel estimation errors and feedback
signaling overhead. Deep learning-based models can learn to adapt and compensate
for these imperfections, making beamforming solutions more robust and reliable in
real-world environments.

4. Last but not least, EE is also a crucial objective for DL-based beamforming techniques
in mMIMO systems. By leveraging the learning capabilities of the DL models, it is
possible to optimize the beamforming process to minimize energy consumption while
maintaining or even improving SE. This objective aligns with the broader goal of devel-
oping more sustainable and environmentally friendly wireless communication systems.

1.5 General Organization of the Thesis

This thesis is written in an article-based format, where CHAPTERS 3, 4, 5 correspond to
distinct journal articles each featuring speci�c contributions. These chapters are based on
three journal articles to achieve the research objectives stated above.

CHAPTER 2 provides a comprehensive review of the existing literature in the �eld of DL-
based beamforming techniques in MIMO systems. This chapter sets the stage of the following
chapters by highlighting the current state of research, identifying gaps, and contextualizing
the signi�cance of subsequent contributions.

CHAPTER 3 focuses on the innovative application of unsupervised DL for hybrid beam-
forming in massive MIMO systems. The article presented in this chapter introduces a novel
approach that harnesses the power of DL to design hybrid beamforming solutions that en-
hance the SE without relying on complex CSI estimation and feedback. The chapter discusses
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the methodology, experimental setup, results, and insights garnered from this research [46].

CHAPTER 4 investigates decentralized beamforming techniques for CF-mMIMO systems.
The article presented in this chapter proposes novel unsupervised DL architectures for de-
centralized coordinated beamforming, overcoming challenges related to excessive signaling
exchange between AcPs and the network controller (NC). This chapter outlines the research
approach, �ndings, and implications of this article [47].

CHAPTER 5, based on a journal article submitted in August 2023, contributes to the de-
sign of energy-e�cient transmitter con�gurations using unsupervised DL in massive MIMO
beamforming. The article addresses the optimization of parameters such as power allocation
and antenna-radio frequency chain connections, promoting energy savings without compro-
mising system performance. This chapter provides an overview of the research methodology,
outcomes, and implications discussed in the article [48].

CHAPTER 6 serves as a general discussion that synthesizes the �ndings, implications, and
contributions of the articles presented in CHAPTERS 3, 4, and 5. This chapter engages in
a broader dialogue that contextualizes the importance of research within the larger �eld of
DL-based beamforming in wireless communication systems.

CHAPTER 7 concludes the thesis by summarizing the key insights, implications, and con-
tributions made throughout the research. This chapter also presents recommendations for
future research directions and highlights the overall impact of this work on the advancement
of the �eld of DL-based beamforming in massive MIMO systems.

1.6 Claimed Contributions

The claims of this thesis represent a comprehensive exploration of DL-based beamforming
techniques in mMIMO systems, addressing key challenges and pushing the boundaries of
beamforming performance. The �rst contribution focuses on the development of an innova-
tive RSSI-based hybrid beamforming approach. By leveraging received signal strength indica-
tor (RSSI) measurements in FDD communication, this approach improves the e�ciency and
reduces the signaling overhead of the HBF design, leading to enhanced wireless network per-
formance. Based on this foundation, CHAPTER 3 presents a novel unsupervised DL method
for mMIMO hybrid beamforming systems. Notably, this research marks the �rst attempt to
apply unsupervised learning to the HBF technique. Inspired by the RSSI-based method, this
research explores two alternative architectures with di�erent throughput-complexity trade-
o�s. Furthermore, the proposed method includes the design of synchronization signals (SSs)
in initial access (IA) and the codebook for the analog precoder. By training the DL mod-



14

els on large-scale datasets, this approach achieves near-optimal beamforming solutions while
considerably reducing the computational complexity and signaling overhead in FDD com-
munication. By leveraging partial CSI feedback in FDD communication, unsupervised DL
eliminates the need for labeled data or optimal values during training. This approach saves
a signi�cant amount of time and computational resources for target values as optimal SE
solutions while achieving improved beamforming performance and improving the overall SE
of mMIMO systems [46].

Moving to CHAPTER 4, the focus shifts to decentralized beamforming techniques within
CF-mMIMO systems. The aim is to achieve near-optimal beamforming solutions while min-
imizing excessive signaling exchange between the AcPs and the NC. The proposed solutions
enable fully distributed and partially distributed beamforming optimization, reducing com-
plexity and signaling exchange compared to conventional approaches. It also provides an
example of the trade-o� between overall computational complexity and signaling overhead
by designing an alternative architecture for which complexity is further reduced at the cost
of increased fronthaul signaling. This research highlights the feasibility of achieving high SE,
and system performance while enabling distributed and cooperative beamforming in cell-free
mMIMO systems, including both FDP and HBF techniques [47]. Furthermore, it is shown
that the proposed schemes can also be used to reduce the computational complexity and
signaling overhead in a coordinated FDP system.

In CHAPTER 5, the contributions center around the design of energy-e�cient transmitter
con�gurations in mMIMO beamforming using unsupervised DL for both FDP and HBF.
By optimizing parameters such as power allocation and antenna-radio frequency chain con-
nections, the research achieves energy savings without compromising system performance.
Due to the binary constraints of beamforming connections, our unsupervised deep learning
approach makes use of the Gumbel-Sigmoid technique inspired by Gumbel-Softmax. The
proposed solution is designed to be �exible by carefully designing the loss function, allowing
it to adjust the power consumption in accordance with the number of active users, and to
provide an optimal balance between SE and EC. This contribution further highlights the
potential of DL-based techniques in enhancing EE and reducing the complexity of mMIMO
beamforming systems. Furthermore, the study examines the capacity of the model to be
trained solely using imperfect CSI for both the input to the deep learning model and the
calculation of the loss function [48]. Training deep learning models with imperfect CSI is a
practical choice for real-world wireless communication systems due to several key advantages.
Imperfect CSI re�ects the dynamic and complex nature of wireless networks, ensuring that
models learn to operate in realistic conditions. This approach eliminates the need to obtain
perfect CSI, which is di�cult in practice, making it more e�cient and cost-e�ective. Training
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models with imperfect CSI makes them more realistic in real deployments.

The performance of all the above-mentioned contributions has been assessed using a realistic
ray-tracing channel model. This evaluation provides insight into the real-world performance
of the techniques and demonstrates their e�ectiveness under more practical and complex
channel conditions. Together, these contributions form a comprehensive body of research
that pushes the boundaries of beamforming techniques in mMIMO systems, showcasing the
potential of DL to improve wireless communication networks and address their evolving
demands. A patent application has been submitted for the work detailed in CHAPTER 5
in collaboration with Ericsson [49], further highlighting the practical signi�cance and real-
world applicability of the proposed DL-based beamforming techniques. These techniques
contribute signi�cantly to advancing energy-e�cient transmitter con�gurations in mMIMO
systems.
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CHAPTER 2 LITERATURE REVIEW

2.1 Introduction

In this chapter, we take a look at the wide range of mMIMO beamforming techniques,
exploring the various approaches that have been instrumental in the development of wireless
communication systems. At the core of this exploration lies the critical role of beamforming
in optimizing spectral e�ciency and energy e�ciency, driving the pursuit of methods that
balance complexity and spectral e�ciency.

We will begin with an in-depth exploration of FDP, a technique renowned for its remark-
able �exibility in beamforming design. Yet, this versatility often necessitates intricate hard-
ware con�gurations, challenging the implementation’s feasibility and cost-e�ectiveness. On
the other hand, within the spectrum of beamforming strategies, the analog-only approach
emerges as a noteworthy contender. Using exclusively analog components, this technique
navigates the complexities associated with digital processing, while retaining its potential
to optimize performance. However, it grapples with the limitations of exclusively analog
solutions, striving to �nd the sweet spot between simplicity and e�cacy. As a consequence,
HBF then takes center stage, o�ering a promising synergy between digital and analog compo-
nents. This approach attempts to take advantage of the best of both techniques, maximizing
e�ciency while maintaining simplicity.

We then focus on coordinated beamforming in CF-mMIMO. This approach takes advantage
of distributed antenna and macro-diversity in mMIMO systems, facilitating AcP to work
together seamlessly in serving users with utmost e�ciency. Coordinated beamforming seeks
to attain near-optimal performance by orchestrating coordinated actions between AcP. How-
ever, it confronts the intricate challenge of e�ectively managing the exchange of signaling
information between di�erent components of the network.

We then move our exploration to the realm of deep learning after having explored the various
beamforming strategies. We delve into an array of studies that investigate the integration
of DNNs with various beamforming methods. The fusion of DNNs with beamforming un-
locks new dimensions in performance enhancement, as the network’s ability to automatically
learn complex mappings between input data and optimal beamforming parameters aligns
seamlessly with the intricate requirements of mMIMO systems. This chapter also looks at
the various learning approaches that shape the design of beamforming strategies. From su-
pervised learning that leverages labeled data to unsupervised learning that empowers low
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complexity and �exible solutions, each approach adds a layer of innovation and advance-
ment to the �eld. By probing this array of techniques, we not only gain a comprehensive
understanding of the landscape but also pave the way for the subsequent chapters that show-
case our contributions to the evolution of mMIMO beamforming through the prism of deep
learning and innovative learning approaches.

The following chapters of this thesis are carefully constructed to broaden the examination
of mMIMO beamforming techniques and delve further into the area of creative solutions
enabled by deep learning approaches. They aim to address the critical challenges, push the
boundaries of conventional methods discussed in this chapter, and elevate the performance
of mMIMO systems to new heights.

2.2 Massive MIMO Beamforming Techniques

Massive MIMO beamforming is a cutting-edge technology that revolutionizes wireless com-
munications by deploying an extensive array of antennas at the transmitter and receiver.
This advanced technique enables unprecedented spectral and energy e�ciency, enhancing
the capacity and reliability of wireless networks. By using mMIMO, beamforming can direct
radio signals toward speci�c users, optimizing the signal strength and decreasing interfer-
ence, leading to higher data rates and better overall performance. In the realm of mMIMO
beamforming, various transmitter con�guration schemes have been explored to optimize sig-
nal transmission and reception. These schemes can be broadly categorized into three general
categories, FDP, Analog-only Beamforming, and HBF. In this section, we will delve into
each of these beamforming schemes, exploring their strengths, weaknesses, and applications
in mMIMO systems. The subsequent sections will provide a detailed analysis of the exist-
ing studies related to each scheme, showcasing the potential of applied DL techniques, and
addressing challenges in optimizing beamforming designs.

2.2.1 Fully Digital Precoder

Fully digital precoder is a beamforming technique that operates entirely in the digital domain,
without the need for analog components, where each antenna at the BS is connected to one
RF chain as shown in Figure 2.1. In FDP, the precoding matrix is calculated using digital
signal processing algorithms, and the resulting weights are applied to the transmitted signals.
The goal of FDP is to optimize the transmission of signals in a multi-antenna system, such as
a mMIMO system. Fully digital precoder o�ers several advantages, including high �exibility
design and adaptability in adjusting beamforming weights based on channel conditions and
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user requirements.
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Figure 2.1: Massive MIMO Fully digital precoder architecture [50]

Fully digital precoder can be implemented using di�erent algorithms, three of which are as

� Zero forcing (ZF) Precoding: ZF precoding aims to eliminate interference between
users by projecting the transmitted signals onto orthogonal subspaces. It achieves this
by inverting the channel matrix, e�ectively canceling the interference caused by other
users. The ZF precoding matrix, denoted as UZF, is computed as follows:

UZF = HH(HHH)�1; (2.1)

where H is the channel matrix. While ZF precoding provides excellent interference
mitigation, it may su�er from noise ampli�cation due to the inversion operation. As a
result, ZF may not be optimal SE in scenarios with noisy channels or when the channel
matrix is not well-conditioned [51].

� Minimum mean square error (MMSE) Precoding: MMSE precoding takes into account
the noise and interference statistics to minimize the mean square error between the
transmitted and received signals. The MMSE precoding matrix, denoted as UMMSE, is
computed as follows:

UMMSE = HH(HHH + �2I)�1; (2.2)

where H is the channel matrix and �2 is the noise variance. MMSE precoding strikes a
balance between interference cancellation and noise enhancement, leading to improved
system performance. It can achieve better performance than ZF precoding, especially
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in scenarios with noisy channels or when the channel matrix is ill-conditioned. However,
the inclusion of noise statistics in the computation of the precoding matrix introduces
a higher computational complexity compared to ZF precoding [3].

� Optimal fully digital precoder (O-FDP): Authors in [52] proposed optimal SE precoding
techniques, where it is shown that the optimal FDP vector uu of FDP matrix U =
[u1; :::;uNU ] for user u has the following analytical structure:

uu =
p
pu
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where NU corresponds to the number of users, INU corresponds to the NU�NU identity
matrix, pu and �u are the unknown real-valued coe�cients to be optimized, respectively
corresponding to the beamforming power and Lagrange multiplier for the user u. In
addition, we have

P
8u �u = 1 and

P
8u pu = 1. Therefore, only 2� (NU� 1) real-valued

coe�cients must be evaluated to resolve the optimization problem, instead of the initial
NT �NU complex coe�cients. The particle swarm optimization (PSO) algorithm can
then be employed to obtain the optimal �u coe�cients. The optimal SE solutions can be
obtained by assuming pu � �u and by evenly distributing the power overK 2 f1; :::; NUg
users and setting pu = 0 for the remaining NU � K users. Therefore, 2NU�1 solutions
have to be evaluated to �nd the near-optimal one. In this thesis, we use this technique
as a baseline for the upper bound.

However, the precoding techniques mentioned above face challenges in terms of computational
complexity and hardware requirements. The computation of the precoding matrix involves
complex mathematical operations, which demand signi�cant processing power. This can
be particularly challenging in real-time implementations or systems with a large number of
antennas, such as mMIMO systems. The computational burden increases with the number
of antennas and the number of users, making it necessary to employ e�cient algorithms and
hardware architectures to ensure real-time operation [50]. Furthermore, in FDP, each antenna
requires high-resolution Digital-to-analog converters (DACs) at the transmitter. These DACs
convert digital signals into analog forms for transmission. High-resolution DACs can be
costly and power-consuming, especially when dealing with a large number of antennas in
mMIMO systems. Therefore, employing FDP for mMIMO system would be costly and
energy ine�cient. Consequently, optimizing the hardware design and considering power
consumption becomes crucial for practical mMIMO beamforming implementations [50].
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2.2.2 Analog-only Beamforming

Analog-only beamforming, also known as analog beamforming, is a straightforward beam-
forming technique that operates entirely in the analog domain without any digital signal
processing, as shown in Figure 2.2. It involves adjusting the phase and amplitude of signals
at each antenna element to create constructive interference towards the desired user [53].
Analog-only beamforming relies on beam selection from a pre-de�ned beamforming code-
book. The codebook consists of a �nite set of �xed beamforming vectors, each corresponding
to a speci�c direction in the spatial domain. During beam selection, the analog-only beam-
forming system chooses the best beam from the codebook that aligns with the desired user’s
angle of arrival (AoA) or the user with the highest received signal strength.
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Figure 2.2: Massive MIMO analog beamforming architecture [53]

There are many studies in the context of analog-only beamforming, where the authors in [54]
proposed employing beam selection from a codebook of analog beams for low-complexity ana-
log beamforming successive interference cancellation (SIC)-based detection and compressive
sensing (CS)-based channel estimation that is suitable for the BS that only has analog beam-
formers. While conventional studies have primarily emphasized joint BS and user equipment
analog beamforming to enhance average signal-to-noise ratio (SNR) performance before base-
band equalization, the authors in [53] take a di�erent approach by focusing on optimizing the
analog beamforming vectors to minimize the mean square error (MSE) of the baseband equal-
ized signal. Such simple architecture makes analog-only beamforming particularly attractive
due to its low computational complexity and hardware requirements.

However, analog-only beamforming, despite its simplicity, has some limitations that can af-
fect its performance. One major drawback is its lack of adaptability to channel variations
and interference conditions. Since the precoding weights are �xed and cannot be adjusted
based on real-time channel information, the system’s adaptability to changing environments
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is limited. As a result, analog-only beamforming may not fully exploit the spatial diversity
of the channel, leading to sub-optimal performance, especially in scenarios with severe in-
terference or dynamic channel conditions. Moreover, analog beamforming typically provides
limited spatial resolution, as it can only form a discrete set of �xed beams determined by
the beamforming codebook. This limitation can lead to spatial focusing issues and reduced
overall system performance, particularly in environments with dense user distributions and
challenging propagation conditions.

2.2.3 Hybrid Beamforming

Hybrid beamforming o�ers a solution to address the challenges typically associated with
FDP and analog-only beamforming. Hybrid beamforming combines the advantages of analog
and digital precoding techniques and involves dividing the overall precoding task into two
stages: analog precoding and digital precoding. In the analog precoding stage, a lower-
dimensional precoding matrix is applied using analog components, such as phase-shifters
(PSs). As shown in Figure 2.3, analog precoder (AP) reduces the number of RF chains, and
therefore fewer DAC are required, which reduces implementation cost, energy consumption,
and hardware requirements compared to FDP [55�58]. In the subsequent digital precoding
stage, the precoding matrix is further re�ned using digital processing to achieve optimal SE
beamforming performance. Additionally, digital precoder (DP) provides adaptability and
�ne-grained control over beamforming weights, enabling e�cient interference management
and optimization [59,60].
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Figure 2.3: Massive MIMO hybrid beamforming architecture [55]

Hybrid beamforming presents several advantages over FDP, establishing it as a preferred
choice for beamforming in mMIMO systems. Firstly, HBF strikes a balance between perfor-
mance and complexity [61, 62]. With analog precoding, HBF reduces computational com-
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plexity and the number of required DACs, making it feasible for real-time implementation.
Secondly, HBF o�ers superior power e�ciency compared to FDP, as it leverages analog
precoding to decrease overall power consumption. This energy-saving feature is particu-
larly crucial for mobile devices and IoT applications where extended battery life is essential.
Additionally, HBF ensures improved scalability and cost-e�ectiveness. As the number of
antennas increases in mMIMO systems, the hardware and computational demands of FDP
become impractical [63]. Hybrid beamforming provides a scalable solution with analog pre-
coding, facilitating e�cient implementation in real-world scenarios. Moreover, the reduced
hardware complexity of HBF leads to cost savings, making it a more economically viable
option for large-scale deployments. Consequently, HBF o�ers a set of advantages over FDP
and analog-only beamforming, including power e�ciency, acceptable SE, scalability, and
cost-e�ectiveness, making it highly favorable for beamforming in mMIMO systems [6].
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Figure 2.4: Di�erent types of HBF architecture, a) Fully connected HBF [64], b) Fixed
subarray HBF [64], c) Dynamic subarray HBF [65]

In general, there are di�erent types of HBF con�gurations that can be employed based on
the structure and connectivity of the antenna elements and the RF chains.

� Fully-connected HBF (FC-HBF): In FC-HBF, all antenna elements, both in the digital
and analog domains, are fully connected to all RF chains through a PS and combiner
as shown in Figure 2.4 (a). This means that each antenna element is connected to all
digital and analog processing components. Fully connected HBF provides maximum
�exibility in controlling the beamforming weights and enables adaptive beamforming
optimization. However, it requires a large number of PSs and combiners, which can
increase the complexity and cost of hardware [55,58].

� Fixed subarray HBF (FSA-HBF): FSA-HBF divides the antenna array into multiple
subarrays, each with its own analog and digital beamforming network as shown in
Figure 2.4 (b). Each subarray operates independently with its own analog and digital
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weights. This con�guration reduces the number of required PS compared to a FC-HBF.
However, it provides less �exibility in beamforming design, which degrades SE. The
�xed subarray HBF strikes a balance between hardware complexity and SE by allowing
beamforming optimization at the subarray level [64].

� Dynamic subarray HBF (DSA-HBF): DSA-HBF, also known as recon�gurable HBF,
allows dynamic con�guration and adaptation of analog beamforming weights. This
means that analog weights can be adjusted or changed according to channel condi-
tions, user requirements, or system constraints by switches or multiplexers as shown in
Figure 2.4 (c). The dynamic subarray HBF provides �exibility in adapting to changing
channel conditions and can enhance the system performance by optimizing the beam-
forming weights in real-time. However, DSA-HBF may introduce additional complexity
in terms of control and signaling mechanisms [65].

Each type of HBF con�guration o�ers unique advantages and considerations. The fully
connected structure provides maximum �exibility but requires more hardware complexity.
The �xed subarray structure strikes a balance between complexity and adaptability at the
subarray level. Dynamic HBF improves the �exibility of the �xed subarray with the cost of
deploying multiplexers. When choosing an HBF con�guration, it is crucial to consider the
speci�c requirements of the wireless communication system, such as the number of antennas,
hardware constraints, channel conditions, and desired system performance.

Numerous studies have explored di�erent HBF structures in mMIMO systems [58]. For
the FC-HBF, the authors in [66, 67] explore the HBF architecture in large-scale MIMO
systems, both at the transmitter and at the receiver. In their setup, a limited number of
RF chains and �nite-resolution PSs are considered. They proposed a fast heuristic algorithm
for cases where the number of RF chains is either equal to or greater than the number
of data streams. The results showed that this approach can improve the achievable SE.
However, due to the non-convex nature of the optimization problem, the authors adopt the
constant amplitude assumption on the digital beamformers and heuristically solve the analog
beamforming problem with per-antenna power constraints, without conducting complexity
analysis. In [68], the authors present a hybrid codebook and precoder designs considering
limited feedback channels between the transmitter and the receiver. They proposed the use
of the orthogonal matching pursuit (OMP) algorithm and the gradient search algorithm for
the same HBF structure. The algorithms are designed to o�er high-performance solutions
and achieve optimization objectives. In [55], a straightforward precoding solution is proposed
for a randomly selected single user in a FC-HBF system in mmWave cellular networks. The
proposed solution assumes only partial channel knowledge at both the BS and user side,
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represented in the form of AoA information. However, it should be noted that the proposed
solution is limited to a single-cell and single-user scenario. In [69], the HBF structure is
analyzed for MU-MIMO and single-user spatial multiplexing (SU-SM) with single-user analog
beamforming (SU-BF) to compare coverage and rate performance. The study focused on
mmWave cellular networks with perfect CSI at the transmitter and round-robin scheduling.
The �ndings suggested that, in such scenarios, MU-MIMO using HBF is generally a more
favorable option than SU-SM or SU-BF to achieve improved performance in terms of coverage
and rate. A compressive sensing-assisted low-complexity optimal FDP acquisition algorithm
and a beamspace hybrid precoding algorithm for a single-user mmWave MIMO system are
proposed in [70]. The beamspace singular-value decomposition (SVD) algorithm is shown to
reduce the complexity of hybrid precoding compared to an optimal FDP acquisition based
on full-dimension SVD. Despite the signi�cant complexity reduction, the true potential of
discrete lens array beamspace remains untapped for multi-user communication systems.

In the context of subarray HBF (SA-HBF), in order to achieve diversity and multiplexing
gains in mmWave systems, multiple antenna arrays are used for independent beamforming.
The paper [71] introduced an HBF structure, where the transmitter and/or receiver antenna
arrays are composed of multiple subarrays. Each subarray can independently perform elec-
tronic beam steering using RF phase shifters. In [72], a study presents an energy-e�cient
design of the hybrid precoder and combiner using a sub-array architecture. The optimization
of APs and combiners is achieved through the alternating direction optimization method,
allowing for easy adjustments of phase shifters with an analytical structure. Subsequently,
the digital precoders and combiners are optimized to enhance the performance of MIMO
communication systems. The presence of multiple RF chains within the con�guration o�ers
multiplexing capability and improves beamforming �exibility for the system [73]. The anal-
ysis of subarray architectures revealed that PS-based HBF yields better performance with
narrow-band signals. On the other hand, tapping delay-based beam steering is more suit-
able for wideband signals but may encounter challenges related to hardware complexity. The
work presented in [64] treats hybrid precoder design as a matrix factorization problem and in-
troduces e�cient alternating minimization algorithms for two HBF structures: FC-HBF and
SA-HBF. The study reveals that the fully-connected structure, despite its higher complexity,
may not achieve performance comparable to the fully digital precoder unless the number of
RF chains slightly exceeds the number of data streams. By employing analog beamforming
subarrays like phased arrays, the hybrid con�guration e�ciently gathers or disperses signal
energy in sparse mmWave channels. In the next chapter, we adopt the method proposed in
this paper as our baseline for comparison.

In the context of DSA-HBF, in [65], a dynamic subarray structure is introduced, which in-
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telligently selects the subarray based on long-term channel statistics. The dynamic structure
involves shifting the switching matrix towards the RF chains to enable optimal subarray
selection along with phase shifters. To achieve this, a greedy algorithm with low complexity
replaced exhaustive antenna partitioning, closely approaching the SE of the optimal ex-
haustive search solution. In [74], the author introduced a novel multi-user HBF framework
designed speci�cally for the DSA-HBF. Unlike conventional schemes, their approach starts
by selecting the multi-user set based on the analog e�ective channel at the BS. Then, the
antenna partitioning algorithm allocates each antenna element to the RF chain based on
maximizing the SINR increment. Recently, a novel energy-e�cient dynamic subarray with
�xed PSs architecture has been proposed for hybrid THz beamforming [75]. The proposed
structure leverages �xed phase shifters but incorporates a switch network to enable dynamic
connections, e�ectively compensating for the loss of SE caused by the �xed phase of PSs.

2.2.4 Coordinated Beamforming

Coordinated beamforming is a technique used with di�erent beamforming schemes, including
FDP, analog-only, and HBF, to improve the performance of wireless communication systems.
It involves coordinating the beamforming weights across multiple BSs or AcP to jointly opti-
mize the transmission of signals. Taking advantage of the spatial degrees of freedom o�ered
by multiple antennas, coordinated beamforming aims to mitigate interference, improve sig-
nal quality, and enhance overall system capacity. Coordinated beamforming enables multiple
BSs to work together as a virtual array, transmitting coordinated beams toward the intended
users [76, 77]. By jointly optimizing the beamforming weights across the BSs, interference
can be mitigated, and the desired signals can be enhanced. Coordinated beamforming can
be implemented in various types of mMIMO systems as shown in Figure 2.5.

Coordinated beamforming in FDP allows e�cient resource utilization, uniform SINR, and
improved system performance, especially in scenarios with dense networks or high user den-
sities [78]. Coordinated HBF combines the bene�ts of digital and analog beamforming tech-
niques and coordinated beamforming. Coordinated beamforming in HBF involves optimizing
the analog beamforming and digital precoding weights jointly on multiple AcPs. This coor-
dination allows interference cancellation and enhanced signal quality, while still bene�ting
from the reduced hardware complexity of analog beamforming [79].

Coordinated beamforming has been applied in CF-mMIMO communication systems [10],
where multiple distributed access points collaborate to serve users in a coordinated man-
ner [80,81]. In CF-mMIMO, as shown in Figure 2.6, the traditional concept of distinct cells
is replaced by a distributed antenna system where all AcPs work together to serve users.



26

�'�L�V�W�U�L�E�X�W�H�G

�5�H�F�W�D�Q�J�X�O�D�U

�&�\�O
�L�Q�G�U�L�F�D�O

�/�L�Q�H�D�U

Figure 2.5: Di�erent possible antenna con�gurations for a massive MIMO base station [14]

Coordinated beamforming in CF-mMIMO communication involves jointly optimizing the
beamforming weights across the AcPs to maximize the quality of the signal received from
the users while minimizing interference. This approach can e�ectively mitigate inter-cell
interference and improve system capacity and coverage [82, 83]. In this thesis, we focus on
CF-mMIMO systems, where multiple AcPs simultaneously serve multiple users.

There are many studies in the context of CF-mMIMO beamforming techniques. The widely
used precoding technique in the literature is local conjugate beamforming (CB), primarily
chosen for its low complexity and the convenience of providing closed-form expressions for
downlink data rates [10]. On the contrary, a modi�ed CB technique is introduced in [81]
to enhance the channel hardening property of compact CF-mMIMO systems. The results
showed that the modi�ed CB precoding leads to a substantial improvement in achievable
downlink data rates compared to conventional CB. Moreover, the achievable DL data rates
using the modi�ed CB precoding approach closely approach the data rates achieved under
genie-aided system operation, where perfect channel estimates are available on the user side.

In recent studies, researchers have explored more sophisticated centralized and distributed
precoding techniques to enhance the downlink performance of compact CF-mMIMO systems.
However, applying centralized precoding methods requires having users’ estimated channels
at the NC. In [82], the authors utilized centralized ZF precoding, demonstrating that this
technique signi�cantly increases the achievable DL data rates in CF mMIMO systems. Fur-
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Figure 2.6: Cell-free massive MIMO system [10]

thermore, in [84], centralized MMSE precoding was employed, with DL-based precoding
vectors generated based on downlink-uplink duality. They also proposed a centralized scal-
able partial-MMSE precoding approach, where each AcP serves a limited number of users,
ensuring scalable CF-mMIMO operation.

In the context of centralized system operation, there is an increased burden on the fronthaul
network as it needs to exchange users’ estimated channels between AcPs and the central
processing unit (CPU) or NC. To address this issue, various advanced local precoding tech-
niques have been proposed for downlink transmission [85]. For example, the local full-pilot
zero-forcing (FZF) precoding introduced in [85] has shown a signi�cant impact on improving
the achievable DL data rates. The key concept behind FZF precoding is to cancel out inter-
ference from copilot users. However, to apply this technique, a prerequisite is to have a larger
number of antennas at the AcPs compared to the pilot sequence length. Therefore, its po-
tential in enhancing DL data rates becomes less signi�cant as the number of antennas at the
AcPs decreases. To address this limitation, the authors in [85] proposed other local precoding
techniques, namely, partial zero-forcing (PZF) and protective partial zero-forcing (PPZF),
which can achieve high DL data rates even with a small number of antennas at the AcPs.

Both centralized and decentralized beamforming approaches have their merits and limitations
in CF-mMIMO systems. Centralized beamforming o�ers superior performance by leveraging
global information and employing sophisticated optimization algorithms. It ensures e�cient
resource allocation, interference mitigation, and capacity maximization. However, the heavy
reliance on high-capacity fronthaul links for exchanging CSI introduces complexity, potential
latency, and scalability challenges, especially as the system scales up to support a massive
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number of AcPs and users. On the other hand, decentralized beamforming provides a more
scalable and simple solution by reducing the fronthaul overhead. Local collaboration among
neighboring AcPs enables independent beamforming decisions based on local CSI, making
it less reliant on complex coordination. However, the lack of global information can lead to
sub-optimal performance, especially in scenarios with dense AcP deployments, overlapping
coverage areas, and signi�cant interference.

2.3 Deep Learning-based Massive MIMO Beamforming

Recently, DL has drawn signi�cant attention as a promising solution to tackle challenges in
di�erent beamforming schemes for mMIMO systems. Thanks to DL’s excellent classi�ca-
tion and regression capabilities, DL o�ers innovative approaches to optimize beamforming
strategies and enhance the performance of these schemes. Although the training process
can be time-consuming, the training is done in �o�-line� mode. Therefore, DL techniques
are a promising approach to reducing latency in cellular networks while improving the SE.
Studies in this domain can be broadly categorized based on their beamforming scheme and
the learning approach [86].

2.3.1 Di�erent Beamforming Scheme with Deep Learning

Deep learning techniques o�er a �exible and powerful framework for optimizing beamforming
solutions across various scenarios. These schemes encompass classical methodologies such as
FDP, which aims to achieve interference-free communication in mMIMO systems. DNNs
can be trained to learn the optimal antenna weights that minimize interference and im-
prove signal quality, improving the e�ciency of FDP for complex real-world environments.
Moreover, the application of DNNs in analog-only beamforming holds substantial potential.
Analog-only beamforming, which operates exclusively at the analog level, can bene�t from
the ability of DNNs to optimize the phase shifts of the analog beamforming components. This
enables faster adaptation to channel conditions and enhances signal reception, introducing a
novel and e�cient approach to enhancing analog beamforming’s capabilities. Furthermore,
the integration of DNNs with hybrid beamforming, such as HBF, can further amplify the
capabilities of such architectures. DNNs can be harnessed to devise adaptive strategies for
selecting analog and digital beamforming vectors, maximizing the bene�ts of both hybrid
architectures and deep learning capabilities. The neural network’s capacity to autonomously
adjust beamforming strategies across various beamforming schemes opens new frontiers in
the realm of mMIMO optimization.
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Additionally, the application of DNNs in coordinated beamforming can signi�cantly improve
the collaboration among multiple BSs, mitigating interference, and enhancing overall system
performance. This category of research is marked by the ability of DNNs to autonomously
learn and adapt beamforming strategies to di�erent schemes, thereby unlocking novel tech-
niques and improved performance in mMIMO systems. The capacity of DNNs to adjust
and gain knowledge from data allows for the investigation of a broad range of beamforming
strategies, resulting in the discovery of new methods and improved performance in mMIMO
systems.

DL-based fully digital precoder

In the context of FDP, DL-based approaches have garnered considerable attention. These
techniques focus on e�ciently optimizing the beamforming vectors while taking into account
various constraints, such as hardware complexity and power limitations. The authors of [87],
address the challenge of optimizing the ergodic sum rate in mMIMO systems by proposing a
novel approach. Instead of relying on complex iterative algorithms, they leveraged a neural
network to learn low-dimensional parameters characterizing the structure of the precoding
vectors directly from the available CSI. In [88], the authors introduced a learning-to-compute
strategy to address the challenge of reducing the computational burden associated with �nd-
ing the ergodic sum rate. Their approach directly computes the complex ergodic rate function
from channel covariance matrices using a DNN. By leveraging this innovative technique, they
streamline the process and achieve more e�cient and accurate computations of the ergodic
sum rate. Using an upper limit of the ergodic rate, the authors of [89] exploited the asso-
ciated Lagrangian formulation to identify key structural features of the optimal precoder.
To e�ciently determine Lagrange multipliers, they designed a comprehensive framework,
leveraging a well-designed neural network that learns directly from CSI.

The authors in [90], introduced a robust training algorithm utilizing a DNN. The DNN
is speci�cally designed to work with imperfect estimates and statistical information of the
perfect CSI, enabling it to adapt to real-world propagation environments. In [91], the au-
thors proposed a DL framework for optimizing downlink beamforming in multi-user MISO
systems. By leveraging CNNs and expert knowledge, they constructed three beamforming
neural networks (BNNs) for di�erent optimization problems. The BNNs achieve near-optimal
solutions with signi�cantly reduced computational complexity, enabling fast realization of op-
timal SE beamforming in real-time scenarios. The study in [92] proposed a deep-unfolding
framework called iterative algorithm induced deep-unfolding neural network (IAIDNN) to
e�ciently solve the sum-rate maximization problem in MU-MIMO systems. By unfolding
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the iterative WMMSE algorithm, IAIDNN reduces computational complexity while achiev-
ing performance comparable to the original algorithm. The authors in [93], proposed a
fast beamforming design for downlink MIMO systems. It maximizes the weighted sum rate
under a total power constraint, achieving performance similar to the WMMSE algorithm
with signi�cantly reduced computational complexity. Meanwhile, in [94], the authors fo-
cused on downlink multi-user multi-antenna systems, leveraging DL techniques to optimize
beamforming vectors under varying transmit power limitations at the BS. However, it is
important to note that DL-based FDP approaches predominantly depend on fully digital
processing, wherein each antenna element is equipped with individual DAC and ADC com-
ponents. Consequently, DL models are directly optimized for the digital beamforming weights
associated with each antenna element. Moreover, it is worth mentioning that the method-
ologies proposed in these studies cannot be easily extended to address the challenges speci�c
to analog-only beamforming or HBF techniques.

DL-based analog-only beamforming

DL-based analog-only beamforming has emerged as a promising approach to enhance beam
selection e�ciency in wireless communication scenarios of multiple users. By leveraging
deep learning techniques, analog beam selection solutions can be optimized and adapted dy-
namically to varying channel conditions, thereby overcoming the limitations of traditional
methods. There are some studies for DL-based analog-only beam selection. The wide beam
sweeping process is conducted in [95] using a reduced number of beams and antennas. The
DNN leverages the received signals from this process to select an appropriate beam from
the original set of beam candidates. In [96], the authors proposed a deep learning-based
low overhead analog beam selection scheme, leveraging super-resolution technology. Specif-
ically, DNNs are utilized to estimate beam quality based on partial beam measurements,
enabling e�cient and rapid beam alignment. The authors in [97], proposed a CNN-based
beam selection to intelligently perform the beam selection between the transmitter-receiver
pair. Drawing on the principles of ML, the authors’ proposal in [98] centered around a data-
driven approach for analog beam selection. Its objective is to achieve a near-optimal SE
rate while keeping the complexity low. However, because of the lack of �exibility, the SE
of analog-only beamforming is limited. Furthermore, the contributions of these methods are
limited to analog-only beamforming.
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DL-based hybrid beamforming

Deep learning-based HBFs have played a critical role in optimizing the hybrid precoding ma-
trices. By harnessing the capabilities of DL, HBF systems can dynamically adapt to varying
channel conditions and overcome the limitations of traditional methods, such as computa-
tional complexity. This adaptability allows the system to achieve optimal SE performance
under di�erent scenarios, further improving the overall e�ciency and reliability of the com-
munication system. There are numerous studies on applied DL in di�erent HBF structures.
The authors in [99], investigated multi-user multiple-antenna downlink systems. They pro-
posed a joint antenna selection and precoding design algorithm to maximize the system sum
rate subject to the power and QoS constraints. Authors in [98], proposed a data-driven
approach for analog beam selection in HBF systems to optimize the uplink sum rate with re-
duced complexity. Using machine learning techniques and a large dataset of millimeter-wave
channel samples, the method treats beam selection as a multiclass-classi�cation problem, de-
riving a statistical classi�cation model with the support vector machine algorithm. Real-time
transmissions can e�ciently select optimal analog beams for each user with low complexity.

In [100], a pioneering method for the AoA estimation called super-resolution, based on DL,
is introduced. This method leverages a carefully designed DNN to achieve accurate results.
The DNN is utilized for both o�ine learning and online deployment processes. When this
learning mechanism is employed, the system can e�ciently grasp the characteristics and
spatial structures of the wireless channel. The authors in [101] developed a novel integrated
ML and coordinated beamforming solution. The authors in [102] proposed an adaptive cross-
entropy (ACE)-based HBF scheme. It aims to adaptively update the probability distributions
of the elements in the HBF by minimizing the cross-entropy, which can generate a solution
close to the optimal one with a su�ciently high probability. A novel approach utilizing a
neural network to select a subset of antennas has been introduced in [103], where the primary
objective is to maximize the minimum SNR ratio at the receivers. The approach involves
training a neural network using extensive simulated data, where the network learns a mapping
function. This function relates channel realizations to optimal antenna selection solutions.
Other approaches have been proposed for the HBF design in [104], where the authors assumed
that the CSI is perfectly known and tried to map the CSI to the corresponding HBF solutions.

The author in [105], proposed a CNN to design the HBF. The proposed CNN accepts the
input of the channel matrix and gives the output of the analog and baseband beamformers.
In [106], authors proposed an e�cient beamforming design method based on DL, eliminating
the need for complex operations and iterations. Initially, they established a heuristic solu-
tion structure for downlink beamforming by leveraging the virtual equivalent uplink channel
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and an optimum MMSE receiver. This structure divides the problem into power allocation
and virtual uplink beamforming (VUB) design. Another CNN approach has been proposed
in [107], where they assume an imperfect channel matrix as input and produce the AP and
the combiners as output. The solution consists of two main stages. Firstly, they devised an
exhaustive search algorithm that selects the analog precoder and combiners from a prede�ned
codebook to maximize the achievable SE. Subsequently, these selected precoders and combin-
ers serve as output labels during the training phase of CNN-MIMO, where the input-output
pairs are obtained. In [108], the authors present a formulation where antenna selection and
HBF design are treated as a classi�cation/prediction problem for CNNs. In their approach,
the CNN takes the channel matrix as input and generates a subarray that maximizes SE for
antenna selection.

A for subarray HBF has been proposed in [109], where the authors investigated a CNN-based
SA-HBF. They also proposed a constraint-relaxation alternating minimization (CR Alt-Min)
algorithm to create the target for training the CNN. By leveraging the ResNet architecture for
feature extraction from channel matrices, the authors of [110] introduce two distinct neural
networks: the antenna selection network (ASNet) and the hybrid beamforming network
(BFNet). ASNet focuses on dynamic antenna selection, while BFNet is dedicated to HBF
design. Taking advantage of the property that a complex matrix can be expressed as a scaled
sum of two matrices with unit-modulus entries, the authors in [111] introduced a novel analog
deep neural network (ADNN) structure. This structure is designed to be compatible with
commonly used RF components, allowing for practical implementation. Building upon this
ADNN structure, they further integrate it into an extended hybrid analog-digital deep neural
network (HDNN) architecture. The authors in [112] proposed a deep unfolding framework
that decomposes the optimal FDP into analog and digital components, resulting in two
equivalent least squares (LS) problems. They solved for the DP using a closed-form LS
solution, while the AP is obtained through ManNet. Furthermore, they demonstrate that
ManNet can also be applied to SC-HBF designs by establishing the connections between the
radio frequency chain and antennas.

DL-based cell-free beamforming

DL-based CF-mMIMO beamforming is an emerging research area focusing on utilizing deep
learning techniques to optimize beamforming strategies for CF-mMIMO systems. Conven-
tional CF-mMIMO beamforming methods often rely on iterative algorithms and exhaustive
searches, leading to high computational complexity and unsuitability for real-time implemen-
tation in dynamic wireless networks. Moreover, both centralized and decentralized beam-
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forming approaches in CF-mMIMO face their respective challenges, such as sub-optimal
performance and signi�cant signaling overhead.

The adoption of deep learning in CF-mMIMO beamforming o�ers promising solutions to
overcome these challenges. By leveraging DNNs, DL-based beamforming strategies can e�-
ciently learn from large datasets and approximate the optimal mapping between input data
and beamforming solutions. This capability enables more accurate and e�cient beamforming,
contributing to improved system performance and reduced computational complexity. There
are some studies in this regard, where the authors of [113] proposed a DNN for beamforming
optimization in TDD-based sub-6GHz networks. The DNN combines low time complexity
with near-optimal results, achieving accurate beamforming solutions. It takes long-term fad-
ing information as input and provides power allocation for each antenna element to each user
as output. The authors of [114], proposed a DNN to optimize user power allocations for
maximizing the minimum user rate. Their approach does not require known optimal power
allocations during model training, making it simpler and more �exible. The scheme proposed
in [115], called distributed learning for uplink cell-free massive MIMO Beamforming (DLCB),
reduces communication burden in the fronthaul by applying receive beamforming to compress
vector signals into scalar ones before centralized processing. It achieves multi-AcP coopera-
tion without explicit estimation of their CSI, using a distributed learning approach inspired
by the back-propagation algorithm. In [116], the authors investigate the uplink beamforming
design for maximizing long-term EE in a cell-free network. The SINR expression is derived
based on the minimum mean square error of the channel estimation and successive interfer-
ence cancellation. The long-term EE is formulated as a function of the beamforming matrix.
In [117], a feedforward neural network has been proposed for centralized power allocation in
the downlink of cell-free wireless systems with conjugate beamforming. The method relies
on large-scale channel gains and avoids the need for pre-computation of training data.

2.3.2 Di�erent Learning Approaches for Massive MIMO Beamforming Design

This section delves into exploring various learning methods used to optimize beamform-
ing strategies in wireless communication systems. Three primary learning approaches are
considered: supervised learning, unsupervised learning, and reinforcement learning. These
approaches enable DNNs to adapt and improve beamforming techniques based on di�erent
types of data and interactions with the environment. By understanding and comparing these
learning methods, we gain valuable insights into their potential applications and contributions
to enhancing beamforming performance in modern wireless networks. The following sequen-
tial subsections review studies related to each of these learning approaches for DL-based
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beamforming design, exploring their advantages, challenges, and applications in di�erent
wireless communication scenarios.

Supervised learning approaches

Supervised learning involves training a DNN using labeled data, where the correct output
(target) is known for each input sample. In the context of beamforming, the DNN learns to
map the given input data, such as channel information and system parameters, to the desired
beamforming solution [89�91,95�97]. The advantage of supervised learning lies in its ability
to achieve accurate and deterministic results. By learning from a large dataset with known
optimal SE beamforming solutions, the DNN can approximate the optimal mapping, leading
to high-performance beamforming strategies [100�105]. Moreover, supervised learning-based
beamforming can be applied to a wide range of communication scenarios, including FDP,
HBF, and CF-mMIMO. The versatility of this approach makes it suitable for di�erent net-
work architectures and con�gurations, enabling seamless deployment across various wireless
systems [107�109,111].

However, supervised learning does have limitations. The maximum performance gain achieved
by supervised learning is often limited by the quality and completeness of the labeled data.
Although supervised methods can provide near-optimal beamforming solutions based on the
available labels, they may not be able to surpass these near-optimal values without additional
information or data. The reliance on labeled data can also pose challenges in real-world im-
plementations, as obtaining a su�ciently large and diverse dataset with accurate labels may
be resource-intensive and impractical in certain scenarios. Furthermore, supervised learning
is susceptible to over�tting, where the DNN memorizes the training data instead of learning
the underlying patterns. This can lead to poor generalization of unseen data, making the su-
pervised method less robust and reliable in dynamic and changing wireless environments. As
a result, the performance of supervised learning-based beamforming may degrade in scenarios
where the channel conditions and system parameters vary signi�cantly.

Unsupervised learning approaches

Unsupervised learning, on the other hand, deals with unlabeled data, where DNN must iden-
tify hidden patterns or structures in input data without explicit guidance. In beamforming,
unsupervised learning can reveal inherent patterns in channel conditions and user distribu-
tions, enabling the DNN to design e�cient beamforming solutions without prior knowledge
of optimal outcomes [106, 114]. The strength of unsupervised learning lies in its ability to
discover latent features and adapt to diverse and dynamic channel conditions. Moreover,
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unsupervised learning approaches can provide a better generalization to unseen scenarios
and adapt to changing channel conditions. By learning from the inherent structure of the
data without the constraints of prede�ned labels, these methods can achieve more robust and
scalable beamforming solutions, crucial for dynamic and time-varying wireless environments.

However, unsupervised learning in beamforming also presents its own set of challenges. Lack
of explicit supervision means that the network may converge to local optima or struggle to
reach true optimal solutions for speci�c objectives. The training process can be more sensitive
to hyper-parameter settings and initialization, requiring careful tuning to achieve desirable
performance. Furthermore, unsupervised learning methods might require a larger amount of
training data to e�ectively learn complex beamforming patterns. Obtaining su�cient data
for training might be challenging in certain scenarios, especially when considering dynamic
and rare channel conditions.

Moreover, in supervised learning, the loss functions are typically well-de�ned and conven-
tional, commonly used to measure the discrepancy between the predicted output and the
true target labels. However, in unsupervised learning, the absence of labeled data requires a
more tailored approach to designing loss functions [7]. Since unsupervised learning aims to
uncover the underlying patterns and structures within the data without explicit guidance,
the loss function needs to be customized according to the speci�c problem at hand. Designing
an e�ective unsupervised loss function is crucial to ensure that the learning process captures
meaningful representations and e�ectively optimizes the desired objectives. This customiza-
tion of loss functions in unsupervised learning allows for more �exibility and adaptability
to the complexities of the data, enabling the neural network to learn without relying on
ground-truth labels, and ultimately leading to improved performance in various tasks.

Deep reinforcement learning approaches

Deep reinforcement learning (DRL) is a unique approach in which the DNN learns by inter-
acting with the environment and receiving feedback in the form of rewards or penalties based
on its actions. In the context of beamforming, the DNN dynamically adjusts its beamform-
ing strategy based on feedback from the channel performance, aiming to maximize long-term
cumulative rewards, such as system throughput or energy e�ciency. Deep reinforcement
learning can handle uncertainties and non-stationary environments, making it suitable for
adaptive beamforming in dynamic wireless scenarios. For beamforming, DRL algorithms aim
to maximize long-term rewards, such as system throughput or SINR, by dynamically adapt-
ing beamforming strategies to changing channel conditions [118]. Reinforcement learning
o�ers the advantage of adaptability and scalability, allowing beamformers to optimize per-
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formance in complex and dynamic wireless environments without relying on extensive prior
knowledge. It can handle continuous action spaces, making it suitable for optimizing HBF
with a mix of analog and digital components [119�121].

One popular DRL algorithm for continuous action spaces is the deep deterministic policy
gradient (DDPG) algorithm [122]. DDPG extends traditional DRL methods to handle con-
tinuous actions, making it suitable for beamforming and HBF with continuous beamforming
vectors. However, DDPG has challenges related to hyper-parameter tuning and exploration-
exploitation trade-o�s. Finding appropriate hyper-parameters can be time-consuming and
may a�ect the stability and convergence of the learning process. Moreover, exploring the ac-
tion space e�ectively to discover optimal beamforming strategies while avoiding sub-optimal
choices is a challenge, particularly in large and complex environments [123].

Despite the advantages, DRL for beamforming also faces challenges. One major challenge is
the high computational complexity and time-consuming nature of DRL algorithms. Training
DRL agents requires numerous interactions with the environment, which can be resource-
intensive, especially for large-scale systems [124]. Furthermore, DRL algorithms typically
require a large number of training episodes to achieve good performance, which may not
be practical in real-time wireless networks with limited training data availability. In some
cases, training a DRL-based beamforming model might require more computation and time
compared to supervised or unsupervised learning [125,126].

In conclusion, the literature underscores that DL-based HBF approaches, regardless of the
chosen learning paradigm, grapple with challenges when operating under the assumption of
perfect CSI. These challenges arise from various aspects of the learning process. Acquiring
impeccable CSI in real-world scenarios presents a formidable challenge due to multiple factors
such as channel estimation inaccuracies, aging e�ects, and delays in feedback. These devia-
tions from perfect CSI can lead to performance degradation and sub-optimal beamforming
outcomes. Since DL-based techniques can be based on accurate training data, the use of im-
perfect CSI in the training process can introduce biases and inaccuracies that undermine the
overall e�cacy of the learning process. This can subsequently result in sub-optimal beam-
forming solutions and a decline in system performance. Furthermore, the reliance on perfect
CSI assumes a level of accuracy that might not be sustainable in dynamic real-world scenar-
ios. As channel conditions evolve over time, the e�cacy of DL-based models might diminish,
necessitating frequent model updates to sustain optimal performance. This continual adap-
tation incurs computational costs and demands timely access to fresh data, which may not
always be readily available. Thus, the challenges stemming from the assumption of perfect
CSI reverberate across the various learning paradigms used in DL-based HBF, prompting a
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need for innovative solutions that can operate e�ectively in the face of imperfect CSI.

2.4 Summary

Massive MIMO is a promising technology that utilizes a large number of antennas to improve
the performance of wireless communication systems. It o�ers signi�cant gains in SE, capac-
ity, and interference mitigation. The concept of mMIMO has found relevance in various
applications, including millimeter-wave communications and IoT networks. Beamforming
plays a vital role in realizing the bene�ts of mMIMO by optimizing signal transmission and
reception. It involves adjusting the phase and amplitude of the signals at each antenna to
create constructive interference toward the desired users and suppress interference toward
other users or unwanted directions.

The beamforming techniques in mMIMO can be categorized into FDP and HBF. FDP oper-
ates entirely in the digital domain, allowing for �exible beamforming weight adjustment, but
at the expense of increased complexity and hardware requirements. HBF combines analog
and digital precoding stages, providing a trade-o� between complexity and performance. Co-
ordinated beamforming further enhances performance by coordinating beamforming weights
across multiple BSs or access points.

Arti�cial intelligence and ML, particularly deep learning, have emerged as valuable tools in
wireless communication. Deep learning techniques leverage neural networks with multiple
layers to extract complex patterns and relationships from wireless data. When applied to
beamforming, deep learning can optimize beamforming parameters and improve performance.
However, supervised learning-based HBF approaches face challenges due to imperfect channel
state information and the need for a signi�cant amount of labeled training data. These
challenges can lead to sub-optimal beamforming solutions and pose practical constraints on
deployment and scalability.

Overall, deep learning-based beamforming holds promise for improving wireless communica-
tion systems, but addressing challenges related to imperfect CSI and obtaining a large dataset
with accurately labeled for supervised learning is essential for achieving practical solutions.
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CHAPTER 3 ARTICLE 1: UNSUPERVISED DEEP LEARNING FOR
MASSIVE MIMO HYBRID BEAMFORMING

This chapter is a reproduction of an article published in IEEE Transactions on Wireless
Communications on 24 May 2021.

- H. Hojatian, J. Nadal, J. -F. Frigon and F. Leduc-Primeau, �Unsupervised Deep Learn-
ing for Massive MIMO Hybrid Beamforming,� in IEEE Transactions on Wireless Com-
munications, vol. 20, no. 11, pp. 7086-7099, 24 May 2021.

Revised edition: Equation (3.1) and (3.2) should be revised to r(k)
u = h(k)H

u A(k)
SS s(k) + �(k)

u and
�(k)
u = jh(k)H

u A(k)
SS s(k)j2 + �2.

3.1 Abstract

Hybrid beamforming is a promising technique to reduce the complexity and cost of mMIMO
systems while providing a high data rate. However, the hybrid precoder design is a challeng-
ing task requiring CSI feedback and solving a complex optimization problem. This paper
proposes a novel RSSI-based unsupervised deep learning method to design hybrid beam-
forming in mMIMO systems. Furthermore, we propose i) a method to design the SS in IA;
and ii) a method to design the codebook for the analog precoder. We also evaluate the sys-
tem performance through a realistic channel model in various scenarios. We show that the
proposed method not only greatly increases the spectral e�ciency especially in FDD commu-
nication by using partial CSI feedback, but also has near-optimal SE and outperforms other
state-of-the-art full-CSI solutions.

3.2 Introduction

New applications such as IoT and vehicular communications continuously increase the de-
mands for higher data rates. To face this challenge, mMIMO has become an essential factor
in the design of future cellular systems [16]. In mMIMO, the number of antennas in the BS
scales up to serve several users and it was shown in [3] that the e�ects of fast fading and
interference vanish when increasing the number of antenna in the BS. Higher multiplexing
and diversity gain are thus obtained with mMIMO, which in turn results in higher SE and
greater EE.
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On the other hand, each antenna in a mMIMO array requires a RF chain. Therefore, the
power consumed by RF elements such as power ampli�ers renders mMIMO systems expen-
sive and energy ine�cient. To address this power consumption issue, reduce the cost-power
hardware overhead, and yet provide reasonable performance, the HBF technique was intro-
duced [6]. It consists of using a small number of analog beamformers deployed to drive multi-
ple antennas to form a beam, each connected through a single RF chain to a digital precoder.
This hybrid combination of phase-based analog and baseband digital beamformers reduces
the number of transmission chains while keeping the SE to an acceptable level [66, 127]. In
fact, hybrid beamforming techniques have been considered for �fth-generation cellular net-
work technology (5G) in the mmWave bands [59,128] and recently in recon�gurable intelligent
surfaces (RIS) systems [129, 130]. However, an explicit estimate of the mmWave channel is
generally needed to design the hybrid beamforming matrices at the transmitter. Although
several channel estimation techniques for hybrid beamforming have been proposed in the last
few years [63, 131, 132], mMIMO channel estimation remains a complicated task due to the
hybrid structure of the precoding and the imperfections of the RF chain. Among prior re-
search, the authors in [67] designed hybrid beamforming by considering orthogonal frequency
division multiplexing (OFDM)-based frequency-selective structures. The wideband mmWave
mMIMO system was investigated in [133] to design the hybrid beamforming. In [134], the
authors designed an analog beamformer based on the second-order spatial channel covariance
matrix of a wideband channel. Authors in [135] assumed to have perfect knowledge of the
CSI and proposed a low-complexity hybrid beamforming. All of the aforementioned methods
strongly depend on full knowledge of the CSI or channel estimation by using pilots, which
increases the signaling overhead and, therefore, reduces the spectral and energy e�ciency of
the system, especially in FDD communication where CSI acquisition and feedback is a chal-
lenging task [45]. Therefore, in this paper, we propose a system that, instead of considering
the full knowledge of CSI or channel reciprocity, uses the quantized RSSI to design the hybrid
beamforming precoders. Unlike CSI, RSSI is a single real value which users readily measure
from the received signal. By consequence, no explicit CSI feedback is required, which reduces
the signaling overhead and increases the spectral e�ciency of the system.

Meanwhile, DL techniques have recently been applied widely to telecommunication sys-
tems [136] and it was demonstrated to be an outstanding tool for dealing with complex
non-convex optimization problems, thanks to its excellent classi�cation and regression ca-
pabilities. Although the training process can be time-consuming, the training is done in
�o�-line� mode. Therefore, DL techniques are a promising approach to reduce the latency
in cellular networks. Several works have investigated the use of DNN to deal with di�cult
problems within the physical layer [137], including channel coding, channel estimation [40],
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detection [138] and, beamforming [91,104,108,139]. In particular, the authors of [91] consid-
ered a multi-input single-output system and solved three optimization problems. By using
DNN with fully-connected layer (FL) and decomposition of the channel matrix in [104], the
near-optimal analog and digital precoders have been designed. In [104, 139], the authors
propose a deep supervised learning-based method to estimate the hybrid beamforming by
knowing the full CSI. The authors in [108] deployed a CNN to design the hybrid beamform-
ing, by knowing the CSI. In all the mentioned literature, perfect knowledge of CSI is assumed
to be available at the BS, and the DNNs are trained using supervised learning. However,
supervised learning requires the optimum targets to be known, and thus requires signi�cant
additional computing resources to �nd these targets using conventional optimization meth-
ods. In addition, in practical situations, the knowledge of the optimum hybrid beamforming
structure is hard to obtain.

Therefore, we build on the supervised deep learning system considered in [140] to introduce in
this work a novel low-complexity approach with RSSI-based unsupervised learning to design
the HBF in mMIMO system. To the best of the authors’ knowledge, it is the �rst time that
an unsupervised DL system has been proposed for designing hybrid beamforming precoders
in the context of mMIMO systems. This approach greatly reduces the system complexity
and makes it more amenable for deployment of future networks. Furthermore, we train the
DNN speci�cally for the area where the BS is located, so that the geometrical structure
of the channel model can be learned upon deployment. In this paper, this is done using
a ray-tracing model [141]. The same approach could also be used to train the DNN using
direct measurements of the environment. The proposed DNN architecture is a multi-tasking
CNN that generates both the analog and digital parts of the hybrid beamforming, enabling
to reduce the computational complexity. Furthermore, a novel loss function based on SE is
proposed to train the multi-tasking DNN where the DNN is trained to jointly do classi�cation
and regression tasks. To train the model, we introduce methods to generate datasets and
codebooks based on the deepMIMO channel model [141]. Particularly, in the proposed three-
phase beam training method, the synchronization signals transmitted by the BS are optimized
in such a way that the RSSI measurements carry the maximum information about the CSI.
Three di�erent channel models have been examined to validate the reliability and robustness
of the proposed method in di�erent scenarios. These three scenarios have been chosen to cover
di�erent environments, received signal strengths, and cell coverage. Moreover, we study the
e�ect of RSSI quantization on the DNN’s performance. The simulation results show that the
SE performance of the proposed RSSI-based model outperforms other state-of-the-art full-
CSI methods while the spectral e�ciency, signaling overhead, training time, computational
complexity, and �exibility of the system are signi�cantly improved. In summary, the main
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contributions of the paper are as follows:

� The design and evaluation of two unsupervised deep learning methods to train a multi-
tasking DNN and directly design the hybrid beamforming using only quantized RSSI
instead of perfect complete CSI, each achieving a di�erent performance-complexity
trade-o�;

� A method to design the codebook for the phase-based AP which reduces the complexity
of the DNN while providing near-optimal SE performance; and

� A method to design synchronization burst sequences in a three-phase beam training
procedure for initial access maximizing the channel information carried by the RSSI.

The paper also includes the following complementary contributions:

� The description of a novel non-DL algorithm called hybrid structured heuristic opti-
mization (HSHO) to design fully digital precoders and hybrid beamforming;

� A procedure to generate the DNN dataset for unsupervised learning; and

� The evaluation of non-DL and DL hybrid beamforming methods in a ray-tracing real-
istic channel model.

The rest of the paper is organized as follows. Section 3.3 describes the system model, including
beam training during IA, RSSI measurement, and quantization. In Section 3.4, the channel
model and dataset generation for DNN training are presented, followed by the near-optimal
HBF solutions for mMIMO. The proposed method for SS planning in IA and codebook design
for the analog precoder are described in Section 3.5. In Section 3.6, the DNN architecture
and the unsupervised learning method are presented. Finally, in Section 3.7 the performance
of the proposed HBF methods is evaluated and its complexity is compared with existing
methods, and conclusions are drawn in Section 3.8.

Notation: Matrices, vectors, and scalar quantities are denoted by boldface uppercase, bold-
face lowercase, and normal letters, respectively. The notations (:)H, (:)T, (:)y, j:j, k:k, (:)�1,
<[:] and =[:] denote Hermitian transpose, transpose, Moore-Penrose pseudo-inverse, absolute
value, ‘2-norm, matrix inverse, real part, and imaginary part, respectively.

3.3 System Model

The considered system model consists of a mMIMO BS in a single-cell system equipped
with NT antennas and NRF RF chains serving NU single-antenna users, where we assume
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NRF � NT, as shown in Fig. 3.1. For both uplink and downlink transmission, HBF precoders
are employed by the BS. We consider a fully connected architecture where each RF chain is
coupled through 2-bit phase shifters to all antennas at the BS. First, to obtain the RSSI in
initial access, a 3-step scenario similar to the ones described in [140] and [142] is investigated
in the following sub-sections:

3.3.1 Step 1: SS Bursts Transmission

In the �rst step shown on the right side of Fig. 3.1, the BS transmits K, SS bursts, where
each burst k uses di�erent 2-bit phase-shift analog precoders A(k)

SS 2 f1;�1; i;�igNT�1. The
SS A(k)

SS s(k) are received by all users in the cell. By consequence, the received signal r(k)
u at

the uth user for the kth burst can be written as

r(k)
u = h(k)H

u A(k)
SS + �(k)

u ; (3.1)

where h(k)
u 2 CNT�1 stands for the channel vector from the NT antennas at the BS to user u

and �(k)
u is the additive white Gaussian noise (AWGN) term.

3.3.2 Step 2: RSSI Feedback

After receiving r(k)
u , the averaged RSSI value �(k)

u are measured by the uth user for the kth

SS burst, which constitutes the second step. Therefore, we have

�(k)
u = jh(k)H

u A(k)
SS j

2 + �2; (3.2)

where �2 is the noise power. All RSSI values of each user are then transmitted to the BS
through a dedicated error-free feedback channel. These two �rst steps correspond to the
establishment of the IA between the BS and the users.

In practical systems, due to the limited precision of the measurements and limitation in the
feedback channel, the RSSIs must be quantized. Let us denote by �u = [�(1)

u ; :::; �(K)
u ]T=�

the vector of all RSSI values obtained by the uth user, re-scaled by a factor � to ensure that
�(k)
u =� 2 [0; 1] 8k. Then, we de�ne ~�u as the quantized RSSI vector of user u transmitted to

the BS. Several quantization methods can be employed. We use linear quantization, given
by

~�u =
b�u(2Nb � 1)e

(2Nb � 1)
; (3.3)

where b:e is the round operator and Nb is the number of quantization bits. We study the
e�ect of quantization on performance in Section 3.7.
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Figure 3.1: System architecture of the hybrid RF beamforming in mmWave massive MIMO
with three steps beam training

3.3.3 Step 3: Downlink Data Transmission

The last step corresponds to the downlink transmission where the BS transmits data to each
user. The DP matrix is W = [w1; :::;wNU ] where vector wu 2 CNRF�1 is designed to encode
the data symbol of user index u. The analog precoder A 2 f1;�1; i;�igNT�NRF is designed to
transfer the output of the NRF RF chains to NT antennas and applies to all users. To reduce
the complexity of the HBF design, we consider that the analog precoder is chosen from a
codebook A composed of a set of L analog beam codewords fA(1); :::;A(L)g where A(l) is the
lth analog precoder matrix of the codebook (the codebook design is discussed in Section 3.5).

We assume that the signal received by user u can be given by

yu = hH
uA

X

8u
wuxu + �u; (3.4)

where xu is transmit symbol for user index u, hu 2 CNT�1 is the channel vector between the
NT antennas at the BS and user index u, and �u is the AWGN. The SINR of the uth user
received signal for a given hybrid beamformer (A;wu) is then expressed as

SINR(A;wu) =

���hH
uAwu

���
2

P
j 6=u

���hH
uAwj

���
2

+ �2
; (3.5)



44

and the spectral e�ciency of the system can be obtained by evaluating the SE given by

R(A;W) =
X

8u
log2

�
1 + SINR(A;wu)

�
: (3.6)

Then, the HBF design consists of �nding the digital precoder vectors wu 8u and the analog
precoder matrix A in the codebook A that maximize the SE (3.6) subject to a maximum
transmission power Pmax. More formally, the HBF design corresponds to:

max
fAg;wu

R(A;W) =
X

8u
log2

�
1 + SINR(A;wu)

�
: (3.7a)

s.t. A 2 A; (3.7b)
X

8u
wH
uAHAwu � Pmax : (3.7c)

This problem is however di�cult to solve as, in our case, the BS does not have direct knowl-
edge of the channel coe�cients hu and the noise power �2. The CSI is in fact partially
embedded in the received RSSIs. Therefore, we propose to employ DNN techniques to de-
sign the HBF precoders.

3.4 Dataset Generation for DNN

To train the DNNs, a dataset must be obtained beforehand. In practice, this dataset could be
generated from channel measurements performed by the BS, while in this paper the channel
measurements based on the system model described in Section 3.3 must be simulated. This
section describes the channel model and dataset generation procedure followed by the near-
optimal full-CSI solution for the HBF and FDP techniques. The HBF and FDP described
in this section are used as an upper bound to evaluate the unsupervised DNN performance.

3.4.1 Channel Model

The deepMIMO [141] mmWave mMIMO dataset model is used to generate the channel co-
e�cients h(k) for the train and test datasets. In this model, realistic channel information is
generated by applying ray-tracing methods to a three-dimensional model of an urban envi-
ronment to capture the geometry-based characteristics, such as the correlation between the
channels at di�erent locations, and the dependence on the materials of the various environ-
mental elements, among others. It provides the channel vector h (of length NT) for each user
position on a quantized grid. The considered set of channel parameters from this model is
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summarized in Table 3.1. Scenario �O1� consists of several users being randomly placed in
two streets surrounded by buildings. These two streets are orthogonal and intersect in the
middle of the map.

A NT � NU channel matrix entry in the dataset is obtained by concatenating NU channel
vectors selected randomly from the available user positions of the considered area.

3.4.2 Dataset Generation Method

Two datasets are generated for training and testing the network. The �rst one, referred to
as the core dataset, contains Ncore = 104 channel realizations. This dataset is used to design
the codebook A and the analog precoder of the SS burst A(k)

SS for initial access. Furthermore,
near-optimal FDP and HBF precoder solutions are computed to compare the SE performance
of the DNN. It is worth mentioning that, as described in Section 3.6, the proposed DNN
architecture is unsupervised, and does not exploit the near-optimal solutions during training.

The second dataset contains NDNN = 106 channel realizations and their related RSSIs mea-
sured from the A(k)

SS burst generated from the core dataset. It is used to train and test the
DNN. Note that we have Ncore << NDNN as the core dataset requires resolving computation-
ally heavy optimization problems, and we empirically found that 104 samples are su�cient
to obtain good codebook and SS design.

Fig. 3.2 shows the steps performed to generate both datasets, and the next sections pro-
vide more details about the near-optimal design of the full digital and HBF precoders, the
codebook generation and the SS bursts design.

3.4.3 Fully Digital Precoder Design

Several FDP optimization techniques have been proposed in the literature to maximize the
SE. Most of these techniques are computationally heavy when applied to mMIMO cases,
but the optimal FDP is needed to evaluate the performance of the DNN. The FDP design
problem corresponds to solving the following optimization problem:

max
fuug

X

8u
log2 (1 + SINR(uu)) (3.8a)

s. t.
X

8u
uH
uuu � Pmax; (3.8b)
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Table 3.1 Parameter selection for the
deepMIMO channel model

System Antennas
Parameter Value Parameter Value

scenario �O1� num_ant_x 1
bandwidth 0:5 GHz num_ant_y 8
num_OFDM 1024 num_ant_z 8
num_paths 10 ant_spacing 0:5

Figure 3.2: Steps to generate the core and DNN datasets

where uu 2 CNT�1 is the fully digital precoder vector for user index u, and

SINR(uu) =

���hH
uuu

���
2

P
j 6=u

���hH
uuj

���
2

+ �2
: (3.9)

The method we employed to �nd the optimal FDP is based on [52], where it is demonstrated
that the optimal FDP vector uu of FDP matrix U = [u1; :::;uNU ] for user u has the following
analytical structure:

uu =
p
pu

�
INU + 1

�2

PNU�1
i=1 hi�ihH

i

��1
hu








�
INU + 1

�2

PNU�1
i=1 hi�ihH

i

��1
hu








; (3.10)
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where NU corresponds to the number of users, INU corresponds to the NU � NU identity
matrix, pu and �u are the unknown real-valued coe�cients to be optimized, respectively
corresponding to the beamforming power and Lagrange multiplier for the user u. In addition,
we have

P
8u �u = 1 and

P
8u pu = 1.

Therefore, only 2�(NU�1) real-valued coe�cients must be evaluated to resolve the optimiza-
tion problem, instead of the initial NT �NU complex coe�cients. The PSO [143] algorithm
can then be employed to obtain the optimal �u coe�cients. However, we empirically found
that near-optimal solutions can be obtained by assuming that pu � �u and by evenly dis-
tributing the power over K 2 f1; :::; NUg users and setting pu = 0 for the remaining NU �K
users. Therefore, 2NU�1 solutions have to be evaluated to �nd the near-optimal one.

3.4.4 Hybrid Beamforming Design

When considering hybrid beamforming, (3.5) can be rewritten as

SINR(A;wu) =

���(AHhu)Hwu

���
2

P
j 6=u

���(AHhu)Hwm

���
2

+ �2
: (3.11)

From (3.11), h0 = (AHh)H, h = [h1; :::;hNU ], can be seen as a virtual channel matrix with NRF

spatial paths. In this virtual system, W = [w1; :::;wNU ] is the DP matrix of a transmitter
with NRF virtual antennas. Then, if A is known, the optimization method presented in 3.4.3
can be re-used to �nd the optimal digital precoder w. Therefore, the analog precoder A
must be designed �rst. We propose to �nd A such that the channel capacity [144] of h0 is
maximized, giving the following integer nonlinear programming problem:

max
A

0

@
X

i
max

�
log2(��i); 0

�1

A; (3.12)

where �i is the ith eigenvalue of hhH, and � is the water �lling level chosen to satisfy the
following equation:

� =
X

i
max

�
��

1
�i
; 0
�
; (3.13)

with � corresponding to the SNR. To solve this problem, we used the genetic algorithm [145].
This iterative algorithm consists, for each iteration (or �generation�), of selecting, mutating,
and merging solutions from a set of candidate solutions (known as a �population�) that
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achieve the best score with respect to the objective function (the SE in our case). At the
�rst generation, Nc candidates are generated randomly. The process of selection consists of
keeping, for the next iteration, the 	 < Nc solutions that maximize the score, referred to as
elites. The mutation process makes small random changes in the population, excluding the
elites. Finally, the merging process, called crossover, generates �Nc new solutions by mixing
solutions from the previous population, with � being the crossover factor. To optimize the
analog precoder, we set the genetic algorithm parameters to Nc = 200, 	 = 0:05 � Nc, and
� = 0:8. This hybrid beamforming design will be referred to as the HSHO method.

It is worth noting that the design of the A(k)
SS precoders (step 1) has an impact on the amount

of channel information carried by the RSSIs (step 2), which in turn a�ects the quality of the
HBF solutions obtained by the DNN and the performance of uplink transmission in step 3. In
addition, the codebook design can also greatly a�ect the performance of the DNN. Therefore,
the codebook and SS for initial access need to be carefully planned.

3.5 Synchronization Signal and Codebook design

In this section, we address the problem of the SS burst and analog beamformer codebook
design with novel methods.

3.5.1 Proposed SS Burst Design

As mentioned in Section 3.3.3, the design of the SS burst can impact the HBF SE performance
because it a�ects the amount of information that is revealed by the RSSI measurements about
the CSI. The synchronization signal burst (SSB) length also impacts the system data rate in
both downlink and uplink. Therefore, it is important to design the SSB so that the measured
RSSIs provide the maximum information about the CSI while minimizing the amount of data
to transmit in the feedback channel.

To resolve this problem, we propose to �nd the SS sequences that maximize the mutual infor-
mation I between the channel matrices h and the quantized RSSIs matrix ~� = [ ~�1; :::; ~�K ]
with K being the number of SS burst

I(Q(h); ~�) = H(Q(h)) + H( ~�)� H(Q(h); ~�); (3.14)

where Q(:) is the quantization function de�ned in (3.3), and where H(x) corresponds to the
entropy of the variable x and H(x1; :::; xL) is the joint entropy of the variables xl, quantized
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on Ql values, de�ned as

H(x1; :::; xL) = �
Q1�1X

k=0
:::

QL�1X

z=0

�
P(x1 = k; :::; xL = z) � log2 P(x1 = k; :::; xL = z)

�
; (3.15)

with P denoting probability. Furthermore, we have H( ~�) = H( ~�1; :::; ~�K). It is worth
mentioning that there is no need to include more than one user in the calculation of I. In
fact, user positions are selected randomly and independently, therefore knowing the RSSI of
one user cannot provide any information for a second user.

A straightforward computation of (3.14) can be computationally heavy, particularly when
used in an optimization loop and in the case of mMIMO. To reduce the complexity, we
assumed that there exists a bijective function that links the channel matrix and the (XU; YU)
quantized user positions in the environment. In fact, this assumption is quite realistic due
to the high channel diversity induced by mMIMO systems. Under this assumption, we have
I(Q(h); ~�) = I((XU; YU); ~�). Finally, the genetic algorithm with the same parameters as
described in Section 3.4.4 is used to design the SS burst sequences A(k)

SS , by solving the
following optimization problem:

max
A(k)

SS 8 K
I((XU; YU); ~�): (3.16)

Note that H(XU; YU) � I((XU; YU); ~�) gives the theoretical minimum number of bits required
by the feedback channel to transmit all the information about the CSI. Since the user positions
are selected randomly with uniform probability on a set of PU di�erent locations, we also
have H(XU; YU) = log2(PU).

3.5.2 Proposed Codebook Design

To reduce the complexity of the AP design task for the DNN described in the next section,
we propose to restrict the 4NTNRF possible AP solutions to a subset (codebook) of NCB solu-
tions (codewords), directly chosen during the optimization phases when generating the core
dataset. This is achieved through three successive steps described below.

The �rst step consists of generating a �rst codebook A when the near-optimal analog and
digital precoder solutions presented in Section 3.4.4 are iteratively evaluated for each channel
realization. Let us respectively denote A(n) and W(n) the AP and DP solutions related to
the nth channel matrix of the core dataset. Each of these solutions has SE R(A(n);W(n)),
which can be calculated from (3.6). As a reminder, A(l) denotes the lth analog precoder in



50

the codebook. Then, A(n) is appended in the codebook if

R(A(n);W(n)) > � max
8l

R(A(l);W(l)(n)); (3.17)

where � > 1 is an arbitrary threshold value, set to 1:005 in our setup, to decide if the analog
precoder will be appended to the codebook, and W(l)(n) is the DP solution for the nth

channel matrix in the dataset when the analog precoder A(l) is chosen from lth codewords.
Therefore, each analog precoder solution solved using the genetic algorithm is appended in
the codebook if the obtained SE is higher than � times the best SE obtained with the APs
in the current codebook. Otherwise, the obtained HBF solution is replaced by the one in
the codebook having the highest SE. To avoid high computational overhead, no APs are
appended to the codebook when its size reaches 1000 APs.

Since the APs are iteratively appended in the �rst step, it may be possible that better AP
solutions are found in the later iterations. Therefore, the SE could be improved for the �rst
channel matrices in the dataset. To address this issue, the second step aims to update the
AP solutions for each channel matrix in the dataset by choosing the AP in the codebook,
obtained in the �rst step, that maximize the SE:

A(n) = arg max
8A(l)2A

R(A(l);W(l)(n)) (3.18)

The �nal step consists of reducing the size of the codebook while keeping an acceptable level
of average SE over the whole dataset. We denote Ll the set of AP index n 2 f1; :::; Ncoreg in
the core dataset that use the AP label number l (A(l)) in the current codebook as solution.
To reduce the codebook size jAj, where j:j represents the cardinality operator in this context,
the following operations are iteratively executed:

� The codebook is sorted in ascending order such that jL0j � jLlj 8 l,

� All the APs in the core dataset using the AP codeword A(0) (indexed in L0) are moved
to other AP codewords giving the best SE:

A(n) = arg max
A(l);l 6=n

R(A(l);W(l)(n));8n 2 L0 (3.19)

� The AP codeword 0 is then removed from the codebook.

Each time a codeword is removed, the average SE over the core dataset is reduced. To
maintain good performance, the codebook size reduction is stopped when the average SE
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Figure 3.3: Proposed multi-tasking DNN architecture to design the HBF

reaches 99:5% of the initial SE.

3.6 RSSI-Based Hybrid Beamforming with Deep Neural Network

In this section, we propose two novel RSSI-based methods, each providing a di�erent com-
plexity performance trade-o�, to design the HBF for mMIMO systems. The RSSI measure-
ments by the users were explained in Section 3.3.2. The BS receives the quantized RSSI,
~� = [ ~�1; :::; ~�NU ] through a dedicated error-free feedback channel. Then, the BS designs
the HBF matrices used to transmit data to users in the downlink step, as described in Sec-
tion 3.3.3. In supervised learning, a computationally heavy optimization problem must be
solved not only for each sample in the dataset but also for each BS in the cellular network
because the dataset generation depends on the location of the BS. On the contrary, in unsu-
pervised learning, the BS can be trained directly using data measured from the environment.
As discussed in Section 3.7.4, this results in a signi�cant reduction of the o�ine complexity.

3.6.1 Deep Neural Network Architecture

Two approaches are considered to obtain the HBF solution. In the �rst approach, we design a
DNN, called �HBF-Net�, to jointly predict the analog precoder A(l) 2 A and digital precoder
W. In the second approach, referred to as �AFP-Net�, the DNN predicts the analog A(l)

and fully digital precoders U. The digital precoder W(l) is then computed using

W(l) = Ay(l)U: (3.20)

The AFP-Net approach ensures that the alignment between analog and digital precoders
is maintained. In both approaches, the DNN architecture is composed of a classi�cation
task for the analog precoder prediction, and of a regression task for the digital precoder (or
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fully digital precoder) prediction. To reduce the number of parameters and accordingly, the
computational complexity, we design a multi-tasking DNN [146] to perform both tasks in a
single DNN. The proposed DNN architecture is shown in Fig. 3.3. Referring to Fig. 3.3,
the input of the DL model is the quantized RSSIs received at the BS followed by shared
convolutional layer (CL), FL layers and an output layer for each task. It is worth noting
that for both HBF-Net and AFP-Net, the DNN has the same architecture, except for the
dimension of the output layer. Since we separate the real and imaginary parts of the output,
the dimension of the output layer for DP task in HBF-Net is 2�NU�NRF, and 2�NU�NT for
FDP task in AFP-Net. The dimension of the AP task is the same for both approaches and it is
equal to the size of the codebook (L = NCB). The CLs use the �Same� convolution operators
where the dimension of the inputs and outputs are preserved. After each layer, we use batch
normalization to reduce the internal covariate shift and accelerate the learning. In fact,
batch normalization is a kind of regularization technique that prevents over-�tting because
of its noise injection e�ect [147]. Since we have used the batch normalization technique,
the dropout probability for all layers is selected to a very small value (0:05) to avoid the
over-regularization problem. The dropout layers reduce the impact of the choice of initial
weights [148]. In addition, we use the leaky ReLU activation function in each layer (except
the output layers), to �x the dying ReLU problem after batch normalization [149]. This
activation function with input X and output Y is given by

Y =

8
><

>:

X if X � 0;

0:01X if X < 0:
(3.21)

This function does not have a zero-slope part [149]. For the output layer of the classi�er or
AP task, we use a conventional �Softmax� activation function de�ned as

pa(l) =
eal

PL
j=1 eaj

; (3.22)

where al is the value of the lth output of the DNN in AP task part and pa(l) is the corre-
sponding output of the Softmax activation function. Thus, the output vector of the classi�er
after the activation function is p = [pa(1) ; :::; pa(l) ; :::; pa(L) ] where from Section 3.5.2 we con-
sider that L = NCB. Finally, we used the �Adam� algorithm as network optimizer and
�ReduceLROnPlateau� to schedule the reduction of learning rate [150].

As shown in Fig. 3.3, the output of the FDP task is separated into real and imaginary
parts. Some DL frameworks only support real algebra, and therefore cannot directly support
complex-valued computation. Therefore, we separately deploy the real and imaginary parts
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to compute the loss function. Then, to compute the pseudo-inverse of all codewords A(l),
we use Ay(l) = (AH

(l)A(l))�1AH
(l). To compute the (AH

(l)A(l))�1, we de�ne the square matrix
� , AH

(l)A(l) and ��1 , C+ iD where C and D are purely real. We then have the following
relations based on [151]:

C =
�
<[�] + =[�]<[�]�1=[�]

��1
;

D = �<[�]�1=[�]C : (3.23)

Eq. (3.23) is valid when the matrix <[�] is non-singular, which holds in our case. In other
cases where <[�] is singular, the corresponding equations are listed in [151]. To obtain the
predicted digital precoders W(l) in (3.20), we compute

2

4<[W(l)] �=[W(l)]
=[W(l)] <[W(l)]

3

5 =

2

4<[C] �=[D]
=[D] <[C]

3

5

2

4<[U] �=[U]
=[U] <[U]

3

5 (3.24)

and then, W(l) = <[W(l)] + i=[W(l)] is formed.

3.6.2 Unsupervised Training

We propose a novel loss function to train both AP task and DP or FDP tasks without any
target. Further, as shown in Fig. 3.4, the full CSI is only used in training mode to calculate
the unsupervised loss function, and in evaluation mode, only the RSSI information is used
at the BS and the BS does not have access to CSI.

Since we design the hybrid beamforming with two di�erent approaches, each approach re-
quires its own loss function for training. As a reminder, the SE achieved by the HBF is given
by (3.6), and based on (3.22), we de�ne p = [pa(1) ; :::; pa(l) ; :::; pa(L) ] as the output vector of
the AP task. We de�ne below the unsupervised loss function for each approach.

HBF-Net

The DNN in this approach is trained to jointly design the DP and AP directly from RSSIs.
For this approach, we de�ne the unsupervised loss function as

LHBF = �
LX

l=1
pa(l)R(A(l); �W); (3.25)

where A(l) is the lth analog precoder of the codebook and �W = [ �w1; :::; �wNU ] is the output of
the DP task. To satisfy jjA(l) �wujj2 = 1 we further normalize �wu. The negative sign allows
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Figure 3.4: The diagram for the unsupervised training in o�ine mode and the prediction
mode of the proposed DNN in online mode

the SE to be maximized when the DNN is trained to minimize the loss function. Algorithm 1
summarizes the steps to train the HBF-Net.

AFP-Net

The loss function in this approach is di�erent because here we aim to design the digital
precoder from the FDP and AP. To do so, we �rst obtain the FDP and AP, and then by
using (3.20), DP can be computed. If we de�ne

R(U) =
X

8u
log2(1 + SINR(uu)) ; (3.26)

the loss function for the FDP task can be de�ned as

LFDP = �R( �U); (3.27)

where �U = [�u1; :::; �uNU ] is the output of FDP task in AFP-Net. This loss function results in
the maximization of the FDP spectral e�ciency. Here again, we normalize �uu to satisfying
jj�uujj2 = 1. Now, by knowing the FDP, given AP, we compute R(A(l); ~W(l)), where ~W(l) is
the DP matrix obtained from (3.20) for the lth codeword in the codebook. The loss function
for the AP task is de�ned as

LAP = �
LX

l=1
pa(l)R(A(l); ~W(l)); (3.28)
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Algorithm 1: Training mode in HBF-Net
Input: ~�
Output Regression: DP: <[ �W] and =[ �W]
Output Classi�cation: AP: p
for i in range(epochs) do

for l in range(L) do
Compute R(A(l); �W)

Compute LHBF as in (3.25)
Compute gradient over layers
Update weights and biases with Adam optimizer

where unlike (3.25), this loss function is only tuning the Softmax outputs pa(l) of the AP
task. The �nal loss function for AFP-Net is de�ned as

LAFP = LFDP + LAP; (3.29)

so that the DNN maximizes the FDP spectral e�ciency while also maximizing the HBF spec-
tral e�ciency by selecting the appropriate AP from the codebook. Algorithm 2 summarizes
the steps to train the AFP-Net.

Algorithm 2: Training mode in AFP-Net
Input: ~�
Output Regression: FDP: <[ �U] and =[ �U]
Output Classi�cation: AP: p
for i in range(epochs) do

for l in range(L) do
Compute ~W(l) = Ay(l) �U as in (3.23) and (3.24)
Compute R(A(l); ~W(l))

Compute LFDP as in (3.27) and LAP as in (3.28)
Total loss = LFDP + LAP
Compute gradient over layers
Update weights and biases with Adam optimizer

It can be seen that AFP-Net is more complex than HBF-Net, which directly outputs the
hybrid beamforming solution. However, as shown in Section 3.7, AFP-Net achieves better
SE performance by keeping the alignment between the analog and digital precoder.
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Figure 3.5: Illustration of each type of area covered for the deepMIMO channel model

3.6.3 Evaluation Phase

In the evaluation phase, a part of the DNN dataset is dedicated to testing the network, as
presented in Section 3.4.2. We used the SE metric to characterize the performance. As shown
in Fig. 3.4, in the online phase, only RSSI information is provided as input to the DNN. For
the analog precoder, the maximum value of the �Softmax� output is selected in the classi�er.
So, we can compute the SE of HBF to evaluate its performance using R(Â;Ŵ), where Â
is the analog precoder predicted by the AP task, expressed as Â = A(
); where A(
) 2 A,

 = arg max(p) and Ŵ = [ŵ1; :::; ŵNU ] is the predicted digital precoder of HBF-Net or
AFP-Net obtained from (3.20). To satisfy the power constraint we normalize the ŵu to have
jjÂŵujj2 = 1.

Likewise, to evaluate the DNN performance for FDP spectral e�ciency we compute R(Û),
where Û = [û1; :::; ûNU ] is the predicted FDP matrix in FDP task of AFP-Net. As discussed
in the next section, we evaluate the DNN using di�erent scenarios.

3.7 Numerical Evaluation

In this section, the performance of the proposed DNN, implemented using the PyTorch DL
framework, is numerically evaluated. To analyze how the DNN performance evolves with the
environment, three types of datasets covering di�erent areas are considered, as illustrated in
Fig. 3.5:
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Table 3.2 Multi-tasking DNN
Hyper-Parameters

Parameter Set Value

Mini-batch size 500
Initial learning rate 0.001
ReduceLROnPlateau (factor) 0.1
ReduceLROnPlateau (patience) 3
Weight decay 10�6

Dropout keep probability .95
Kernel size 3
Zero padding 1
��� in BatchNorm (1D & 2D) 10�5

1. Limited Area: small area of 54481 possible user positions in the main street, with base
station number 7 as the transmitter. The parameters �active_user_first� (AUF)
and �active_user_last� (AUL) in deepMIMO are set to AUF = 1000 and AUL =
1300.

2. Extended Area: larger area than the limited one, with 271681 possible user positions
in the main street, with AUF = 1000, AUL = 2500, and base station number 7 as the
transmitter.

3. Crossroad Area: area located at the intersection of the two streets, with users coming
from every direction (280102 positions). Three deepMIMO channel environments have
been generated and concatenated to obtain this last dataset. The �rst environment
uses AUF = 1300, AUL = 1900, the second uses AUF = 3700, AUL = 3852 and the
third uses AUF = 3853, AUL = 4300. For all these models, the base station number 8
corresponds to the transmitter.

The size of the DNN dataset is set to 106 samples for each scenario, with 85% of the samples
used for training as a training set and the remaining ones are used to evaluate the performance
as the test set. It is worth noting that we evaluate the DNN performance using samples from
the same scenario it is trained for. Table 3.2 shows the chosen hyper-parameters which have
been used for the proposed multi-tasking DNN.
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Figure 3.6: Spectral e�ciency performance of Hybrid beamforming design in �AFP-Net�
and �HBF-Net� in three scenarios: a) Extended Area b) Crossroad Area c) Limited Area
(NU = 4; NRF = 8; NT = 64; K = 32)
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3.7.1 Spectral E�ciency Evaluation for All Areas

We consider a fully connected hybrid beamforming system where each RF chain is connected
to all antennas, 4 users communicating with a BS equipped with 64 antennas, 8 RF chains,
and K = 32 full precision RSSIs are fed back to the BS. Fig. 3.6 shows the achievable
SE for each considered area when considering di�erent noise power values �2 ranging from
�120 dBW to �140 dBW. When considering the channel attenuation, the average SNRs
for �2 2 f�120;�130;�140g dBW in Extended Area are 10:8 dB, 20:8 dB and 30:8 dB, in
Crossroad Area are 10:6 dB, 20:6 dB and 30:6 dB, and in Limited Area are 4:35 dB, 14:35 dB
and 24:35 dB, respectively. It can be seen that the AFP-Net has better performance when
compared to the HBF-Net. It is owing to the fact that in the AFP-Net, the digital precoder
is extracted from the predicted FDP and HBF based on (3.20). Therefore, the alignment
between analog and digital precoder is preserved. In fact, the SE performance of the AFP-
Net is very close to the upper bound obtained by using the full-CSI HBF design method
presented in Section 3.4.4.

Furthermore, as shown in Fig. 3.6 the two proposed unsupervised HBF design methods
presented in Section 3.6 have better SE performance, for all three areas when compared
with the phase zero forcing (PZF) [135] and the OMP [127] full CSI techniques. The OMP
technique uses as inputs the optimal fully digital precoder and the same AP codebook used
by the DNN and designed according to the method proposed in Section 3.5. In fact, the
PZF has very poor performance for the Limited Area, which is located far from BS, and
therefore su�ers at low SNR level. Unlike PZF which has good performance in high SNR,
OMP achieves a better SE in low SNR. However, our proposed near-optimal HSHO solution
and unsupervised learning DNN methods have stable performance in all SNRs. For instance,
with �2 = �130 dBW, our proposed method in AFP-Net is better than PZF by 50%, 25%,
and 8733% for scenario (a), (b), and (c), respectively, and better than OMP by 66%, 59%, and
75%. It is worth mentioning that both PZF and OMP techniques require perfect knowledge
of the CSI, and therefore require a high bandwidth feedback channel to report the full CSI
in FDD scenario, which penalizes the spectral e�ciency of the system.

The �Random AP selection� curves in Fig. 3.6 show the achieved SE when the BS selects
the AP from the codebook randomly while obtaining the DP by substituting into (3.20) the
random AP and the FDP predicted by AFP-Net. The signi�cant performance degradation
observed for the Random AP selection con�rms that the AP task of the DNN actually learns
the system characteristics from the dataset.

Likewise, Fig. 3.7 shows that the SE performance of the FDP obtained with the proposed
AFP-Net method outperforms the ZF method, for all areas and di�erent noise power. In
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fact, the proposed unsupervised learning in AFP-Net has near-optimal FDP SE performance
in all selected areas. This makes the proposed network a promising solution for FDP design
in mm-wave mMIMO systems.

3.7.2 Impact of The RSSI Length and Quantization

The e�ect of the number K of SSBs (also the number of RSSI values) on AFP-Net is shown
in Fig. 3.8, for the �Extended Area� scenario. Increasing K increases the amount of CSI
available to the DNN, and we see that the achievable rate indeed improves as K increases.
However, increasing K also reduces the channel e�ciency because of the need to send more
SSBs in Step 1. Furthermore, we see that the performance of AFP-Net with K = 8 is close
to the performance obtained with K = 16 and K = 32.

In Fig. 3.9 we examined the proposed methods with di�erent numbers of quantization bits
Nb for the RSSIs, computed using (3.3). The �Extended Area� is considered to evaluate the
performance. In fact, there is a trade-o� between the SE improvement of the system and the
performance of the DNN when changing the number of bits. It can be seen in Fig. 3.9 that
the SE performance of the DNN for Nb = 12 to Nb = 8 is very close to the DNN performance
when considering full precision for the RSSIs.

3.7.3 Impact of The Number of Users and Antennas

This section evaluates how the performance of the two proposed HBF designs scale when vary-
ing the number of users NU 2 f2; 4; 6; 8g and the number of antennas NT 2 f16; 32; 64; 128g.
The number of RSSIs is set to K = 32, the noise power is �xed to �130 dBW, and the
�Extended Area� is considered. In fact, the complexity of the DNN, measured in terms of
the number of parameters, can be expected to depend on the complexity of the optimiza-
tion problem. Thus increasing the number of antennas in BS or the number of users should
require a more complex DNN. However, the results in Figures 3.10 and 3.11 show that the
proposed architecture is complex enough to have excellent performance for a wide variety of
number of antennas and number of users. Fig. 3.10 shows that although our method is RSSI
based, it has better performance in comparison with other CSI-based methods and the SE
performance scale with the number of users. For instance, our proposed method is better
than PZF by 50%, 84% and 122% for NU = 4; 6; 8, respectively. Meanwhile, the PZF and
OMP methods do not scale well when the number of users increases. This can be explained
by the fact that increasing the number of users and �xing the number of antennas in BS
will generate more inter-user interference. Furthermore, PZF only provides near-optimal re-
sults if the ratio between the number of antennas and the number of users is large enough
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in mMIMO systems. By increasing the number of users, this ratio decreases and the SE
performance of PZF collapses.

In Fig. 3.11, we evaluate our proposed method with the di�erent number of antennas in BS
(NT). Again, we consider the �Extended Area� scenario where �2 = �130 dBW, K = 32
and NT = 64. As we can see, the PZF method has poor performance when the number of
antennas is low whereas the SEsum-rate performance is near-optimal when the number of
antennas grows up to 256. Therefore, our proposed methods outperforms PZF for the 16,
32 and 64 antennas cases by 195%, 100% and 50%, respectively. The OMP method has fair
enough performance with a small number of antennas, while the SE of PZF is almost the
same as our proposal for a large (128) number of antennas. However, it is worth mentioning
that PZF and OMP require perfect knowledge of the CSI and by increasing the number of
antennas in BS it reduces the spectral e�ciency whereas our proposed methods only exploit
RSSI measurements which we kept to 32 and can therefore signi�cantly improve the data
rate of the system by reducing the signaling overhead. To clarify, in NT = 128 where the
proposed method and PZF have almost the same performance, our proposed method requires
K �NU �Nb = 1024 bits to feedback the RSSIs where Nb = 8. On the other hand, PZF in
the same con�guration requires NT�NU� 2�Nb = 4096 bits to feedback the CSI to the BS
where we �nd that Nb = 4 to keep the SE same as fully precision. As a result, in the same
con�guration and SE performance, PZF requires 4 times more feedback bits in comparison
with our proposed method.

Fig. 3.12 shows how the number K of RSSI measurements a�ects the SE performance when
the number of antennas is increased. It can be seen that the required number of RSSIs to
achieve a near-optimal SE depends on the number of antenna. For instance, with NT = 16
using K = 8 or even 4, the DNN has similar performance as larger number of RSSI such as
K = 16 or 32. However, for a larger number of antennas, the DNN needs more information
to design the HBF and as a result, more RSSIs transmission is required.

3.7.4 Computational Complexity Comparison

The computational complexity of the proposed methods is analyzed in this section. First,
we compare the dataset generation complexity. Second, training complexity is evaluated
by comparing the number of parameters of proposed DNN architecture to other state-of-
the-art DNN-based hybrid beamforming. Third, the computational complexity of the two
proposed DNN methods is evaluated in the inference phase, and compared to non-DL hybrid
beamforming state-of-the-art.
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Figure 3.10: Spectral e�ciency performance of HBF design in �AFP-Net� and �HBF-Net�
versus di�erent number of user (NU) in �Extended area� (�2 = �130 dBW,K = 32, NT = 64,
and NRF = 8)
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Figure 3.11: Spectral e�ciency performance of HBF design in �AFP-Net� and �HBF-
Net� versus di�erent number of antenna in BS (NT) in �Extended area� (�2 = �130 dBW,
K = 32; NU = 4, and NRF = 8)
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Figure 3.12: Spectral e�ciency performance of HBF design in �AFP-Net� versus di�erent
number of antenna in BS (NT) in �Extended area� for di�erent number of RSSI (K) (�2 =
�130 dBW, NU = 4, and NRF = 8)

Computational Complexity of Dataset Generation

Dataset generation plays a key role in all DNNs, and its complexity should be considered
carefully so that it can be generated in a reasonable amount of time. As a point of reference,
our implementation of the HSHO algorithm achieves T = 10 seconds on one core of an
Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.10GHz, the processing time to generate the entire
dataset for a supervised DNN would be NDNN�T where here we consider NDNN = 106 as the
size of the dataset. However, the two unsupervised DNN methods proposed in Section 3.6 do
not need to have the optimal solutions as a target to design the HBF, but only a codebook,
which can be generated on a smaller dataset of 104 samples, as explained in Section 3.5.2. As
a result, the dataset generation for unsupervised learning is orders of magnitudes (100 times
in this case) faster than in the case of supervised learning. As a consequence, unsupervised
learning helps the system to generate the dataset as large as possible without considering the
preparation time for optimal solutions.

Computational Complexity of Training Phase

Training phase of DNN is quite important in terms of time and computational complex-
ity in the o�-line mode. In Table 3.3, the number of trainable parameters of our pro-
posed methods are compared to the ones obtained with state-of-the-art DNN-based HBF
design [105, 107, 108]. This metric provides a good indication of the DNN complexity in the
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Table 3.3 Number of Parameters in DNN-Based
HBF

DNN-Based HBF # Parameters
Technique (�106)

Proposed HBF-Net 2.1
Proposed AFP-Net 2.5
CNN-Based HBF [108] 6.7
CNN-Based Beamforming [105] 10.6
CNN-MIMO [107] 72
(NU = 4, NRF = 8 and NT = 64)

training phase. It is shown that our proposed methods required a much lower number of
trainable parameters when compared to other DNN-based methods. As explained in Section
3.6.1, the size of the last layer for the regression task is di�erent for the HBF-Net and AFP-
Net approaches. Therefore, the number of parameters in AFP-Net is larger than HBF-Net.
It is worth considering that our proposed methods, despite using the multi-tasking DNN,
have less number of parameters when compared to other single task DNNs. As a result,
the proposed approaches improve the training processing time by reducing the training over-
head. For a fair comparison, we consider the following con�guration for all considered DNNs:
NU = 4, NRF = 8 and NT = 64.

Computational Complexity of Inference Phase

Since we aim to use the DL methods to reduce the complexity of hybrid beamforming design,
the inference processing time should be carefully evaluated in DNN-based hybrid beamform-
ing solution. As shown in Table 3.3, the number of parameters of the proposed methods
are lower than other DNN-based hybrid beamforming design, which translates into lower
processing time. Moreover, in Table 3.4, we compare the computational complexity of the
inference phase of our proposed DNN methods to the complexity of conventional non-DL
methods.

Analytical expressions are provided to evaluate the computational complexity in terms of
the number of real multiplications (RM). We assume that one complex multiplication (CM)
corresponds to 4 RMs, and 1 complex division corresponds to 8 RMs (assuming 1 real division
is equal to 1 RM). Only the matrix multiplications and inversions are taken into consideration,
the other operations are considered negligible. A complex multiplication between a �rst
matrix of size N � P and a second matrix of size P �M requires NMP CMs. To invert a
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Table 3.4 Complexity comparison of Proposed method and state-of-the-art

Hybrid Beamforming Analytical expression # Multiplications
Technique (# of real multiplications) (�106)

Proposed HBF-Net DNNcore + f2(L+ 2NUNRF) 2.82
Proposed AFP-Net DNNcore + f2(L+ 2NUNT) + 4NRF((NRF � 1)(2NRF � 1)=24 +NT(NRF + 2NU)) 3.35

FDP design (Section 3.4.3) 4� (2NU � 1)
�

2NUN2
T +N2

UNT + 1
3N

3
T

�
7.27

HSHO, AP design 4NgNcNRF(NU(NT +NRF) +N2
RF) 2:2Ng

HSHO, DP design Similar to FDP design, replace NT by NRF 0:05

OMP [127] � 4L(NTNU + L) +N2
RF

�
1
3N

2
RF + 4

3NRF(NT +NU) + 4NTNU

�
0.478

FDP + OMP Complexity of OMP and FDP design (3.4.3)) combined 7.74
PZF [135] 28

3 N
3
RF + 8NTN2

RF 0.036
(NU = 4, NRF = 8 and NT = 64)

square matrix of size N , around N3=3 CMs are required if the Gaussian elimination algorithm
is employed. Finally, we consider that the eigenvalues of a square matrix (sizeN) are obtained
using Cholesky decomposition [152], which requires approximately 4N3 RMs. For the HSHO
AP design, Ng corresponds to the number of generations to �nd a solution (we noticed that
typicallyNg � 400). For the DNNs, the number of RMs is calculated for each layer separately,
and then summed. The depth of the lth fully connected layer and convolution layer are
respectively denoted as fl and cl. Since the DNN architecture is the same for both approaches
except for the output layer, we de�ne DNNcore = (c1 + c1c2 + c2c3 + c3f1=�2)KNU�2 + f1f2

as the number of multiplications required to evaluate the DNN layers other than the output
layers.

The same set of parameters for comparing the complexity in the training phase are considered
for the inference phase. It is shown in Table 3.4 that the proposed DNNs are 1500 times less
complex than the HSHO, which generates the near-optimal DP and AP solutions. When
considering the OMP technique, it is important to note that it requires an FDP solution as
input. Therefore, for a fair comparison, the complexity related to the design of the FDP needs
to be taken into account. Assuming that the FDP is obtained using the method presented
in Section 3.4.3, the proposed DNN-based methods are almost 2:5 times less complex than
the OMP (with FDP) technique while achieving better SE performance. The PZF is the
least complex technique, but also has very poor performance for low SNR or small number
of antennas, as shown in Fig. 3.6, Fig. 3.7, and Fig. 3.11. It is worth mentioning that, for all
non-DNN HBF techniques in Table 3.4, the channel is assumed to be perfectly known. In
practice, channel estimation needs to be performed which further increases the complexity
of the non-DNN techniques.
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3.8 Conclusion

Hybrid beamforming is an essential technology for mMIMO systems that allows reducing the
number of RF chains and therefore increases the energy e�ciency of the system. However,
the design of digital and analog precoders is challenging, and the estimation of the CSI in-
troduces important signaling overhead, especially in FDD communication. To alleviate this
issue, we instead proposed relying on RSSI feedback, improving the spectral e�ciency of
the communication system. The SS burst was e�ciently designed so that the RSSIs provide
maximum information about the CSI. We then proposed to design the hybrid beamforming
by using unsupervised deep-learning methods. This unsupervised learning approach leads to
decreased training time and cost since the system can be trained using only channel mea-
surements without the costly need to obtain optimal solutions. The deep-learning methods
select the AP from a codebook designed to reduce the complexity without sacri�cing the
SE performance. Finally, the performance of the proposed algorithm was evaluated using
the realistic deepMIMO channel model. The results demonstrate that, despite not having
access to the full CSI, the BS can be trained to robustly design the hybrid beamforming
while achieving a similar SE as the HSHO near-optimal hybrid precoder that was introduced
as a benchmark. Moreover, the proposed method can be implemented in real-time systems
thanks to its low computational complexity.
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CHAPTER 4 ARTICLE 2: DECENTRALIZED BEAMFORMING FOR
CELL-FREE MASSIVE MIMO WITH UNSUPERVISED LEARNING

This chapter is a reproduction of an article published in IEEE Communications Letters on 4
March 2022.

- H. Hojatian, J. Nadal, J. -F. Frigon and F. Leduc-Primeau, �Decentralized Beamform-
ing for Cell-Free Massive MIMO With Unsupervised Learning,� in IEEE Communica-
tions Letters, vol. 26, no. 5, pp. 1042-1046, 4 March 2022.

4.1 Abstract

CF-mMIMO systems represent a promising approach to increasing the spectral e�ciency
of wireless communication systems. However, near-optimal beamforming solutions require
a large amount of signaling exchange between access points (APs) and the network con-
troller (NC). In this letter, we propose two unsupervised deep neural networks (DNN)
architectures, fully and partially distributed, that can perform decentralized coordinated
beamforming with zero or limited communication overhead between AcPs and NC, for both
fully digital and hybrid precoding. The proposed DNNs achieve near-optimal spectral ef-
�ciency (SE) while also reducing complexity by 10 � 24� compared to conventional near-
optimal solutions.

4.2 Introduction

CF-mMIMO networks have the potential to signi�cantly improve the e�ciency of future
wireless networks, as compared to cellular networks, by serving uniformly multiple users si-
multaneously using multi-antenna AcPs connected to a central NC [10]. Similar to standard
mMIMO systems, CF-mMIMO requires designing suitable precoders for data transmission,
with the added challenge that information exchange between AcPs and NC should be min-
imized [80]. Existing techniques tend to exhibit a trade-o� in that regard. For instance, in
the context of FDP, the simple and scalable CB method can be implemented locally by each
AcPs and achieves acceptable performance without information exchange [82]. On the other
hand, the ZF method achieves much better performance, but the precoders are computed
centrally in the NC at the expense of fronthaul overhead [82].

HBF is a well-known approach to reduce energy consumption by decreasing the number
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of RF chains in the transmitter without reducing the number of antennas [6]. However,
designing HBF precoders that achieve near-optimal performance usually has a high compu-
tational cost. Several works have investigated the use of DL to design the HBF for single-cell
communication [46, 100, 101], but extending these solutions to CF-mMIMO imposes a large
signaling overhead between AcPs and NC to exchange the beamforming information. In [101],
the authors proposed a supervised deep learning-based beamforming design for coordinated
beamforming. However, they consider the beamforming vectors to be centrally designed in
the NC, and only consider a simple analog beamforming scenario with one RF chain per base
station. Moreover, all mentioned studies either assume that the CSI is known or the system
operates in TDD with perfect channel reciprocity. However, in practice, the channel reci-
procity may not be accurate due to calibration errors, hardware problems, or time-varying
channels [153].

In this letter, we consider a FDD CF-mMIMO system with multiple AcPs, each equipped
with HBF, cooperatively serving multiple users simultaneously. We propose distributed un-
supervised DL-based solutions to perform decentralized HBF cooperatively and we show that
appropriate training of the DNNs allows eliminating all fronthaul signaling overhead during
the online phase. The proposed solutions follow a similar approach as the single-cell method
proposed in [46], which used RSSI feedback to simplify the CSI acquisition. In this letter,
we show how this single-cell method can be adapted to a distributed scenario. Through
simulations based on the deepMIMO ray-tracing model [141], we show that the proposed
solution can achieve near-optimal SE performance with reduced complexity compared to
existing approaches. We also provide an example of the trade-o� between overall computa-
tional complexity and signaling overhead by designing an alternative architecture for which
complexity is further reduced at the cost of increased fronthaul signaling. In addition, we
show that the proposed schemes can also be used to reduce the computational complexity
and signaling overhead in a coordinated FDP system.

The rest of this letter is organized as follows. Section 4.3 gives the system model and
describes the necessary optimization problems. Section 4.4 then presents the proposed DNN
architectures. Numerical results are discussed in Section 4.5, and Section 4.6 concludes this
letter.

4.3 System Description

We consider a CF-mMIMO network, where M APs each equipped with NT antennas com-
municate with a NC through a fronthaul connection while serving simultaneously NU single
antenna users. Each AcP is assumed to have NRF << NT RF chains. The signal received by
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each user is
yu =

X

8m
hH
u;mAmwu;mxu +

X

8m
hH
u;mAm

X

j 6=u
wj;mxj + �u;

where xu is transmit symbol for user index u, hu;m is the channel vector between the uth

user and mth AcP, Am 2 f1;�1; i;�igNT�NRF is the AP selected from the mth codebook
(Am), wu;m 2 CNU�1 is the DP for the uth user, and �u is the zero-mean Gaussian noise with
variance �2. The SINR for the uth user is given by

SINRu(A;W) =

���
P
8m hH

u;mAmwu;m

���
2

���
P
8m hH

u;mAm
P
j 6=u wj;m

���
2

+ �2
; (4.1)

where the global AP is de�ned as the block diagonal matrix A = diag(A1; :::;AM) since M
separate APs are deployed, and the global DP is de�ned as W = [W1; � � � ;WM ]T. The SE
of the system is therefore RHBF(A;W) =

P
8u log2(1+SINRu(A;W)) . We focus on cell-free

hybrid beamforming (CF-HBF) design to maximize the SE corresponding to the following
optimization problem:

max
fA;Wg

RHBF(A;W) =
X

8u
log2(1 + SINRu(A;W)) (4.2a)

s.t.
X

8m
wH
u;mAH

mAmwu;m � Pmax; (4.2b)

Am 2 Am 8m; (4.2c)

where Pmax stands for the total maximum transmission power in the CF-mMIMO network.
In this paper, without loss of generality, we consider Pmax = 1.

4.3.1 Baseline CF-mMIMO Beamforming With Perfect CSI

According to (4.1), a fully connected CF-HBF can be seen as a single mMIMO cell equipped
with M � NT antenna and M � NRF RF chains. Therefore, the general approach is to �rst
jointly design the FDP for all AcP. Then, the AP and DP are designed independently for
each of the M AcPs using

minimize
Am




Um �AmWm





2

s.t. (4.2b), (4.2c); (4.3)

where U = [U1; :::;UM ] is the global FDP matrix, Um = [u1;m; :::;uNU;m]T is the FDP for
AcP index m and uu;m 2 CNT�1 is the FDP vector in the mth AcP for user index u. To
obtain the FDP solution we de�ne the optimization problem over all AcPs as,
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max
fUg

X

8u
RFDP(U) (4.4a)

s. t.
X

8u
UHU � Pmax; (4.4b)

where RFDP(U) =
P
8u log2(1 + SINRu(U)) and

SINRu(U) =

���
P
8m hH

u;muu;m
���
2

���
P
8m hH

u;m
P
j 6=u uj;m

���
2

+ �2
: (4.5)

We employed a method described in [52], which was demonstrated in [46]. Using the PE-
AltMin solution presented in [64], the optimization problem in (4.3) can be solved. As
a baseline for evaluating DNN-based systems, we consider this solution (PE-AltMin + O-
FDP). However, this near-optimal method is di�cult to implement in real-time systems due
to its heavy computational complexity. Furthermore, it depends on having the full CSI and
it is a centralized method, where the HBF vectors are computed in the NC and then sent to
each AcP, thus requiring high capacity fronthaul links.

4.3.2 Beam Training

Beam training is required for IA and to obtain CSI between the AcPs and the users. CSI
acquisition is a challenging task for FDD mMIMO. Therefore, we use a beam training
method that relies on RSSI feedback instead of explicit CSI [140]. Our proposed beam
training for CF-mMIMO follows a similar approach as in the single-cell case. However,
in the CF-mMIMO, each AcP takes a turn sending its SSB, and each user measures the
RSSIs from each AcP. Each burst k 2 f1; 2; :::; Kg uses a di�erent analog-only beamforming
a(k)

SS;m 2 f1;�1; i;�igNT�1. Alternatively, the SSB of each AcP can be transmitted in parallel
by all APs, during the same time slots. Our experiments indicate that this requires K �M
RSSI values to achieve similar SE performance, and therefore the spectral e�ciency remains
identical. For simplicity, we consider the �rst approach where each AcP transmits its SSB
sequentially. The SSBs are designed for each AcP individually using the method proposed
in [46]. The SSB a(k)

SS;m sent by the mth AcP in the downlink channel is received by all
users. Therefore, the received signal at the uth user for the kth burst from the mth AcP is
r(k)
u;m = hH

u;ma(k)
SS;m + �(k)

u . In the next step, the RSSI values �(k)
u;m are measured by the uth user

for the kth SSB burst as �(k)
u;m =

���r(k)
u;m

���
2

+ �2: Then, each user sends a set of measured RSSIs
(�u;m = [�(1)

u;m; :::; �(K)
u;m]) through a dedicated error-free feedback channel to the corresponding
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AcP. Therefore each user sends back K RSSI values, and the RSSIs received by mth AcP is
�m = [�1;m; :::; �Nu;m]T. These RSSIs are then provided as input to the DNNs that design
the precoding, as described in Section 4.4.

4.3.3 Codebook Design for Hybrid Beamforming

The number of possible AP phase combinations grows exponentially with the number of
antennas and RF chains. However, for a given channel environment, only a subset of these
combinations are useful, and we can thus seek to design an optimized codebook of AP phases.
A 3-step codebook design is proposed in [46]. In this letter, we used the PE-AltMin algorithm
proposed in [64]. Then, the codebook size is iteratively reduced by discarding the less-used
AP solutions. Here, we use a similar method to design the codebook Am for each AcP
individually. Thus, the codebook size for each AcP may di�er due to its location and channel
environment. Note that the codebooks are designed only once in the o�ine phase.

4.4 Distributed DNNs for Cell-Free Beamforming

We propose two possible architectures for DNN-based cell-free beamforming in Fig.4.1, each
achieving a di�erent trade-o� between computational complexity and signaling overhead. In
the �rst architecture, fully decentralized beamforming, the trained DNN is fully distributed
and the NC does not participate in beamforming design. In the second architecture, partially
decentralized beamforming, only the last two layers of the DNN are distributed at each AcP,
and the NC remains involved in the online phase for beamforming design.

4.4.1 Fully Decentralized Beamforming

The proposed fully distributed architecture, called �FullDeC-HBF� for HBF or �FullDeC-
FDP� for FDP, is shown in Fig 4.1-(a). The main idea is to completely transfer the signaling
exchange of the beamforming from the online phase to the o�ine phase. To do so, the
architecture is composed of M parallel local-DNNs, each taking as input only the RSSIs �m
associated with the mth AP, which have been obtained using the beam training described in
Section 4.3.2. These networks are trained jointly, but during the online mode, each AcP uses
only its trained local-DNN, and designs its beamforming vector locally, which eliminates the
fronthaul signaling overhead.

In FullDeC-HBF, a multi-tasking DNN is considered, which jointly performs the regression
and classi�cation task to respectively design the DP and the AP. Each local-DNN consists
of 2 CLs with 32 channels and 3� 3 kernels, followed by 2 FLs with 512 neurons connected
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Figure 4.1: a) Fully distributed DNN �FullDeC-HBF� or �FullDeC-FDP�, b) Partially
distributed DNN �PartDeC-HBF� or �PartDeC-FDP�

to the output layer. Since we use real-valued DNNs, the output layer for the regression
task has size 2�NRF �NU for each local-DNN. All non-output layers use the �LeakyReLU�
activation function and for the output layer of the classi�er, the �Softmax� is used to assign a
probability to each codeword in the codebook. Hence, we de�ne pm = [p1;m; :::; pl;m; :::; pLm;m]
as the output of each classi�er, where pl;m corresponds to the probability of the lth codeword
in the codebook of the mth AcP and Lm = jAmj is the size of mth codebook. The size of the
classi�er in each local-DNN corresponds to the length of the local codebook. For the FDP
case, the architecture of FullDeC-FDP is the same as FullDeC-HBF, except for the output
layer which only consists of a regression task since there is no AB.

Since we designM parallel local-DNNs, the complexity scales linearly in terms of the number
of AcPs. To address this concern, we propose another architecture in the following based on
the auto-encoder concept, enabling lower computational complexity than fully decentralized
beamforming.

4.4.2 Partially Decentralized Beamforming

The second architecture, called �PartDeC-HBF� for HBF or �PartDeC-FDP� for FDP, is
shown in Fig 4.1-(b). Here, we designed the DNN partially distributed with a combination
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of shared and unshared layers in the o�ine phase. The �rst idea behind this architecture is
to use some shared layers to reduce the total computational complexity both in the o�ine
phase and the online phase. To do so, we used 2 shared CLs with 32 channels, one FL with
1024 neurons followed by M parallel groups of unshared layers. Each group consists of 2
FLs with 200 and 1024 neurons. The second idea is to use the last shared layer and a �rst
unshared layer to form an auto-encoder to reduce the signaling overhead. The activation
functions are the same as in the fully decentralized case. For the FDP case, PartDeC-FDP
is derived from PartDeC-HBF by keeping only the regression task in the output layer.

4.4.3 Training Mode (O�ine Phase)

As shown in Fig4.1-(a), all local-DNNs in FullDeC-HBF or FullDeC-FDP are trained jointly,
for instance inside the NC, and all of them are fed with quantized RSSIs obtained from users,
as described in Section 4.3. Since we aim to train the DNN with unsupervised learning, we
propose the following loss function to train the DNNs for HBF:

LHBF = �
L1X

l1=1
:::

LMX

lM =1

0

@RHBF( �Al1;:::;lM ; �W)
MY

m=1
plm;m

1

A; (4.6)

where �W is the DP output of the DNN, �Al1;:::;lM = diag( �Al1 ; :::; �AlM ), and �Alm is the AB
corresponding to the lthm codeword. Thus, the loss function is de�ned by the expected SE
of the system for the given codeword combinations for all local DNNs. Likewise, we de�ne
LFDP = �RFDP( �U) for the FDP where �U is the output of the DNN in FullDeC-FDP. The
CSI is assumed to be known only during DNN training. In practice, CSI could be acquired
once during an initial measurement campaign by the APs.

Moreover, batch normalization and dropout are used during training. Finally, to satisfy
P
8m jj �Alm �wmjj2 = 1, we further normalize �wm using the approach proposed in [82] for power

allocation. The o�ine phase for PartDeC-HBF or PartDeC-FDP shown in Fig 4.1-(b) follows
the same procedures.

4.4.4 Testing Mode (Online Phase)

In the evaluation phase, each AcP is assumed to have a local copy of a portion of the
DNN (green boxes in Fig. 4.1). In the case of the fully distributed systems (FullDeC-HBF or
FullDeC-FDP), the local DNNs are fully independent, and each AcP is able to directly design
the precoding as soon as it receives its quantized RSSI feedback. In the case of the partially
distributed systems (PartDeC-HBF or PartDeC-FDP), the local DNNs receive inputs from
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Table 4.1 Comparison of Beamforming Type, Signaling Exchange, and Complexity
(NT = 64, NRF = 8, NU = 4, K = 16, M = 4)

Beamforming # RF chains Signaling Exchange # multiplications SE Architecture
Technique Type (per AP) AcPs ! NC NC ! AcPs (�106) (bit/s/Hz) Type

O-FDP [52] FDP (Perfect CSI) NT 2MNTNU 2MNTNU 358.2 24.6 (100%) Centralized
ZF [82] FDP (Perfect CSI) NT 2MNTNU 2MNTNU 24.4 24.4 (99%) Centralized
FullDeC-FDP FDP (RSSI-based) NT 0 0 2.9 23.3 (95%) Decentralized
PartDeC-FDP FDP (RSSI-based) NT KMNU 200M 1.3 23.2 (94%) Centralized
CB [82] FDP (Perfect CSI) NT 0 0 0 13.1 (52%) Decentralized

PE-AltMin [64] + O-FDP HBF (Perfect CSI) NRF 2MNTNU 2MNRF(NT +NU) 369:2 20.2 (100%) Centralized
PE-AltMin [64] + ZF [82] HBF (Perfect CSI) NRF 2MNTNU 2MNRF(NT +NU) 26:2 19.7 (97%) Centralized
FullDeC-HBF HBF (RSSI-based) NRF 0 0 2.7 19.5 (96%) Decentralized
PartDeC-HBF HBF (RSSI-based) NRF KMNU 200M 1.1 19.4 (96%) Centralized
(Hyper-parameters: Mini-batch size = 1000, Initial lr = 0:001, Weight decay = 10�6, Dropout = :05, Zero padding = 1, BatchNorm � = 10�5)

the shared DNN layers (yellow box) in the NC. Consequently, the quantized RSSI input is
�rst processed by the NC, and then the real-valued outputs of the shared DNN are sent from
the NC to the APs, which then evaluate the last layers to output the precoding. Note that,
although the NC is engaged in the online mode, the signaling overhead is nonetheless reduced
compared to a conventional method since the last layer in the NC and the �rst layer in each
AcP is sized to form an auto-encoder.

4.5 Simulation Results

In this section, the performance of the four proposed architectures (two for HBF and two
for FDP), implemented using the PyTorch DL framework, are evaluated numerically.
The deepMIMO channel model [141] is employed to generate the dataset, with parame-
ters active_BS = f3 : 10g, active_user_first = 1100 and active_user_last = 2200.
The training dataset consists of only RSSIs and CSI, which could be obtained in practice
through an initial measurement campaign. There areM AcPs (M 2 f2; 4; 8g), each equipped
with NT = 64 antennas and NRF = 8 RF chains with 2-bit phase shifters serving NU = 4
users located randomly. The number of SSBs is K = 16, and the RSSI feedback values are
quantized on 8 bits. The size of the DNN dataset is set to 106 samples, with 85% of the
samples used for the training set and the remaining ones used to evaluate the performance
as the test set. The mini-batch size, learning rate, and weight decay are set to 1000, 0:001,
and 10�6, respectively. Due to the lack of space, the DNN training and testing curves are
not shown. However, no over�tting or under�tting was observed, and the training procedure
converged after approximately 120 epochs.

Table 4.1 compares the amount of signaling exchange, the computational complexity, and the
SE performance of the proposed methods with existing approaches for �2 = �130 dBW. The
top and bottom rows of Table 4.1 respectively present results for FDP and HBF techniques.



77

Counting the number of transferred real matrix coe�cients between the AcPs and NC reveals
the amount of signal exchange. For the computational complexity, we consider the number
of real multiplications (RM) for each matrix multiplication and inversion involved in the
algorithms. We assume that one complex multiplication (CM) corresponds to 4 RMs. General
expressions for the number of RMs required by O-FDP and by each DNN layer can be found
in [46]. In order to fairly compare the complexity of the alternative solutions, the DNNs are
sized such that the �Full� and �Part� DNNs achieve approximately the same SE.

As a near-optimal baseline for HBF, we adapted PE-AltMin [64] for the case of 2-bit phase
shifters. For FDP, we compare with ZF and CB. Since the PE-AltMin method is based on
knowing the FDP matrix, Table 4.1 considers both a high complexity near-optimal approach
(O-FDP) and a low complexity approach (ZF). The average number of iterations for PE-
AltMin to converge is ‘ = 18. Therefore, considering that the singular-value decomposition
of an m� n matrix requires 4m2n+ 22n3 RMs [154], the number of RMs for PE-AltMin can
be expressed as ‘M(8NRFNU(NT +NU) + 22N3

RF).

When compared to the PE-AltMin + ZF technique, PartDeC-HBF has a slight SE loss of
1%, but requires 80% less signaling exchange (uplink + downlink), and is 24� less complex.
Moreover, perfect CSI is used for all reference approaches, whereas the proposed DNNs only
rely on RSSI measurements as described in Section 4.3. On the other hand, FullDeC-HBF
also has a SE loss of 1%, but requires no signaling exchange while being almost 10� less
complex. In comparison to the PE-AltMin + O-FDP, FullDeC-HBF and PartDeC-HBF are
respectively 136� and 335� less complex at the cost of a 4% SE reduction compared to
PE-AltMin + O-FDP. Therefore, proposed DNNs provide near-optimal HBF solutions with
signi�cantly less complexity and signaling exchange than traditional methods. As expected,
for FDP, O-FDP and ZF provide the best SE in a high SNR regime. The complexity of
ZF is given by 4M2N2

T(2NU + MNT=3). However, FullDeC-FDP and PartDeC-FDP have
almost 8� and 18� lower computational complexity than ZF, respectively, at the cost of 4%
SE loss. For PartDeC-FDP, the signaling exchange between AcPs and the NC is reduced by
60% when compared to the ZF solution, while there is no signaling exchange for FullDeC-
FDP. CB is the less complex of all techniques and requires no signaling overhead. However,
both proposed DNN-based FDP solutions outperform CB by 77%. It is worth noting that
FDP requires one RF chain per antenna and is thus less energy e�cient compared to HBF
techniques. We can note also that the amount K of feedback can be reduced at a moderate
cost in SE. For instance, compared to K = 16, K = 8 and K = 4 achieve 86% and 64%
of the SE, respectively, for all the proposed methods and under the same conditions as in
Table 4.1.
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Figure 4.3: CDFs of the per-user spectral e�ciency (�2 = �130 dBW, M = 4, NT = 64)
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In Fig. 4.2, we evaluated the SE of the proposed solutions for FDP and HBF, where in
Fig. 4.2 (a) we compared the FDP solution with O-FDP [52], ZF and CB [82], and in
Fig. 4.2 (b), the proposed HBF solution is compared with the near-optimal PE-AltMin solu-
tion [64]. We consider di�erent noise power values �2 ranging from �110 dBW to �130 dBW.
When considering the channel attenuation, the average SNRs are between 3:1 dB and 23:1 dB.
It shows that the proposed HBF and FDP solutions provide near-optimal SE performance
with a decentralized architecture over this noise power range. Among FDP solutions, CB has
poor performance in the high SNR regime because user interference is more dominant. On
the other hand, ZF has poor performance when the number of AcPs is low. Fig. 4.3 shows the
cumulative distribution function (CDF) of the per-user rates. It is shown that the proposed
DNNs focus on maximizing the average SE and neglect users with worse channels. This is
expected since no notion of fairness has been included in the loss function used to train the
DNNs. Finally, we evaluate in Fig. 4.4 the proposed solutions for di�erent numbers of users.
It can be seen that the performance remains comparable to the near-optimal schemes. Since
the number of RF chains (NRF = 8) is �xed, the performance gap between HBF and FDP
increases with the number of users.

4.6 Conclusion

CF-mMIMO is a promising technique to increase the throughput and improve the coverage,
but conventional approaches for designing the precoder are complex and require a signi�cant
communication overhead, both in the case of FDP and HBF architectures. In this paper, we
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proposed two RSSI-based DNNs with distributed architectures to design a coordinated FDP
or HBF precoder. The experiments on a ray-tracing channel model show that the proposed
DNNs can achieve near-optimal performance for both FDP and HBF systems, while signi�-
cantly reducing the computational complexity and the signaling overhead. Furthermore, the
signaling overhead can be completely eliminated at the cost of increased complexity.
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CHAPTER 5 ARTICLE 3: LEARNING ENERGY-EFFICIENT
TRANSMITTER CONFIGURATIONS FOR MASSIVE MIMO

BEAMFORMING

This chapter is a reproduction of an article submitted to IEEE Transactions on Machine
Learning in Communications and Networking on 11 August 2023.

- H. Hojatian, Z.Mlika, J. Nadal, J. -F. Frigon and F. Leduc-Primeau, �Learning Energy-
E�cient Transmitter Con�gurations for Massive MIMO Beamforming,� in IEEE Trans-
actions on Machine Learning in Communications and Networking, submitted, Aug.
2023.

5.1 Abstract

Hybrid beamforming (HBF) and antenna selection are promising techniques for improving
the energy e�ciency (EE) of massive multiple-input multiple-output (mMIMO) systems.
However, the transmitter architecture may contain several parameters that need to be opti-
mized, such as the power allocated to the antennas and the connections between the antennas
and the radio frequency chains. Therefore, �nding the optimal transmitter architecture re-
quires solving a non-convex mixed integer problem in a large search space. In this paper, we
consider the problem of maximizing the EE of fully digital precoder (FDP) and hybrid beam-
forming (HBF) transmitters. First, we propose an energy model for di�erent beamforming
structures. Then, based on the proposed energy model, we develop an unsupervised deep
learning method to maximize the EE by designing the transmitter con�guration for FDP and
HBF. The proposed deep neural networks can provide di�erent trade-o�s between spectral
e�ciency and energy consumption while adapting to di�erent numbers of active users. Fi-
nally, to ensure that the proposed method can be implemented in practice, we investigate the
ability of the model to be trained exclusively using imperfect channel state information (CSI),
both for the input to the deep learning model and for the calculation of the loss function.
Simulation results show that the proposed solutions can outperform conventional methods in
terms of EE while being trained with imperfect CSI. Furthermore, we show that the proposed
solutions are less complex and more robust to noise than conventional methods.
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5.2 Introduction

Wireless communication has been revolutionized by mMIMO technologies, which are already
one of the key enabling technologies in the �fth-generation (5G) of wireless networks thanks
to their potential to increase the transmission capacity through the deployment of large-scale
antenna arrays at the transmitter or receiver side [4]. As a result, mmWave communications
can be used at longer ranges, thus greatly increasing the bandwidth available to wireless
networks [17].

The conventional implementation of MIMO systems utilizes a dedicated RF chain for each
antenna element. Even though this approach is appropriate for common small-scale MIMO
systems, it is inadvisable for mMIMO systems equipped with a large number of antenna
elements due to the high production costs and power consumption associated with the RF
circuitry. Therefore, even though mMIMO is an important technology for future generations
of wireless networks, it still faces many technical challenges to improve its EE and, to date,
it remains a subject of ongoing research [155]. In light of this, HBF and antenna selection
are proposed as an e�ective way to facilitate the implementation and to improve the EE of
mMIMO systems [6]. Indeed HBF reduces the number of RF chains and DACs, helping to
improve EE. Accordingly, for better EE, HBF techniques are being examined for 5G cellular
networks in the mmWave frequency bands, and will likely also be found in sixth-generation
(6G) networks [8].

Di�erent HBF structures have been proposed to achieve di�erent trade-o�s between cost, en-
ergy consumption, and SE, which can be grouped into three general categories, FC-HBF [133],
FSA-HBF [156], and DSA-HBF [65]. Each category has its advantages and limitations.
FC-HBF o�ers �exibility but has higher implementation complexity. FSA-HBF balances SE
and complexity. Finally, DSA-HBF provides adaptability but with additional design com-
plexities. To con�gure a HBF structure, one of the most prominent techniques consists in
minimizing the Euclidean distance between the desired FDP and its hybrid counterpart [64].
However, this technique requires designing the FDP, which is computationally complex and
not necessarily energy-e�cient. Furthermore, the number of possible HBF structures is ex-
tremely large, making it complicated to �nd an optimal HBF structure. Therefore, the
question that arises is how to e�ciently design the best HBF structure in terms of energy
consumption and SE. Towards answering this question, our �rst step consists of proposing an
accurate energy model that �nds the power consumption of each component in di�erent beam-
forming structures. Our second step involves applying machine learning-based approaches to
design the beamforming structure instead of using complex optimization-based ones.
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Thanks to the enormous success of DL, in a wide variety of engineering �elds, DNNs have
received signi�cant attention in recent years and have been widely applied to wireless commu-
nication systems [36,86]. Despite the fact that training DNNs to solve wireless communication
problems can be computationally intensive, it can take place o�ine and only the trained DNN
model will be used to make online decisions, thus reducing the overall complexity. Di�erent
studies used DNNs to address complex problems within the physical layer [9]. In supervised
learning approaches, the time spent during the data labeling procedure is not negligible. In
addition, this procedure must be performed each time a new dataset is used for training. In
reinforcement learning (RL) approaches, an agent collects online data as it interacts with its
environment in a trial-and-error manner. In mMIMO systems, since the HBF action space
is large, the convergence of the RL model requires a large number of experiments. As a
consequence, unsupervised learning demonstrates superiority over supervised learning and
reinforcement learning in terms of its ability to autonomously extract meaningful patterns
and insights from large datasets without relying on explicit labels or large training overhead.

To summarize, in this study, we aim to optimize the EE of mmWave mMIMO systems by
designing HBF structures and FDP using DL-based techniques. The problem consists of
jointly designing the transmitter con�guration and beamforming weights that maximize the
EE. To accomplish this, we �rst propose an accurate energy model that takes into account
the power consumption of the di�erent components of the mMIMO system. Second, we
propose an unsupervised deep learning approach that incorporates two key components to
design an energy-e�cient beamforming structure: (i) a novel loss function that considers
di�erent trade-o�s between SE, energy consumption, and active users, and (ii) imperfect CSI
during both the training and inference phases.

5.2.1 Related Works

In [157], the authors compared the EE of six di�erent PS-based and switch-based HBF
structures. However, given the hardware available today, the energy model in [157] overstates
the power consumption of PSs, which makes the conclusion unfair to PS-based approaches.
Many studies are proposed in the context of DL-aided HBF design and antenna selection
algorithms [46, 47, 99, 103, 104, 108�110, 112, 118, 140, 158, 159]. In particular, a RSSI-based
FC-HBF design implemented with supervised learning is proposed in [140]. The authors
of [104] suggested a supervised learning approach for FC-HBF design under perfect CSI.
Another form of supervised learning is also proposed for the FSA-HBF design with perfect
CSI in [109]. The authors of [118] proposed a reinforcement learning (RL) approach to design
the HBF. However, they assumed that the CSI is known perfectly, and due to the continuous
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action space, their method relies on deep deterministic policy gradient (DDPG), which is
computationally complex [123]. In the context of unsupervised learning for the FC-HBF
design, the authors in [46, 47] presented a novel HBF design employing imperfect CSI for
single BS and cell-free mMIMO (CF-mMIMO), respectively. However, their approaches are
only for FC-HBF. In [110], the authors proposed an unsupervised learning approach for
HBF and antenna selection using a di�erentiable activation function for 1-bit PSs. However,
the main objective is to maximize the SE of the mMIMO system, and the authors neither
optimized the EE nor considered an accurate energy model. In [99, 103, 108], the authors
proposed a joint antenna selection and precoding design with an iterative algorithm and
a DL solution to maximize the SE of multi-user multiple-antenna downlink systems. The
proposed ML approach assumes perfect CSI for the training data, does not optimize the EE,
and requires a complex iterative algorithm to generate the training samples. In [158, 159],
the authors proposed a supervised learning approach to solve the antenna selection problem.
However, the proposed method only applies to FDP.

5.2.2 Contributions

In this paper, we consider both FDP and HBF transmitters and develop new unsupervised
deep learning solutions that jointly design beamforming and antenna selection while taking
into account the power consumption and insertion loss (IL) of all components. For FDP, the
proposed solution designs the FDP vectors along with the antenna selection solution, while
for HBF, thanks to a multi-tasking DNN, the proposed solution directly provides the AP
and DP with the power allocation among the antennas. A preliminary version of this work
was published in [160], where we only considered maximizing the SE by designing the HBF
for �xed and dynamic HBF structures.

In summary, the contributions of this work are as follows:

� We propose an accurate energy model for the FDP and HBF structures while consid-
ering the latest state-of-the-art hardware solutions.

� We propose an unsupervised deep learning solution robust against imperfect CSI to �nd
the optimal energy-e�cient antenna selection for FDP and transmit power allocation for
HBF considering the proposed accurate energy model. Due to the binary constraints
of beamforming connections, our unsupervised deep learning approach makes use of
the Gumbel-Sigmoid technique inspired by Gumbel-Softmax. The Gumbel-Sigmoid
technique is designed such that it considers the constraints of all components involved
in the beamforming connections.
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� We design an unsupervised loss function that takes into account the SE, the energy
consumption (EC) as well as the number of active users. Thanks to this loss function,
the proposed solution is �exible and can intelligently adjust the power consumption
according to the number of active users and can provide an optimal trade-o� between
SE and EC.

� We train the proposed unsupervised deep learning solution using imperfect CSI for both
the DNN input and the loss function computation. We also investigate the noise toler-
ance of our approach by showing that imperfect inputs can be bene�cial and improve
the EE of the mMIMO system.

� The proposed solutions are evaluated in a realistic ray-tracing channel model generated
using a three-dimensional model of an urban environment to capture the geometry-
based characteristics of the channel. The simulation results show that the proposed
solution outperforms conventional solutions in terms of EE with lower computational
complexity, and can be adapted to achieve di�erent trade-o�s between SE and EC.

5.2.3 Paper Organization and Notation

The rest of the paper is organized as follows: In Section 5.3, we present the system setup
followed by the baseline solutions and the channel model. The proposed energy model for the
di�erent beamforming structures is provided in Section 5.4. Section 5.5 presents the proposed
energy-e�cient unsupervised learning solutions for HBF and FDP, including a discussion of
the DNN structure, the training phase, and the online phase. In Section 5.6, we evaluate the
performance of the proposed algorithms by comparing them with state-of-the-art solutions
using a realistic ray-tracing channel model. Finally, Section 5.7 concludes the paper.

Matrices, vectors, and scalars are denoted by boldface uppercase, boldface lowercase, and
normal letters, respectively. The notations (�)H, (�)T, (�)y, j � j, k � kF , k � k2, <[�], =[�],
In, 
 denote Hermitian transpose, transpose, Moore-Penrose pseudoinverse, absolute value,
Frobenius norm, ‘2-norm, real part, imaginary part, the n� n identity matrix, and element-
wise product, respectively.

5.3 System Model and Baselines

Let us assume a TDD multi-user mMIMO system where channel reciprocity is available such
that the uplink channel estimate can be used for the downlink transmission. The mMIMO
system consists of a single BS in a single-cell equipped with NT antennas and NRF RF chains
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Figure 5.1: Massive MIMO system model structure with one transmitter BS employing
HBF to serve a set of users

serving NU single antenna users simultaneously as shown in Figure 5.1. The DP is performed
in the baseband and then the output signal goes through the RF chains. Each RF chain
is composed of a DAC, a low pass �lter (LPF), a local oscillator (LO) and a mixer, and is
connected to the NT antennas. The resolution for all DACs and PSs are �xed respectively to
bD and q. The RF chains are connected to the antennas through PSs. The network of these
connections and PSs, known as AP, can be tuned based on di�erent HBF structures.

5.3.1 Conventional Beamforming Structures

We �rst review the three conventional beamforming structures followed by their non-DL
design methods, which are used as baselines for our proposed solutions. Connections between
the RF chains and the antennas are represented by a binary matrix 
. For HBF, 
 = 
HB 2
f0; 1gNT�NRF , and [
HB]n;m = 1 if antenna n is connected to RF chain m. For FDP, 
 = 
FD

is an NT � NT diagonal binary matrix, with 
FD = diag(!), where ! = [!1; : : : ; !NT ] and
!n = 1 if antenna n is activated.

Fully Digital Precoder (FDP)

In FDP, each antenna is connected to an RF chain through the circuit of DAC, LPF, LO,
and a mixer. The signal received by each user can be written as

yu = hH
u

NUX

u=1
uuxu + �; (5.1)
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where hu 2 CNT�1 stands for the channel vector from the NT antennas of the BS to the
user index u, x = [x1; : : : ; xu; : : : ; xNU ] is the matrix of transmitted symbols for all users,
normalized to E[xxH] = 1

NU
INU , � is the AWGN with mean 0 and variance �2, and uu denotes

the precoder vector for the uth user. The SE of the O-FDP, Uopt = [u1; : : : ;uu; : : : ;uNU ] for
single-antenna users is obtained by solving the following problem:

max
fUoptg

RFDP(Uopt) (5.2a)

s. t.
NUX

u=1
uH
uuu � PTX ; (5.2b)

where RFDP(Uopt) =
PNU
u=1 log2(1 + SINR(uu)) , the SINR of the uth user is given by

SINR(uu) =

���hH
uuu

���
2

NUP

j=1
j 6=u

���hH
uuj

���
2

+ �2
; (5.3)

and PTX is the normalized total transmit power constraint. The baseline results presented in
this paper are obtained by solving (5.2) based on [161]. We refer to this approach as optimal
FDP (O-FDP). For a given connection matrix 
FD, the FDP is given by U = 
FD �Uopt.

Fully Connected Hybrid Beamforming (FC-HBF)

In all HBF structures, we assume NRF << NT. Regardless of the chosen HBF structure, the
signal received by each user can be written as

yu = hH
uA

NUX

u=1
wuxu + � : (5.4)

The HBF vectors consist of a DP, W = [w1; : : : ;wu; : : : ;wNU ] 2 CNRF�NU , and an AP,
A 2 CNT�NRF . Since the AP is a combination of the PSs and combiners and it depends on
HBF structure and connection between the antennas and RF chains, we de�ne it as follows:

A = Pq 

HB; (5.5)

where Pq 2 CNT�NRF is the coe�cient of the q bits PS connecting the nth antenna and mth

RF chain, where [Pq]n;m 2 fej2�k=2q : k 2 f1; : : : ; 2qgg. Therefore, the SE for a given HBF
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Figure 5.2: Example of connection matrices (
HB) of some conventional HBF structures.
Each green square indicates a connection. Top: FC-HBF. Middle: FSA-HBF. Bottom: DSA-
HBF

(A;W) is given by

RHBF(A;W) =
NUX

u=1
log2

�
1 + SINR(A;wu)

�
; (5.6)

and the SINR of the uth user can be expressed as

SINR(A;wu) =

���hH
uAwu

���
2

NUP

j=1
j 6=u

���hH
uAwj

���
2

+ �2
: (5.7)

In FC-HBF, we set 
HB = 
FC, and all RF chains are connected to all antennas through
PSs, combiners, and power ampli�er (PA) as shown in Figure 5.2 (top), where the green
boxes show the connections. This structure thereby enables maximum design �exibility and
therefore requires a large number of PSs and combiners, which increase the implementation
cost and energy consumption. The AP of the FC-HBF can be expressed according to (5.5)
with

[
HB]n;m = 1 8n;m ; (5.8)

[Pq]n;m 2 fej2�k=2q
: k 2 f1; : : : ; 2qgg 8n;m : (5.9)
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Since all the antennas are connected to all the RF chains through a PS with q-bit quantization,
the feasible analog precoder for nth antenna and mth RF chain is [A]n;m 2 fej2�k=2q : k 2
f1; : : : ; 2qgg. Conventional HBF solutions either rely on codebook-based solutions to limit the
number of feasible solutions [127] or, more rarely, use real-valued PSs [64]. The conventional
approach consists of �rst designing the O-FDP matrix in (5.2). Then, the AP and DP are
designed in such a way that the resulting precoders approximate Uopt as follows:

minimize
A;W




Uopt �AW





2

F
(5.10a)

s. t. (5.5); (5.8); (5.9); kAWk2
F = NU: (5.10b)

We obtain the FC-HBF solution of (5.10) using �PE-AltMin� and �MO-AltMin� proposed
in [64].

Subarray Hybrid Beamforming

Each antenna in a subarray structure is connected to only one RF chain through a PS. Conse-
quently, the total number of PSs is reduced to NT, instead of NT�NRF in the FC-HBF. In the
subarray HBF structure, we consider two types of connection: (i) a structure equipped with
�xed connections, known as �xed subarray HBF (FSA-HBF), or (ii) a structure equipped with
dynamic connections, known as dynamic subarray HBF (DSA-HBF). Examples of possible
connection matrices for each case are shown in Figure 5.2. The DSA-HBF structure enables
the antennas and the RF chains to be dynamically switched at each time interval in response
to changing conditions. It was shown that such a dynamic structure signi�cantly enhances
the SE of the system by providing more degrees of freedom in the HBF design compared
to a FSA-HBF structure, and reduces the power consumption compared to the FC-HBF
structure [65]. Therefore, based on the general de�nition of the AP (A = Pq 
 
HB), the
constraint on matrix 
HB for subarray HBF is given by

NRFX

m=1
[
HB]n;m = 1 8 n : (5.11)

To �nd the precoder matrices for FSA-HBF, the general approach described in (5.10) for
FC-HBF can be used. For the DSA-HBF, the connection pattern (
HB) between the RF
chains and the antennas is dynamic and needs to be optimized, resulting in a large design
space.
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5.3.2 Problem De�nition

The main objective of this paper is to maximize the EE of the mMIMO system by selecting
the antennas and designing the BF structure. For the FDP case, the problem consists of
�nding the precoder matrix U and antenna selection 
FD = diag(!) that maximize the EE,
while achieving a desired minimum average SE denoted as Rd. More formally, we seek to
solve the following optimization problem:

maximize
U;
FD

RFDP(U�
FD)=PFDP (5.12a)

s. t.
NUX

u=1
uH
uuu � PTX ; (5.12b)

[
FD]n;n 2 f0; 1g; 8n; (5.12c)

RFDP(U�
FD) � NURd; (5.12d)

where PFDP is the total power consumed by the BF components.

Similarly, the HBF design consists in �nding the precoder matrices W and A and the power
allocation that maximizes the EE. Therefore, we have the following optimization problem:

maximize
A;W

RHBF(A;W)=PHBF; (5.13a)

s.t.
NUX

u=1
wH
uAHAwu � PTX ; (5.13b)

A = Pq 

HB; (5.13c)

[
HB]n;m 2 f0; 1g; 8n;m; (5.13d)

RHBF(A;W) � NURd; (5.13e)

where PHBF is the total power consumed by the HBF transmitter, and again Rd is the
minimum average required SE. The power consumption PFDP and PHBF will be described
in detail in Section 5.4. In this paper, for simplicity, we consider a total power constraint
for the transmitter, where the power transmitted by each antenna is not necessarily equal or
limited to PTX=NT. It should be noted that in HBF turning o� an antenna is not necessarily
corresponding to deactivating an RF chain. On the contrary, since in FDP, each antenna is
connected to one RF chain, and the power consumed by RF chains is noticeable, turning o�
the RF chains leads to the deactivation of the corresponding antennas.
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5.3.3 Channel Model

The experiments presented in this paper are based on the generic deep learning dataset for
mmWave mMIMO systems (known as deepMIMO) [141], which provides a channel vector h
of length NT for each user position on a quantized grid. An NT �NU channel matrix entries
in the dataset are obtained by concatenating the NU channel vectors randomly selected from
the available user positions of the considered area.

Since we consider TDD communication with channel reciprocity, the estimated CSI in the
uplink can be employed for downlink. However, due to channel estimation errors, the down-
link channel cannot be perfectly estimated. Thus, to model the channel estimation error,
the BS uses the minimum mean square error such that the estimated channel matrix is given
by [44]:

Ĥ =
q

1� �2H + ��; (5.14)

where H = [h1; :::;hNU ]T is the actual channel matrix, the scaling coe�cient � 2 [0; 1]
represents the reliability of the estimate, and � � N (0; �2

e) is an error matrix modeled as a
zero-mean Gaussian noise with variance �2

e . Unlike previous DL-based studies, where perfect
CSI is available during the training of the DNN, in this work, we propose to use the imperfect
CSI (Ĥ) not only as the input to the DNN but also to compute the loss function during the
training phase. In Section 5.6, we further evaluate the impact of the imperfect CSI by varying
the value of � and show that a moderate level of imperfection in CSI can act as a regularizer
for the DNN and slightly improve the SE.

5.4 Energy Model

In this section, we present an energy model for the di�erent FDP and HBF hardware con�g-
urations, considering both the direct energy consumption as well as the energy consumption
resulting from IL of each component.

5.4.1 General Beamforming Structure

We consider a regularity assumption where components of the same type have the same
input/output interface, i.e. their inputs and outputs are connected to the same type and
number of components. This assumption is generally true because it eases the conception of
generic circuits.

To better represent each HBF structure, we suggest a general template form as shown in
Figure 5.3 (a), where a given antenna is connected to a combiner having c 2 f1; : : : ; NRFg
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Figure 5.3: General beamforming structure. (a) Hybrid beamforming structure. (b) Fully
digital precoder structure

inputs. Each input of a combiner is connected to the output of a phase shifter. Then, each
phase shifter is connected to an RF chain through a switch. The number of switches is
 2 f1; : : : ; NRFg. As a result, the analog precoder can be fully characterized by specifying
the tuple ( ; c). For instance, for the three conventional HBF structures that we discussed
previously, we have:

� (NRF; NRF) for the FC-HBF structure. In the FC-HBF structure, all the switches are
connected (i.e.,  = NRF), while the outputs of all the PSs are combined before each
antenna i.e., c = NRF.

� (NRF; 1) for the DSA-HBF structure. In DSA-HBF, only one switch can be connected
at each time interval, therefore c = 1, while there are possible connections for all the
switches, thus  = NRF. It should be noted that such con�guration for switches works
like a multiplexer. Thus, in a practical system, the switches are replaced by a  � 1
multiplexer.

� (1; 1) for the FSA-HBF structure. In FSA-HBF, each antenna is only connected to a
�xed RF chain (i.e., c = 1), while the connection is �xed i.e.,  = 1.

The hardware complexity of di�erent beamforming techniques is compared in Table 5.2.
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Table 5.1 Energy Model Notations and Parameters

Component Notation hci Parameter x
Digital analog convert D # bits bD

Low pass �lter L -
Mixer M -

Local oscillator LO -
Switches (multiplexers) 	 # inputs  

Phase shifters � -
Combiners C -

Power ampli�er PA -

Table 5.2 Hardware Complexity Comparison

Beamforming Hardware components
technique RF chains Antennas PS Combiners Switches

FDP NT NT - - -
FC-HBF NRF NT NRFNT NT -
FSA-HBF NRF NT NT - -
DSA-HBF NRF NT NT - NT

5.4.2 Energy Consumption Analysis

We now describe the energy consumption of each component, and we list the most recent
state-of-the-art hardware solutions. We consider components that are suitable for operating
in the frequency range of 20-40 GHz.

A component of the set fD;L;M;LO;	;�;C;PAg is denoted by o and the correspondence
between a component and its notation is de�ned in Table 5.1. We denote ILo as the insertion
loss of passive component o and when o depends on some parameter x, we use ILo(x). The
average power dissipated by the active component o is denoted as Po, or Po(x) if o depends
on the parameter x. See Table 5.1 for the list of components and their parameters. Note that
the power dissipated by the wires is neglected and when c = 1 there is no need for a combiner
(i.e., ILC(1) = 0 dB). Likewise, the switches can be replaced with wires when  = 1 or  = c,
that is IL	(1) = IL	(c) = 0 dB, since all possible connections are always established.

In our energy model, we consider the possibility of turning o� the RF chains or antennas
to save power. The nth antenna or the mth RF chain is turned o� when the nth row or the
mth column of the matrix 
 is zero, respectively. Therefore, we can de�ne NT(
) = fn :
PNRF
m=1[
]n;m > 0g and NRF(
) = fm :

PNT
n=1[
]n;m > 0g, as the set of activated antennas and
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RF chains, respectively.

RF Front-End

The RF front-end corresponds to the circuitry between the antenna and the DAC. As shown
in Figure 5.3 (b), for the FDP, this consists of low pass �lters (LPFs), mixers, local oscillators
(LOs), switches, and power ampli�ers (PAs). On the other hand, in Figure 5.3 (a), the HBF
requires a network of PSs, splitters, and combiners in addition to the components described
for the FDP. Mixers, combiners, switches, and PSs are assumed to be passive devices that
introduce IL.

For the mixer, based on the recent solution in [162], we consider ILM = 6:4 dB. The IL of
the PS and the combiner plays a key role in designing energy-e�cient HBF, especially for
the FC-HBF, where all the RF chains are connected to all the antennas through PSs and
combiners. In Table 5.3, we list the ILs of PSs from some recent state-of-the-art references.
Based on this table, we choose IL� = 3:7 dB with q = 9:4 bits resolution, and we assume
ILC = 1:8 dB [163]. For DSA-HBF, the switches dynamically change the connections between
the RF chains and the antennas to improve the �exibility of the structure. Since these ILs
are in low power and they do not have a big impact on the �nal power consumption, we
assume IL	( ) = 1:1 dB for the other values of  , by considering single pole single throw
(SPST) switch [164].

Now, denoting by P out
BB the output power of each RF chain, the input power of the PA before

the nth antenna for all structures of the HBF (in mW) can be written as

P in;n
PA;HBF =

P out
BB

ILCIL	( )IL�ILM

X

m2NRF(
)

[
HB]n;m
PNT
n=1[
HB]n;m

; (5.15)

where IL� denotes the IL of PSs and IL values are expressed in a linear scale. In the
FC-HBF, where all the RF chains are connected to the antennas (
HB given in (5.8)), we
have ( ; c) = (NRF; NRF) and IL	( = c) = 1. For DSA-HBF with the structure of ( ,
c) = (NRF; 1) and the connection matrix 
HB in (5.11), due to IL of switches, we have
IL	( ) = 1:1. In FSA-HBF that has a structure ( ; c) = (1; 1), there are neither combiners
nor switches. As a result, IL	(1) = 1, and ILC = 1. Similarly for the FDP, as shown in
Figure 5.3 (b), the input power of the PA on the nth antenna can be obtained as

P in;n
PA;FDP =

P out
BB

ILM
: (5.16)
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Table 5.3 Passive Phase Shifter IL
Comparison

Reference Year Frequency bits IL�
(GHz) q (dB)

[165] 2019 24-28 - 5
[166] 2018 28 - 4
[167] 2018 22-36 3 5.6
[168] 2018 28 9.4 3.7

Finally, the direct current (DC) power drawn by the nth active PA PPA, can be written as

PDC;n
PA;BF =

P n
TX � P

in;n
PA;BF

�
; (5.17)

where � is the power-added e�ciency (PAE) of the linear power ampli�er (LPA), P n
TX is the

transmit power of the nth antenna, and BF should be replaced with HBF or FDP according
to the chosen transmitter type. Based on the recent solution for PA listed in [169�171], we
consider an average PAE of � = 36.

Digital to Analog Converter

DACs are among the components having the largest power consumption in wireless applica-
tions. The power consumed by a DAC (PD) is a linear function of the sampling frequency (fs)
and the �gure of merit (FoMD) of the converter, and grows exponentially with the number
of bits of resolution (bD) as PD = FoMD � fs � 2bD [172]. The sampling frequencies for ultra
wide-band applications are in the range of 0:5-1 GHz. It is shown in [172] that in terms
of required signal-to-quantization noise ratio (SQNR), FDP required 2 bits less than HBF.
Therefore, we assume bD = 4 for FDP and bD = 6 for HBF, respectively. Moreover, based
on [173], we consider FoMD = 54:5 fJ/conv.

Low Pass Filter in TX

The output of the DACs will require analog LPF to reject spectral images and maintain
out-of-band emission limits. For an m0-th order active LPF with cuto� frequency fc, the
FoML is the power consumed per pole per Hertz [174]. The power drawn by LPF is given
by PL = FoML � fc �m0. Based on [174], we assume a �rst order LPF with fc = 500MHz,
and FoML = 1:4 mW/GHz. Furthermore, we de�ne PLO as the power consumed by the mixer
from the LO and we consider PLO = 10 dBm [175].
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Total Energy Consumption

Now, putting it all together, the total power consumed by a given beamforming structure
can be written as follows:

PBF =
���NRF(
)

���(PL + PLO + PD(bD)) +
X

n2NT(
)
PDC;n

PA;BF; (5.18)

where PPA;BF should be replaced with either PPA;HBF or PPA;FDP according to the transmitter
type and 
 2 f
FD;
HBg. In this paper, we focus on passive PS, but we note that active PS
can be easily considered in the model by setting IL� to 1 and adding the power consumption
of all active PSs to (5.18). The energy consumption EBF can then be obtained with EBF =
Ts � PBF, where Ts is the duration of a symbol. When considering a �xed symbol duration,
minimizing the power consumption is equivalent to minimizing the energy. Therefore, we
evaluate the EE as b/s/Hz/W. It is interesting to see that based on (5.15), considering passive
PSs and combiners, the power consumed by di�erent HBF structures is similar since the IL
of the passive components is applied on the low power signals, before the PAs. However,
in terms of hardware complexity and cost, shown in Table 5.2, the subarray HBF is more
e�cient than FC-HBF.

In equations (5.6) and (5.18), we observe that both the SE and the EE are in�uenced by
the matrix 
. This matrix de�nes the connection between the RF chains and the antennas.
Having more connections results in higher SE as it increases beamforming �exibility. How-
ever, each connection corresponds to the use of an RF chain in FDP, and in the case of HBF,
it involves a PS and a combiner, leading to increased costs and energy consumption. This
dependency makes the optimization problem in (5.13) di�cult to solve. Consequently, to ad-
dress this issue, we propose a novel unsupervised learning solution in the following sections.
This approach aims to jointly optimize both SE and EE.

5.5 Energy-E�cient Beamforming Driven By Deep Unsupervised Learning

In this section, we describe the unsupervised learning solution to design the antenna selection
and e�cient HBF as well as FDP. We start by describing the architecture of the proposed
DNN in Section 5.5.1. Then, the proposed method is divided into two phases: the training
phase is described in Section 5.5.2, and the online phase is described in Section 5.5.3.
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Figure 5.4: DNNcore architecture which is identical for both HBF and FDP

5.5.1 Deep Neural Network Architecture

The input and the hidden layers of the proposed DNN architecture are common for both the
FDP and the HBF structures. However, the output layers are di�erent for each BF structure.
We start by describing the architecture of the input and the hidden layers denoted as DNNcore

as shown in Figure 5.4. Then in the following subsections, we describe the architectures of
the output layers of the HBF and the FDP.

The input of the DNN is given by the imperfect channel matrix Ĥ given in (5.14). To improve
the representation learning, we normalize the input to �H = Ĥ=kĤk2

F such that k �Hk2
F = 1.

Then, we separate the real part <f �Hg and the imaginary part =f �Hg of �H into two channels
that are fed to the �rst CL. DNNcore consists of 2 CLs 16@NT �NU where 16 is the number
of channels and NT�NU is the dimension of each channel followed by 1 CL 8@NT�NU. The
kernel size is 3� 3 for all CLs. The CLs are followed by 2 FLs, each with 1024 neurons. The
�Leaky ReLU� activation function and batch normalization are used after all layers except
for the output layers. This DNNcore is then combined with di�erent output layers to form the
HBF model, called e�cient HBF network (E-HBF-Net), and the FDP model, called e�cient
FDP network (E-FDP-Net). The models are relatively small. For example, for NT = 64,
NU = 8, the total number of parameters including the output layers in E-HBF-Net is 5:8M
(with NRF = 8), and 4:9M in E-FDP-Net. A detailed complexity analysis is presented in
Section 5.6.4.

Output Layers for HBF

As shown in Figure 5.5 (a), we divide the output of the last FL into 4 parallel layers. The
�rst and second parallel layers, both of size NRF �NU, generate the real and imaginary part
of the DP. The output of the third parallel layer generates the AP, thus its dimension is
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Figure 5.5: Proposed DNN architecture for (a) Hybrid beamforming, (b) Fully digital
precoder

NRF �NT. The output of AP can also be adapted to di�erent PS resolutions. It is shown in
[160] that using the straight-through estimator (STE) technique, we are able to have di�erent
numbers of quantization bits for the PSs. In this paper we again consider the same approach
for the output of the DNN dedicated for PS quantization in AP. The fourth layer of size
NRF �NT designs the matrix 
HB.

As we described before, 
HB must be a binary matrix. Typically, this binary constraint
requires using the �Sigmoid� function during training and then, during the online phase,
applying a rounding technique to transform the real values into binary values. However, we
found that this approach does not lead to good results for unsupervised learning, because
the SE measured during training can be very di�erent from the actual SE measured dur-
ing testing. To solve this problem, we propose to use a di�erentiable approximation, called
�Gumbel-Sigmoid� during training inspired by the �Gumbel-Softmax� estimator [176]. The
Gumbel-Softmax approximation is a technique that allows sampling from a categorical dis-
tribution during the forward pass of a neural network, by combining a re-parameterization
trick and a smooth relaxation. The connection between the RF chains and the antennas
can be represented using a categorical binary distribution. Hence, de�ning �n;m as the prob-
ability that antenna n is connected to the RF chain m, then we can form an NT � NRF

matrix � that corresponds to the probability states between antenna n and the RF chain
m. The Gumbel-Softmax function, G(�), applied to each element of the matrix � can then
be de�ned as

�
HB = G(�) =
exp((log(�) + g)=�)

exp((log(�) + g)=�) + exp(g0=�)
; (5.19)

where �
HB is the output of the DNN, and g and g0 are independent samples with zero mean
and unit variance, drawn from the Gumbel distribution. Note that the exp(�) and log(�)
functions are applied element-wise when taking a matrix as input. The parameter � is called
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the �Gumbel temperature�. When � ! 0, G(�) tends to the categorical distribution, but
when � ! 1, it converges to the uniform distribution [176]. Therefore, there is a trade-o�
between small temperatures, where sample vectors are close to one-hot but the variance of the
gradient is large, and large temperatures, where samples are more uniform but the variance
of the gradient is small. We thus consider � as a hyper-parameter to be optimized in our
implementation.

Output Layers for FDP

The proposed architecture for FDP is shown in Figure 5.5 (b). We divide the output layer into
3 parallel layers. The �rst two layers are dedicated to the real and imaginary part of the FDP
with dimension NT �NU. The third layer, similar to the one for HBF, designs the antenna
selection vector (!) described in Section 5.3.1. Here again, we use the Gumbel-Sigmoid
described in (5.19) to obtain the binary variables from !. Let �0n denotes the probability of
activating the n-th antenna and �0 = [�01; : : : ; �0NT

]. Then, we have �
FD = diag(�!), where
�! = G(�0).

5.5.2 Training Phase: Unsupervised Learning

In the training phase, thanks to unsupervised learning, the data samples consist of only
imperfect channel matrices without the need for labels. The imperfect channel (Ĥ) is modeled
as in (5.14) and it includes a coe�cient � that determines the magnitude of the estimation
error and thus helps us study the impact of the estimation error of the channel on the DNN
training.

Although the approach to train the DNN is similar for E-HBF-Net and E-FDP-Net, there are
di�erences in their hardware con�gurations. Therefore, we �rst present the common aspects
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Figure 5.6: Training (left) and online (right) phases for e�cient beamforming. The outputs
of the DNN depend on the BF structure (HBF, FDP)
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shared by both DNN models and then proceed to explain the parts speci�c to each model.

The objective of the proposed solutions is to design the beamforming con�guration to not
only maximize the SE but also to minimize the EC while being adaptive to the number of
active users, i.e., when the number of active users is small, it intelligently turns o� part of
the antennas since they will no longer be needed. Consequently, it will reduce the EC. To
achieve this objective, we design the following unsupervised loss function to train the DNN:

LBF = 
LEC + LAAS; (5.20)

where the �rst term is related to EC and the second term is related to both the SE and
the active number of users and is called the adaptive antenna selection (AAS) term. The
hyper-parameter 
 is required to achieve proper training convergence and should be tuned
in the training phase. Each term of the loss function is described in detail in the sequel.

EC term (LEC): This term is introduced to add a penalty to the total loss function to reduce
EC. It is given as:

LEC = �PBF; (5.21)

where �PBF is the total power consumption for either HBF ( �PHBF) or FDP ( �PFDP) given in (5.18)
as discussed in Section 5.4, which depends on �
 2 f �
FD; �
HBg. Thus, �
BF a�ects both the
SE as well as the EC.

AAS term (LAAS): This term of the loss function LAAS is given by:

LAAS =
 �R
NU
�Rd

!2

; (5.22)

where as discussed in Section 5.3.2, parameter Rd denotes the desired average SE value for
each user, and �R is either �RHBF( �A;W) for HBF or �RFDP(U� �
FD) for FDP. Thanks to the
AAS term, the SE is forced to approach Rd while parts of the antennas can be turned o� to
reduce the EC (according to the EC term LEC). As a result, the AAS term aims to consume
minimum power to satisfy an average desired SE (Rd), possibly pushing down the power
consumption.

E�cient Hybrid Beamforming Network (E-HBF-Net)

To design an e�cient HBF structure, a programmable switch is employed for each connection
(NT�NRF) to �nd the best matrix (
HB) that maximizes the EE. As shown in the �Training
Phase� of Figure 5.6, the proposed DNN for HBF, E-HBF-Net, is designing jointly the
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DP (W = <[W] + i=[W]), the PSs ( �Pq), and the connections matrix ( �
HB) by employing
the proposed �Gumbel Sigmoid� function as in (5.19).

Obtaining �PHBF requires computing (5.18) and thus we �rst need to know the power consumed
by the PAs. Thus, based on (5.17), we would need the input and output power of the PAs.
The output power of the PAs 1; : : : ; NT is given by

�pTX =
NUX

u=1
j �Awuj2; (5.23)

where �pTX = [ �P 1
TX; : : : ; �PNT

TX ]T and �A and W = [w1; : : : ;wNU ] are the AP and DP outputs
designed by the proposed DNN. Due to the total power constraint assumed at the BS in
(5.13c), we should normalize the power such k �AWk2

F =
PNT
n=1

PNU
u=1 j �Awuj2 � PTX. To

respect the inequality of the power constraint, we introduce a new power threshold �PTX that
is a function of the connection matrix as follows:

�PTX =
X

8m;n
[ �
HB]n;mPTX=(NRFNT): (5.24)

Therefore, the maximum transmitted power is limited to PTX when all connections are estab-
lished ([ �
HB]n;m = 1 8n;m), while reducing the number of connections reduces the transmit
power. After power normalization, we can obtain the input power of the PAs according
to (5.15). However, for the DNN loss function, we cannot have a sum over a dynamic set as
de�ned in (5.15). Therefore, we reformulate (5.15) as

�pinPA;HBF =
P out

BB

ILCIL	( )IL�ILM

�
HBdiag( �
T
HB1NT)y1NRF ; (5.25)

where �pinPA;HBF = [ �P in;1
PA;HBF; : : : ; �P in;NT

PA;HBF] is the vector of input power of the APs, �
HB is the
output of Gumbel-Sigmoid function for HBF, and 1N denotes the all-one column vector of
size N . According to (5.17) and (5.23)-(5.25), we can obtain �PDC;n

PA;HBF.

To compute the power consumption of all activated RF chains as in (5.18), we need to
determine the number of activated RF chains (i.e., NRF( �
HB)). However, �nding NRF( �
HB)
again requires a summation over a dynamic set and it is not appropriate for the loss function.
As a consequence, we use an alternative linear algebra formulation. First, we compute the
expectation over all antennas of each RF chain as �
T

HB1NT=NT. Then, we �nd the expected
number of activated RF chains as follows:

�NRF( �
HB) = 1T
NRF

�
T
HB1NT=NT: (5.26)
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Finally, the total power consumption is given by

�PHBF = �NRF( �
HB)(PL + PLO + PD(bD)) +
NTX

n=1

�PDC;n
PA;HBF; (5.27)

where �PHBF is the power consumption terms that has been employed in (5.21).

Algorithm 3: E�cient HBF (E-HBF-Net)

Training Phase:

Input: Ĥ
Output: <[W], =[W], Pq, and �
HB
for i in range(epochs) do

FeedForward E-HBF-Net.train()
W = <[W] + i=[W]
A = Pq 
 �
HB;
�P n

TX, �P in;n
PA;HBF, and �NRF( �
HB) in (5.23) in (5.25), and (5.26)

compute PHBF based on (5.27)
compute RHBF( �A;W) based on (5.6)
Loss: LBF = 
LEC + LAAS
compute gradient over layers
update weights and biases with AdamW optimizer

Online Phase:

Input: Ĥ
Output: W, Pq, and 
HB
FeedForward E-HBF-Net.eval()

HB = b �
HBe
W = <[W] + i=[W]
A = Pq 

HB;

Fully Digital Precoder (E-FDP-Net)

E-FDP-Net provides the precoder U = <[U] + i=[U] and the vector �! for antenna selection,
where �
FD = diag(�!). To evaluate the �rst term of the loss function detailed in (5.20),
the total power consumption of FDP ( �PFDP) is required. Computing �PFDP for E-FDP-Net is
simpler than HBF because in FDP each antenna is connected to one RF chain. Consequently,
the input power of each PA is simply P out

BB . Similar to HBF, to respect the power constraint
for FDP, k �Uk2

F � PTX, the output power should be a function of �! = [�!1; :::; �!NT ]. As a
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Algorithm 4: E�cient FDP (E-FDP-Net)
Training Phase:
Input: Ĥ
Output: <[U], =[U], and �
FD
for i in range(epochs) do

FeedForward E-FDP-Net.train()
�
FD = diag(�!)
compute �P n

TX as (5.28)
�U = <[U] + i=[U]
compute PFDP based on (5.27)
compute RFDP(�
FD �U) based on (5.3)
Loss: LBF = 
LEC + LAAS
compute gradient over layers
update weights and biases with AdamW optimizer

Online Phase:
Input: Ĥ
Output: U, and 
FD
FeedForward E-FDP-Net.eval()

FD = diag(b�!e)
U = <[U] + i=[U]

consequence, we denote the output power of the nth antenna as

�P n
TX =

NUX

u=1
j[U]n;uj2 �!n : (5.28)

Therefore, the power consumed by the PAs is given by (5.17). Finally, the power consumed
by the active RF chains is also easy to compute because the number of active RF chains is
given by �NRF( �
FD) =

PNT
n=1 �!.

5.5.3 Online Phase: Transmitting Data

Once the DNN has been trained, the online phase can start as shown in Figure 5.6 (right).
In the online phase, the DNN input is only given by the imperfect channel matrices Ĥ. In
the online phase, like the training phase, the outputs of the DNN: the AP (Pq) and the
DP (W) in HBF and (U) in FDP can be employed as is without any further processing,
which is not the case for the connection matrix �
. Since the connection matrix ( �
HB in
HBF or �! in FDP) should be binary, once it is output by the DNN in the online phase, it
requires binary quantization. To do so, we can use the element-wise round function (b�e)
on each element of the connection matrix as follows: 
HB = b �
HBe for HBF and ! = b�!e,
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and 
FD = diag(!) for FDP. The output power of the nth antenna for E-HBF-Net is given
by the nth element of the power vector de�ned in (5.23) while for E-FDP-Net it is given
by (5.28). The two proposed DNN solutions, E-HBF-Net and E-FDP-Net, are described in
Algorithm 3, Algorithm 4, respectively.

5.6 Performance Evaluation

In this section, the performance of the proposed DNN, implemented using the PyTorch
deep learning library, is numerically evaluated. The scenario �O1-28 GHz� of the deepMIMO
channel model [141] is employed to generate the unlabeled dataset (the channel coe�cients
hu for user u) for the training and testing. In the deepMIMO dataset [141], realistic channel
information is generated by applying ray-tracing methods to a three-dimensional model of
an urban environment to capture the geometry-based characteristics, such as the correlation
between the channels at di�erent locations, and the dependence on the materials of the
various environmental elements, among others. The parameters to generate the deepMIMO
dataset are shown in Table 5.4, where the channel model parameters active_user_first and
active_user_last are set to 1100 and 2200 respectively. The BS is equipped with NT = 64
antennas and NRF = 8 RF chains with PSs serving NU = 4 users randomly located in a
dedicated area (S1 in Figure 5.7). Scenario �O1� consists of several users’ locations being
randomly placed in two streets surrounded by buildings. These two streets are orthogonal
and intersect in the middle of the considered area. The size of the DNN dataset is set to
2� 106 samples, with 85% of the samples used for the training set and the remaining used to
evaluate the performance. We used �AdamW� as the DNN training optimizer. The hyper-
parameters used in our DNN model are listed in Table 5.5. In addition, hyper-parameter �
known as the Gumbel-Sigmoid temperature is set to 0:1 and 0:5 for E-HBF-Net and E-FDP-
Net, respectively, while the best value for hyper-parameter 
, described in (5.20), depends
on Rd, and ranges from 
 = 0:1 for Rd = 1, to 
 = 0:005 for Rd = 8. The training procedure
required 200 epochs.

5.6.1 Spectral E�ciency and Power Consumption Analysis

We �rst verify the maximum SE that can be achieved by the proposed DNNs, when they are
trained without considering their power consumption, and compare them with the baseline
solutions presented in Section 5.3.1. This maximal SE is shown in Figure 5.8 when varying
the noise power. Taking into account channel attenuation, the average SNR ranges from �7:8
dB to 22:2 dB. To obtain the maximum SE, we set 
 = 0 so that the loss function for E-HBF-
Net and E-FDP-Net in (5.21) depends only on LAS and we set Rd = 15 to have no constraint
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Figure 5.7: Illustration of the selected covered area from deepMIMO channel model [141]
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Table 5.4 Parameter selection for the
deepMIMO channel model

System Antennas
Parameter Value Parameter Value

scenario �O1-28 GHz� num_ant_x 1
bandwidth 0:5 GHz num_ant_y 8
num_OFDM 512 num_ant_z 8
num_paths 2 ant_spacing 0:5

Table 5.5 Proposed DNN hyper-parameters

Parameter Set Value

Mini-batch size 1000
Initial learning rate 0.005
ReduceLROnPlateau (factor) 0.4
ReduceLROnPlateau (patience) 10
Weight decay 10�5

Dropout keep probability .95
Kernel size 3
Zero padding 1
��� in BatchNorm (1D & 2D) 10�5

on SE. On the one hand, the proposed E-FDP-Net gives a close-to-optimal performance.
On the other hand, E-HBF-Net, outperforms other conventional solutions and is very close
to E-FDP-Net performance. In the low-noise regime, the SE of all solutions continues to
increase. However, both E-HBF-Net and E-FDP-Net outperform other conventional non-DL
solutions in high SNR regimes.

In Figure 5.9, we compare the power consumption of di�erent BF hardware con�gurations
at a given SE. It is shown that by adjusting Rd for E-FDP-Net and E-HBF-Net, di�erent
SE and power consumption trade-o�s can be obtained, where for each proposed technique
we set Rd in f1; 3; 5; 6; 8g. To cover a range of SE values, we also adjust the transmitted
power for the conventional methods by setting PTX in f0:1; 1; 10gW. We see that the optimal
FDP and the proposed E-FDP-Net with Rd = 8 achieve the best SE. However, they also
consume the most power because they require to activate all NT RF chains. In this �gure,
we see that when the desired SE parameter Rd is reduced, both E-FDP-Net and E-HBF-Net
are able to reduce their power consumption. For example, when Rd is decreased from 8
to 5 bits/s/Hz/user, the consumed power for both E-FDP-Net and E-HBF-Net is reduced
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Table 5.6 Simulation parameters for the energy
model

Parameter Value Parameter Value

FoML 1.4 mW/GHz ILC 1:8 dB
FoMD 54:5 fJ/conv ILM 5:5 dB
fs 0:5 GHz IL� 3:7 dB
fc 500 MHz IL	 1 dB
PTX 40 dBm PLO 10 mW
� 36% PL 0:7 mW
P out

BB �5:6 dBm bD 6 bits

signi�cantly (64% less for E-FDP-Net and 68% less for E-HDF-Net). By decreasing Rd

further, both the power consumption and the SE continue to decrease. Furthermore, we
see that E-FDP-Net and E-HBF-Net achieve must better energy e�ciency than the baseline
approaches. For example, when Rd = 6, it can be seen that E-HBF-Net achieves similar
SE compared to FC-HBF solved with MO-AltMin, but with almost 1:7 times less consumed
power. Further, the baseline solutions exhibit a power �oor, shown by red lines in the �gure,
that corresponds to the power consumed by RF chains. When the transmit power of O-FDP
and FC-HBF is decreased to PTX = 1W and PTX = 0:1W, the SE is degraded due to the
lower transmit power. However, there is constant power consumption for each beamforming
technique due to the operation of RF chains. On the contrary, E-FDP-Net and E-HBF-Net
have the ability to reduce their power consumption below these �oors by adaptively turning
o� their RF chains.

To illustrate how many antennas are activated by E-FDP-Net, we plot in Figure 5.10 the
connection matrix �
FD for one sample of the test set, for di�erent values of Rd, where a
blue square represents the value 1 and a white square represents the value 0. It can be seen
that large values of Rd lead to more active antennas (and thus more active RF chains), and
thus to a higher power consumption. In Figure 5.11, we show the average value of �
HB over
the inputs, for di�erent values of Rd. When decreasing Rd, the number of active antennas
(non-zero columns) remains constant, while the number of active RF chains (non-zero rows)
is reduced. This is because the power consumption of an antenna depends on its transmit
power, which can be adjusted, whereas RF chains consume a �xed amount of power and
must be turned o� to save power. It is interesting to see that with a lower value of Rd, the E-
HBF-Net designs the connection matrix such that a small number of RF chains are activated
that are connected to several antennas, which helps to increase the spatial multiplexing gain
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and degrees of freedom. Finally, we see that as Rd increases, more antennas and more RF
chains are activated, and thus more power is used.

Figure 5.12 presents the EE versus SE comparison for the proposed E-FDP-Net and E-HBF-
Net, with varying adjustments to Rd. Notably, as SE decreases, E-HBF-Net demonstrates
superior EE performance compared to E-FDP-Net. This outcome is attributed to the be-
havior of E-HBF-Net at lower SE values, where it intelligently deactivates RF chains while
keeping multiple antennas active. Conversely, in E-FDP-Net, turning o� an RF chain also
turns o� the associated antenna. Consequently, E-HBF-Net excels in conserving energy
while simultaneously o�ering enhanced SE due to its higher �exibility. Furthermore, as
SE increases, E-HBF-Net maintains its e�ciency advantage over E-FDP-Net, although the
performance gap between the two approaches diminishes.

5.6.2 Varying the Number of Users

To show the impact of antenna and RF chain selection when varying the number of active
users, we present Figure 5.13 for Rd = 3 and Rd = 5, where the left-side sub-plots present
E-FDP-Net and the right-side ones shows E-HBF-Net. To improve the presentation we use
the normalized number of active RF chains (NRF(
)

NRF
), which in the case of FDP is equal to

the number of active antennas. In the proposed solutions, we see that by increasing the
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Figure 5.12: EE versus SE for the proposed E-HBF-Net and E-FDF-Net. The parameters
are set to: NU = 4, NT = 64, NRF = 8, and �2 = �130 dBm

number of active users, the DNN not only activates more RF chains but also increases the
transmitted power to meet Rd. Moreover, when Rd is small, the DNN requires a smaller
number of active RF chains while minimizing the transmitted power, thus lowering power
consumption and consequently increasing EE. Figure 5.13 shows that the proposed DNN
approaches are adaptive to the number of active users in the network. That is, depending on
the scenario, the DNN designs the beamforming structures to adapt to the varying number
of users in each scenario. For instance, in a high-tra�c scenario, when the number of active
users is large, the DNN will activate more antennas and RF chains to meet the average SE.
On the other hand, in a low-tra�c scenario, when the number of users is low, the DNN has
no need to activate a large number of antennas and RF chains, and thus can signi�cantly
increase its EE. Finally, we notice that by controlling the value of Rd, which depends on the
application and the objective of the service provider, the power consumption can be adjusted.

5.6.3 Training with Imperfect CSI

Unlike other studies that assume perfect CSI for DNN training, in this work, we employed
imperfect CSI not only for the input of the DNN but also for the computation of the loss
function. The robustness of the proposed methods against imperfect CSI is evaluated and
compared to other non-DL methods in Figure 5.14. Here we train the DNN with di�erent
� in f0; 0:1; 0:2; 0:3; 0:4; 0:5g. It is clear that the SE performance decreases as the value of
� increases. In particular, when � increases from 0 to 0:5, the SE performance for O-FDP
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degraded by 38%. For PE-AltMin, the degradation is around 25%, whereas it is around 27%,
for MO-AltMin. The lowest degradation in terms of SE performance is achieved for E-HBF-
Net and E-FDP-Net, (e.g., the degradation is around 9% and 11%, respectively). Therefore,
the proposed methods are more robust against estimation errors. Moreover, the red lines in
Figure 5.14 shows the ideal case of perfect CSI when � = 0. It is interesting to see that for a
small � (i.e. 0:1) the SE performance did not degrade, but in contrast, it slightly improved
in the online phase. This is due to the fact that training with imperfect CSI can act as a
regularization technique known as noise injection in the machine learning literature and thus
can improve the generalization of the DNN in the online phase [177].

In Figure 5.15, we present the convergence of the training of the proposed E-FDP-Net in
terms of SE, power consumption, and EE, when Rd = 3 and NU = 4. We see in the top
subplot that the DNN learns quickly to design the connection matrix and the FDP to obtain
an SE of NURd = 12, i.e., after few epochs, the achieved SE for each user is around Rd. Then,
while the SE target is respected, the DNN learns to gradually reduce power consumption by
turning o� some RF chains until it achieves the minimum power consumption as shown in
the middle subplot.

5.6.4 Computational Complexity Analysis

To evaluate the computational complexity of the proposed DNNs, we derive the analytical
expression of the number of real multiplications (RM) and compare it with other approaches.
We assume that one complex multiplication (CM) corresponds to 4 RMs and that the 1
complex division corresponds to 8 RMs (assuming that the real division of 1 is equal to 1
RM). Only the matrix multiplications and inversions are taken into consideration, the other
operations are considered negligible. A CM between a matrix of size N � P and a matrix
of size P �M requires NMP CMs. To invert a square matrix of size N , around N3=3 CMs
are required if the Gaussian elimination algorithm is employed. Finally, we consider that the
eigenvalues of a square matrix of size N are obtained using the Cholesky decomposition [152],
which requires approximately 4N3 RMs.

O-FDP requires 4(2NU � 1)(2NUN2
T +N2

UNT + 1
3N

3
T) RMs as described in [46]. In the speci-

�ed scenario, we replicate the implementation of SoTA algorithms. Our observations reveal
that the PE-AltMin algorithm typically achieves convergence within an average of ‘PE = 15
iterations. Given that the computation of the singular-value decomposition of a p� q matrix
necessitates approximately 4p2q + 22q3 resource modules (RMs), we can formulate the total
number of RMs required for PE-AltMin as ‘PE(8NRFNU(NT + NU) + 22N3

RF). MO-AltMin
has a much higher complexity than PE-AltMin [64]. MO-AltMin is composed of a main loop
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that computes the DP, and of an inner loop applying the �Conjugate Gradient� algorithm
to �nd the HBF. In the main loop, computing the DP requires 4NTNUNRF RMs, while in
the inner loop, the Kronecker product of a NRF � NT matrix with a NU � NT matrix is
computed, which requires 4N2

TNUNRF RMs. Based on the de�ned scenario the outer loop is
repeated ‘MO = 2 times while the inner loop is repeated ‘0 = 30 times, the total number of
RMs used by MO-AltMin is 4‘MONTNUNRF

�
1 + ‘0NT

�
. To design the HBF, both PE-AltMin

and MO-AltMin require designing the FDP as discussed in (5.10), thus the complexity of
obtaining the FDP should be added to the complexity of PE-AltMin and MO-AltMin.

On the other hand, to compute the computational complexity of the DNN approaches, we
need to compute the number of parameters of the DNN architectures. Both DNN archi-
tectures, E-HBF-Net and E-FDP-Net, have the same DNNcore but their output layers are
di�erent due to di�erent output dimensions. The number of RMs in the DNNcore is cal-
culated for each layer separately, then summed up. The width of the lth FC and CL are
respectively denoted as fl and cl. The number of multiplications required for DNNcore is
M(DNNcore) = (2c1 + c1c2 + c2c3 + c3f1=�2)NTNU�2 + f1f2, where � is the kernel size i.e.
� = 3 [46]. Considering that for E-HBF-Net there are 4 output layers, one layer for the AP,
two layers for the DP, and one layer for the connection matrix, then the total number of
multiplications isM(DNNcore) + f2(NTNRF + 2NUNRF +NTNRF). Likewise, for E-FDP-Net,
the total number of multiplications isM(DNNcore) + f2(2NUNT +NT). Examples of the nu-
merical values of these analytical expressions are shown in Table 5.7. It can be seen that for
HBF transmitters, E-HBF-Net reduces the complexity by 38% compared to the least complex
conventional approach (PE-AltMin), while for FDP transmitters, O-FDP is 1:5 times more
complex than E-FDP-Net.

Table 5.7 Computational Complexity Comparison

Transmitter type Method # RMs (�106)

FDP O-FDP 7.27
HBF PE-AltMin [64] 8.48
HBF MO-AltMin [64] 38.7
FDP E-FDP-Net 4.69
HBF E-HBF-Net 5.21

(NU = 4, NRF = 8 and NT = 64)
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5.7 Conclusion

In this paper, we studied the problem of antenna selection and beamforming design in a
massive multiple-input multiple-output (mMIMO) system with the objective of maximizing
energy e�ciency (EE). First, we derived an accurate energy model for the mMIMO system.
Our proposed energy model takes into account the transmit power as well as the power
consumed by the hardware by considering the insertion loss and the direct power consumption
of di�erent components such as the combiners and the power ampli�ers. Next, based on
our energy model, we designed unsupervised deep learning approaches to intelligently and
adaptively select the BF structures and the transmitting antennas. Speci�cally, we proposed
two deep neural networks models, called E-HBF-Net and E-FDP-Net, for hybrid BF and for
fully digital precoding, respectively. Both DNNs optimize the EE of the mMIMO system by
intelligently selecting the transmitting antennas and choosing the precoding matrices for HBF
and FDP, which allows them to achieve signi�cantly better EE than conventional solutions.
Simulation results con�rm that the proposed DNNs can adapt to the number of active users
and that they provide di�erent trade-o�s between SE and EC that can be controlled by tuning
a hyper-parameter. Furthermore, we show that the DNN models can be trained exclusively
using imperfect channel information (CSI), i.e., the imperfect CSI was used as input to our
DNN models as well as to compute the loss function during training.
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CHAPTER 6 GENERAL DISCUSSION

Applied DL techniques have shown promise in addressing the challenges and improving the
performance of beamforming in mMIMO systems. Deep learning algorithms, particularly
DNNs, o�er the ability to automatically learn complex mappings between input data and
optimal SE beamforming parameters, enabling e�cient and adaptive beamforming designs.
One of the primary advantages of DL in beamforming is its ability to handle the high-
dimensional and nonlinear nature of mMIMO systems. Deep learning models can e�ectively
capture the intricate relationships and dependencies among a large number of antennas,
users, CSI, and propagation environments. By processing extensive training data, DNNs can
learn complex patterns and extract relevant features to improve beamforming performance.

The general discussion in this thesis centers on the contributions made in the realm of beam-
forming techniques and transmitter con�gurations for mMIMO communication systems, har-
nessing the potential of deep learning. These contributions have been articulated through a
series of research papers, all driven by the shared objective of enhancing spectral e�ciency,
reducing computational complexity, and fortifying solutions against the challenges posed by
imperfect CSI. In this chapter, we delve into the evolutionary journey of the thesis, outlining
the key advancements and insights gained throughout the research process.

In the literature review presented in CHAPTER 2, it becomes evident that conventional
beamforming methods frequently encounter obstacles concerning computational complexity,
dependence on precise CSI, and limited adaptability. These challenges have motivated the
exploration of novel approaches to address the limitations of traditional techniques. As
a consequence, we present an approach to address the challenges of implementing hybrid
beamforming in practical MIMO systems in CHAPTER 3. By relying solely on RSSI feedback
from each user, this chapter introduces an unsupervised DL-based method to optimize the
hybrid precoder. While the hybrid beamforming design in MIMO system with supervised
learning is studied in [140], in CHAPTER 3, we take a step further by proposing a novel
unsupervised deep learning approach for mMIMO system. By eliminating the reliance on
explicit labels or feedback, the unsupervised learning framework opens new avenues for more
�exible and adaptive beamforming solutions. The multi-tasking deep neural network in the
second paper learns to optimize the hybrid precoding matrix based solely on the RSSI from
each user, enabling a more streamlined and computationally e�cient implementation.

This innovative solution signi�cantly reduces the need for CSI feedback in FDD commu-
nication, resulting in a substantial reduction in signaling overhead. The proposed method
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achieves near-optimal sum-rates comparable to complex full-CSI solutions while operating
with reasonable complexity. Furthermore, the research showcases how the proposed tech-
nique greatly improves the spectral e�ciency of the system compared to existing methods,
making it e�cient and practical for real-world applications.

In addition to the unsupervised learning aspect, CHAPTER 3 also delves into optimizing
SS in IA and designing the codebook for the analog precoder. These additional contribu-
tions add valuable insights into enhancing the overall e�ciency and performance of massive
mMIMO systems. Evaluating the proposed method through a realistic channel model in var-
ious scenarios, the study demonstrates its ability to signi�cantly increase spectral e�ciency,
particularly in FDD communication, by utilizing partial CSI feedback. Moreover, the pro-
posed unsupervised deep learning approach showcases its capability to achieve near-optimal
sum-rates, outperforming state-of-the-art full-CSI solutions while reducing the computational
complexity. By building upon the foundation laid by the �rst paper, the second paper sets
new benchmarks in hybrid beamforming for massive mMIMO systems and opens avenues for
more intelligent, self-adaptive, and e�cient beamforming techniques.

We then in CHAPTER 4 represent a notable extension of our previous work on �Unsuper-
vised Deep Learning for Massive MIMO Hybrid Beamforming� by addressing the challenges
associated with CF-mMIMO systems. Cell-free mMIMO systems o�er a promising approach
to enhance spectral e�ciency by utilizing a large number of distributed AcP instead of tradi-
tional base stations. The CF-mMIMO beamforming is generally divided into two approaches,
centralized and decentralized. Centralized methods are considered optimal SE as they achieve
near-optimal SE beamforming solutions; however, they come with high complexity and cost.
These methods rely on extensive signaling exchange between the AcPs and the NC, which
can become impractical and resource-intensive in large-scale deployments, hindering their
widespread adoption. On the other hand, decentralized methods are more straightforward
and cost-e�ective, but they often su�er from performance limitations compared to their cen-
tralized counterparts.

The challenges posed by both approaches led us to explore an innovative solution using unsu-
pervised deep learning techniques. Our proposed approach introduces two distinct unsuper-
vised DNNs architectures: fully distributed and partially distributed. The fully distributed
architecture empowers each AcP to independently optimize its beamforming strategy using
only local information without the need for extensive communication with the centralized
NC. This results in a cost-e�ective and simpli�ed solution that reduces the signaling over-
head between the AcPs and the NC. On the other hand, the partially distributed architecture
allows limited communication between AcPs and the NC, striking a balance between per-



118

formance and complexity. This architecture outperforms fully distributed methods without
incurring the high signaling overhead of centralized schemes. By leveraging unsupervised
learning, both architectures achieve near-optimal sum-rates, e�ectively addressing the lim-
itations of conventional centralized and decentralized approaches in CF-mMIMO systems.
These innovative propositions and successful results showcase the potential of unsupervised
deep learning in overcoming challenges and advancing beamforming techniques for cell-free
massive mMIMO systems, paving the way for more e�cient and scalable communication
systems.

In CHAPTER 2, we explored various types of subarray beamforming techniques for mMIMO
systems. Subarray beamforming architectures, FSA-HBF and DSA-HBF, are promising ap-
proaches that can further enhance the energy e�ciency of mMIMO systems by reducing the
number of phase shifters required. However, the design of hybrid beamforming vectors for
subarrays presents signi�cant challenges due to the discrete nature of subarray connections
and phase-shifter quantization. Finding the optimal connections between RF chains and
antennas in a large search space becomes a non-convex problem, and conventional solutions
often assume the availability of perfect CSI, which is not practical in real-world scenarios.

To address these challenges, we proposed an innovative unsupervised learning approach in [48]
where we aimed to improve the energy e�ciency of FDP and HBF transmitters. The trans-
mitter architecture often contains multiple parameters that need to be optimized, such as
power allocation to antennas and connections between antennas and RF chains. To tackle
this optimization problem, we developed an energy model for di�erent beamforming struc-
tures and applied unsupervised deep learning to maximize energy e�ciency by designing
the transmitter con�guration for FDP and HBF. Additionally, we introduced a loss function
that o�ers trade-o�s between spectral e�ciency and energy consumption, enabling system
customization based on speci�c requirements while being adaptive to the number of active
users. In this research, we made the assumption of using passive components between the
RF chains and antennas. Consequently, the primary takeaway here is that relocating the
PAs to the antennas, as opposed to embedding them within the RF chains, leads to reduced
dissipated power attributed to the IL caused by passive elements.

Furthermore, we investigated the ability of the proposed model to be trained exclusively
using imperfect CSI, both for input to the deep learning model and for the calculation of the
loss function. Our simulation results showed that the proposed solutions outperformed con-
ventional methods in terms of energy e�ciency while also exhibiting enhanced robustness to
noise. By optimizing power allocation and antenna selection through unsupervised learning,
our approach achieved higher energy e�ciency and improved overall system performance in
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massive MIMO communication. These advancements contribute to the development of cost-
e�ective and energy-e�cient wireless communication systems for future networks, and they
push the system toward intelligent beamforming.

In conclusion, the general discussion of this thesis showcases the contributions achieved in the
�eld of beamforming techniques and transmitter con�gurations for mMIMO communication
systems through the power of deep learning. These contributions have collectively aimed to
enhance spectral e�ciency, reduce computational complexity, and improve the robustness of
beamforming solutions against the challenges presented by imperfect CSI. By leveraging the
capabilities of deep learning algorithms, particularly DNNs, we have successfully addressed
various obstacles and limitations faced by conventional methods. The insights gained from
this thesis lay the groundwork for further exploration and innovation in the �eld of beam-
forming for mMIMO systems, driving the industry towards more sophisticated, intelligent,
and sustainable wireless networks.
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CHAPTER 7 CONCLUSION AND RECOMMENDATIONS

In this chapter, we provide a summary of the major contributions, achievements, and publica-
tions originating from this thesis. Additionally, complementary considerations and methods
are suggested for future work to make the proposed methods more adaptive and e�cient.

7.1 Summary of Works and Contributions

This thesis has presented a series of research papers that collectively contribute to advance-
ments in the �eld of beamforming techniques and transmitter con�gurations for mMIMO
communication systems using the power of deep learning. The works presented in this the-
sis aimed to enhance spectral e�ciency, reduce computational complexity, and improve the
robustness of beamforming solutions against the challenges posed by imperfect CSI. The con-
tributions made in this research lay the groundwork for more e�cient and intelligent wireless
communication systems, pushing the boundaries of traditional beamforming methods.

The journey began with �RSSI-Based Hybrid Beamforming Design with Deep Learning�
[140], where we proposed a supervised deep learning-based approach for hybrid beamforming
design in practical MIMO systems. By relying solely on RSSI feedback, the method signif-
icantly reduced the need for CSI feedback and minimized signaling overhead. The results
demonstrated near-optimal sum-rates comparable to complex full-CSI solutions, showcasing
its e�ciency and practicality for real-world applications.

Building on the success of the �rst paper, �Unsupervised Deep Learning for Massive MIMO
Hybrid Beamforming� [46], explored unsupervised deep learning methods for hybrid beam-
forming in massive mMIMO systems. By eliminating the reliance on explicit labels or feed-
back, the proposed framework provided more �exible and adaptive beamforming solutions.
The study demonstrated its capability to achieve sum-rates close to the optimal levels, sur-
passing the performance of state-of-the-art solutions based on full-CSI, and concurrently
achieving a notable reduction in computational complexity. This extension opened new av-
enues for more streamlined and e�cient beamforming designs.

Expanding our focus to �Decentralized Beamforming for Cell-Free Massive MIMO With Un-
supervised Learning� [47], we tackled the challenges of CF-mMIMO systems. Two innovative
unsupervised DNNs architectures, fully distributed and partially distributed, were proposed,
o�ering cost-e�ective and simpli�ed solutions with reduced signaling overhead. Both archi-
tectures achieved near-optimal sum-rates, bridging the performance gap between centralized
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and decentralized approaches in CF-mMIMO systems, making it a promising approach for
future wireless networks.

We then delved into subarray beamforming techniques in �Flexible Unsupervised Learning for
Massive MIMO Subarray Hybrid Beamforming� [160], introducing an unsupervised learning
approach that optimized hybrid beamforming for various subarray structures. The research
e�ectively addressed the challenges posed by discrete subarray connections and phase-shifter
quantization, achieving higher sum-rates compared to existing methods.

Taking one step further, �Learning Energy-E�cient Transmitter Con�gurations for Massive
MIMO Beamforming� [48] aimed to enhance energy e�ciency in mMIMO systems. By ap-
plying unsupervised deep learning techniques, the approach optimized power allocation and
antenna selection, achieving higher energy e�ciency and improved system performance, even
with imperfect CSI.

Overall, the works presented in this thesis signi�cantly contributed to the advancement of
beamforming techniques in mMIMO communication systems. Leveraging the potential of
deep learning algorithms, we overcame various challenges and limitations faced by conven-
tional methods. The insights gained from this research laid the foundation for more e�-
cient, scalable, and intelligent wireless communication systems, paving the way for future
advancements in beamforming technology and its applications in 5G and beyond. This the-
sis contributed to the growing body of knowledge in the �eld, ultimately driving the industry
towards more sustainable, high-performing, and cost-e�ective wireless networks.

7.2 Future Research

As the �eld of beamforming techniques and transmitter con�gurations for mMIMO commu-
nication systems continues to evolve, there are several exciting avenues for future research
that can further enhance the performance and adaptability of these systems. One key di-
rection is to make beamforming solutions more adaptive to di�erent scenarios and network
conditions. Current deep learning-based approaches have shown promising results, but fur-
ther research is needed to develop more adaptive models, potentially utilizing Meta-learning,
that can dynamically adjust beamforming parameters based on changing network conditions,
user requirements, and channel characteristics. This adaptability can signi�cantly improve
the e�ciency and reliability of mMIMO communication systems in real-world deployments.

Another crucial area for future research is improving the training of DNNs for beamforming.
Current methods often require large datasets and complex training processes, which can be
computationally expensive and time-consuming. Researchers should explore novel techniques
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to improve the e�ciency and e�ectiveness of DNN training, such as transfer learning, where
models trained on one dataset can be �ne-tuned on a di�erent dataset with limited labeled
data. Transfer learning allows models trained on one task or domain to be adapted for a
related task or domain. Applying transfer learning to beamforming can be highly bene�cial,
as it enables the knowledge learned from one set of scenarios to be transferred and �ne-tuned
for new scenarios, leading to more e�cient and accurate beamforming solutions in di�erent
environments. This can help reduce the data requirements for training and enhance the
scalability of deep learning-based beamforming solutions.

Generating representative and diverse datasets for training DNNs is another critical aspect
that requires further investigation. High-quality datasets are essential for training accurate
and robust models. Researchers can explore new techniques for generating synthetic datasets
that capture a wide range of channel conditions and user scenarios. Additionally, e�orts can
be made to collect real-world data from di�erent environments and deployment scenarios to
create more comprehensive and reliable datasets.

Furthermore, future research can explore the integration of beamforming with other emerg-
ing technologies such as edge computing and arti�cial intelligence. Combining beamforming
with edge computing can enhance the e�ciency of data processing and reduce latency, es-
pecially in latency-sensitive applications. Moreover, arti�cial intelligence techniques, such as
reinforcement learning, can be explored to develop adaptive and self-learning beamforming
algorithms that continuously improve their performance based on real-time feedback from
the network.

Moreover, the deployment and testing of deep learning-based beamforming techniques in
real-world scenarios are essential for practical adoption. Future research should focus on con-
ducting large-scale �eld trials to validate the e�ectiveness and reliability of these techniques
in real-world mMIMO deployments. This can provide valuable insights into the real-world
performance of deep learning-based beamforming and highlight areas for improvement and
optimization.

Finally, DL-based solutions should be extended to more realistic scenarios such as high mobil-
ity users and channel aging, both of which pose unique challenges in the context of mMIMO
communication systems. With the proliferation of mobile and IoT devices, the presence of
high-speed user mobility is increasingly prevalent in wireless communication environments.
Future research e�orts should thus prioritize the development of beamforming strategies ca-
pable of seamlessly adapting to and tracking fast-moving users. This adaptability ensures
uninterrupted connectivity and optimized performance, even in dynamic scenarios character-
ized by rapid user mobility.
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In conclusion, the future of research in beamforming techniques for mMIMO communication
systems is promising, with several exciting directions to explore. Advancements in adapt-
ability, training e�ciency, dataset generation, transfer learning, and integration with other
technologies can signi�cantly enhance the performance, reliability, and energy e�ciency of
mMIMO systems. The successful implementation of these future research directions will pave
the way for more intelligent, scalable, and sustainable wireless communication networks, rev-
olutionizing the way we communicate and connect in the 5G era and beyond.
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