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Abstract
This compact study investigates published research on beammanagement frameworks for large antenna arrays inmmWave and
terahertz (THz) systems. The systematic literature review (SLR) focused on beam alignment and initial access frameworks for
mmWave and THz. The investigation uncovered 596 relevant articles, including journals and conference papers from different
sources using defined criteria, leading to 73 final studies post-filtering, following our SLR-defined 3-stage screening process.
We explained the taxonomy of mmWave and THz beam alignment frameworks by classifying them into beam sweeping-
based, context information-based, compressive sensing-based, and Machine Learning/Artificial Intelligence (ML/AI)-based
frameworks, as well as Integrated Sensing and Communication (ISAC)-based frameworks, which combine ISAC with other
frameworks. In addition, we presented research gaps by identifying and analyzing the limitations of the current frameworks.
Lastly, challenges and possible opportunities for future research were highlighted.

Keywords Beam alignment · MmWave · THz · Compressive sensing · Beam sweeping · ML/AI · Context information ·
Beam management

1 Introduction

1.1 Background

The next-generation wireless network technology, 6G, has
the potential to revolutionize the data user experience [1]
as we know it from current technologies like 4G and 5G.
The vast bandwidth availability in the mmWave and THz
regions [2] paves the way for new applications that were
previously unthinkable, such as holographic communica-
tion and applications in the metaverse domain. However, the
main drawbacks and challenges are due to its small cover-
age range. The mmWave and THz signals suffer high path
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losses. To address these challenges, beamforming technolo-
gies with large antenna arrays or multi-antenna systems are
utilized to extend the coverage and enhance data throughput
[3]. Multi-antenna systems, also known as Multiple-Input
Multiple-Output (MIMO) systems [4], utilizemultiple anten-
nas at both the transmitter and receiver to significantly
enhance communication performance. This technology is
particularly crucial for beam alignment in Terahertz (THz)
communications. The short wavelengths in the THz band
enable a high number of antennas in a small space, result-
ing in narrow beams that pose challenges in maintaining a
stable connection between the transmitter and receiver. By
employing multiple antennas, MIMO systems can gener-
ate highly directional beams that can be precisely steered
towards the intended receiver. This beamforming capabil-
ity facilitates efficient signal transmission and reception,
effectively overcoming the limitations of narrow beams and
ensuring reliable communication within the THz spectrum.
However, the use of multi-antenna systems at these frequen-
cies makes the beams highly directional, so the beams need
to be aligned before any link can be established. The beam
alignment process establishes and maintains a communica-
tion link between a transmitter and a receiver by aligning
the transmitter and receiver beams. This process becomes
particularly crucial in the mmWave (30 GHz -300) GHz)
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[5] and THz (0.1-10THz) [6] spectrum range because of the
characteristics of these frequencies, including high path loss,
vulnerability to blockages, and susceptibility to atmospheric
conditions [7]. In lower-frequency wireless systems, omni-
directional antennas or simple sectorized antennas have been
used, as the wider beam patterns can accommodate mobility
and provide coverage over a larger area. However, using nar-
row beamforming antennas in mmWave and THz systems
enables highly directional transmission, which offers sev-
eral advantages, including increased spatial reuse, improved
capacity, and reduced interference. Beam alignment plays
a fundamental role in achieving the benefits of directional
transmission in wireless communication systems. It involves
two main processes: beam training and beam tracking.

• Beam training - This is the first step in beam align-
ment, where the transmitter and receiver explore different
beam directions to find the best beam pair with the high-
est received signal strength [8]. The transmitter typically
sends a series of training signals with different beam
directions, using a codebook or defined protocol, and the
receivermeasures the signal strength for each beamdirec-
tion [9, 10] and selects the best one. Through feedback or
explicit signalling, the transmitter adjusts its beam direc-
tion to align with the receiver’s beam direction, which
yields the strongest received signal. Codebook and pro-
tocol design in THz systems is essential to achieve robust
beam training and overcome challenges such as beam
squint, where beams optimized for the centre frequency
LoS gain at other frequencies, causing misalignment
and performance degradation. [11] introduced a spe-
cialized wideband codebook that ensures each beam
maintains sufficient gain across the entire bandwidth,
enabling low-complexity beam training that avoids full
channel estimation and complex real-time optimization.
By maximizing the worst-case wideband beam gain and
tailoring spatial zones, this design delivers consistent sig-
nal quality even at coverage edges while simplifying
beam alignment and reducing training overhead. Fur-
thermore, THz massive MIMO systems require precise
beam alignment to combat high-frequency challenges
and severe path losses, yet traditional narrow beams are
impractical under dominant LoS conditions and weak
pilot signals. [12] introduces algorithms that generate
wide-beam codewords with broad angular coverage, flat
main lobes, and suppressed side lobes, enabling efficient
beam training without full CSI and reducing real-time.

• Beam tracking - [2, 13]: This is performed to con-
tinuously update the beam directions as environmental
conditions change beyond the initial alignment. This is
particularly important in mobile scenarios or environ-
ments with moving obstacles. Many different methods
can be used for beam tracking. [14] and [15] give such

examples of methods that can be employed for Beam
training and beam tracking. [14] introduces a unified
3D beam training and tracking procedure for THz com-
munications that bypasses the need for real-time CSI.
The authors used a hierarchical 3D codebook with wide
beams for broad coverage and narrow beams for high
gain, enabling a grid-based training protocol that effi-
ciently identifies the optimal beam pair with far fewer
tests than an exhaustive search. Once the beam pair is
set, a grid-based hybrid tracking protocol employing two
dynamic modes to refine and predict the beam. Whereas
[15] introduced an exhaustive method to estimate angles
for both direct LoS and Intelligent Reflecting Surface
(IRS)-reflected links, due to the high complexity in THz
massive MIMO systems, it proposes a low-complexity
cooperative beam training scheme. This approach com-
bines a partial search at the IRS–scanning key angle
differences in the sine space–with a ternary-tree hierar-
chical search at the BS and user using two specialized
codebooks to efficiently narrow down the best narrow-
beam pair. Once training establishes an optimal beam
pair, beam tracking continuously updates the pair based
on received signal quality, ensuring sustained high beam-
forming gain in dynamic. Beam tracking helps maintain
the alignment of the communication link, compensating
for beammisalignment due to factors such as user mobil-
ity, blockages, or antenna misalignment.

Beamalignment techniques can vary depending on system
requirements, channel conditions, and available resources.
Various frameworks and methods have been proposed to
achieve efficient and accurate beam alignment [16]. Some of
these frameworks include codebook-based techniques, com-
pressed sensing-based approaches, machine learning-based
methods, hybrid beamforming, channel estimation-based
techniques, pilot-based beam alignment, and adaptive beam
alignment. However, none of these frameworks have been
standardized, implemented in real-world systems, or proven
adequate for large-scale antenna arrays. The performance
evaluation of beam alignment techniques involves several
metrics, such as signal-to-noise ratio (SNR), bit error rate
(BER), throughput, beammisalignment angle, beam training
overhead, energy efficiency, and latency. Comparative analy-
sis of different beam alignment techniques helps assess their
strengths, limitations, and trade-offs across various scenarios
and deployment contexts [10].

Challenges in beam alignment arise from the characteris-
tics of mmWave and THz frequencies, including multi-path
propagation, interference, hardware constraints, mobility,
and environmental factors [2, 10]. While mmWave and THz
channels share several similar characteristics, the effects
of path loss, atmospheric absorption, and scattering are
significantly more pronounced in THz frequencies [17].
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Consequently, THz communication systems require more
sensitive, rapid, and complex alignment techniques than
mmWave due to the narrow beams and extreme signal atten-
uation.

These challenges necessitate research and development
efforts to overcome obstacles and improve the robustness
and efficiency of beam alignment techniques. As wireless
communication systems continue to evolve, integrating beam
alignment frameworks with advanced networking technolo-
gies, such as 5G/6Gand the Internet ofThings (IoT), becomes
essential. Cross-layer optimization, security considerations,
machine learning advancements, and standardization efforts
further contribute to the continuous improvement of beam
alignment in wireless communication systems. Overall,
beam alignment plays a critical role in enabling reliable
and efficient communication in high-frequency wireless sys-
tems. Ongoing research and advancements in this field aim
to address challenges, optimize performance, and facili-
tate deployment. Our motivation for this compact review
of existing beam alignment frameworks is to explore unex-
ploited opportunities and potential challenges. The system-
atic review aims to contribute to:

• The knowledge of the design of alignment frameworks.
• Improvement of beam alignment frameworks.

The study intends to answer the following research ques-
tions (RQs), as shown in Table 1.

1.2 Principal contributions and organization

We analyzed various existing beam management research
works that cover beam alignment frameworks with a strong
focus on large antenna arrays, mmWave, and THz systems.
We investigated the studies in terms of their contribution to
the areas depicted in the figure 1: The purpose of this study
is to:

• Develop a taxonomy of beam alignment frameworks and
categorize existing beam alignment frameworks.

• Compare them and identify their limitations.
• Examine their prospects for standardization
• Evaluate their suitability in meeting the challenges faced
in beam alignment and the areas depicted in the fig-
ure 1. The conducted research examined the existing
beam alignment frameworks in recognized journals and
conferences.

The developed taxonomy categorizes the beam alignment
solutions and describes each framework to give an overview
of existing difficulties and the latest existing techniques.
All the selected frameworks have been evaluated in terms
of beamforming architecture, beam alignment frameworks,

Fig. 1 Focus of research area Contributions

Environment, mobility, number of beams, performance met-
rics, key findings, etc. Additionally, the limitations of the
frameworks were identified as well as the existing research
gaps.

Section 2 gives an overviewof the previousworks. Section
3 categorizes the results of existing solutions and techniques
that help solve beam alignment challenges into five differ-
ent classes. Section 4 discusses the latest research on beam
alignment frameworks in detail. In this section, we review
the research works within the defined frameworks, providing
existing solutions and evaluating the identified research prob-
lems. Section 5 offers a qualitative comparison and outlines
the limitations of the framework types. Section 6 presents
future directions and opportunities. Finally, we conclude in
Section 7.

1.3 Findings overview

In this section, we provide an overview of the findings
of the investigation. According to [19–21], beam align-
ment frameworks can be implemented in various ways:
exhaustive searching, out-of-band information exchange via
sensors mounted on the transmitter and receiver nodes, com-
pressive sensing, machine learning, and Integrated Sensing
and Communication (ISAC)-based beam alignment. These
approaches can be used in numerous ways to develop beam
alignment (BA) frameworks that address specific prob-
lematic scenarios. Table 2 categorizes the BA frameworks
identified based on their implementation features. To facil-
itate this classification, researchers decided to create the
following categories:

• Beam sweeping
• Context Information
• Compressive Sensing
• ML/AI
• ISAC beam alignment

For this study, beam sweeping, context information, com-
pressive sensing, ML/AI, and ISAC beam alignment were
considered. We considered the beam sweeping technique
as any method that uses either exhaustive beam searching,
adaptive sweeping method, or hierarchical beam sweeping
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Table 1 Research Questions

Question Motivation

RQ1: Which beam selection or alignment frameworks exist for
mmWave and THz?

The next-generation wireless network systems will use the vast
bandwidth available in mmWave and THz regions with highly
directional beams to compensate for the high path losses suffered by
such signals. However, the Transmitter and receiver’s directional
beams must be aligned [18]. The beam sweeping framework [16]
was standardized for beam alignment in 5G NR with the assumption
of a maximum of 64 beams. However, next-generation wireless
system beyond 5G is anticipated to use very large antenna arrays
with up to 1024 antenna elements and very directional beams. The
beam-sweeping framework will not be adequate due to the high
beam alignment latency, high energy consumption and high
overhead that grows with an increasing number of beams. Although
there is a substantial body of literature on this topic, further research
is needed. This question is crucial for establishing existing
frameworks and the challenges they have addressed, determining the
status quo, identifying knowledge gaps, and exploring potential
standardization solutions.

RQ2: How do these Frameworks compare to each other? This question aims to compare the different frameworks to identify
common issues that have been addressed and to highlight
differences. Additionally, gaps are identified by showing the issues
that have not been addressed by any of the established frameworks.

RQ3: What are the challenges and limitations of these frameworks? Challenges in beam alignment arise from the characteristics of
mmWave and THz frequencies, including multi-path propagation,
interference, hardware constraints, mobility, and environmental
factors. These challenges necessitate research and development
efforts to overcome obstacles and improve the robustness and
efficiency of beam alignment techniques. Although many of the
challenges have been addressed by different approaches, some of
these will spill over to 6G [10]. Specifically, the challenges and
limitations that are not addressed by existing frameworks need to be
identified through these questions.

RQ4: What are the future directions and research opportunities? After establishing the existing solutions and their limitations, the
future directions and research opportunities will be apparent, thereby
answering this question.

technique. Any technique that uses in-band or out-of-band
signalling of position, direction, or other information to the
transmitter or receiver was considered a context informa-
tion technique. Compressive sensing techniques are those
that exploit sparsity characteristics of the mmWave or THz
channel. Approaches that use any of the machine learning
techniques were classified as ML/AI. Approaches that com-
bine any of the primary frameworks with Integrated Sensing
and Communication (ISAC) were classified as ISAC-based
beam alignment or hybrid.

The summary of research distribution per category is
depicted and summarized in figure 2. Table 2 shows the stud-
ies that fall into each category and the distribution of the
selected articles according to the framework categorization.
Machine learning has the highest number of samples found.

Figures 2 and 3 illustrate the distribution of publica-
tions by framework and year of publication, respectively.
An initial classification was conducted to highlight key clus-
ters within emerging beam alignment techniques. These

Table 2 Beam Alignment Classification

Classification References No.of Refs

Compressive Sensing [22–31] 10

Beam Sweeping [10, 32–40] 10

Context Information [41–55] 16

Machine Learning [56–82] 26

ISAC Beam Alignment [83–93] 11

categories address various challenges by leveraging and
capturing the unique characteristics ofmmWaveandTHz sig-
nals.Notably, the data shows a significant increase in research
activity from 2022 onward. It is also important to empha-
size that frameworks involving Machine Learning (ML) and
ISAC have become dominant in recent research, indicating
their growing importance in this field.
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Fig. 2 Distribution of Articles by Framework

Fig. 3 Distribution of Articles by year

2 Related works

There is a vast body of recent literature related to our work
that has investigated beam management and alignment for
mmWave and THz bands. These studies include [17, 94–
100], and are described as follows:

[17] and [94] highlighted major challenges in beam man-
agement for mmWave, discussing the trends and issues
behind these challenges. Some of the identified challenges
include inefficient beam sweeping,multi-panel optimization,
high mobility, and DL/UL beam correspondence failures.
The authors proposed potential solutions such as compres-
sive sensing, machine learning (ML), reinforcement learning
(RL), multi-base station cooperation, and robust codebook
design. However, their work primarily focused on chal-
lenges related to standardized 5G NR beam management
based on beam sweeping, and technical implementation
was not thoroughly addressed. [95] Wang et al. provided a
comprehensive overview of mmWave technologies in sce-

narios such as 5G networks, fixed wireless access (FWA),
vehicle-to-everything (V2X), and indoor networks. The
work highlighted challenges encountered in these scenarios,
including high path loss, blockage, atmospheric absorp-
tion, and hardware limitations. Although the paper offered
a broad overview of mmWave, it did not cover the THz
bands or aspects like scalability, energy efficiency, and inter-
operability, and it lacked detailed technical depth in beam
management. [96] Yi et al. presented an in-depth overview
of beam training and tracking algorithms for mmWave in
scenarios such as 5G networks, FWA, V2X, and indoor and
urban environments. The study highlighted challenges such
as high path loss, blockage, mobility, and real-time tracking
and discussed how blind beam training, prior information-
aided beam training, and ML-based mechanisms can reduce
training overhead. The authors focused mainly on mmWave,
with less emphasis on broader 5G/6G contexts, such as THz
bands.However, aspects like low latency, beammanagement,
scalability, and energy efficiency were not fully addressed.
[97] Khan et al. provided extensive coverage of ML tech-
niques specific to beam management for both mmWave and
THz bands.

The study explored how to address challenges like data
availability, computational complexity and model general-
ization using supervised learning, reinforcement learning,
and federated learning. Scenarios such as autonomous vehi-
cles, smart cities, UAVs, and indoor networks were also
considered. Despite the thorough exploration of ML appli-
cations in beam management, non-ML approaches were not
covered. [98] Xue et al. focused onML-based beammanage-
ment for both mmWave and THz bands, examining current
achievementswith an emphasis on artificial intelligence (AI),
integrated sensing and communication (ISAC), and reconfig-
urable intelligent surfaces (RIS). They also highlighted the
use of multi-agent collaboration techniques like federated
learning and transfer learning. Despite the extensive analysis
of ML-based beam management, the paper did not provide
a broader analysis of beam management, as it neglected
advancements in non-ML-based approaches.

[99] Häger et al. focused on design aspects that optimize
beam training for mobile users in 6G mmWave networks.
The authors examined the impact of mobility both during
and after beam training, proposing a trade-off approach in
the design of beam training systems. This approach balances
the quality of the communication link, the delay introduced
by the beam training process, and the coverage area. The
design should incorporate a quality-of-service (QoS)-aware
beam search algorithm that dynamically adjusts the beam
training process according to the required link quality. Such
algorithms enable a balance between speed and robustness,
which is particularly crucial for mobile users who need quick
yet reliable link establishment. However, the study primar-
ily concentrated on design aspects, with less emphasis on
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broad theoretical frameworks or scenarios involving non-
mobile users. [100] presented a new approach to reducing
multi-user interference in IRS-assisted massive MIMO sys-
tems. It uses a space-orthogonal scheme that decouples the
precoder and decoder design. One part cancels interference
using zero-forcing techniques. The other part maximizes the
rate using singular value decomposition (SVD) and power
allocation. To lower the complexity of joint beamforming,
the paper introduces two IRS phase-shift design methods:
water-filling segment matching (WSM) and phase iterative
evolution (PIE). These methods balance performance with
computational efficiency. The scheme achieves near-optimal
sum-rate performance with much lower complexity than
an exhaustive search. The paper’s strengths include break-
ing down a complex problem into simpler subproblems and
using IRS-partial zero-forcing to improve spatial multiplex-
ing gains. However, it relies on accurate channel models and
dominant LoS assumptions, which may limit its use in scat-
tering environments. Scalability remains a concern for very
large systems.

While existing research has made significant contribu-
tions in specific areas for instance, ML, we believe there
is a gap in providing comprehensive coverage of beam align-
ment and management strategies. Our work aims to fill
this gap by offering a broader analysis of advancements in
beammanagement, exploring bothML/AI-driven techniques
and traditional approaches. This wider scope allows us to
address various methodologies and innovations, highlight-
ing progress in all possible directions.

3 Beam alignment frameworks and
taxonomy

The selected articles were classified by constructing meta-
data forms to organize the details and include our defined
remarks for those articles. We collected only the metadata
that addressed our research questions, which included the
title, research objectives, methodology, beamforming archi-
tecture, beam alignment frameworks environment, mobility,
number of beams, performance metrics, etc. Figure 2 shows
the distribution of the publications according to frameworks.
An initial classification was made concerning our research
topic to demonstrate outstanding clusters of the emerging
beam alignment techniques categories solving different chal-
lenges by utilizing and capturing characteristics and aspects
of the mmWave and THz signals. AI/ML dominates the
ranks.

3.1 Beam sweeping

We classified the published literature on beam sweeping into
exhaustive beam sweeping and hierarchical beam sweeping.

3.1.1 Exhaustive beam alignment

In an exhaustive beam-sweeping framework, both the trans-
mitter and receiver scan through all the beams to identify
the beam with the maximum power and most suitable for
communication [10]. The exhaustive beam sweeping was
standardized by the 3GPP for 5G NR in Release 15 [10, 94].
The beam alignment overhead and delay increase with the
number of beams when mmWave and THz are in operation.
These challenges trigger the need for improvement in this
framework.

3.1.2 Hierarchical and adaptive beam sweeping

The research in this area investigates how the standard-
ized beam-sweeping approach can be improved in terms
of overhead, delay, and energy efficiency. The hierarchical
framework’s beam sweeping is done adaptively. At first,
wider beams are swept through, and a beam with higher
power is then subsequently swept with narrower beams to
determine the optimal beam accurately [34]. However, hier-
archical beam sweeping is a common form of adaptive beam
sweeping, allowing the system to progressively focus from
wide to narrow beams. The implementation of beam sweep-
ing can be codebook-based or hardware-based, e.g., where
some antennas are switched off to produce large beams, and
then all antennas are used for narrow beams. The main draw-
backs of the framework are the inaccuracy caused by the
wider beams that may not detect mobile stations at the cell
edges [101] and the dependence on DL/UL beam correspon-
dence, which introduces inflexibility and blockage [10].

3.2 Context information

As highlighted in beam sweeping-based BA, the overhead
and delay grow with the number of beams used by the
transmitter and receiver. Although the hierarchical approach
reduces overhead and delaymetrics, it is susceptible to errors
and may not be suitable for applications like ultra-reliable
low-latency communication (URLLC). The context infor-
mation approach intends to reduce these metrics further by
using out-of-band information that is communicated to both
the receiver and the transmitter [41] to inform each other of
their bearings and where to search for the beams from each
other. The context information framework research can be
further classified by the context information used to imple-
ment the framework, as shown in figure 4 and the subsections
below:

3.2.1 Location-aware beam alignment

The location-aware frameworks exploit the position infor-
mation of the base station and mobile station [41]. The base
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Fig. 4 Beam Alignment Taxonomy

station or mobile station derives the location information
from GPS devices that are integrated into those entities.
Once these entities obtain their positions, they beacon them
towards the transmitter or receiver so that they know which
area to search for suitable beams.

3.2.2 Camera-based alignment

The camera-based framework uses the camera as a sensor
for images of objects in the environment of the transmitter
or receiver to determine the object sending the signal and its
direction [19].

3.2.3 Light detection and ranging

Light detection and ranging (LiDAR) technology is used
to acquire the contextual information of the transmitter and
receiver [19, 102]. The information is used to determine the
direction of the beam.

3.2.4 Out-of-bandmeasurements

Out-of-band measurements is any type of signal that can be
sent to the transmitter or receiver to predict the direction of
the source of the signal [20, 101].

Theoretically, a context information-based approach for
beam alignment has a high potential to reduce latency,
overhead, and energy consumption.However, themain short-
coming of such a framework is that the extra equipment
needed for the in-band or out-of-band communication makes
the equipment (base station and mobile station) more expen-
sive. Hence, the industry may be reluctant to implement such
an approach.

3.3 Compressive sensing (CS)

CS is a technique for signal processing that makes it possible
to reconstruct images or signals from a comparatively small
number of samples or measurements [103, 104]. CS relies on
the sparsity principle and optimization algorithms for signal
recovery. Sparse signals have a small number of non-zero
components, while a significant number of the components
are zeros or very close to zero. It is often quantified using the
L1-norm of the signal, which is the sum of the absolute val-
ues of its components. Compressive sensing has applications
in various fields, including image processing, medical imag-
ing, and data compression. The equation below formalizes
compressive sensing mathematically:

y = �x = ��a = �a (see [105] for details)
Where y is the low dimensional measurements, � = random mea-

surable matrix, � = transform basis, a=sparse coefficients
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The reconstruction of the signal problem will be solved as
an optimization problem of the form:

min‖a‖l1 , (1)

such that:
y = �a (see [105] for details)
Compressive sensing reduces the training overhead for

beam alignment by leveraging the spatial clustering of mul-
tipaths in the channel [20]. The best beam is selected by
probing and measuring a small set of randomly selected
beams from the whole codebook.

Although the compressive sensing technique may reduce
overhead and energy consumption by probing fewer beams,
it is complex due to the need for precise modelling and
reconstruction algorithms and may face standardization and
interoperability challenges.

3.4 Machine learning (ML) and artificial intelligence
(AI) (ML/AI))

ML and AI are used to enhance initial beam alignment
in wireless communication systems [106]. ML models are
trained to estimate and predict wireless channel charac-
teristics, such as signal strength, multipath propagation,
and interference. These channel characteristics are critical
for achieving optimal beam alignment. ML models learn
from historical data, adapting to environmental factors like
changes in surroundings, interference, or obstacles during
wireless communication.ML/AI systems dynamically adjust
beam parameters based on changing conditions, optimiz-
ing the initial alignment. Furthermore, weights and phase
parameters can be adjusted for faster beam alignment. [107]
presented the status quo, opportunities, and challenges for
deep learning, including Convolutional Neural Networks
(CNNs). Reinforcement learning trains systems to make
decisions about initial beam alignment, learning optimal
strategies through trial and error. ML and AI enable wire-
less communication systems to achieve faster, more accurate
initial beam alignment, ensuring adaptability to diverse envi-
ronmental conditions and enhancing overall reliability and
performance. Themachine learning and artificial intelligence
(ML/AI) research work for beam alignment is further classi-
fied according to the machine learning model types, namely
supervised, reinforcement, and deep learning, as depicted in
figure 4.

3.4.1 Reinforcement Learning

According to [108], Reinforcement learning is a method
within AI systems where the system learns from its experi-
ences to improve its decision-making. This approach empha-

sizes learning through trial and error, marking a significant
shift in the capabilities of artificial intelligence systems.

3.4.2 Supervised learning

Supervised learning involves using previously collected data,
along with labeled information, to predict outcomes and
through a training process, machine learning algorithms
develop a function to anticipate output values. This sys-
tem can then generate predictions for new input data after
sufficient training, as defined by the authors of [109]. By
comparing predicted outcomes with actual results, errors
are identified and used to refine the model. In contrast,
unsupervised learning is used when data lacks labels or clas-
sifications, aiming to uncover underlying patterns without
predefined outputs by analyzing and deriving functions from
unlabeled data, thus discovering hidden patterns through
observation and analysis [109].

3.4.3 Deep learning

Deep learning uses computational models consisting of
numerous layers to understand data by forming representa-
tionswith various levels of complexity using neural networks
[110].

The main drawback of the ML/AI approach is its high
complexity due to the loads of data needed for training the
models and the need for ongoing model improvements as
the very expensive hardware necessary for running inference
engines.

3.5 ISAC beam alignment frameworks

Integrated Sensing and Communication (ISAC) integrates
wireless communication and sensing in one system. Its goal
is to enhance efficiency by sharing spectrum, hardware, and
signals between the two tasks. ISAC is particularly valuable
in advanced networks like 5G and 6G beam alignment frame-
works, where high data rates and real-time environmental
awareness are crucial. ISAC can be combined with differ-
ent other beam alignment frameworks to form subcategories.
The three key subcategories of ISAC are ISAC and Machine
Learning (ML), ISAC and Beam Sweeping, and ISAC and
Context Information.

3.5.1 ISAC andmachine learning

Machine Learning (ML) enhances ISAC by using data mod-
els to improve sensing and communication. For example,
[31] integrates ISAC with computer vision and extended
Kalman filters (EKF). Resulting in improved initial access
(IA) and beam tracking in UAV networks The dual identity
association (DIA) approach further enhances beam-tracking
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accuracy and reduces delays. Similarly, [70], a deep learning
method, reduces beam-training overhead in millimeter-wave
(mmWave) systems. It uses partial codebook sweeping
and neural networks to predict beamforming weights. This
reduces overhead and increases achievable rates.

3.5.2 ISAC and beam sweeping

Beam sweeping plays a crucial role in ISAC systems oper-
ating in dynamic environments. Zhiqiang Xiao et al. [83]
introduced a double-beam codebook specifically designed
for millimeter-wave ISAC systems. This approach creates
separate beams for sensing and communication, thereby
enhancing performance while reducing overhead. Both sin-
gle and double-beam methods facilitate simultaneous target
sensing and communication with user equipment (UE). In
[84], a Simultaneous Beam Training and Target Sensing
(SBTTS) scheme uses reconfigurable intelligent surfaces
(RIS). This method effectively reduces training overhead by
distinguishing RIS from other targets.

3.5.3 ISAC and beam sweeping

Context information enhances ISAC optimize performance
by using environmental data. For instance, [88] presents an
ISAC-assisted approach specifically for Terahertz (THz) net-
works. Real-time environment perception, user tracking, and
blockage prediction are used to manage narrow beams. This
reduces beam misalignment and significantly increases cov-
erage. Another approach, detailed in [87], introduces the
Sense-Then-Train (STT) beam training scheme for near-field
MIMO systems. It uses active sensing without codebooks
and relies on neural networks for real-time alignment. While
STT speeds up beam training, it faces challenges in dynamic
settings due to high computational demands.

ISAC systems present a promising solution for future net-
works, combining communication and sensing. They offer
benefits like better efficiency and performance. However,
challenges such as computational complexity, infrastructure
requirements, and real-time processing must be addressed.
As research progresses, ISAC will likely play a major role in
shaping 6G and other advanced networks.

4 Research discussions

4.1 Beam sweeping frameworks

Beam sweeping is used in wireless communication sys-
tems, particularly in beamforming and alignment within
millimetre-wave (mmWave) and terahertz (THz) commu-
nication. This approach is necessary due to the narrow
beamwidth and sensitivity to obstacles characteristic of high-

frequency bands. The process begins with an initial beam
alignment, either derived from prior knowledge or a default
configuration and then systematically scans transmit and
receive beams over a range of directions. The transmitter
sends a transmission for each direction, and the receiver
evaluates the signal quality, providing feedback to the trans-
mitter. This feedback informs the transmitter’s adjustment
of beam direction to optimize the communication link,
considering factors such as signal strength or interference.
The iterative process continues until an optimal alignment
is achieved, with potential adaptations during communica-
tion sessions to address environmental changes. In dynamic
environments, beam sweeping may be complemented with
beam tracking, ensuring continuousmonitoring and real-time
adjustment of the beam direction to maintain optimal align-
ment amid obstacles or mobility-induced variations in link
quality. Table 3 and 4 show the collected metadata of the
selected beam-sweeping research studies that addressed our
research questions: Reference, research objectives, method-
ology, beamforming architecture, beam alignment frame-
work environment, mobility, number of beams, performance
metrics, and more.

[10] identifies several challenges in the current beam-
sweeping approach, particularly at higher carrier frequencies
that necessitate narrower beams. The challenges include
issues related to complexity, messaging overhead, and scal-
ability. The authors also discuss UEs with multiple antenna
panels, putting a focus on cooperative Tx/Rx optimization
and efficient panel switching. One of the main drawbacks
they pointed out was the dependence on DL/UL beam
correspondence, which introduces inflexibility and block-
age issues arising from mobility and device rotation, as
these impact the efficient handovers and tracking heavily in
high-speed scenarios like trains. The paper underscores the
necessity for mmWave and THz codebook designs that are
resilient and flexible, accommodatingmany frequency bands
and deployment scenarios. Lastly, it emphasizes the absence
of a useful framework for evaluation, calling for accurate
channel models, as well as UE rotation and mobility models
to meaningfully assess beam management solutions.

[32] addresses the challenges posed by millimetre-wave
(mmWave) frequencies in 5G and anticipates the require-
ments of 5G-Advanced and 6G systems.

It introduces a novel signalling method for beammanage-
ment (BM) that employs a hybrid analogue-digital (HAD)
beamforming architecture. The proposed solution aims to
parallelize the beam-sweeping procedure by transmitting
spatially multiplexed synchronization signals with reduced
overhead and latency. The paper evaluates the performance
of this approach through Monte Carlo simulations, demon-
strating its ability to reduce signal overhead and improve
beam alignment. The key contribution lies in enabling the
concurrent delivery of spatially multiplexed synchronization
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signals using a hybrid beamforming architecture, offering
improvements inBMperformance for future cellular systems
operating at higher frequencies. [33] offers a comprehensive
overview of beam management in mmWave communica-
tion, encompassing procedures from resource control to
beam failure recovery and providing technical details on
Release 15 and Release 16 enhancements. Specific scenar-
ios and challenges in UL simultaneous transmission and
interference-aware beam management are addressed, and
the paper demonstrates a forward-looking approach by con-
sidering beyond the 5G evolution and acknowledging the
role of artificial intelligence, particularly machine learning.
However, it provides limited discussion on real-world imple-
mentation validation and insufficient exploration of stan-
dardization challenges. Opportunities lie in incorporating
real-world examples, and recent developments, addressing
the dynamic nature of technology.

[34] presents a two-stagebeamalignmentmethoddesigned
for mmWave and massive MIMO systems in fixed wire-
less communication settings. The primary aim is to enhance
beam alignment efficiency in point-to-point mmWave radio
links by addressing the elevated path loss associated with
mmWave frequencies. The key contributions include the
introduction of a hybrid analog-digital antenna array that
enables steerablemassiveMIMOtransmission and reception.
The first stage involves a method for disabling some anten-
nas to generate wider beams, facilitating coarse alignment,
followed by a fine alignment stage utilizing theoretical beam
patterns. Theoretical beam alignment techniques, including
hard-alignment and soft-alignment algorithms, hierarchical
codebook design, and wider beams for accelerated scanning,
are discussed. The proposed methods aim to reduce com-
plexity and measurement requirements compared to existing
exhaustivemethods, utilizing electromagnetic simulations of
antenna arrays and free space propagationmodels.Numerical
results illustrate the effectiveness of the approach in reduc-
ing complexitywhilemaintaining performance, supported by
simulations under experimental scenarios and the steerable
hybrid antenna array architecture.

[35] addresses the challenges posed bymmWave frequen-
cies in NR networks, focusing on the evaluation of various
Initial Access (IA) schemes. It delves into analogue and
digital beamforming strategies at UE and gNB sides, empha-
sizing the impact of antennanumbers ondirectional sweeping
time during the Initial Access process.

Analog beamforming introduces significant delays, par-
ticularly if there are many directions to be searched, while
digital beamforming improves performance by reducing
sweeping time. The study identifies feasible configurations
and discusses the delay in allocating resources for Implicit
Beam Reporting in Standalone (SA) and Master Cell (MC)
architectures. Overhead analysis considers time and fre-
quency resources for Synchronization Signal (SS) Bursts,

exploring frequency diversity and repetition strategies. Prac-
tical recommendations include choosing configurations for
single-burst sweeping and reporting to reduce SS block
overhead. The paper provides a comprehensive analysis,
highlighting trade-offs and suggesting future work on beam
quality tracking and resilience in different scenarios, offering
valuable insights for mmWave NR network deployment.

[36] introduces an approach to enhance beam alignment in
millimetre-wave (mmWave) communication systems using
a novel hierarchical codebook design to improve the per-
formance of Multi-Armed Bandit (MAB) algorithms. This
work’s main contribution is designing a codebook that sat-
isfies the unimodality property, which is crucial for the
efficiency of the Hierarchical Optimal Sampling of Uni-
modal Bandits (HOSUB) algorithm. The authors propose a
Max-Min criterion for designing beamformers using phase
shifters and antenna deactivation, and they combine this
with a subarray splitting technique to improve the cover-
age and gain of the beamformers. The performance of the
proposed codebook is validated through simulations, show-
ing that it outperforms existing designs, particularly in terms
of the success rate of the HOSUB algorithm across vary-
ing signal-to-noise ratios (SNRs). In contrast, [37] conducts
an experimental assessment of a 5G FR2 network deployed
in a functioning factory environment for mmWave. The
study’s goal was to analyse radio propagation and evalu-
ate beam management processes in a real-world industrial
context, considering the presence of heavy machinery and
autonomousmobile robots. Twodifferent network configura-
tions are examined, with an emphasis on coverage, path gain
models, and beam management strategies, including beam
sweeping, switching, and recovery. The paper offers prac-
tical insights into optimizing beam management to ensure
reliable communication in highly dynamic industrial set-
tings. The results reveal that beam recovery limits power
loss while sweeping optimizes direct signals in challenging
environments with significant scattering and Line-of-Sight
conditions.

The study in [38] introduces a security-enhancedmillimetre-
wave (mmWave) adaptive beam management technique to
counter threats during the Initial Access (IA) procedure.
By using a Reinforcement Learning (RL) agent, the sys-
tem dynamically adjusts beam sweeping to avoid insecure
directions. A novel Covert Beam-Sweep Pressure (CBSP)
metric measures secrecy capacity during beam sweeping.
Experimental results show that focused, restrictive beam
sweeps centred on the receiver enhance security, offering
a practical solution for secure mmWave communications.
[40] compares beam management strategies of Verizon and
AT&T in 5G mmWave networks in Boston, MA. Verizon
uses narrower beams for higher SINR but requires more
frequent switches, while AT&T’s wider beams offer stabil-
ity with lower SINR. Despite frequent switches, Verizon’s
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shorter switch delays result in higher throughput. The study
also suggests that the current RSRP-based beam selection
might not always choose the best beam, indicating a need
to reassess beam management criteria in 5G mmWave net-
works. Finally, [39] presents a beam alignment strategy for
THz communication systems, using an iterative process to
optimize beam directions and maximize data rates. It tack-
les challenges like severe path loss and the need for precise
alignment in high-frequency environments. Despite its ben-
efits in data rate and accuracy, the approach faces challenges
with computational complexity and real-time feasibility. The
study advances beam management in next-generation wire-
less networks, especially in the context of emerging THz
technologies.

Beam sweeping exhibits various challenges and consid-
erations. Firstly, it introduces latency, which, while tolerable
in some applications, becomes critical in low-latency sce-
narios. This latency issue is compounded by the overhead
incurred in terms of time and frequency resources, impacting
the network’s overall efficiency. Moreover, beam sweeping
is sensitive to environmental changes, with factors like obsta-
cles and interference affecting alignment accuracy and speed,
potentially leading to suboptimal performance in dynamic
settings. Scalability is a concern, particularly in scenarios
with many users or devices, as managing multiple simulta-
neous beams and ensuring efficient alignment for each user
poses challenges. Furthermore, the constant adjustment of
beams through sweeping can contribute to increased energy
consumption, raising concerns about the network’s sustain-
ability and energy efficiency.

Finally, the implementation and management of beam
sweeping procedures, especially in millimetre-wave and
THz frequencies, involve complexity, requiring sophisticated
algorithms, signalling mechanisms, and hardware, which
could escalate deployment and maintenance costs.

4.2 Context information frameworks

In wireless communication, context information encom-
passes details about the environment, including device
locations, obstacle presence, device movement, and over-
all network conditions, which is valuable for optimizing
communication parameters. Beam alignment is essential in
millimetre-wave and THz communication, utilizing direc-
tional beams through beamforming to enhance signal focus
and reliability. A context-aware beam alignment approach
integrates additional contextual information, such as precise
device locations, obstacle awareness, and device dynam-
ics (especially for mobile devices), facilitating proactive
adjustments for optimal beam direction and interference
reduction. The context information approach often employs
adaptive algorithms to monitor and analyze contextual fac-
tors, dynamically adjusting beamforming parameters for

better communication performance. Furthermore, contex-
tual data plays a crucial role in Machine Learning (ML).
It provides additional information that helps models make
more accurate predictions. This enables informed decisions
about beam alignment and adaptive responses to changing
conditions. Tables 5 and 6 show the collected metadata of
the selected Context Information frameworks research stud-
ies that addressed our research questions, which include
year, title [Reference], Research objectives, Methodology,
Beamforming Architecture, Beam Alignment frameworks
Environment,Mobility,Number of beams, Performancemet-
rics, etc.

[42] explains the transmission model for beamforming
using a Butler matrix and parameters characterizing radio
spatial propagation. It introduces the beam alignment prob-
lem as a multi-hypothesis testing issue, discussing various
detection frameworks, including fixed-length detection and
variable-length detection (SCET), with SCET presented as
an adaptive and robust improvement over fixed-length meth-
ods. The paper details an experimental setup at TU Dresden
for mmWave experimentation with hybrid beamforming,
evaluating beam selection methods in different scenarios.
The results demonstrated the adaptability and efficiency of
SCET and SCT in single-path and multi-path scenarios com-
pared to fixed-length methods. The paper also highlighted
the adaptability and efficiency of the SCET framework in
realistic mmWave scenarios. The study acknowledged its
robustness and superiority over fixed-length methods. [41]
addresses the beam alignment challenges in millimetre-wave
(mmWave) communication, where high data transmission
and reduced interference are crucial. The proposed algorithm
leverages the location information ofmobile users and poten-
tial reflectors to efficiently align beams in mmWave-band
communications. The key idea is to enable the base station
and mobile user to work together to scan a limited number of
beams within the error boundary of the noisy location infor-
mation. This initial set of beams guides the search for future
beams, reducing alignment overhead, power consumption,
and time resources. The algorithm’s effectiveness is demon-
strated through simulation results, demonstrating improved
system performance even when dealing with noisy location
data. The paper compares the proposed approach with exist-
ing methods, highlighting its adaptability, efficiency, and its
reduced complexity. Overall, the research aims to enhance
the beam alignment process in mmWave and THz commu-
nication, particularly in mobile environments, by exploiting
location-aware coordination.

[43] explores "Frequency-DependentBeamforming”, lever-
aging fixed and variable length testswith a focus onmmWave
communication systems. It introduces an exhaustive search
(ES) based testing approach, including a Variable Length
Testing Scheme (VLT) utilizing ES and aGeneralized Likeli-
hoodRatio Test (GLRT) considering cross-correlation values
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andnoise variance estimates, alongwith a termination thresh-
old determined by the likelihood of a false alarm. The
Frequency Dependent Beamforming (FDB) section employs
a linear system model with Rician fading, adapting GLRT
for hypothesis testing, and introducing a length-dependent
threshold based on an F-distribution. Simulation results com-
pare Fixed Length Testing (FLT) with true time delay for
different scenarios, emphasizing the advantages of vari-
able length testing, particularly in higher SNR regimes.
The conclusion highlights the time efficiency of the pro-
posed frequency-dependent beamforming, achieving power
loss measures in medium to high SNR, and suggests further
research for improving time efficiency and reducing power
losses in challenging conditions.

[44] focuses on beam alignment strategies for mmWave
massive MIMO systems to enhance communication perfor-
mance, exploring various codebooks, including orthogonal,
hierarchical, and frequency-dependent types. It discusses
the optimal beamformer choice, focusing on the orthogo-
nal codebook after a specific number of observations (N)
and emphasizing the minimum required samples for the
Least Squares (LS) solution. Simulations considered a chan-
nel with multiple paths and a receiver with a 64-element
uniform linear array. The paper compares fixed and variable-
length beam selection techniques using the Butler codebook
and introduces the Sequential Competition and Elimination
Test (SCET) for adaptive test length and robustness. The
hierarchical codebook (MLVL) and Frequency-Dependent
Beamforming (FDB) codebook are evaluated, showing that
variable-length detection, especially with SCET, enhances
adaptivity, resulting in rate gains and delay reduction. Differ-
ent codebook types impact detectionperformancedifferently,
with orthogonal codebooks benefiting from elimination
mechanisms and frequency-dependent codebooks eliminat-
ing the need for beam switching. [45] investigated the
initial beam acquisition/alignment in mmWave communica-
tion systems. The authors proposed a training protocol that
uses a frequency-selective beam probing network to scan
all beamformers from a particular codebook. This approach
exploits the sparse nature of mmWave channels, mapping
each beamformer to different frequencies. The paper com-
pares two hardware designs for parallel beam training and
evaluates their feasibility. The results demonstrated that
frequency-selective beam probing outperforms exhaustive
search in terms of effective transmission rates in rapidly
changing environments, crucial for mmWave systems with
large beamforming codebooks and short coherence times.
The study highlights the importance of reducing timing over-
head in communication systems, especially in scenarios with
high mobility and spatial resolution. The proposed approach
demonstrates advantages in time efficiency and transmission
rates. It offers potential benefits in sparse scattering envi-
ronments common in mmWave communications. The paper

suggests exploring continuous pilot subcarriers during data
transmission for improved channel tracking for future work.

[46] introduces an innovative rapid access method for
mmWave systems in cellular networks, aiming to reduce
the complexity of beam training. This is achieved through
the utilization of retro-directive arrays (RDA) and a Zadoff-
Chu (ZC) sequence-based preamble. The proposed method
involves two stages: in the first part, the base station (BS)
performs transmit (Tx) beam sweeping with activated RDA,
and if a mobile station (MS) is detected in any of the beam
directions, the RDA retransmits the signal to the BS. In
the second part, the BS transmits the preamble through the
chosen Tx beam, and the MS performs Rx beam sweep-
ing to measure the SNR. The paper demonstrated a notable
decrease in complexity when compared to the traditional
exhaustive search approach. Simulation results confirmed
the technique’s ability to accurately detect beam alignment
parameters, highlighting its potential in addressing the com-
plex challenges of beam training. The proposed approach,
leveraging retro-directive arrays and Zadoff-Chu sequences,
offers a promising solution for efficient initial access in
mmWave networks.

[47] tackles the beam alignment challenge in mmWave
communication networks by proposing a groundbreaking
framework aided by Ultra-wideband (UWB). The innova-
tion lies in integrating UWB technology to estimate optimal
angles for beam alignment, eliminating the necessity for
exhaustive space searching and addressing latency and com-
plexity issues. The Multi-Frequency MUSIC (MF-MUSIC)
algorithm expands the traditional MUSIC algorithm into the
frequency domain, enabling accurate angle estimation with
a small number of UWB antennas. The paper recognizes
practical challenges with limited antennas on Commercial-
Off-The-Shelf (COTS) devices and provides a solution,
enhancing its real-world applicability. While comprehensive
numerical evaluations and comparisons are strong, they lack
real-world validation and rely on assumptions.

Themain contributions of [48] include a novel approach to
coordinate computation using accelerometer rotation angles,
addressing azimuth errors. The paper proposes an efficient
association of mobile stations (MS) with base stations (BS)
through a transmitted uplink control signal, considering
power, response vectors, and the geometric channel. Two
broadcasting approaches, single and multi-broadcasting,
facilitate data dissemination to multiple MS users. Per-
formance evaluation indicates advantages such as signifi-
cantly reduced access times, high success rates, and energy
efficiency in comparison to existing schemes. Limitations
include potential challenges in real-world implementation
and the developmental stage of mmWave technology. In their
future work, they suggest exploring outages caused by block-
age and mobility.
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[49] investigates the impact of uplink power control
on downlink beam alignment errors in mmWave cellu-
lar networks, employing stochastic geometry and Student’s
t-distribution statistics. The authors created an analytical
framework that considers link parameters, uplink power
control, and SNR coverage. The results demonstrate a
substantial reduction in user equipment (UE) power con-
sumption through effective uplink power control without
compromising downlinkSNRcoverage. The studyhighlights
fractional power control for uplink pilot signal transmission,
an underexplored area in mmWave systems. Key contri-
butions include exploring the influence of uplink power
control on downlink beam alignment errors, introducing an
analytical model, and showcasing significant UE power con-
sumption reduction with minimal effects on downlink SNR
coverage. Acknowledging limitations related to assump-
tions, the paper suggests future research directions involving
real-world validation, dynamic power control strategies, and
extensions to additional scenarios for a comprehensiveunder-
standing of power control mechanisms in emerging wireless
communication technologies. In summary, the research pro-
vides valuable insights into optimizing power consumption
in mmWave cellular networks while ensuring satisfactory
downlink SNR coverage.

[50] focuses on advancing Terahertz (THz) communi-
cation by developing and optimizing a Medium Access
Control (MAC) protocol framework. The authors aim to
tailor the MAC framework for the downlink in THz net-
works, considering THz channel characteristics and empha-
sizing pulse-level beam-switching using large antenna arrays
based on graphene for macro-scale communication. The
proposed framework aims to establish a "pseudo wired"
wireless link through focused transmission via line-of-sight
or reflected paths. The paper explores key components,
including the optimization of Inter-Pulse Separation (IPS)
and Inter-Symbol Separation (ISS), revising transmission
scheduling, discussing beam acquisition strategies, address-
ing beam switching delay, and presenting numerical results
for both LOS and NLOS.

[61] investigates the application of beamforming and
spatial multiplexing in the context of 5G Ultra-Dense Net-
works (UDN), particularly emphasizing the transition to
mmWave. The study highlights adaptive beamforming (AB)
and spatial signal processing as crucial elements in over-
coming mmWave limitations. The paper explores adaptive
beamforming scenarios, addressing challenges like beam
alignment and presenting analog, digital, and hybrid meth-
ods. The research evaluates spatialmultiplexing performance
through simulations employing the Least Mean Squares
(LMS) algorithm. It focuses on the interference suppres-
sion rate (ISR) under various conditions. Key contributions
include assessing location-aware beamforming and develop-
ing a simulation model to understand the impact of angular

separation and antenna elements on interference suppres-
sion. In conclusion, the research significantly advances the
understanding of beamforming and spatial multiplexing in
5G UDN, providing valuable insights for further exploration
and practical implementation.

Context-based beam alignment is an optimization tech-
nique in wireless communication systems that utilizes con-
textual information such as user locations, environmental
conditions, interference levels, and network dynamics to
dynamically adjust beam parameters. While this approach
aims to enhance system performance, reliability, and effi-
ciency, it faces several common limitations. These include
the complexity introduced to system design, challenges in
achieving real-time adaptation, reliance on accurate contex-
tual information, concerns regarding interoperability across
diverse systems, and potential security and privacy issues
associated with sensitive contextual data.

To address these challenges, common recommendations
include the development of robust algorithms, integration
with artificial intelligence andmachine learning for improved
adaptability, and collaborative standardization efforts to
ensure consistency, real-world validation to assess effective-
ness in various environments, and the implementation of
strong security measures, such as encryption and authenti-
cation, to safeguard sensitive information.

4.3 Compressive sensing (CS) frameworks

CS is employed to take advantage of the mmWave chan-
nels’ intrinsic sparsity. The sparsity characteristics allow for
the accurate recovery of dominant paths with fewer training
resources. It also reduces the training overhead by provid-
ing a means to recover essential channel information with a
sparse set of measurements. Additionally, compressive sens-
ing can be combined with other techniques (e.g., Kalman
Filtering [25]) to adapt to the dynamic nature of time-varying
channels, ensuring accurate beam alignment over changing
conditions. Tables 7 and 8 show a list of studies included
in this section. The selected studies in Tables 7 and 8 col-
lectively provide a contemporary understanding of the status
quo in Compressive Sensing (CS) beam alignment. These
studies showcase the potential of CS-based frameworks in
addressing challenges associated with mmWave communi-
cation. Notably, the integration of CS with Kalman Filtering,
as demonstrated by Kun-Hsien Lin, presents a promising
approach for accurate channel recovery with reduced over-
head. Erfan Khordad’s exploration of beam alignment in
dynamic environments emphasizes the importance of adapt-
ability and a switching mechanism between beam training
and tracking to balance accuracy and overhead.

[25]’s work further underscores the potential of CS-
Kalman Filtering integration in achieving accurate beam
alignment with significantly lower Mean Squared Error

123



Beam alignment for mmWave and THz: systematic... Page 23 of 53    87 

(MSE) compared to traditional methods. However, the sta-
tus quo also reveals critical aspects that warrant attention.
The impact of CS-based frameworks in highly mobile sce-
narios and their robustness under extreme channel dynamics
require further investigation. Real-world deployment chal-
lenges, such as hardware constraints and synchronization
issues, are recognized but not extensively discussed. Adapt-
ability to diverse environments and comprehensive analysis
of CS performance under varying signal-to-noise ratios
(SNR) remain areas for more in-depth investigation. The
trade-off between accuracy and overhead reduction, as well
as comparative assessments with alternative beam alignment
techniques, need more detailed consideration. In conclusion,
the status quoofCS-based beamalignment is promising,with
notable advancements in integration strategies and perfor-
mance improvements. Yet, there exists a need for continued
research to address challenges in mobility, real-world imple-
mentation, environmental adaptability, SNR sensitivity, and
a comprehensive understanding of trade-offs in practical
mmWave communication scenarios.

4.4 ML/AI frameworks

The application of machine learning (ML) and artificial
intelligence (AI) principles in beam alignment involves a
data-driven approach, utilizing historical data to trainmodels
on relevant features, such as signal strength and environ-
mental factors. Supervised learning is employed for tasks
with labelled datasets, while unsupervised learning aids in
understanding data patterns. Reinforcement learning trains
systems to make beam alignment decisions through trial and
error. MLmodels adapt in real time to dynamic environmen-
tal changes, andoptimization algorithms adjust beamforming
parameters for optimal performance. Deep learning, particu-
larly Convolutional Neural Networks (CNNs), may be used
for image processing and pattern recognition. The principles
also include the creation of adaptive systems that dynami-
cally adjust beam parameters based on changing conditions
and predictive analytics for forecasting potential misalign-
ments. Together, these principles enhance the automation,
optimization, and adaptability of beam alignment processes,
improving efficiency and reliability in various technologies.

Tables 9, 10, 11 and 12 show the collected metadata of
the selected ML/AI framework-based research studies that
addressed our research questions, which include year, [Ref-
erence], Research objectives, Methodology, Beamforming
Architecture, Beam Alignment frameworks Environment,
Mobility, Number of beams, Performance metrics, etc. The
work of [56] explores beam alignment in mmWave massive
MIMO systems using ML. The proposed framework using
ML, introduces a neural network (NN) trained offline in
simulated environments that uses partial beams to forecast
the beam distribution vector. Based on the NN predic-

tions, all users’ beams are then simultaneously aligned. The
framework demonstrated superior overall performance, con-
sidering total training time slots and

spectral efficiency. The approach eliminates the need for
historical user location data during NN training, contribut-
ing to reduced system overhead. The research indicates that
ML techniques can significantly enhance beam alignment by
improving efficiency and reliability.

[57] proposes a new approach to overcome the challenges
of beamalignment inmmWave systems,which are crucial for
addressing propagation issues at high frequencies. The paper
introduces a distributed beam-alignment strategy utilizing an
adversarial multi-armed bandits (MAB) approach, leverag-
ing a single bit of feedback indicating whether the SINR
surpasses a predetermined cutoff. The main breakthrough
is a redesigned reward function that draws inspiration from
the mmWave channels’ sparse structure, efficiently reinforc-
ing good beam directions and penalizing poor ones. The
proposed algorithm, MEXP3, builds upon the exponential
weights (EXP3) algorithm, demonstrating theoretical guar-
antees for regret. The results of the mmWave numerical
simulations with user mobility showcase the superior per-
formance of MEXP3 when compared to EXP3 and other
policies, emphasizing its adaptability to dynamic wireless
environments.

[58] suggests BsNet, a deep learning-based beam selec-
tion technique. The motivation stems from the challenges
posed by the narrow and highly directional beam character-
istics of mmWave bands, making beam alignment costly and
challenging. BsNet addresses this by treating beam align-
ment as an image reconstruction problem, leveraging deep
neural networks (DNNs) for beam domain image recon-
struction. The approach involves offline training and online
prediction stages, significantly decreasing the online beam
selection overhead. The paper introduces the concept of
eigen-beam extraction and uses a learning-based method
for BsNet training, achieving remarkable results in terms of
scalability, robustness, and performance. Simulation results
demonstrate BsNet’s superiority over existing methods, such
as Modified Rosenbrock’s Direct Search (MRDS) and local
learning-based clustering algorithm with feature selection
(LLCfs), offering high spectral efficiency while minimiz-
ing the search overhead. The proposed approach exhibits
promising potential for efficient beam selection in mmWave
communication scenarios, demonstrating adaptability to var-
ious environments and scenarios. [59] proposes a machine
learning solution for beam management in 5G NR using
geolocation side information. The method models the map-
ping between the geolocations of user equipment (UE) and
the beams or cells that serve them in a multiuser, multi-
cell environment by using support vector machines (SVMs).
Furthermore, a multiuser scheduling approach is shown that
reduces real-time channel state information (CSI) feedback
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by using local beam assignment information from neigh-
bouring cells. Simulations demonstrated that the proposed
multiuser scheduler achieves high performance with low
algorithmic complexity, resulting in an initial access latency
decrease of 50% and a 34% reduction in signalling over-
head compared to conventional exhaustive beam sweeping
approaches. The paper addresses the challenges posed by
mmWave propagation and emphasizes the importance of effi-
cient beam management for 5G NR deployment in scenarios
like vehicle-to-everything (V2X) communication. However,
it is important to remember that the suggested solution
assumes an idealized training scenario without interference
and relies on a specific communication protocol for geolo-
cation information transfer, which can restrict its practicality
in the actualworld, interference-prone environments. Further
investigation and validation in diverse scenarios are neces-
sary to evaluate the robustness and scalability of the solution.

[60] introduces an innovative machine learning (ML)
approach for beam selection in mmWave communication
systems, a crucial aspect of modern wireless networks. The
proposed method utilizes a Multi-Layer Perceptron (MLP)
classifier to predict optimal access points (APs) and beams
based solely on user equipment (UE) locations, overcoming
challenges in dynamic environments and imperfect location
data. Through extensive evaluations, the paper demonstrates
that the MLP classifier consistently outperforms traditional
techniques and other ML models, showcasing its robustness
and efficiency. The study explores the model’s sensitivity to
UE location noise and training dataset size, revealing that the
MLP classifier excels in performance with minimal training
data. The findings highlight the significant contributions of
the ML-assisted approach, offering a hopeful solution for
improving beam alignment and providing valuable insights
for future research in wireless communication. [62] proposes
a clever algorithm for beam training using a deep convolu-
tional neural network (DCNN). The algorithm capitalizes on
the deep CNN’s feature extraction capabilities and the spatial
correlation between several beams to select a subset of beams
for training. To measure the correlation, the spatial mutual
information is defined, and the probing beams are selected
based on a weighted combination of average correlation with
the remaining beams and correlation with the optimal beam.
The deep CNN is trained with offline data collected using
exhaustive beam sweeping. Simulation findings show that
the suggested technique considerably lowers beam training
overheads and leads to improved throughput performance
compared to state-of-the-art methods.

[63] The study suggested a beam selection framework for
6G communication networks that is based on deep learn-
ing. Large antenna arrays at base stations are essential in
6G, where very high frequencies are used to form directional
beams to overcome path losses encountered by such signals.
Conventional methods for beam selection suffer from high

training overhead, leading to increased computational com-
plexity and power consumption. The paper introduces a data-
driven neural network framework using a CNN trained from
simulator-generated beam datasets. To balance accuracy and
computational complexity, the model uses hyperparameter
optimization and skip connections approach. With the pro-
posed strategy, computational complexity can be reduced by
up to 15 percent and accuracy can be increased to over 70
percent. The main contributions include generating datasets
using simulators and designing a less-complex CNN model
for beam selection. The outcomes show that the suggested
model is effective when compared to traditional andmachine
learning-based methods. The computational complexity is
also reduced, making the solution suitable for 6G systems.
[64] introduces anML-based blind beam alignment approach
tailored for mmWave massive MIMO setups with a single
RF chain. Leveraging Matrix Factorization (MF) and Non-
negative Matrix Factorization (NMF), the method optimally
exploits Line-of-Sight channel characteristics to mitigate
signalling overhead. The study conducts a comprehensive
Train/Test performance analysis, showcasing the swift adap-
tation of themodel parameters, particularly inNMF, resulting
in rapid error reduction. Notably, the proposed strategy
achieves accurate predictions with just 10% of beams in
massive MIMO configurations, emphasizing its efficiency.
The paper contributes valuable insights into the trade-offs
between ALS calculus and Gradient Descent, emphasizing
the former’s faster convergence. The findings affirm the pro-
posed ML-based Blind Beam Alignment as a compelling
solution for mmWave Massive MIMO, with future work
recommended to explore alternative ML frameworks. [65]
introduces a beam alignment framework leveraging machine
learning to predict directional beams for communication in
challenging environments. The proposed method involves
training an NN network to learn a site-specific codebook
and optimizing its beam patterns to capture environmen-
tal characteristics. Through extensive evaluations in various
environments, including Rosslyn andDeepMIMO scenarios,
the paper demonstrates that the learned probing codebook
consistently outperforms predefined codebooks, achieving
superior beam alignment accuracy. The key contributions
include the reduction of beam sweeping complexity, espe-
cially in scenarios with NLOS users, and the provision of an
insightful explanation of the learned codebook’s effective-
ness by using data clustering and representation learning.
The findings highlight the potential of the solution to out-
perform state-of-the-art beam search approaches,making it a
promising solution. [66] addresses the critical challenges of
beam selection in mmWave systems.

Unlike conventional approaches that rely on predefined
codebooks, the proposed method introduces a grid-less and
one-shot beam alignment technique. The method employs
unsupervised machine learning to train a neural network,
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enabling the synthesis of analogue beamforming weights
directly without sweeping through a set of candidates.
Through experiments, the paper demonstrates the method’s
ability to achieve remarkable performance, with a reduction
of over 20 times in beam sweeping latency and an improve-
ment of about 0.32 dB below the theoretical maximum. The
key contributions include the elimination of the grid-based
codebook constraint, scalability tomultiple devices, and inte-
gration inside the architecture for 5G NR beam alignment.

[67] presents an algorithm for beam training based on
Deep Reinforcement Learning (DRL) for mmWave MIMO
communication systems, specifically addressing user mobil-
ity effects. The algorithm dynamically selects techniques for
training beams using past channel measurements, finding
a balance between training overhead and energy efficiency
(EE) or spectral efficiency (SE) performance. Through exten-
sive simulations, the proposed DRL algorithm outperforms
the baseline Multi-Armed Bandit (MAB) approach, attain-
ing a higher SE with a 10% decrease in measurements or
a comparable EE with 20% less beam measurements. The
study introduces an EE/SE maximization strategy and eval-
uates the impact of factors such as the trade-off parameter,
state vector size, and random blockages. Noteworthy contri-
butions include the development of an intelligent, adaptable
beam training framework and insights into optimizing perfor-
mance and computational complexity. The paper discusses
limitations, such as the assumption of equal power alloca-
tion, and suggests avenues for future research, emphasizing
practical implications for mmWave systems.

[68] proposes an advanced K-means (KM) learning algo-
rithm for optimizing beam alignment for MIMO channels.
The study employs Detection-Modified Orthogonalization
(DMO) to significantly enhance the computational speed of
the algorithm compared to conventional KM

learning methods, showcasing over 100-fold improve-
ment. Notably, the paper introduces a novel application of
the Kolmogorov-Smirnov (KS) test to address uncertainty
arising from Feature Extraction (FE) and obtain the training
set’s empirical probabilities, thereby improving the ability of
the KM algorithm to learn. Experimental results indicate that
the suggested KM learning algorithm, incorporating DMO
and the KS test, outperforms traditional KM algorithms in
terms of beamforming gains, especially in scenarios with
reduced computational complexity. The research contributes
a valuable advancement in beam alignment techniques for
mmWave MIMO channels, demonstrating superior perfor-
mance and efficiency.

In [69], the authors address the beam alignment (BA)
problemby proposing a novel learning algorithm calledHier-
archical Beam Alignment (HBA). The algorithm uses past
knowledge of channel variations and the intrinsic correla-
tion structure between beams to speed up the BA process.
Through extensive simulations and evaluations, the study

demonstrates that HBA outperforms existing benchmarks,
significantly reducing the quantity of measurements needed
for BA. The algorithm proves effective in various scenar-
ios, includingmultipath channels and under different channel
fluctuation distributions. Notably, HBA exhibits robustness
and scalability, achieving high beam detection accuracy even
in the case of many beams. The research further explores the
impact of transmission distance and coarse prior knowledge
on performance, highlighting the algorithm’s effectiveness
in practical scenarios. The key contributions include the
development of HBA, a machine learning-based approach,
and a comprehensive evaluation demonstrating its superi-
ority in terms of regret performance, scalability, and beam
alignment latency, ultimately providing valuable insights for
optimizing mmWave communication systems. [70] intro-
duces the Extreme-Beam Management (X-BM) framework.
This approach uses machine learning to optimize beamman-
agement in 6Gnetworks, especially for largeMIMOsystems.
The X-BM framework improves initial access and spectral
efficiency, achieving an 8dB boost in signal quality. It out-
performs traditional methods across different scenarios. The
systemhandlesCSI acquisitionwith less feedback and adapts
well to various environments and antenna arrays.

However, it adds computational challenges, particularly
for real-time operations, despite its high adaptability and effi-
ciency.

[71] The paper presents a restless, multi-armed bandit
(MAB) framework named MAMBA for optimizing beam
tracking and rate adaptation. MAMBA uses reinforcement
learning for beam tracking and rate adaptation in mmWave
systems. It leverages Adaptive Thompson Sampling (ATS)
and HARQ feedback to optimize beam and MCS selec-
tion. This reduces control overhead and improves efficiency.
MAMBA improves throughput by up to 182% compared to
static methods. The system is robust in both LOS and NLOS
environments and handles highmobility well. However, real-
time use is challenged by computational complexity.

[72] proposes a deep-learning approach to improve beam
alignment and security in 5G. It uses a Deep Neural Net-
work (DNN) to rank beam pairs efficiently. This reduces the
need for exhaustive beam searches. The method also min-
imizes signal leakage to eavesdroppers. It cuts the beam
search space by 75% while maintaining 99.66% accuracy.
The approach improves secure communication probabil-
ity by 68.12%. Though signal strength drops by 6.5 dB,
the method is highly accurate. It also reduces energy use
and overhead, making it ideal for future wireless networks.
[73] presents beam training algorithms for THz communi-
cation, which is important for beam training 6G networks.
The authors propose three algorithms–UCB, Loc-LinUCB,
and Probing-LinUCB–using a Multi-Armed Bandit (MAB)
framework. The contextual algorithms (Loc-LinUCB and
Probing-LinUCB) use location and probing data to improve
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beam selection. The findings show that these algorithms
improve spectral efficiency and adapt faster to changes
compared to UCB. Probing-LinUCB performs best but has
higher complexity. Limitations include increased compu-
tational demands and hardware needs for the contextual
algorithms. UCB struggles in dynamic environments, and
Probing-LinUCB introduces latency due to its added com-
plexity, making it less ideal for ultra-low latency needs.

[74] explores how AI and ML can improve beam man-
agement in 5G-Advanced. These technologies boost beam
prediction accuracy, reduce latency, and improve perfor-
mance, especially in high-mobility areas. Two key methods
are discussed. Spatial Beam Prediction (SBP) uses location
data to find the best beam. Temporal Beam Prediction (TBP)
uses past beam data to predict future beams over time. Both
methods outperform traditional techniques. They increase
prediction accuracy by up to 63.5% and reduce signal dif-
ferences and overhead. However, challenges remain. These
include high computational demands, difficulties in gener-
alizing models, privacy concerns, and the lack of standard
protocols. Solving these will be key for AI/ML’s success
in future 5G networks. [75] presents a deep learning-based
hierarchical framework for beam alignment in mmWave sys-
tems. The Hierarchical Beam Alignment Network (HBAN)
uses a two-tier probing process to optimize beam selection.
This reduces the number of measurements and improves
accuracy for both MISO and MIMO systems. The method
achieves higher accuracy with fewer measurements. It also
enhances spectral efficiency and reduces overhead compared
to traditional methods. However, there are some limita-
tions. The system has high computational complexity and
requires extensive training data. Real-time deployment can
be challenging, especially in resource-constrained environ-
ments. The framework may also need frequent retraining
to adapt to different environments, and the MIMO-specific
design adds complexity. Both [70] and [75] use hierarchical
approaches and machine learning to enhance beam manage-
ment. However, they focus on different areas. [75] targets
beam alignment in mmWave systems, while [70] focuses on
codebook design for X-MIMO. Both aim to reduce over-
head and improve performance. [75]emphasizes beam search
and probing, whereas the [70] concentrates on optimizing
the feedback process and CSI-based beamforming for larger
arrays and wider frequency ranges.

[76] introduces a reinforcement learning framework. It
optimizes beam selection and transmission power to improve
energy efficiency in mmWave networks. The approach uses
the Advantage Actor-Critic (A2C) method. It reduces over-
head and energy consumption while maintaining coverage.
Key findings show that the A2C method more than dou-
bles energy efficiency compared to traditional methods. It
is suitable for high-mobility and dense user scenarios. The
method adapts well to different network conditions. It can

also be integrated into Service Management and Orchestra-
tion (SMO) platforms like Open RAN. However, the model
has high computational complexity. It requires extensive
training data and faces challenges in scalability for multi-
base stations or multi-user environments. [77] proposes a
deep learning framework to enhance beam selection effi-
ciency in mmWave MIMO systems by modelling it as a
contextualmulti-armedbandit (MAB)problem.Using neural
network algorithms like Neural Epsilon-Greedy and Neu-
ral Network Committee (NNC), the system makes real-time
decisions to optimize beam selection and maximize through-
put while reducing the need for exhaustive search methods.
The approach shows significant improvements in beam selec-
tion efficiency and performance in dynamic environments.
However, the method introduces computational complex-
ity, requires substantial training data, and its adaptability to
diverse real-world scenarios may need further validation.

[78] introduces an LSTM-based approach to optimize
beam tracking in millimeter-wave (mmWave) wireless sys-
tems, particularly in multi-cell environments. The method
reduces power consumption and signalling overhead while
maintaining high beam tracking accuracy by selectively
tracking beams based on channel quality predictions. The
approach reduces overhead by up to 85% and predicts the
best beam within 2 dB of the optimal SNR 95% of the
time. It is adaptable to both analog and digital architec-
tures and is suitable for real-time deployment. However,
the method introduces computational complexity and relies
heavily on training data, which can be challenging in data-
scarce environments. Further optimization is required to
balance performance under different network conditions.

[79] presents a two-stage prediction-based beam selection
(TS-PBBS) algorithm that improves beam selection effi-
ciency in urban vehicular scenarios. It uses a deep neural
network (DNN) to predict optimal beams and a local search
method to refine them, reducing overhead and enhancing
accuracy in dynamic environments with frequent blockages.
The TS-PBBS algorithm achieves 90% accuracy even in low
SNR conditions, reducing beam search overhead by up to
86.4%. It performs well in urban settings with blocked line-
of-sight, making it promising for 6G systems. However, the
algorithm introduces computational complexity due to DNN
training and prediction, requires high-quality training data,
and its performance may vary with different environment
configurations, necessitating parameter fine-tuning.

[80] investigates using ML to optimize beam manage-
ment in mmWave D-MIMO systems by reducing the need
for exhaustive beam measurements across multiple Access
Points (APs). ML algorithms such as Random Forest(RF),
MissForest (MF), and c-GAN are used to predict the best
beam andAPwithminimalmeasurements, significantly low-
ering overhead. RF and MF provide the highest accuracy
and efficiency, while c-GAN performs well but requires
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more data. However, the approach is heavily reliant on high-
quality training data, and its computational complexity may
limit real-time applications in resource-constrained environ-
ments. Additionally, scaling to larger networks with more
APs and users presents challenges in managing multiple
beams simultaneously. [81] presents a deep learning method
called deep regularised waveform learning (DRWL) to
improve beam prediction in non-cooperative mmWave sys-
tems, addressing the challenge of limited training data. Using
data augmentation techniques like cyclic time shift (CTS)
and signal splicing, DRWL predicts optimal beams without
coordination between transmitter and receiver, reducing the
need for exhaustive beam sweeping. The method improves
beam prediction accuracy even with fewer training sam-
ples, maintaining high performance by leveraging waveform
characteristics. However, the model introduces computa-
tional complexity, making real-time deployment difficult
in resource-constrained environments, and its performance
depends on input signal quality. Further testing is needed to
confirm its effectiveness in dynamic, real-world scenarios.

[82] explores using computer vision (CV) and machine
learning (ML) to improve mmWave beammanagement. Tra-
ditional systems rely on channel state information (CSI),
leading to high overhead and delays. This new approach
uses camera data to select beams without needing CSI. The
framework focuses on improving efficiency, robustness, and
scalability with ML models. Simulations show better beam
alignment and reduced computational costs. However, the
system depends on reliable camera data, which may be
impacted by blocked views or poor conditions. Labeling data
for ML training is also challenging. The system faces further
issues with multiuser environments, integration complexity,
and environmental sensitivity.

The research papers spanning [56–60, 62–69], [70–82]
collectively provide a thorough examination ofML/AI-based
beam alignment techniques. These methodologies, exempli-
fied by innovations like HBA (Hierarchical Beam Align-
ment), are designed to optimize beamforming for improved
communication performance, demonstrating promising out-
comes in terms of regret performance, scalability, and beam
alignment latency reduction. However, the papers identify
several

limitations, including reliance on specific channel models
that may not fully represent real-world mmWave com-
plexities, posing challenges for generalization to diverse
scenarios. The impact of mobility, dynamic obstacles, and
environmental changes on beam alignment is also insuffi-
ciently addressed. Practical implementation aspects, such as
computational complexity and energy efficiency, are often
overlooked, with deployment challenges needingmore atten-
tion. The trade-off between exploration and exploitation in
learning algorithms, especially in dynamic mmWave chan-
nels, requires further exploration. In essence, while ML/AI-

basedbeamalignment techniques exhibit significant progress
in optimizing mmWave communication, challenges persist
in generalization, practical implementation, and adaptability
to dynamic scenarios, necessitating future work to address
these limitations and explore real-world deployment chal-
lenges, mobility, and energy efficiency for a more holistic
solution in mmWave communication systems.

4.5 ISAC beam alignment frameworks

Integrated Sensing and Communication (ISAC) is an emerg-
ing technology. It combines wireless communication and
sensing within one system. ISAC offers new ways to
optimize beam alignment. Which is essential for efficient
data transmission and environmental awareness. Machine
Learning (ML), beam sweeping, and context information
frameworks can enhance ISAC. These methods boost per-
formance in dynamic environments. The following research
highlights advancements and innovations in ISAC, provid-
ing an overview of key efforts driving this field forward, see
Tables 13 and 14.

In [83], Zhiqiang Xiao et al. presented a beamforming
technique for mmWave integrated sensing and communica-
tion (ISAC) systems, aiming to create a cost-effective analog
beamforming approach that enables a MIMO ISAC sys-
tem to simultaneously sense targets and communicate with
user equipment (UE). Their research introduces a flexible
double-beam codebook to create separate beams for sensing
and communication. They also propose simultaneous beam-
sweeping schemes. These include single and double-beam
methods to optimize the process and reduce overhead.

[84] presents an ISAC system using Reconfigurable Intel-
ligent Surfaces (RIS). It improves communication and target
sensing efficiency. The authors propose a Simultaneous
Beam Training and Target Sensing (SBTTS) scheme. This
scheme distinguishes RIS from targets by accumulating
energy in different domains. It reduces training overhead.
A Positioning and Array Orientation Estimation (PAOE)
scheme further improves efficiency with a fast search algo-
rithm. The system performs well in both line-of-sight and
non-line-of-sight scenarios. However, it faces complexity,
noise sensitivity, and pilot overhead challenges. Deploy-
ment is also difficult due to large networks’ hardware needs,
real-time control, and scalability. [85] introduces the Inte-
grated Sensing and Communication (ISAC) beam alignment
method for Terahertz (THz) networks. The method, called
Joint Synchronization Signal Block (SSB) and Reference
Signal (RS)-based Sensing (JSRS), reduces line-of-sight
(LoS) blockages and corrects beam misalignment caused
by user mobility. With high-resolution THz sensing, JSRS
detects and prevents misalignment early, improving network
coverage. The paper shows JSRS enhances beam align-
ment and coverage, especially in urban vehicle-to-everything
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(V2X) scenarios. However, challenges include managing
sensing resources, upgrading infrastructure, ensuring real-
time performance, and handling environmental changes and
LoS blockages in dynamic settings.

[86] addresses reliable beamforming in high-speed envi-
ronments like vehicle networks. Traditionalmethods struggle
with misalignment and channel fading. The authors propose
a transformer-based solution that combines data from sen-
sors like vision, radar, LiDAR, and position information. A
3D ResNet-18 model extracts features, and a transformer
fuses them. The system achieves over 91% top-3 accuracy in
fast environments.Keyfindings show improved accuracy and
reliability through multimodal fusion. Limitations include
increased complexity, sensitivity to weather, and dependence
on high-quality sensor data. Deployment challenges involve
real-time processing, expensive infrastructure, and scalabil-
ity in dense networks.

[87] introduces the Sense-Then-Train (STT) beam train-
ing scheme for near-field MIMO. It improves performance
by using active sensing and eliminating the need for code-
books. The approach is tailored for near-field MIMO, where
spherical-wave propagation is key, unlike far-field meth-
ods. STT works for both single and multi-beam scenarios,
using neural networks for real-time alignment. Key find-
ings show that STT provides faster, low-complexity beam
training without full channel state information (CSI). How-
ever, it faces challenges like high computational complexity,
limited flexibility in dynamic environments, and underused
degrees of freedom (DoFs). Deployment challenges include
real-time processing, infrastructure upgrades, and scalability
in larger networks. [88] suggests using Integrated Sensing
and Communication (ISAC) to improve beam management
in Terahertz (THz) networks. THz networks offer high data
rates for 6G but face severe propagation loss and line-of-sight
(LoS) blockages. The ISAC-assisted approach addresses
these issues by enabling real-time environment perception,
user tracking, and blockage prediction. Sensing technologies
help manage narrow beams and maintain communication in
complex environments. ISAC reduces beam misalignment
by 70% and increases coverage by 36.4%. However, the sys-
tem needs complex infrastructure upgrades, relies on precise
environmental data, and has high computational demands.
Deployment challenges include hardware upgrades, scalabil-
ity, and ensuring real-time adaptation in dynamic conditions.

[89] introduces a hybrid quantum-transformer network
(QTN) for better beamprediction in ISAC systems. It focuses
on millimeter-wave (mmWave) communications in Vehicle-
to-Infrastructure (V2I) scenarios. The QTN model uses
multimodal data, like vision and position information, to
improve accuracy. It also leverages quantum computing to
lower complexity. Key findings show that QTN outperforms
traditional models in accuracy and robustness, especially
with data from sensors like LiDAR. However, challenges

include sensitivity to quantum noise, data dependencies, and
the need for infrastructure upgrades and real-time processing
in large networks. [90] suggests a new way to improve beam
management for UAV networks using mmWave communi-
cation. The system combines sensing and communication
(ISAC) with computer vision. It uses an extended Kalman
filter (EKF) and dual identity association (DIA) to enhance
initial access (IA) and beam tracking. The goal is to reduce
delays and improve accuracy in high-mobility UAV situ-
ations. The system shows better performance with faster
and more accurate beam tracking. However, it depends on
camera-based sensing, requires infrastructure upgrades, and
has high computational complexity. Challenges for deploy-
ment include real-time processing, scalability, and the need
for hardware upgrades to integrate sensors. [91] presents a
deep learning solution to lower beam-training overhead in
mmWave systems. It uses partial codebook sweeping and
neural networks to predict optimal beamforming weights.
This improves accuracy and performance in massive MIMO
setups. The model increases the signal-to-noise ratio (SNR)
and cuts beam-training overhead by 75%. Achievable rates
rise by 60%. However, the system has challenges like higher
computational complexity and reliance on quality training
data. Integrating it into existing systems is also difficult.
Deployment faces issues with real-time processing, infras-
tructure needs, and scalability in larger networks.

[92] presents a new way to improve beam alignment
in mmWave systems. The method uses a ping-pong pilot
scheme, where the transmitter and receiver take turns send-
ing pilots. This removes the need for feedback, making the
system simpler. The paper also includes reconfigurable intel-
ligent surfaces (RIS) to help in multipath environments. The
approach reduces pilot overhead and improves signal-to-
noise ratio (SNR), beating traditional methods. However,
deep learning, especially LSTM networks, adds complexity.
Real-world deployment needs infrastructure upgrades and
fast processing. Aligning beams in noisy, multipath channels
remains difficult.

[93] shows how SLAM can improve ISAC systems.
SLAM enhances localization and environmental mapping in
wireless networks. It introduces multi-domain SLAM using
cross-sensing, cross-user, cross-frequency, and cross-device
techniques. These methods improve mapping accuracy and
beammanagement. The study showsSLAM’s ability to boost
communication strategies with decimeter-level accuracy.
However, challenges include high computational complex-
ity and

the need for infrastructure upgrades. Environmental fac-
tors like multipath propagation also affect accuracy. Deploy-
ment issues include real-time processing, scalability, and the
need for advanced hardware.
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5 Comparison and limitations of existing
frameworks

In this section, RQ2 is addressed. Table 15 shows a quali-
tative analysis of performance metrics used to compare all
the frameworks identified in this review. In comparing the
frameworks for beam alignment, each framework offers dis-
tinct advantages and challenges.

Beam Sweeping, characterized by its systematic adjust-
ment of beam direction, is simple to implement and widely
used, making it easily scalable and interoperable. However,
its limited robustness in dynamic environments and higher
latency in finding optimal alignment may be drawbacks.

Context Information, which incorporates additional envi-
ronmental data, enhances robustness but may suffer from
complexity and interoperability challenges, particularly with
diverse sources of context information.

Compressive sensing, relying on sparse channel exploita-
tion, offers robustness in certain conditions but requires
complex algorithms and may face challenges in standardiza-
tion and interoperability due to variations in hardware and
methods.

ML/AI-based approaches leverage machine learning for
adaptive strategies, promising improved robustness over
time. Still, they demand high computational resources and
may struggle with standardization and interoperability due
to diverse models and training data.

ISAC systems present a promising solution for future net-
works, combining communication and sensing. They offer
benefits like better efficiency and performance. However,
challenges such as computational complexity, infrastructure
requirements, and real-time processing must be addressed.
As research progresses, ISAC will likely play a major role in
shaping 6G and other advanced networks. Machine learning-
based and ISAC-based frameworks are both scalable and
interoperable with other frameworks, however, they are
heavy in terms of computation. Despite heavy computational
resource requirements and complexity, they have a potential
for standardization.

In essence,while each frameworkpresents unique strengths,
they also pose distinct complexities and limitations that are
shown in Table 16.

6 Future directions and research
opportunities

This section will address RQ4. The 3GPP Release 15 intro-
duced the beam sweeping-based protocol for 5G to address
the beam alignment [10, 94]. However, as a higher frequency
spectrum and larger antenna arrays are deployed in 5G and
6G, this approach won’t be adequate. The beam-sweeping
approach won’t address all the challenges that are associated

with beam alignment. Instead, the overhead, complexity and
latency associated with beam sweeping scale up with the size
of the beam space [10]. Some of the challenges and gaps that
need to be solved in addressing beam alignment were iden-
tified in [10, 111–113] and can be summarized as follows:

6.1 Dynamic andmobile environments

Many existing beam alignment frameworks primarily focus
on static scenarios and may not adequately address the chal-
lenges posed by dynamic environments and mobile users.
Research is needed to develop beam alignment techniques
that can efficiently track and adapt to Fast-moving users or
changing environmental conditions, ensuring continuous and
reliable connectivity [10, 112, 113].

6.2 Robustness against environmental factors

Environmental factors, such as blockages, reflections, diffrac-
tion, and atmospheric conditions, can significantly impact
the performance of beam alignment frameworks. Developing
robust beam alignment techniques that can handle varying
environmental conditions, including adverse weather condi-
tions, dense urban environments, and indoor scenarios, is an
important research area [113].

6.3 Interferencemitigation

Interference from neighbouring systems or coexisting net-
works can hinder beam alignment performance. Research is
needed to develop interference-aware beamalignment frame-
works that can effectively mitigate interference effects and
maintain high-quality communication links in crowded spec-
trum environments [94], [111].

6.4 Energy efficiency considerations

Beam alignment techniques often involve energy-intensive
operations, such as beam training and tracking. Considering
the energy constraints of battery-powered devices and the
growing demand for energy-efficient communication sys-
tems, research is needed to explore energy-efficient beam
alignment methods and protocols without compromising
the performance and reliability of the communication links
[112].

6.5 Standardization and interoperability

While several beam alignment frameworks have been pro-
posed, there is a lack of standardization and interoperability
across different systems and vendors. Efforts are required
to develop common standards and protocols for beam align-
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ment, facilitating seamless integration and interoperability
among different devices, networks, and technologies [113].

6.6 Real-world deployment and validation

Many existing beam alignment frameworks have been eval-
uated through simulations or limited experimental setups.
More research is needed to validate these frameworks in
real-world deployments, considering practical constraints,
real-life channel conditions, and diverse deployment sce-
narios. This would provide valuable insights into the actual
performance, limitations, and scalability of beam alignment
techniques [10].

6.7 Security and privacy considerations

Beam alignment frameworks may be vulnerable to security
threats, including eavesdropping, spoofing, or unauthorized
beam manipulation. Further research is needed to investi-
gate security and privacy aspects related to beam alignment
and develop robust mechanisms to ensure secure and private
communication in beamforming-based systems [111], [113].

Addressing these research gaps will contribute to the
development of more efficient, reliable, and adaptive beam
alignment frameworks, paving the way for the successful
deployment of mmWave and THz communication systems
in various scenarios and applications.

7 Conclusion

The SLR was conducted on published research focusing on
beam alignment and initial access frameworks for mmWave
and THz. The SLR identified the most relevant 73 research
papers according to the author’s knowledge during the review
period. 596 papers were initially selected using the defined
search strings from digital libraries such as IEEE, Springer,
Elsevier, and Francis & Taylor. Subsequently, a three-stage
filtering mechanismwas applied to the title, abstract, and full
text, including the assessment of paper quality. The chosen
studies were then explored, sorted and evaluated according
to the defined RQs.

In this study, we presented state-of-the-art frameworks for
beam alignment in mmWave and THZ, and we explained the
taxonomy of the beam alignment frameworks by classifying
them into beam sweeping-based, context information-based,
compressiveSensing-basedmachineLearning/Artificial Intel-
ligence (ML/AI) -based and ISAC-based frameworks. To
improve beam alignment in terms of latency reduction,
energy consumption reduction and overhead, the existing
literature body was explored to identify the most com-
mon beam alignment frameworks. While each framework
presents unique strengths, they also pose distinct complex-

ities and limitations. Beam Sweeping and Context Infor-
mation offer simplicity and robustness enhancements but
may struggle with dynamic environments and interoper-
ability issues. Compressive sensing provides robustness in
sparse channels but demands complex algorithms and faces
standardization challenges. ML/AI approaches promise con-
tinuous improvement in robustness but come with high
computational demands and potential interoperability hur-
dles. ISAC systems present a promising solution for future
network beam management, combining communication and
sensing. They offer benefits like better efficiency and per-
formance. However, challenges such as computational com-
plexity, infrastructure requirements, and real-time processing
must be addressed. Thus, the choice among these frame-
works hinges on factors such as deployment environment,
computational resources, and the need for adaptability and
standardization.

In addition, we presented research gaps by identifying and
analyzing the limitations of the current frameworks. Lastly,
challenges and possible opportunities for future research
were highlighted.
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