
  Wrexham University Research Online 
 
 
 
 
Conference Paper 
 
 
 
Artificial Intelligence in Wireless Communications: An Overview of 
Present-day Paradigms 
 
Akinsolu, M. O. 
 
 
 
 
 
 
 
This is a paper presented at 5th International Conference on Emerging Trends in Electrical, 
Electronic and Communications Engineering (ELECOM), Balaclava, Mauritius, 20-22 November 2024.  
 
The published version is available at: https://ieeexplore.ieee.org/document/10892171  
 
Copyright of the author(s). Reproduced here with their permission and the permission of the 
conference organisers. 
 
 
 
 
 
 
 
 
 
 
 
Recommended citation: 
 
Akinsolu, M. O. (2024), 'Artificial Intelligence in Wireless Communications: An Overview of Present-
day Paradigms,' in proc: 5th International Conference on Emerging Trends in Electrical, Electronic and 
Communications Engineering (ELECOM), Balaclava, Mauritius, 20-22 November 2024, pp. 1-10, doi: 
10.1109/ELECOM63163.2024.10892171. 

https://ieeexplore.ieee.org/document/10892171


Artificial Intelligence in Wireless Communications:
An Overview of Present-day Paradigms

Mobayode O. Akinsolu
Faculty of Arts, Computing and Engineering, Wrexham University,

Wrexham, Wales, LL11 2AW, U.K.
mobayode.akinsolu@wrexham.ac.uk or m.o.akinsolu@ieee.org

Abstract—The integration of artificial intelligence (AI) into
wireless communications is growing rapidly. This growth is
primarily driven by machine learning (ML) techniques, which
can be broadly categorized into supervised learning, unsupervised
learning, and reinforcement learning. Today, AI-based paradigms
are transforming the field of wireless communications by enhanc-
ing various aspects, from the rapid design and optimization of
components and devices to the robust analysis and characteri-
zation of entire systems and networks. This includes advanced
systems such as present-day fifth-generation mobile (5G) and the
upcoming sixth-generation mobile (6G) systems and networks.
AI techniques also offer promising solutions to numerous design
and development challenges in modern wireless communications.
These challenges encompass enhancing power and energy effi-
ciency, meeting stringent performance criteria, and improving the
overall reliability of wireless communication devices, systems, and
networks. This paper provides an overview of current paradigms
demonstrating the application of AI, particularly ML techniques,
in wireless communications.

Index Terms—artificial intelligence (AI), machine learning
(ML), wireless communications

I. INTRODUCTION

Due to an ever-increasing pace of innovation in computing
and digital technologies, artificial intelligence (AI), partic-
ularly, its sub-field machine learning (ML) and its broad
archetypes continues to find numerous applications in wire-
less communications. As a result, several methodologies or
paradigms have been proposed in the last few decades demon-
strating both the potential and practicality of employing AI in
wireless communications. One of the primary areas of interest
in the last decade includes device and system characterization
and optimization [1], [2]. At both the device level and system
level, AI, ML, in particular, has seen to the efficient and expe-
dited simulation-driven design and characterization of devices
such as antennas, filters, couplers, and other essential com-
ponents that ensure the optimality of wireless communication
systems [2]–[4]. Whole systems in wireless communications
such as present-day 5G and future 6G networks have also been
improved via robust ML-assisted analysis and optimization to
guarantee their availability, security, and reliability [5], [6].

Despite these advances in the application of AI techniques
in wireless communications, only a few works in the literature
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have discussed these applications to proffer generic guidance
or rules of thumb for the efficient selection of specific AI
methodologies to address target design problems in wireless
communications. Some recent works have attempted to bridge
this gap by providing insights into the challenges that must
be addressed to guarantee the practical implementation of AI
in wireless communications, with emphasis on 6G wireless
networks [7]. A few others have discussed the role of AI, ML
in particular, in bringing about cognition and intelligence in
wireless communication systems in terms of self-awareness,
self-adaptiveness, proactiveness, and prescriptiveness with a
focus on next-generation wireless networks [8]. The significant
role of AI in fostering wireless networking in wireless Internet
of Things (IoT) and cyber-physical systems (CPSs) has also
been reviewed to highlight some recent advances [9].

In this paper, an overview of the latest approaches in the
deployment of AI techniques in wireless communications is
provided, covering a slightly more specific context in terms of
the target application areas, in comparison to existing works
in the literature such as [7]–[9]. This overview is envisaged to
do the following:

• Equip researchers with the latest insights across the
several domains of wireless communication in which AI
techniques are being utilized to facilitate further research
and development activities in these areas.

• Instigate additional systematic reviews and scoping stud-
ies that will proffer guidance notes and/or rules of thumb
on how to select, adopt, and enhance available state-of-
the-art AI techniques to address present and future design
challenges in wireless communications.

The remainder of this paper is organized as follows: the
definition of AI and its types are briefly discussed in Section II,
present-day applications of AI techniques in wireless com-
munications are discussed in Section III, and the concluding
remarks are provided in Section IV.

II. AI
Broadly speaking, AI simply refers to unnatural (i.e., arti-

ficial) intelligence. In other words, AI involves creating ma-
chines that mimic human functioning, so that the classification
of AI systems can be based on how well they can reproduce
human capabilities [10], [11]. The inception of contemporary
AI is frequently traced back to 1956, when Dartmouth College
suggested an academic conference or workshop, coining the



term ”artificial intelligence” [12], [13]. As a concept, AI
predates the 1956 Dartmouth College conference or workshop.
This is because the notion that the human brain can be mecha-
nized is deeply embedded in the history of human civilization
[14], [15]. Many ancient cultures created human-like automata
that were thought to possess emotion and reason, and there
are numerous myths and legends about statues coming to life
[14], [15]. By the first millennium B.C., philosophers all over
the world had developed formal methods of reasoning that
progressed during the next two millennia B.C. [12], [15], [16].
These advances were mostly pioneered by early experts and
thinktanks who sought to represent human thought through
symbols, thereby laying the groundwork for AI concepts like
general knowledge representation [12], [15], [16].

A. Types of AI

AI systems are generally classified based on their capability
and functionality (see Fig. 1). In terms of functionality, AI
systems are classified as reactive machines, limited memory
machines, theory of mind, and self-aware AI [17], [18]. The
earliest forms of AI systems are reactive machines, character-
ized by their extremely limited capabilities and their imitation
of the human mind’s ability to react to many stimuli [17], [18].
These AI systems lack memory-based functionality, preventing
them from utilizing previously acquired experiences to inform
current actions, and relying on memory to enhance their
operations [17], [18]. In addition to possessing the capabilities
of purely reactive machines, limited memory machines can
learn from historical data to make informed decisions [17],
[18]. Nearly all existing AI systems available today fall under
this category.

Researchers are working to create AI systems that will be
more advanced than the current reactive and limited memory
machines, commonly referred to as Theory of Mind AI [18].

Fig. 1: A typical classification of AI.

By identifying the wants, feelings, beliefs, and mental pro-
cesses of the creatures it interacts with, this kind of AI seeks
to comprehend them better [18]. While top AI researchers are
now very interested in this field, other branches of AI will
need to improve in order for AI to reach the Theory of Mind
stage. This is because AI systems need to view humans as
unique individuals impacted by a variety of elements in order
to really comprehend human behaviour and cognition [19].
Self-aware AI on the other hand will not only understand
and evoke emotions in its interactions but also possess its
own emotions, needs, beliefs, and potentially desires [17],
[19]. Such advancements could revolutionize various aspects
of human life, significantly. However, the development of self-
aware AI comes with substantial risks. A self-aware AI might
prioritize self-preservation, potentially developing strategies
that could surpass human intellect and manipulate or control
human activities [20].

In terms of capability, AI technologies are often grouped as
artificial narrow intelligence (ANI), artificial general intelli-
gence (AGI), and artificial super intelligence (ASI) [17], [19].
All AI systems created to carry out certain tasks autonomously
with human-like capabilities are classified as ANI [21]. AGI
on the other hand refers to the capability of an AI agent to
learn, perceive, understand, and operate in a manner indistin-
guishable from a human being [21]. Since both AGI and ASI
will be greater than any other kind of intelligence on Earth,
ASI will probably be the culmination of AI research. Due to
its much larger memory, quicker data processing, improved
analytical powers, and stronger decision-making abilities, ASI
will not only mimic human intelligence in all its facets but also
perform far better than humans [22], [23]. The emergence of
AGI and ASI will bring about what is sometimes called the
singularity [21], [22].

III. AI IN WIRELESS COMMUNICATIONS

Wireless communications has transformed information ex-
change by enabling data transmission over long distances with-
out the need for physical cables or conductors, utilizing elec-
tromagnetic (EM) waves such as satellite signals, microwaves,
infrared rays, and radio frequencies [24]. Originating in the
19th century with Heinrich Hertz’s demonstration of radio
waves and James Clerk Maxwell’s EM theory, wireless com-
munications gained practical application through the early ra-
diotelegraph system, paving the way for modern technologies
like Bluetooth, wireless fidelity (Wi-Fi), and cellular networks
[25]. These advancements have profoundly impacted commu-
nication by enhancing mobility and accessibility: Bluetooth
facilitates short-range data exchange, Wi-Fi enables wireless
internet access over broader areas, and cellular networks
support global mobile communications via radio frequencies
[26]. Together, these technologies have fostered a connected
world where information flows seamlessly across devices and
locations, driving innovation in connectivity and accessibility
in today’s digital world.

The main aspect of AI that features in wireless com-
munications is arguably ML [27], [28]. From evolutionary



computation-driven optimization to predictive modeling, ML
techniques continue to find numerous applications in wireless
communications [27], [28]. By definition, ML as a sub-
field of AI, involves teaching computers to learn similarly to
humans or animals, focusing on learning from experience, or a
posteriori knowledge [29]–[31]. Although a priori knowledge
may play a role, ML primarily relies on real-world data and
observations [29]–[31]. In other words, data analysis and data-
driven modeling lie at the core of ML; ML algorithms employ
computational intelligence techniques to derive information
directly from data without the need for predefined model
equations [29]–[31]. As more data samples become accessi-
ble to ML algorithms, their performance typically improves
adaptively [29]–[31]. This is because ML algorithms mainly
operate by identifying inherent patterns within data, thereby
enhancing their ability to make informed decisions and pre-
dictions based on the insights gained [29], [30].

As stated earlier, wireless communications involves data
and information exchange using wireless connectivity. ML is
prominently integrated into wireless communications through
the analysis of data derived from wireless devices, systems,
and networks [27], [28]. In general, ML can be divided into
three primary archetypes: reinforcement learning, supervised
learning, and unsupervised learning. All three have several
uses in wireless communications [27], [28]. Supervised learn-
ing involves training models with paired input and output data,
which facilitates the accurate prediction of future outcomes,
such as the anticipation of wireless communication equipment
alarms [32]. Unsupervised learning aims to identify intrinsic
characteristics or hidden patterns in data that do not have pre-
assigned labels, which is typical in tasks like trend analysis
and pattern identification in wireless networks [33], [34]. Rein-
forcement learning is distinct in its approach, concentrating on
how software agents should act within changing environments
to ascertain the most beneficial actions [35]. These agents
independently establish associations between the states of
the environment and the respective actions to take, learning
to discern the most rewarding actions through a process of
trial and error, as opposed to receiving direct instructions
on the actions to perform [35]. A typical application of
reinforcement learning in wireless communications would be
the dynamic reconfiguration ultra-dense networks for energy-
efficient operations of base stations (BSs) [36].

Other recent applications of ML techniques in wireless
communications are summarily discussed as follows under the
three broad archetypes of ML:

A. Application of Unsupervised Learning in Wireless Commu-
nications

Unsupervised learning identifies intrinsic structures or pat-
terns in data, enabling inferences for datasets lacking labeled
responses [33]. Generally, when there is no pre-existing data
on how the dataset might be grouped, unsupervised learning
can be applied [33], [34]. This learning method typically
involves cluster analysis or clustering [34]. In cluster analysis,
data is divided into clusters (or groups) based on measures

of similarity or shared attributes [37]. Clusters are designed
so that objects within the same cluster are very similar,
while those in different clusters are highly dissimilar. Cluster
analysis is a widely used statistical data analysis technique in
many different domains, including wireless communications
[38]. Generally, cluster analysis can take two forms: soft
clustering and hard clustering.

A few recent applications of soft clustering and hard clus-
tering techniques in wireless communications are discussed
summarily as follows:

1) Soft Clustering: In soft clustering, each data point can
belong to multiple clusters simultaneously [39]. In other
words, soft clustering groups data items in such a way that
a single data point can exist in several clusters [39]. A few
recent applications of soft clustering methodologies in wireless
communications are discussed summarily as follows:

The Internet-of-Things (IoT) network’s data clustering is
examined in [38], which also discusses issues with data vol-
ume, communication latency, and information security. Specif-
ically, in [38], a distributed soft clustering (DSC) technique
is purpose-built for IoT scenarios, wherein data from multiple
clusters may be present on a single IoT node. Since calculating
each cluster center via weighted averaging is the main idea of
soft clustering, the approach proposed in [38] uses an effective
finite-time average-consensus technique. Furthermore, a data
variance partitioning-based distributed deterministic initiali-
sation method was presented in [38] to improve stability
and prevent poor local solutions. The proposed DSC method
performs comparably to its centralized version in terms of
convergence and clustering quality, according to experimental
data [38]. The proposed DSC method also guarantees stable
clustering quality, which is more suitable for IoT networks
than most clustering techniques that rely on probabilistic ini-
tialization [38]. A real-world case study on clustering analysis
of scattered data sets collected by environmental monitoring
stations further demonstrates the applicability of the proposed
DSC method [38].

Federated learning (FL) has become a key technique in
vehicular communication networks, allowing cars to train
models together while maintaining data privacy [40]. However,
there are significant obstacles brought about by the dynamic
topology and rapid mobility of vehicle environments, most
notably the additional communication cost needed to exchange
model parameters [40]. In [40], a novel framework for decen-
tralized wireless FL that combines 1-bit compressed sensing
and soft clustering (SC1BCS-WFL) is proposed to address
these problems. When classifying cars or automobiles, this
framework takes into account variables including model cosine
similarity, speed, characteristics, and vehicle position. It uses a
1-bit compression-based adaptive threshold method to reduce
up-link transmission load while maintaining FL performance.
In addition, the SC1BCS-WFL framework incorporates an
early halting method to avoid wasting communication and
processing resources. The simulation outcomes reported in
[40] show that the SC1BCS-WFL framework improves FL
efficiency in vehicular communication network scenarios, es-



pecially when the data is identically distributed and non-
independent. The results in [40] also demonstrate that the
SC1BCS-WFL framework can achieve high model accuracy
with little communication overhead, highlighting its potential
for distributed Internet of Vehicles (IoV) situations [40].

In [41], the expectation-maximization framework of the
Gaussian mixture model is extended with a new weighted
dissimilarity loss. This enhancement integrates graph clus-
tering and centroid-based clustering into a single, coherent
framework to fully utilize the benefits of both methods. This
method helped to develop a basic ”soft” asynchronous hybrid
clustering technique. The algorithm may begin as a strictly
centroid-based one (k-means), gradually transitioning to a
purely graph-based one (basic greedy asynchronous distributed
interference avoidance, or GADIA) as it converges. As will
be covered later in Section III-A2, a hard variant of this
clustering algorithm is also proposed in [41]. Potential uses
for the methodology presented in [41] include wireless com-
munication signal processing, among others.

When building wireless sensor networks (WSNs), energy
load balancing is a crucial consideration [42]. In order to
spread out network energy consumption and increase network
lifetime, clustering techniques are frequently used as energy-
efficient tactics [42]. An improved soft-k-means (IS-k-means)
clustering algorithm is presented in [42] for the purpose of
optimizing energy usage among nodes in WSNs. The proposed
algorithm enhances the selection of initial cluster centers by
incorporating the concepts of clustering by fast search and
finding of density peaks and kernel density estimation. It
further leverages the adaptability of soft-k-means by reas-
signing boundary nodes based on membership probabilities to
balance cluster sizes. Additionally, the use of multiple cluster
heads (multi-CHs) within clusters allowed for a more even
distribution of energy consumption. In comparison to current
clustering methods, the IS-k-means algorithm greatly delays
the first node death, half node death, and final node death,
according to extensive simulations conducted under a variety
of network conditions [42]. Further evidence of the IS-k-
means algorithm’s efficiency in balancing energy usage comes
from reduced average energy variance and smoother average
remaining energy curves between nodes [42].

2) Hard Clustering: In hard clustering, each data point is
assigned to only one cluster. This means that data items are
grouped in such a way that each point belongs exclusively
to a single cluster. A few recent applications of soft cluster-
ing methodologies in wireless communications are discussed
summarily as follows:

One of the most important issues in routing protocol design
is maximising the lifespan of WSNs [43]. To tackle this
problem, a number of clustering-based hierarchical routing
protocols have been put forth; nevertheless, they frequently
overlook the duplicate data that is gathered by adjacent and
overlapping nodes [43]. Energy efficiency is decreased by this
duplication in data gathering, compilation, and transmission.
In [43], an enhanced clustering hierarchy (ECH) approach
for WSNs, aiming to extend network lifetime by minimizing

data redundancy is proposed. The ECH approach specifically
targets neighboring and overlapping nodes that convey dupli-
cate data to cluster heads (CHs) and subsequently to the base
station (BS). By employing a sleeping-waking mechanism for
these nodes, ECH reduces data redundancy. The method also
presents a new technique for CH selection and reduces the
distance for data exchange. According to simulation studies,
ECH-based routing protocols are more effective than current
ones such as low-energy adaptive clustering hierarchy [44].
While the work carried out in [43] has concentrated primarily
on static sink networks, it can be easily extended to mobile
sink networks, theoretical analysis of network lifetime maxi-
mization, and the integration of ECH into present-day routing
protocols for WSNs.

A data-centric clustering (DCC) approach for data gathering
in resource-constrained machine-to-machine (M2M) commu-
nication networks is proposed in [45]. Specifically, a mixed-
integer nonlinear programming problem is formulated in [45],
to develop a two-tier cluster structure aimed at minimizing
total radio resource usage while meeting data fidelity require-
ments on M2M communication networks. It should be noted
that this particular problem entails the joint optimization of
cluster formation and power control, that was addressed by
splitting it into two smaller problems in [45]. After that, two
algorithms were suggested: one for iterative power updates
and another for cluster structure search, each solving their
respective sub-problems. While the cluster formation sub-
problem is (NP)-hard, the power control sub-problem can
be optimally solved for any given cluster configuration. To
address this issue, an any time, guided, stochastic search
algorithm to identify an effective cluster structure without
excessive computational complexity was developed in [45].
Evaluations comparing DCC to baseline clustering and non-
clustering techniques show significant reductions in transmis-
sion energy and radio resource consumption.

Lifetime remains a very critical metric in WSNs. In [46],
a clustering protocol based on a meta-heuristic approach
(CPMA) is proposed, which prioritizes extending network
lifetime. CPMA is composed of two main components. The
first component addresses online cluster head selection and
network communication coordination, utilizing the harmony
search (HS) algorithm to minimize energy dissipation and
balance energy usage across the network. The second compo-
nent tackles the issue of parameter tuning for diverse WSNs
by employing the artificial bee colony (ABC) algorithm for
offline optimization of key parameters, executed once, prior
to network deployment. Comparative analysis with traditional
clustering protocols such as particle swarm optimization-based
clustering demonstrates that CPMA significantly enhances
network lifetime and throughput under various conditions.
Additionally, simulations indicate that CPMA exhibits strong
adaptability and performs effectively across different network
lifetime definitions. The findings in [46] suggest that CPMA
is a suitable and efficient protocol for a wide range of WSN
applications.

The hard version of the hybrid clustering algorithm pro-



posed in [41] combines the regular k-means (Lloyd method),
standard Hopfield neural networks, Bruck’s Ln algorithm, and
Babadi and Tarokh’s fundamental GADIA. This hard cluster-
ing method called “hybrid–nongreedy asynchronous clustering
(H-NAC), has been used with reputable benchmark datasets
to address a range of clustering issues [41]. According to
the outcomes of the computer simulations in [41], H-NAC
performs better than spectral clustering, k-means clustering, k-
GADIA, and the current structured graph learning algorithms
[47], highlighting its superior performance among state-of-
the-art clustering techniques. Similar to its soft variant, H-
NAC can also be applied in wireless communication signal
processing, image processing, and computer vision, among
others [47].

B. Application of Supervised Learning in Wireless Communi-
cations

Supervised learning techniques encompass both classifica-
tion and regression methods [48]. Classification techniques are
used to predict discrete responses, where models are trained to
classify data into distinct categories, groups, or classes [48].
On the other hand, regression techniques predict continuous
responses [48]. If the data can be tagged, categorized, or sep-
arated into specific groups or classes, classification techniques
are appropriate [48], [49]. Conversely, if the data consists of
real-valued numbers across ranges, regression algorithms are
often employed [48], [50]. Utilizing larger training datasets
for supervised learning often results in models that generalize
accurately and effectively to new data [49].

A few recent applications of regression and classification
techniques in wireless communications are discussed summar-
ily as follows:

1) Regression: Also known as regression analysis or re-
gression modeling in statistics, regression is the process of
estimating the relationships between a dependent variable
(often referred to as the target, outcome variable, or response
variable) and one or more independent variables (commonly
called features, predictors, or explanatory variables). A few
recent applications of regression methods in wireless commu-
nications are discussed summarily as follows:

In [51], two state-of-the-art artificial neural network (ANN)-
based models for multiple reconfigurable intelligent surface
(RIS)-enhanced wireless communication are presented. The
first model, called ANN-RIS, employs channel coefficients
between the transmitter (TX) and the receiver (RX) as well as
between the RIS and the receiver to train itself to anticipate
RIS phase shifts. ANN-RX, the second model, employs the
transmitted symbol as the output and the baseband received
signal as input to detect symbols at the receiver. Mean squared
error (MSE) and cross-entropy metrics for ANN-RIS and
ANN-RX, respectively, were used to appraise the performance
of both models. The bit error rate (BER) of ANN-RX was also
assessed for different quantization levels and RIS panel sizes.
A comparative study against current techniques shows that the
suggested models provide better BER performance.

When it comes to maritime wireless communications, the
evaporation duct effect presents serious difficulties [52]. In
[52], a new approach for reliably forecasting route loss in evap-
oration ducts using a deep neural network (DNN) is proposed.
Utilizing antenna and ambient factors as inputs, the proposed
lightweight model demonstrates natural scenario adaptability.
A comparative study shows that the suggested DNN scheme
performs better at different frequencies than linear regression
models, random forests, and k-nearest neighbor (k-NN) mod-
els. The impact of frequency, receiver height, and broadcast
distance on DNN prediction accuracy is also investigated in
[52]. The simulation results reveal that the DNN scheme
achieves good accuracy at low frequencies, but because of
its complicated peak areas, it displays a slight reduction
at higher frequencies. The recipient height and transmission
distance were also ascertained to have negligible effects on
the prediction accuracy of the DNN scheme proposed in [52].

For wireless communications using Multi-user Multiple-
Input Multiple-Output, or MU-MIMO, channel ageing poses
a major challenge [53]. A potential solution to this problem
is channel prediction [53]. Due to the complicated structure
of wireless channels, modeling errors can cause significant
performance deterioration in traditional prediction approaches
that frequently rely on parametric models [53]. Because they
do not rely on model assumptions, non-parametric regression
techniques that are ideal for inferring from complex channel
data can be employed as a workaround as demonstrated
in [53]. Specifically, in [53], two techniques are adopted:
local polynomial regression (LPR), an improved variant of k-
NN regression, and its original form. Furthermore, in LPR,
the Bayesian information criterion is employed to determine
parameters, suggesting local linear regression for real-world
uses. Additionally, a pre-processing method for determining
the channel’s correct singular matrix is offered. Simulation
results show that for channel prediction, these non-parametric
approaches perform much better than traditional parametric
methods [53].

The combined issue of power allocation and uplink-
downlink scheduling for multiple control systems interacting
over wireless networks is addressed in [54]. To do this, an
ML-based method is proposed to handle wireless resource re-
strictions, where one system is controlled while other systems
predict missing state and action information using Gaussian
process regression (GPR) in [54]. Since the most recent
reception’s age-of-information (AoI) determines how credible
the prediction is, and transmission power affects successful
reception, a network-wide average AoI and transmission power
minimization problem are posed and addressed by a dynamic
control technique that adheres to communication reliability
and control stability restrictions, and uses Lyapunov drift-
plus-penalty optimization [54]. Numerical results described in
[54] show that the proposed algorithm can consistently operate
twice as many actuators as an event-triggered scheduling base-
line and eighteen times more than a round-robin scheduling
baseline.

The inherent imaginary interference of filter bank multi-



carrier with offset quadrature amplitude modulation (FBMC-
OQAM) systems makes channel estimation approaches for
orthogonal frequency division multiplexing systems generally
unsuitable for these systems [55]. A novel support vector
regression (SVR)-based approach for fading channel estima-
tion in FBMC-OQAM systems is proposed in [55]. With
two auxiliary pilots (AP) in the FBMC-OQAM signal, the
suggested nonlinear complex SVR algorithm (NCSVR) is
designed specifically for this application, and is called AP-
NCSVR. The simulation results reported in [55] show that
the AP-NCSVR technique is accurate in calculating channel
frequency response coefficients using the Jakes fading and
vehicular A models. In addition, the AP-NCSVR algorithm
outperforms the traditional interpolation technique for both
models in terms of BER performance [55].

Wireless technology is being used by medical device man-
ufacturers more and more for convenience, although coexis-
tence issues are brought up by unlicensed radio frequency
bands [56]. The U.S. FDA (United States Food and Drug
Administration)-recognized ANSI (American National Stan-
dards Institute) C63.27 standard covers wireless coexistence
evaluation but does not include an estimating technique [56].
To calculate the probability that medical equipment will co-
exist wirelessly, logistic regression (LR) is adopted in [56].
A ZigBee system under test (SUT) and an IEEE 802.11n
Wi-Fi interfering network were included in the test scenario
presented in [56]. The performance of the SUT under varied
coexistence conditions was described by fitting the LR model.
These findings were combined with a Monte Carlo simulation
and spectrum survey to evaluate the probability of wireless
coexistence for the SUT in a hospital setting.

The ability of wireless communication signals to be detected
is becoming ever more crucial due to the growing needs of
present-day wireless communications. To tackle this, a novel
wireless communication signal identification model known as
the AE-ELM algorithm, which blends the features classifica-
tion powers of the extreme learning machine (ELM) algorithm
with the auto-encoder (AE) principles has been proposed in
[57]. The results of the performance comparison trials reported
in [57] show that the AE-ELM algorithm outperforms conven-
tional algorithms, achieving lower average relative time com-
plexity and BER. Further analysis of the efficacy of the signal
detection model based on the fusion method also revealed low
detection error rate, indicating exceptional performance. The
findings in [57] highlight the AE-ELM-based model’s potential
in improving wireless communication signal detection.

2) Classification: Classification is typically a predictive
modeling problem where a unique class label is predicted for
a given set of input data [48]. From a modeling perspective,
classification requires a training dataset with numerous sets
of inputs and outputs to learn, train, and build models [48].
A classification model then uses this training dataset to de-
termine how to best map examples of input data (i.e., each
observation) to specific class labels [48], [49]. The training
dataset must be sufficiently representative of the problem
and contain numerous examples of each class label [49]. A

few recent applications of classification methods in wireless
communications are discussed summarily as follows:

To address the issue of limited network observability in
congested areas, a two-tier ML-aided traffic steering method is
proposed in [58]. The proposed method uses a support vector
machine (SVM) for user equipment (UE) classification and
ensemble long short-term memory (LSTM) for predicting cell
throughput, which informs handover decisions and facilitates
proactive resource management [58]. The resulting traffic
steering algorithm improved UE distribution across cells,
increasing the percentage of cells with the ideal number of UEs
[58]. The observed inference delays were also found to be per
open radio access network standards, suggesting that the ML-
driven method effectively distributes load while minimizing
handovers, hence improving both network performance and
user experience [58].

Millimeter wave (mmWave) communication holds great
potential in fulfilling the demands of 5G and other next-
generation cellular networks such as 6G [5]. To overcome the
problems of poor coverage and strong penetration attenuation,
multi-connectivity ultra-dense mmWave networks that enable
users to contact several mmWave BSs at the same time have
been investigated in [5]. In [5], the user association problem is
identified and formulated as an NP-hard problem to maximize
system throughput. To solve it, multi-label classification is
employed using binary relevance (BR), ranking by pairwise
comparison (RPC), and random k-labELsets (RAKEL) al-
gorithms [5]. The low computational complexity and good
optimality of the selected algorithms are demonstrated by
the numerical results obtained, where RAKEL had the lowest
collision probability and highest subset accuracy [5].

Modulation classification is increasingly important for the
rapid deployment of wireless radios in civilian and military
applications [59]. While extensive research exists on single-
signal transmissions, multi-signal transmission scenarios are
less explored [59]. To address this gap, various modulation
classification algorithms can be investigated. In [59], a novel
algorithm for code-aided modulation classification in mul-
tiuser uplink single-carrier frequency division multiple access
systems is proposed. This algorithm leverages the channel
decoder’s soft information to enhance classification perfor-
mance and is initialized using the maximum-likelihood prin-
ciple. It employs space-alternating generalized expectation-
maximization (SA-GEM) [60], with channel estimation formu-
lated as an auxiliary problem. Simulation results demonstrate
that the proposed classification method in [59], outperforms
traditional methods reported in [61] and [62], offering superior
classification accuracy and reduced processing time.

Continuous phase modulation (CPM) is widely used in
wireless communications, particularly satellite systems, be-
cause of its significant spectrum and power efficiency [63].
The classification of CPM signal in the context of unknown
fading channels has been investigated in [63]. To achieve
this, the memory property CPM is utilized to represent time-
varying phases of CPM as a hidden Markov model (HMM),
and a likelihood-based classifier (LBC) which estimates the



unknown HMM parameters using the Baum-Welch (BW)
algorithm is adopted [63], [64]. The simulation results reported
in [63] demonstrate that the proposed classification method,
with appropriate initialization of the unknown fading, achieves
a correct classification probability when the SNR is greater
than 15 dB in unknown fading channels with a single re-
ceiver, outperforming current approaches that use approximate
entropy.

The identification and categorization of interference plays
a crucial role in the secure transfer of information and
the efficiency of wireless communications [65]. Conventional
classification methods frequently lack the accuracy required
to distinguish and classify different kinds of interference,
while deep learning (DL) algorithms are unsuitable for real-
time situations since they depend on high-quality training
samples and data [65]. A fairly recent approach to tackle these
difficulties is proposed in [65], where the denoising diffusion
probabilistic model (DDPM) for offline processing of gathered
signals is utilized before feature extraction and classification.
Using five signal samples, the experimental results reported
in [65] show that the proposed approach outperforms both
traditional and generative adversarial network (GAN)-based
DL methods, achieving a very high accuracy without prior
knowledge. In particular, the method in [65] offers a precedent
for the use of generative models in signal processing and
establishes a new benchmark for highly accurate recognition
in practical wireless communication situations.

C. Application of Reinforcement Learning in Wireless Com-
munications

Reinforcement learning involves learning how to map situ-
ations to actions to maximize a numerical reward signal [35].
Unlike supervised and unsupervised learning, which often
make use of static data, reinforcement learning operates within
a dynamic environment, making it a closed-loop problem
where the system’s actions influence its future inputs [35].
The goal of reinforcement learning is neither to cluster data
(as in unsupervised learning) nor to label data (as in supervised
learning), but to find the optimal sequence of actions to
achieve the best outcome or reward [35]. To accomplish this,
reinforcement learning employs an agent to explore, interact
with, and learn from the environment [35]. Depending on
the agent’s familiarity with the environment, reinforcement
learning algorithms can be categorized into two types: model-
free and model-based [66].

In model-free reinforcement learning, the agent does not
require prior knowledge of the environment but can still learn
to interact with it, enabling it to work in any environment
and learn the optimal policy, assuming it has access to ob-
servations, rewards, actions, and sufficient internal states of
the environment [67]. In model-based reinforcement learning,
the agent uses a model of the environment or part of it to
explore without physically taking actions, thereby enhancing
the learning process by avoiding known unfavorable areas and
focusing on other parts of the environment [67].

Another categorization for reinforcement learning algo-
rithms is dependent on the method used to enhance or op-
timize the agent’s policy, giving rise to on-policy and off-
policy reinforcement learning methods that are exemplified in
[68], where off-policy deep Q-network (DQN) and on-policy
proximal policy optimization (PPO) have been employed to
jointly optimize the phase shift of RIS, the positioning of
unmanned aerial vehicle (UAV)-RIS, and the scheduling of an
IoT device (IoTD) transmissions in large-scale IoT networks.

A few recent applications of on-policy and off-policy rein-
forcement learning methods in wireless communications are
discussed summarily as follows:

1) On-policy Learning: On-policy learning methods aim to
evaluate or enhance the policy that is employed for decision-
making, which is based on actions taken. A few recent
applications of on-policy learning methods in wireless com-
munications are summarily discussed as follows:

By positioning services adjacent to IoT facilities, edge
computing is able to effectively address the latency and
resource needs of various IoT applications [69]. Sensing-data-
driven applications, which rely on sensor data to complete
activities, are common in IoT systems [69]. To provide the
quality of service (QoS) for these applications, particular
caching functions (CFs) in an edge-enabled IoT system are
needed to cache essential sensor data [69]. The joint caching
and computing service placement (JCCSP) issue has been
studied for such applications in [69]. Deep reinforcement
learning (DRL) has been used to tackle this problem in [69]
because it can adapt to diverse systems with minimal prior
information. The proposed DRL-based approach makes use
of a policy network based on the encoder-decoder paradigm
to handle the varied sizes of JCCSP states and actions that
arise from distinct application-related CFs [69]. Next, an on-
policy learning method is used to train the policy network
[69]. It is worth mentioning that [69] also looked into off-
policy learning, as discussed in Section III-C2.

User scheduling, specifically transmission times and pow-
ers for AoI minimization in energy harvesting networks, is
addressed in [70], highlighting the computational complexity
and suitability for ML approaches. In the offline setting, a
mixed-integer linear programming (MILP) formulation is used
for optimal scheduling, and a near-optimal learning-based al-
gorithm employing a bidirectional LSTM (BiLSTM) network
is proposed in [70]. The BiLSTM network effectively learns
from time series data, achieving near-optimal performance and
better runtime scalability as reported in [70]. For the online set-
ting, a model-free on-policy reinforcement learning approach
based on the Markov decision process (MDP) formulation
is proposed, using an actor-critic DRL algorithm [70]. The
proposed approach is reported to achieve performance com-
parable to offline results with significantly improved runtime
efficiency [70]. The work carried out in [70] demonstrates that
ML can effectively solve computationally challenging MILP
problems, providing near-optimal solutions with reasonable
computational time for moderate-sized wireless systems, and
suggests that distributed learning via wireless edge devices



may be necessary for large-scale systems.
In the face of several eavesdroppers, a secure routing

technique for multihop ad hoc networks is proposed in [71]
based on reinforcement learning. Specifically, the secure relay
region (SRR), is proposed to illustrate the distribution of relays
capable of safely forwarding data in [71]. Then expanding
upon this, an SRR-driven on-policy Monte Carlo technique
(SRR-driven MC) is developed to expedite routing decision
convergence [71]. The computation of the secrecy connection
probability, which rates the level of security achieved by
various routes, is another consideration in the proposed ap-
proach [71]. The outcomes of the simulations reported in [71]
show that SRR-driven MC technique quickly and effectively
chooses safe routes while remaining resilient to changes in the
number of relays that are available over time. In this way, the
proposed method in [71] can guarantee secure and dependable
communication in dynamic network environments that may be
hacked.

2) Off-policy Learning: Off-policy learning evaluates or
improves a policy that is distinct from the one that pro-
duced the data (i.e., the policy used for value evaluation
is different from the one used for action selection). A few
recent applications of off-policy learning methods in wireless
communications are discussed summarily as follows:

Vehicular ad-hoc wireless communications rely on real-time
periodic messages, known as beacons, to enable situational
awareness for vehicles, which are crucial for driver safety
applications [72]. However, channel overload from periodic
beaconing can cause data loss, compromising safety functions,
especially during emergencies [72]. For this reason, maintain-
ing efficient congestion control is essential to keeping a portion
of the channel free. A joint beaconing rate and transmission
power congestion control system is proposed in [72]. Given
the non-convex nature of the problem, traditional optimization
methods are ineffective, so the problem is modeled using sim-
plified and tractable assumptions resolved through Q-learning
within the MDP framework [72]. The proposed MDPRP
(MDP rate and power) solution mitigates congestion in a non-
cooperative, distributed manner without relying on additional
neighbor information, with each vehicle contributing to overall
congestion reduction [72]. The simulation results reported in
[72] show that MDPRP effectively maintains channel load
below the desired levels and achieves favorable packet delivery
ratios. The proposed solution’s robustness is also evident as it
performs well even when initial MDP assumptions are unmet.

Next-generation wireless networks, like the current 5G and
upcoming 6G, will integrate high-frequency spectrum explo-
ration with intelligent convergence of radio frequency (RF) and
non-RF channels, like optical and visible light communication
[6]. Optical attocell (OAC) networks offer an additional layer
of connectivity to RF networks, with gigabit-per-second data
rates and centimeter-level location precision [6]. On the other
hand, difficulties with throughput and latency are caused
by directionality, line-of-sight limitations, and sensitivity to
user terminal placement and orientation [6]. In [6], mobile
heterogeneous networks (HetNets) that integrate indoor OAC

using macrocells and femtocells, providing an energy-efficient,
low-cost solution that satisfies several IoT service criteria,
including data rate, mobility, latency, accuracy, and security
have been investigated. Mobility-aware HetNets typically rely
on smooth connectivity and appropriate resource allocation,
which requires effective handover management in dynamic
contexts. A DRL method is proposed in [6] to improve
handover characteristics like hysteresis margin and time-to-
trigger to overcome this issue. By training a DNN to predict
future rewards from states and actions, this model-free, off-
policy reinforcement learning approach makes it possible to
choose the best course of action. Performance analysis and
numerical simulations reported in [6] show how the system’s
flexibility to changing surroundings and the advantages of
enriching the state space are achieved.

Additionally, a twin-delayed (TD) deep deterministic policy
gradient (DDPG)-based off-policy training technique was pre-
sented in [69] to address the joint caching and computing ser-
vice placement (JCCSP) problem in edge-enabled IoT systems.
This was done to improve training efficiency and experience
utilization of the DRL methodology in [69]. To lessen the bias
in the Q-value estimate, a weighted average twin-Q-delayed
(WATQD) algorithm is included in the suggested DDPG-based
approach [69]. The proposed DRL-based JCCSP techniques
in [69] obtained converged solutions that are noticeably bet-
ter than benchmarks, according to the simulation results. In
addition to this, the proposed WATQD approach in [69] also
shows the potential to improve training stability in comparison
to the traditional TD method.

Table I provides a summary of the applications of AI in
wireless communications as discussed in this paper. While a
broad range of AI technologies, particularly machine learning
(ML) techniques, have been employed to characterize, en-
hance, and optimize the operations of wireless communication
systems, as reflected in Table I, challenges related to data
integrity and inherent biases in ML methods persist in many
of these applications. This is especially critical in real-world
safety-sensitive deployments, where the tolerance for errors
and biases is extremely limited. As a result, these issues
of data integrity and bias are likely to become central to
future research, aimed at ensuring greater practical reliability
of these methods. Moreover, despite the extensive use of su-
pervised, unsupervised, and reinforcement learning techniques
in wireless communications, the application of generative AI
techniques remains in its infancy. This presents a promising
area for further exploration, particularly in wireless system
operations, such as control and supervision, where generative
AI may offer significant advancements.

IV. CONCLUSION

Machine learning (ML), a distinct area of artificial intelli-
gence (AI), has increasingly become integral to advancements
in wireless communications. Its adaptability and capacity to
analyze large datasets make ML indispensable for various
tasks such as trend analysis, pattern recognition, optimization,
and predictive modelling in wireless communications. This



TABLE I: Contemporary ML techniques applied in wireless communications.

ML Archetype ML Techniques and References

1) Unsupervised Learning • Soft Clustering: DSC [38], SC1BCS-WFL [40], k-means+GADIA [41], and IS-k-means [42].
• Hard Clustering: ECH [43], DCC [45], CPMA [46] and H-NAC [41].

2) Supervised Learning • Regression: ANN [51], DNN [52], LPR [53], k-NN [53], GPR [54], AP-NCSVR [55], LR [56], and AE-ELM
[57].

• Classification: SVM + ensemble LSTM [58], BR+RPC+RAKEL [5], SA-GEM [60], LBC [63], and DDPM [65].

3) Reinforcement Learning • On-policy Learning: DRL with Encoder-decoder Model [69], Actor-Critic DRL [70], and SRR-Driven MC [71].
• Off-policy Learning: Q-learning [72], DNN [6], and TD+DDPG+WATQD [69].

paper provides an overview of recent ML paradigms employed
in wireless communications, as reported in current literature.
These paradigms are systematically categorized into the three
broad archetypes of ML: reinforcement learning, supervised
learning, and unsupervised learning. The approaches discussed
are summarized for easy reference. The paper also highlights
the significant impact of ML in numerous applications within
wireless communications. For instance, ML techniques are
being leveraged to optimize performance and improve ef-
ficiency in Internet of Things (IoT) networks, Internet of
Vehicles (IoV), Wireless Sensor Networks (WSN), millimeter-
wave (mmWave) communications, and Machine-to-Machine
(M2M) interactions. These examples discussed in this paper
underscore the pivotal significance of ML in addressing the
challenges and enhancing the capabilities of modern wireless
communication systems. As ML continues to evolve, its inte-
gration into wireless technologies is expected to drive further
innovation, making it a crucial component in the future of
wireless communications.
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