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Abstract—Wireless communication systems play a very crucial
role for business, commercial, health and safety applications.
With the commercial deployment of fifth generation (5G), aca-
demic and industrial research focuses on the sixth generation
(6G) of wireless communication systems. Artificial Intelligence
(AI) and especially Machine Learning (ML), will be a key
component of 6G systems. Here, we present an up-to-date review
of future 6G wireless systems and the role of unsupervised ML
techniques in them.

Index Terms—Sixth Generation; 6G; Wireless Communica-
tions; Artificial Intelligence; Unsupervised Machine Learning

I. INTRODUCTION

Wireless communication systems have experienced substan-
tial revolutionary progress over the past years. With the rapid
progress of 3GPP 5G phase 2 standardization and forthcoming
commercial deployment of 5G system academic and industrial
research focuses on sixth generation (6G) wireless networks
[1]. ML, as a form of AI, involves teaching the machines
to perform tasks independently based on making data-driven
decisions. ML has great potential in supporting big data analyt-
ics, efficiently estimating various parameters, and interactive
decision-making [2]. In this paper, we deal with unsupervised
ML techniques as potential solutions to upcoming 6G wireless
communications challenges. The application of unsupervised
ML techniques in 6G wireless communication systems has
been the subject that attracts interest in recent years. A
search in the Scopus abstract and citation database of peer-
reviewed literature shows that there are 5 conference papers
and 36 journal papers related to approaching 6G wireless
communications with unsupervised ML from 2019 to present.
Fig. 1 depicts this search in a graphic way. We may notice
that in recent years this search shows an increasing interest in
unsupervised ML in 6G wireless communications challenges.

Unsupervised ML aims to learn a function to describe an
unknown status from unlabeled data [3]. There is no standard

Fig. 1. Number of latest papers referring to unsupervised learning methods
in 6G applications.

approach to evaluate the accuracy of unsupervised learning
algorithms, due to the absence of labeled data. This is the main
difference compared to supervised learning based algorithms
[4].

The remainder of the paper is as follows. In Section II, we
present some basic unsupervised ML algorithms. In Section
III, we present some of the emerging new 6G applications and
services and the role of unsupervised ML. Finally, Section IV
concludes this review paper with some remarks.

II. UNSUPERVISED LEARNING

Unsupervised learning algorithms are given a set of un-
labeled data to correctly predict the output and are mostly
used for clustering problems. Typical unsupervised algo-
rithms include K-means, Self-Organizing Maps (SOMs), hid-
den Markov model (HMM), Auto encoders (AEs), Principal
Component Analysis (PCA), Restricted Boltzmann machine
(RBM), fuzzy C-means etc. Also, unsupervised ML can be
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applied to enhance the performance of Deep Learning (DL)
algorithms such as Convolutional Neural Networks (CNNs)
and Long short-term memory (LSTM) algorithms [1].

• K-means: It is a widely used method to classify unlabeled
input data into different clusters. K-means algorithm
assigns each new data point to a cluster, based on
its distance from the nearest associated centroid. The
centroids are updated based on the assigned data point
and the procedure is repeated until there is no alteration
in both the data points and the centroids. K represents
the number of desired clusters and greatly impacts the
performance of the algorithm [1].

• Self-organizing map (SOM): SOM is often used for
dimensionality reduction and data clustering. SOM con-
tains one input layer and one map layer, with each
layer containing many neurons and each neuron having a
different weight vector. During the training process, SOM
builds and reorganizes the map using an unsupervised
competitive learning approach. The winning neuron de-
termines the cluster in which any new input vector is
classified [1].

• Hidden Markov model (HMM): The approach uses a
Markov process with unknown parameters to model a
system. HMM aims to determine hidden parameters
from known parameters.In Markov models future state
estimation sequence depends only on the current state,
making them useful for memoryless scenarios. In HMM
the system can change the probability distribution of each
state over time [1].

• Autoencoders: Autoencoders are learning circuits that
copy inputs into outputs, aiming to have the least possible
deviation. Autoencoders are stacked and trained unsu-
pervised bottom-up, followed by a supervised learning
method to train the top layer, in order to fine-tune the
architecture. These architectures can lead to accurate
and effective results on both regression and classifica-
tion problems [5]. Fig. 2 displays the architecture of a
traditional autoencoder model.

III. 6G APPLICATIONS

6G will be able to support enhanced Mobile Broadband
communications (eMBB), Ultrareliable Low Latency Commu-
nications (URLLC) and massive Machine Type Communica-
tions (mMTC), but with enhanced capabilities compared to 5G
networks.

A. Optimization problems

Coverage, power and capacity optimization are critical
challenges in future 6G networks services [1]. Authors in
[6] proposed a two-layered SOM based approach, in order
to tune antenna parameters and achieve optimal coverage .
In [7] and [8] an unsupervised K-means algorithm is used
to address the user selection sub-problem in NOMA schemes
and power allocation optimization is achieved through con-
ventional methods. In [9] two Power Control (PC) algorithms,
trained in supervised and unsupervised manner, were proposed

for Device-to-Device (D2D) scenarios. The authors compared
the two algorithms with conventional PC methods in terms of
computational complexity, throughput, and energy efficiency.
The proposed approaches exhibit satisfactory results in opti-
mizing resource allocation and power control.

Conventional approaches in modulation recognition of the
received signals include several procedures such as preprocess-
ing, classification and feature extraction. Authors in [10], [11]
addressed the challenge of modulation recognition, by inves-
tigating the performance of different unsupervised algorithms
such as CNN, LST etc. The comparison results suggest that
LSTM can achieve better performance than other DL based
approaches.

B. Fault management

Fault management includes detection, identification and mit-
igation of any abnormal status of networks. Fault management
in future 6G network needs to be effective, due to their
heterogeneous, complex and dynamic nature. Authors in [12]
investigated five different unsupervised learning algorithms
(K-means clustering, Fuzzy C-means clustering, Local Outlier
Factor- LOF, Local Outlier Probabilities- LoOP and Koho-
nen’s Self Organizing Maps-SOM) on detection fault in 6G
networks. The results reveal that SOM outperforms Fuzzy C-
means and K-means in detecting and predicting abnormalities
in 6G networks. Fig. 3 displays an example of a SOM in
unsupervised learning.

In [13] an extension of the conventional K-Means clustering
algorithm , named K-Aware K-means, is developed to deal
with fault detection. In this approach, a temporary expert
knowledge of what the smallest cluster of the current data
is like labels them as outliers and updates the temporary
knowledge. In this way, the model self-optimizes the K value
(K1). and achieves a prediction accuracy of 99.7%. The
authors in [14] propose a SOM algorithms for fault recognition
and recovery, achieving great accuracy results.

C. Channel Estimation

Estimation of future radio communication channels is rather
challenging, due to their growing complexity [1]. Unsuper-
vised learning models (DL model, CNN and RNN) have
been used for channel detection in molecular communication
[15], [16]. A DL-based detector called DetNet suggested in
[15] achieves similar accuracy as conventional algorithms
with much lower computation time, whereas the DL-based
detectors suggested in [16] outperform conventional detectors.
Especially, the LSTM-based detector shows an outstanding
performance for molecular communication use-cases with
intersymbol interference [17].

D. User mobility estimation

Predicting user’s position, movement and trajectory can
improve resource allocation and reduce signal overhead in 6G
networks [1]. Authors in [18] used a discrete-time Markov
chain algorithm to learn the mobility model and predict the
next cell the user is most likely to move into. Results show that

Authorized licensed use limited to: IEEE Editors-in-Chief. Downloaded on October 10,2021 at 14:59:27 UTC from IEEE Xplore.  Restrictions apply. 



2021 10th International Conference on Modern Circuits and Systems Technologies (MOCAST)

Fig. 2. Autoencoder model.

Fig. 3. Example of Self Organizing Map in Unsupervised Learning.

the solution can effectively predict the user’s movement and
trajectory. Also, in [19] authors used HMM to predict user’s
location by addressing the mobile network as a state-transition
graph. The efficiency and accuracy results were satisfactory.
Two user equipment (UE) association unsupervised algorithms
are proposed in [20] for heterogeneous networks at RF and
THz frequencies. The proposed algorithms outperformed the
conventional in both data rate and balancing traffic load.

E. Security

AI/ML technologies can also be considered in applications
of authentication and access control to detect different kinds
of attacks, such as jamming and malware attacks, denial of
service (DoS) or distributed DoS (DDoS) attacks. In IoT
devices, it is important to address authentication and access
control without leaking privacy-sensitive information such
as localization. In [21] authors use non-parametric Bayesian
methods with satisfactory results. To address the security issue,
authors in [22] propose a DRL based approach that detects

various attacking possibilities through unsupervised learning.
Results showed that the proposed technique attains a 6 percent
extra gain in accuracy.

ML-based decoders have been proposed since the 1990’s
for channel decoding applications, because they do not rely on
expert knowledge and the process is fast and simple. Authors
in [23] developed a decoder based on a plain DNN architecture
to decode N length code-words consisting of K information
bits. The proposed method is able to work for 16-bit length
polar codes and achieves maximum posteriori performance
compared with conventional ones.

F. UAV networks

Future 6G networks will support high transmission data
rates and wireless broadcast. Unmanned Aerial Vehicle (UAV)-
assisted communication networks will be widely used towards
achieving these challenges [24]. In UAV-NOMA systems, an
UAV often acts as a flying BS to boost the capacity of
an existing terrestrial network. In [25] a K-means clustering
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algorithm is used to cluster spatially correlated users and a
Q-learning algorithm is used to place the UAV as BS in a
3-D manner. In order to boost user throughout and enhance
system performance, authors in [26] proposed MLP and LSTM
algorithms techniques to predict the optimal UAV location.
The proposed model accurately predicts UAV position and
enhances user throughput and system performance.

G. MIMO

With multiple antennas at the transmitter and receiver,
Multiple Input Multiple Output (MIMO) has been widely
adopted in wireless systems. Authors in [27] propose a fast
beamforming design method for the sum-rate maximization
in a MIMO single base station system using unsupervised
learning. The proposed model improves considerably the com-
putational speed, without significant performance degradation,
achieving results close to optimal.

H. Visible light communications

Effective radio frequency (RF) communications systems in
indoor use-cases emerge as an important challenge in 6G
networks. Visible light communications (VLC) as a potential
technology, can offer various solutions to this issue. VLC
is based on the principle of modulating light emitted by
diodes (LEDs), without affecting the human eye, giving an
opportunity to exploit the existing illumination infrastructure
for wireless communication. VLC technology is expected to
offer very high data-rate short-range communications, needed
for 6G Networks.

VLC can also be widely exploited in Vehicle to everything
(V2X) applications and especially in n Vehicle to Vehicle
(V2V) applications [24]. In [28] some clustering unsupervised
ML techniques (K-means and clustering algorithm perception
decision-CAPD)) have been proposed to reduce non linearity
in VLC systems. In 2017, CAPD was applied in a multi band
VLC system, with the results showing an improvement in
the Q-factor by 1.6–2.5 dB. Also, in 2018 a K-means-based
pre-distorter was proposed, leading to a 50% improvement of
performance [28].

IV. CONCLUSION

In this review, we focused on the solutions that unsupervised
ML has to offer to the emerging 6G wireless communication
challenges. We have summarized the state of-the-art 6G appli-
cations and the deployment of unsupervised ML algorithms .
The most important algorithms of unsupervised learning were
explained in detail, focusing at their advantages in dealing with
the upcoming 6G wireless communications challenges.
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