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Artificial Intelligence (Al) is revolutionizing the field of communication in various areas. On one hand, Natural Language
Processing (NLP) allows Al to analyze and understand human language, enabling automated services such as translation, sentiment
analysis, and chatbots for an easier customer experience. On the other end, Al-driven content generation allows for the automation
of targeted and personalized content creation. Additionally, Al-powered speech recognition and synthesis technology are being
used to enhance features such as voice assistants, transcription services, and language learning platforms.

While the benefits of the use of Al in these areas of communication are widely discussed, its social and economic impact in the
transfer of information via wireless communication systems, like 6G, is no less profound [1]. Al-driven innovation leads to
optimized network performance and faster data transmission rates and more reliable connectivity, which in turn enhances the
efficiency of several industries, ranging from healthcare to transportation. Moreover, Al algorithms are able to efficiently manage
network resources, reducing energy consumption and operational costs, thus contributing to a more sustainable environment. . On
a societal level, Al-powered wireless communication is facilitating access to information and services in remote areas, bridging
the digital divide and empowering underserved communities. Additionally, Al-driven network security mechanisms bolster data
privacy and protection, fostering trust and confidence in digital interactions. The convergence of Al and wireless communication
not only fuels economic growth through enhanced productivity and innovation but also fosters social inclusion and empowers
individuals and communities worldwide.

Just as each new generation of mobile technology has brought advancements in data transfer speed, the upcoming 6G wireless
communication systems promise even greater achievements. This progress is mainly being driven by the continuous need for faster
and more reliable connections to support emerging technologies, like holographic applications and real-time services. To overcome
these challenges, 6G must focus on improving the use of the already available resources, specifically in terms of time, electro-
magnetic waves, and even space [2]. In this chapter we analyze how Al, particularly through Machine Learning (ML), will enable
6G to explore these resources, using higher wave frequencies, with Terahertz (THz) waves, creating smart radio environments
through the use of Reconfigurable Intelligent Surfaces (RIS) and changing the traditional structure of the cellular network via
cell-free massive MIMO [3].

1) ML in the implementation of THz Communications

Every time a new generation of mobile wireless technology arrives, we experience a big jump in how fast data can be sent and
received. This boost in speed is influenced by many aspects, but one of the main reasons is the steady increase in the number of
frequencies available for electro-magnetic waves to use, known as bandwidth [4]. This expansion into higher frequency bandwidths
is certain to continue, and as research into THz communications gains traction, some of its challenges start becoming apparent.

One of the main challenges with using higher frequency waves is that they don't travel as far and can easily be disrupted by
objects in the environment, leading to a weak, poor-quality signal. However, there's a clever solution called beamforming or
precoding. Instead of sending the signal out in all directions, it's focused into a narrow beam, making it more powerful and efficient
[5]. Although setting up traditional beamforming systems can be expensive and time-consuming, by combining digital and analog
technology with Machine Learning, we've found ways to achieve similar results at a much lower cost. Additionally, Machine
Learning can help predict the most efficient way to form the beams, saving even more time and resources [6].

TABLE |
Generation Data Rate BandWidth
1G 2,4 14,4 kb/s 150 kHz
2G 14,4 — 64 kb/s 5-20 MHz
3G 3,1-14,7 Mb/s 25 MHz
4G 200 Mb/s — 1 Gb/s 100 MHz
5G +1 Gb/s 1-2GHz

Progression of bandwidth and data rate through the different generations of mobile wireless communications[7]

ML can also play an important role in surpassing two other challenges associated with the use of larger bandwidth in these

communication systems:
1. THz waves face high levels of interference and weakening in the atmosphere, making it hard to accurately estimate and
model the communication channels (i.e. the environment). ML algorithms have shown great promise in analyzing
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communication data in real-time to figure out the environment conditions [8].

2. THz spectrum is getting increasingly occupied and, considering that other applications are already advancing into these
bandwidths (such as meteorology, spectroscopy, etc.), the conflicts between applications are expected to increase. ML
techniques (specifically Deep Learning techniques) are uniquely suited to deal with the amount of data involved and to
make decisions regarding spectrum allocation within a busy bandwidth.

2) ML in the implementation of RIS
While strategies like beamforming help address issues like signal weakening, there is another challenge that arises with higher

frequency waves: blockage [9]. One naive approach to tackling this issue might be to increase the number of deployed Base Stations
(that is, antenna stations), however this comes at a significant cost increase in both hardware and energy consumption.

Fig. 1 - Example of a wireless communication system enabled using RIS [10]

Reflective Intelligent Surfaces (RIS) have been proposed as a solution to this issue. These surfaces can be installed in indoor
and large outdoor surfaces (e.g., building facades or ceilings), allowing signals to navigate around obstacles that would otherwise
disrupt them.

At its core, RIS consists of a reflecting surface, composed of an array of reflecting elements, each of which can apply a phase
shift to the incoming wave. These elements are composed of metamaterials and, as such, can be tuned to apply a specific phase-
shift in real-time, autonomously. With the careful adjustment of each element, the incoming waves can be properly directed to
their target direction.

Much like any new technology when it is first employed, RIS brings not only new capabilities and tools to tackle some of the
current issues facing wireless communications, but also a plethora of new challenges related to the new technology itself.

One challenge with Reconfigurable Intelligent Surfaces [9] is their need to adjust to a changing environment with lots of moving
mobile users. Machine Learning is well-suited to handle this challenge, since it can continuously update itself with new
information, adjusting how these surfaces reflect signals, which in turn improves the quality of service for users by directing signals
more effectively.

As wireless communication becomes more advanced, with technologies like Multiple-Input Multiple-Output (MIMO), the
capability to distinguish the transmitted signals from the background noise/interference, in a process designated as Signal Detection
(SD), is becoming increasingly challenging. Signal detection algorithms need to be both simple to keep energy and computing
costs low, and robust to catch errors effectively [11]. Balancing these two goals can be tricky, as they often conflict. However,
Machine Learning shows promise in finding a good middle ground between simplicity and robustness, potentially improving signal
detection in wireless communication systems.

3) ML in the Implementation of cell-free mMIMO

When communication frequencies increase, it causes signals to weaken more quickly over distances, which makes it harder for
regular antennas to cover large areas effectively. One common approach to overcome this issue is to use MIMO technology. This
means installing multiple antennas at each transmitting station, which helps improve signal strength and allows for better use of
the available radio spectrum [12]. Another method is to create smaller cells within the network, that is, to deploy additional stations
to reduce the area that each station covers [13]. This helps improve overall coverage and capacity, however, even with these
solutions, there's still an issue with interference between cells, especially at their edges, which can lead to poorer quality of service
for users.
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Cell-free MIMO offers a solution to the problem of interference between cells in wireless networks. Unlike traditional cell-
based networks, where large base stations handle all communication within specific cells, cell-free MIMO takes a user-centric
approach. Instead of having centralized base stations, with a very large number of antennas, numerous smaller service antennas or
Access Points (APs) are spread across a wider area. These APs are connected to central processing units (CPUs) that can coordinate
amongst themselves, to serve each user more effectively.

A key challenge for user-centric approach is selecting the right Access Points to serve each user [3]. The complexity of this
process is exponentiated by the fact that many users are mobile, adding to the need for the system to constantly adjust its
calculations. Traditional selection methods put a heavy load on the system's processing units. However, Machine Learning
algorithms have shown promise in solving this problem more efficiently, requiring less computing power while still making
accurate AP selections [14].

Al already plays a huge role in communication. In this chapter, we explored three technologies that are likely to shape the future
of 6G wireless communication and discussed how Al will contribute to these advancements. While we've seen promising progress,
there's still more research needed to fully integrate Al into the next generation of communication systems.
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