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ABSTRACT

This paper highlights key areas in which AI/ML can play a transformative role in 6G, with an emphasis on
energy-efficient solutions. Contextualized within Germany’s national 6G research initiative, "6G Access,
Network of Networks, Automation and Simplification" (6G-ANNA) emerges as the lighthouse project,
providing a holistic vision that sets the direction for numerous specialized research efforts. Within this
context, this paper aims to present ideas relevant to both academia and industry by identifying key research
directions for AI/ML. We begin by reviewing the latest developments in using AI/ML for the Fifth
Generation (5G) New Radio (NR) air interface as discussed in 3rd Generation Partnership Project (3GPP)
Releases 18 and 19, and examine how these advancements pave the way for a native and energy-efficient
AI/ML air interface in 6G. Key results are presented on AI/ML-driven optimization of radio frequency
(RF) frontends, along with a strong focus on the role of AI/ML in diverse signal processing tasks and
energy saving mechanisms, which demonstrate the potential of AI/ML in improving spectral efficiency and
reducing energy consumption. The discussion further introduces methodologies for testing AI/ML-based
signal processing tailored for the 6G physical layer, addressing practical challenges relevant to industry
stakeholders and standard development organizations. Finally, we discuss the standardization aspects critical
for realizing a future Al-native air interface in 6G, aligning our findings with ongoing and upcoming global
standardization activities.

INDEX TERMS Aurtificial intelligence (AI), energy efficiency, machine learning (ML), physical layer
(PHY), signal processing, Sixth Generation (6G), standardization, test and measurement

I. INTRODUCTION
The advent of Sixth Generation (6G) wireless communi-
cation systems marks a transformative era in connectivity,
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driven by unprecedented demands for scalability, reliability,
and energy efficiency. As part of the BMBF-funded research
project, "6G Access, Network of Networks, Automation and
Simplification" (6G-ANNA), this paper explores the role of
AI/ML in future wireless networks, with an emphasis on
energy-efficient approaches.

The transition from the Fifth Generation (5G) to 6G re-
quires redefining traditional network paradigms, moving to-
ward systems that are not only faster but also inherently capa-
ble of leveraging artificial intelligence (Al)/machine learning
(ML) for adaptive, real-time decision-making [1], [2]. These
capabilities are integral for addressing the growing complex-
ity of communication environments, characterized by het-
erogeneous user requirements, increased device density, and
the need for consistently low latency. While incorporating
AI/ML natively within the 6G air interface, it remains a cru-
cial challenge to find a harmonious balance between spectral
efficiency, computational demands, and energy consumption.

Many efforts have been made in both academia and in-
dustry toward an Al-native 6G design, with an emphasis on
energy efficiency. To this end, this paper presents some of
the major topics of interest for 6G and aims to present the
research directions most relevant for academia and industry.
Another aim of this paper is to highlight the necessity to
enhance energy efficiency while sustaining high network per-
formance, particularly in light of increasing environmental
concerns and the need for sustainable solutions. Current ad-
vancements in AI/ML-driven energy optimization, including
intelligent power control and adaptive resource allocation,
underscore the transformative potential of these technologies.
However, several critical challenges remain.

First, there is a need to understand and evaluate the use-
fulness of AI/ML for radio frequency (RF) frontend op-
timization, which can significantly impact overall energy
consumption and system performance. Second, assessing
the applicability and potential performance gains of AI/ML
techniques in various signal processing tasks is essential for
realizing their full potential in practical deployments. And
third, understanding how to test AI/ML-based physical layer
(PHY) functionalities is crucial, as these testing method-
ologies will directly influence the design and requirements
of future 6G standards. The collaborative efforts within the
6G-ANNA project aim to address these challenges by es-
tablishing a comprehensive framework. This framework will
leverage AI/ML to improve signal processing, channel esti-
mation, and resource management while ensuring that energy
efficiency remains a core principle of 6G design. Ultimately,
these efforts will lay the groundwork for a truly Al-native
air interface, shaping future standardization activities and
industry practices.

This paper is organized as follows. We continue this sec-
tion by first introducing what the term Al-native 6G implies,
and highlight some of the differences with the current 5G
standard. Following this, we discuss energy efficiency and
review the current status of 3GPP standardization efforts.
Continuing our discussion on standardization, we summarize
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the current use of AI/ML in 3GPP in Section II. The sub-
sequent sections outline the state of the art and summarize
key insights related to different aspects of AI/ML in 6G. In
Section III, we present techniques addressing non-linearities
in power amplifiers, which are deemed crucial for energy effi-
ciency. Following this, in Section IV, we present the benefits
of AI/ML in channel and interference estimation and predic-
tion and in Section V we discuss channel coding. In Sections
VI and VII, we present AI/ML techniques for multi-user
MIMO and network/subnetwork optimization, respectively.
Section VIII covers testing methodologies for Al-based sig-
nal processing tasks. In Section IX, future standardization
aspects are discussed, and finally Section X concludes our
discussion and findings and provides an outlook for future
topics of interest.

A. WHAT DOES THE TERM AI-NATIVE AIR INTERFACE
FOR 6G IMPLY?

The term "Al-native" implies that Al is a fundamental part
of the design and operation of the air interface, rather than
just an added enhancement. Unlike 5G, where Al and ML
are applied in specific use cases like network optimization,
predictive maintenance, and improved user experience, an
Al-native approach for 6G integrates Al as an integral part
of the network. This means network protocols, signal pro-
cessing, and system optimization in 6G will inherently use
Al capabilities. The shift is from using Al as a performance
booster to using Al as a key technology component within
the future standard. A good example of this is the channel
state information (CSI)-feedback enhancement use case. Cur-
rently, it is based on implicit feedback to limit the impact
and changes to the existing methodology. However, with a
new standard like 6G, explicit feedback could become the
foundation for channel feedback. When a system, like 6G, is
designed from scratch, it is easier to integrate such changes
than with an existing standard, like 5G New Radio (NR).

An Al-native air interface brings several important impli-
cations. Firstly, the seamless transfer of Al models between
network entities, e.g., base station (BS) and user equipment
(UE), or across different layers of the network architecture
becomes essential. This allows for dynamic updates and
optimizations, ensuring that AI models match current oper-
ational conditions and requirements. Secondly, managing the
lifecycle of Al models, from development and deployment to
maintenance and retirement, becomes critical. This includes
version control, performance monitoring, and continuous
learning mechanisms to adapt to new data and scenarios, en-
suring the models remain effective over time. Lastly, testing
aspects present unique challenges, as more than traditional
deterministic testing methods may be needed. New strategies
that account for the probabilistic nature of Al decisions, the
variability of training data, and the potential for model drift
over time are needed. This requires a more flexible, adaptive
approach to testing and validation, possibly incorporating
real-world data in addition to thorough simulations to ensure
robustness and reliability.
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B. WHAT DOES THE TERM ENERGY EFFICIENCY MEAN
IN THE CONTEXT OF Al/ML?

Sustainability and energy efficiency are crucial for future
generation systems, yet they often conflict with the current
trends of wireless technology [3]. For instance, enhancing
the throughput of communication systems has led many
research groups to advocate for denser radio networks, uti-
lizing transceivers at high frequencies using advanced signal
processing algorithms. While these improvements may boost
the transmit energy efficiency, the overall energy expenditure
— including hardware and supporting systems such as cool-
ing — often complicates the situation. Typically, the energy
radiated by hardware is only a small portion of the total
energy budget in wireless systems. This issue is exacerbated
by the growing trend of employing power-hungry graphics
processing units (GPUs) for ML algorithms in these systems.

Given this context, it is essential to shift the emphasis from
merely increasing the transmit energy efficiency to reducing
the total hardware energy consumption. One approach to
achieve this goal is to tailor the transmission schemes to
match user demand, thereby avoiding overprovisioning and
the associated energy costs. Furthermore, the introduction of
distributed multiple input multiple output (MIMO) systems
allows for the simplification of hardware at radio access
points (RAPs) while enhancing interference management
capabilities and reducing the overall energy consumption
by powering down unnecessary network elements. This idea
can also be exploited by protocols in conventional systems,
where radios should maximize their time spent in sleep
modes. However, the resulting optimization problems are
typically combinatorial in nature, so provably optimal and
fast algorithms for all scenarios are unlikely to exist. ML
tools have successfully addressed similar issues in various
fields, suggesting their potential also in the wireless domain.
For example, in branches of Al research, ML algorithms have
been extensively used to determine good positions to place
sensors in a network, and similar techniques can be adopted
to deactivate RAPs while guaranteeing a necessary level of
quality of service (QoS) in the network.

Considering the hardware asymmetry between terminals
and RAPs/BSs — where the latter are often equipped with
powerful hardware and reliable energy sources — there is
also a significant potential for applying learning tools to sim-
plify the terminal hardware (and hence decrease the energy
consumption) while mitigating any imperfections introduced
by this simplification at the RAPs with learning algorithms.
However, challenges exist due to the highly nonlinear dis-
tortions caused by simple hardware components, such as
simple power amplifiers (PAs). Moreover, the ML algorithms
must be sufficiently lightweight to prevent excessive energy
consumption at the RAPs.

C. TIMELINE FOR AN AI-NATIVE INTERFACE IN 6G

The development timeline for an Al-native air interface is
closely aligned with the definition of a 6G standard and
is thus tightly linked to 3rd Generation Partnership Project
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(3GPP)’s progression. At the time of writing, 3GPP fo-
cuses on completing Release 19 by late 2025, with a core
specifications freeze completed in September and an Ab-
stract Syntax Notation (ASN).1 syntax freeze planned by
the end of December. The first steps toward 6G started
with the inaugural 6G workshop on March 10-11, 2025,
in Incheon, South Korea. This workshop brought together
Technical Specification Group for Service and System As-
pects (TSG SA), Technical Specification Group for Core Net-
work and Terminals (TSG CT) and Technical Specification
Group for Radio Access Network (TSG RAN) to discuss
initial requirements and use cases. Following this, Release 20
will initiate exploratory studies to establish the groundwork
for normative 6G standardization starting with 3GPP Release
21. The timeline for Release 21 is expected to be finalized
by June 2026, focusing on the preparation of the first formal
6G technical specifications in alignment with ITU-R’s IMT-
2030 submission requirements [4]. This work will culminate
in an ASN.1 freeze by March 2029 (Figure 1). Through this
phased approach, 3GPP carefully aligns its milestones with
global expectations, paving the way for a comprehensive 6G
standard before 2030.

Il. THE CURRENT USAGE OF AI/ML IN 3GPP

A. ROLE OF AI/ML IN CURRENT 5G NR NETWORKS

Al and ML have been integrated into the 5G NR standards
defined by the 3GPP, which significantly improved network
management and operation. At first, AI/ML was mainly used
in core network operations, starting from Release 15. This
involved gathering lots of data to help manage network
functions and simplify operations using advanced data ana-
Iytics. While the 3GPP standard continues to adopt AI/ML
methods for network orchestration and management, their
implementation is usually up to the network operators.

An essential first step was the addition of the Network
Data Analytics Function (NWDAF) with 3GPP Release 15.
The NWDAF is a key part of the 5G core network, offering
analysis of network slices that greatly improves operational
intelligence across network functions. The NWDAF was fur-
ther developed in 3GPP Release 17, where it gained two new
logical entities: The Analytics logical function (AnLF) and
the Model Training Logical Function (MTLF). The MTLF
is responsible for creating and improving ML models and
supporting the launch of new training services that enhance
the network’s adaptability. Meanwhile, the AnLF focuses on
conducting detailed interference analysis and data analytics,
improving network reliability and performance.

Release 17 marked the beginning of a Radio Access Net-
work (RAN)-focused study led by RAN3. The study aimed
to outline the functional framework for Al-enabled RAN,
exploring several use cases, such as network energy savings,
load balancing, and mobility optimization. These use cases
demonstrate the potential of AI/ML in improving various
aspects of network operations. Through these efforts, 3GPP
has paved the way for a smarter, more efficient, and adaptable
5G ecosystem. These advancements indicate a move towards
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FIGURE 1. 3GPP timeline for 5G-Advanced and 6G

more autonomous and Al-driven network operations, promis-
ing major enhancements in operational efficiency and user
experience.

B. AI/ML FOR THE 5G NR AIR INTERFACE IN 3GPP
RELEASE 18/19

3GPP Release 18 marks the beginning of 5G-Advanced,
which includes many new AI/ML-related study items led by
various technical specification groups within 3GPP. The Sys-
tem and Service Aspects Working Group 1 (SA1) explores
methods for sharing AI/ML models across the 5G network,
paving the way for a more interconnected and intelligent
network fabric. At the same time, the SA2 group looks at
architectural support for AI/ML-based services within the 5G
system, laying the groundwork for improved service delivery
and operational efficiency. The SA4 group, which focuses on
media services, examines potential uses of AI/ML for 5G
media codecs, offering significant improvements in media
quality and delivery. Meanwhile, SAS tackles the important
issue of AI/ML management, aiming to harmonize AI/ML
functions across 5G systems for easier management, orches-
tration, and charging.

Among these important study items, Technical Report
38.843 on AI/ML for the NR air interface stands out. Many
experts from academic institutions and industry believe that
6G will inherently support AI/ML for the air interface. As
such, an initial study from a 5G perspective to define a
general framework for enhancing air interface functionality
to support AI/ML-based algorithms is underway. The goal
is to improve performance while reducing complexity and
overhead.

To achieve this, 3GPP has agreed to study three pilot use
cases. The first scenario, channel state information reference
signals (CSI-RS) feedback enhancement, aims to improve the
feedback mechanism by applying AI/ML techniques to com-
press the CSI using an autoencoder, a specific neural network
architecture designed to reduce redundancy and thus enable
compression. This mechanism is then combined with AI/ML-
based prediction of the mobile radio channel’s behavior,
aiming to increase the interval for sending channel quality
reports in the uplink and, therefore, reducing overhead.

The second scenario explores the use of AI/ML to re-
duce beamforming management overhead and improve beam
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selection accuracy through spatial and temporal prediction.
This could significantly benefit energy consumption and bat-
tery life at the UE side.

The third scenario aims to improve positioning estimation
accuracy using AI/ML-based techniques, especially in heavy
non-line-of-sight (NLOS) conditions like factory halls. Two
aspects are investigated. First, a trained AI/ML model is used
to directly infer the UEs position, known as ’fingerprinting.’
The second aspect is AI/ML-assisted positioning, where the
AI/ML model inference output enhances an existing mea-
surement, such as providing an NLOS indicator.

Where the latter two scenarios are a so-called one-sided
model use cases, the first scenario is a two-sided model
use case. One-sided ML models refer to architectures where
the functionality is deployed exclusively on one end of the
communication link—either at the transmitter or the receiver.
Examples are ML models that are tasked with signal classifi-
cation or modulation recognition. One-sided models simplify
deployment by eliminating the need for coordination between
endpoints, making them suitable for scenarios with limited
feedback or asymmetric processing capabilities. Two-sided
models distribute the ML architecture across the transmitter
and receiver—often between a mobile device and a BS. The
training of the individual components can be done jointly
or individually, each presenting its unique challenges. Joint
training offers optimal performance by aligning model pa-
rameters across both ends but requires extensive coordina-
tion, high data exchange volumes, and unified infrastructure.
In contrast, individual training allows each vendor to train
their portion independently, reducing complexity but po-
tentially introducing mismatches in learned representations.
Ensuring convergence and compatibility when models are
trained separately remains a significant challenge, as each
side may optimize for different objectives or environments.
The answers to these questions are currently controversially
discussed among 3GPP standardization experts across the
industry.

1) CSl-feedback enhancement for compression and
prediction

From all three pilot use cases, the CSI feedback enhancement
is most intriguing due to its two-sided aspects, requiring
a close interplay between the network and device, as the
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encoder portion of the autoencoder resides in the UE and the
decoder part in the base station (gNB).

Many industry players believe these AI/ML-based en-
hancements offer a significant opportunity to stand out from
competitors. As a result, many vendors prefer to keep their
ML models private. The model’s training, inference, and
lifecycle management are crucial components that our indus-
try, particularly 3GPP, must ensure compatibility between,
even as development and training occur separately. Test and
measurement solution providers will play a key role in this
process, serving as intermediaries between network equip-
ment vendors, chipset design, and handset developers from a
conformance and performance test perspective.

Massive MIMO involves using many antenna elements
at the BS to serve multiple users simultaneously using the
same physical resources in the time-frequency grid. This
technology greatly improves system performance in terms of
spectral efficiency and network capacity, but it also presents
challenges related to complex signal processing, the need for
accurate CSI, and the significant increase in feedback over-
head for CSI reporting. Currently, 3GPP has defined com-
pressive sensing- and codebook-based feedback algorithms,
the latter being the dominant scenario deployed in today’s 5G
networks. The UE usually performs signal quality measure-
ments on the downlink signal using the embedded CSI-RS,
where it computes several parameters, such as channel qual-
ity indicator (CQI), the precoding matrix indicator (PMI),
and the rank indicator (RI). These parameters are sent back
to the network as part of a measurement report, where the
gNB uses the information to select an appropriate precod-
ing matrix from a defined set of codebooks based on the
received feedback to maximize signal quality and network
performance. This process has been further optimized over
the different standards (Fourth Generation (4G) Long Term
Evolution (LTE), 5G NR) and actual 3GPP Releases 15 and
16 to improve accuracy and reduce the subsequent overhead
due to the high dimension of CSI in such systems.

With the introduction of Release 18 and continuing with
Release 19, 3GPP is researching the use of Al to enhance
CSI-based feedback, while studying explicit and implicit
feedback mechanisms. In the case of the explicit mechanism,
the complete channel matrix is sent back to the BS. The
implicit mechanism, on the other hand, sends a more compact
version of the channel matrix back to the network. This
version is in the form of eigenvectors. Compared to the code-
book from Release 15/16, the only change in implicit feed-
back is in the PMI definition. Instead of using the traditional
codebook, Al-compressed precoding vectors are transmitted.
Most vendors prioritize implicit feedback when establishing
their Al framework to enable backward compatibility with
the legacy codebook-based approach.

Based on the network configuration, the UE builds the
CSI-matrix using the signaled CSI-RS configuration. The
size of this matrix depends on the time-frequency grid’s
configuration (the number of subcarriers, the number of
orthogonal frequency division multiplexing (OFDM) sym-
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bols), the number of antenna elements for both, transmit
and receive, and the number of processed time slots. Ven-
dors might preprocess this data for normalization and noise
reduction before it serves as input for the encoder stage of
an autoencoder. Inspired by image compression, this type of
neural network is used at the UE to compress and quantize the
precoding matrix. The resulting bitstream matches the PMI
of the original feedback mechanism based on the codebook.
This bitstream is sent via the uplink to the BS, where the
decoder part of the jointly trained autoencoder reconstructs
the original precoding matrix. This Al-based feedback en-
hancement is a way to reduce reporting overhead with only
marginal loss in accuracy compared to conventional methods.

To compare the performance of Release 16 Type
II codebook-based feedback with Al-enabled feedback,
3GPP primarily uses (squared generalized cosine similarity
(SGCS)), where some vendors also used the (normalized
mean squared error (NMSE)) to measure reconstruction ac-
curacy. Most 3GPP contributions focus on implicit feedback,
with observed overhead reductions ranging from 5 to 25%.
However, these numbers are still a topic of debate among
delegates. The scientific literature often investigates explicit
feedback compression, which can result in more significant
overhead savings due to the higher amount of information to
be compressed.

So, how does test and measurement fit into all of this? In a
typical deployment, the gNB, the UE, and the modem power-
ing the mobile device, all come from different manufacturers.
Generally, it is necessary for these parties to work together,
and the encoder and decoder should be trained together to
achieve similar performance, which might be a direction the
industry prefers to go.

This gap between different vendors could be bridged by
employing test and measurement equipment, such as mo-
bile radio tester platforms [e.g., R&S CMX500 5G One-
Box Signaling Tester (CMX500)], that can simulate different
5G network configurations, including CSI-RS, and emulate
various channel conditions to test the performance of various
autoencoder models trained for, e.g., specific locations (site-
specific) or channel characteristics. First results are available,
which are promising [5]. However, the industry still has a
long way to go to ensure full interoperability among vendors
when deploying two-sided use cases, not just from a perfor-
mance standpoint, but also from a model training and model
transfer between gNB and UE point of view.

2) Al/ML-based Beam Management

Beamforming via large antenna arrays is indispensable to
compensate for the severe pathloss caused by millimeter-
wave (mmWave) frequencies [6]. However, to harvest the
highest beamforming gain, both the BS and UE should col-
laborate in beam selection to identify the best beam pair that
aligns well with the dominant path of the underlying channel.
In 5G communication systems, this is achieved via a beam
management (BM) procedure, where beamformed reference
signals (RSs), known as synchronization sequence blocks
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(SSBs), are periodically transmitted from the BS to the UE.
To ensure seamless connectivity, the 3GPP BM procedure has
been defined since Release 14 [7]. However, the exhaustive
nature of this BM procedure leads to a high RS overhead,
latency, and high RF front-end power consumption [8].

To overcome the aforementioned limitations, investigation
of an AI/ML based BM procedure is an ongoing study
inside the 3GPP. With focus on RS overhead, latency, and
power consumption reduction, 3GPP has defined two use
cases for beam prediction, i.e., spatial domain and temporal
domain beam prediction [9]. The first use case of spatial
domain beam prediction aims at exploiting the environment-
specific spatial correlation, while the temporal domain beam
prediction exploits the correlation arising due to UE mobility
patterns. Consequently, an ML model is trained to learn these
correlations for efficient beam prediction. Initial investiga-
tions have reported more than 90% reduction in overhead
with good prediction accuracy over specific environmental
conditions [9].

Generalization of an ML model examines how well a
model can digest new data and make correct predictions
after getting trained on a training set. Since the best beam
is mainly dependent on the environmental conditions, ML
model generalization is crucial for beam prediction [10].
Considering its importance, the 3GPP study on AI/ML inves-
tigates generalization over different beamforming architec-
tures, antenna array dimensions, environmental conditions,
UE mobility, and rotation patterns. Initial investigations on
model generalization have reported significant performance
degradation in terms of prediction accuracy [9]. Alterna-
tively, it has been proposed to train a model on a mixed
dataset of various scenarios. However, in such cases, there
exists a tradeoff between ML model accuracy performance
and its generalization capabilities [11].

To avoid the poor ML generalization, several 3GPP con-
tributors have suggested training scenario-specific models
and then to rely on model switching based on the appli-
cable scenario. However, this not only leads to a complex
model life cycle management procedure but also requires
perfect identification of the applicable scenario. Furthermore,
storing, training, switching, and retraining several scenario-
specific models may lead to significant memory and power
consumption costs, which violates one of the fundamental
reasons to use AI/ML for BM.

AI/ML based BM opens several new challenges for test
and measurement. As an example, the ML model and its
training dataset are vendor and/or device specific, which
leads to the challenge of model recreation and validation.
Consequently, it is necessary for the test and measurement
companies to offer test and validation platforms that can
mimic several 3GPP specified channel conditions and net-
work configurations.

3) Al-based position accuracy enhancement
This third pilot use case aims to improve positioning estima-
tion accuracy using AI/ML-based techniques, especially in
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heavy NLOS conditions, such as in industrial environments,
for example, a factory hall [12]. Two aspects were investi-
gated. First, a trained AI/ML-model is used to directly infer
the UE’s position, known as ’fingerprinting.” The second as-
pect is AI/ML-assisted positioning, where the AI/ML-model
inference output enhances an existing measurement, such as
providing an NLOS indicator.

lll. ADDRESSING NONLINEAR CHALLENGES
THROUGH Al AND MACHINE LEARNING

A. INTRODUCTION AND MOTIVATION

The integration of ML techniques into the physical layer of
wireless communication systems represents a pivotal step in
addressing the challenges of next-generation 6G networks.
On the transmitter side, ML-driven digital pre-distortion
(DPD) enhances PA linearity, while ML-based digital post-
distortion (DPOD) on the receiver mitigates higher distor-
tion levels, enabling higher transmitter output power. Addi-
tionally, ML-powered peak-to-average power ratio (PAPR)
reduction techniques are crucial for achieving high power
efficiency in OFDM systems without compromising signal fi-
delity. These advancements, explored in subsequent sections,
highlight the transformative role of AI/ML in optimizing
spectral efficiency while maintaining energy efficiency.

B. MACHINE LEARNING FOR DPD

PA non-linearities manifest as spectral regrowth and inter-
modulation distortions (as seen in Fig.2), which compro-
mise signal integrity and energy efficiency, especially at high
power levels. This leads to efficiency roll-off and adjacent
channel interference which complicate the design for high-
performance transmitters. Conventional methods, such as
power backoff (BO) or by employing DPD techniques, ad-
dress these non-linearities at the transmitter level by reducing
the PA’s output power. For the latter, ML has emerged as
a transformative approach to DPD to mitigate the nonlin-
earity of PA in wireless communication systems. Conven-
tional DPD methods, such as generalized memory polyno-
mial (GMP) and iterative learning algorithms, have provided
reliable linearization but are increasingly challenged by the
intricate memory effects and dynamic behaviors associated
with wideband power amplifiers [13]. Neural network-based
solutions have significantly improved our ability to address
these challenges, including advanced, recurrent architectures
such as long-short term memory (LSTM) and gated recurrent
unit (GRU). The use of these models enables accurate predic-
tion of non-linear distortions while accommodating higher-
order effects, as evidenced by projects like OpenDPD [14],
which achieve notable performance gains in adjacent channel
leakage power ratio (ACLR)) and error vector magnitude
(EVM) metrics [15]. Unlike conventional methods, such
as those employing iterative learning control (ILC) or out-
of-band (OOB) linearization, ML-based DPD frameworks
provide a more efficient path to linearization under extreme
nonlinearity scenarios. For example, while OOB techniques
minimize adjacent channel interference by targeting out-of-
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band components, they often require iterative processes and
significant computational resources, limiting their real-time
applicability [13]. In contrast, ML-based models integrate
non-linearity correction directly into the signal processing
pipeline, reducing both complexity and computational over-
head [14]. Furthermore, the ability of ML architectures to
adapt through techniques like model pruning and quanti-
zation ensures their feasibility in energy-constrained envi-
ronments, a critical requirement for 6G systems focused on
energy efficiency [15].

C. MACHINE LEARNING FOR DPOD

While the techniques outlined in III-B are effective, these
solutions involve trade-offs: reduced PA power impacts en-
ergy efficiency and coverage, and DPD adds complexity to
transmitter design. In 5G, discrete Fourier transform-spread
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FIGURE 2. The constellations of the received and equalized signals for
16QAM modulated signal and DFT-S-OFDM waveform for a transmitter with
non-linear PA with 6dB BO.

orthogonal frequency division multiplexing (DFT-s-OFDM)
is employed for uplink transmissions to enhance PA effi-
ciency at the UE side. Similarly, 6G may adopt DFT-s-OFDM
for uplinks across FR1/FR2 and potentially in FR3 and sub-
THz frequencies. An alternative approach to addressing these
challenges is to shift complexity to the network side, thereby
relieving the UE from power efficiency constraints. This
strategy aims to improve overall energy efficiency, enhance
the link budget, and increase throughput by enabling UE
operation at higher power levels, closer to the PA’s 1 dB
compression point. To further address these issues, in this ini-
tial work, an Al-enhanced receiver that uses a deep learning
architecture, such as residual network (ResNet) (discussed
in Section III-C2), is used to mitigate PA non-linearities
specifically in DFT-s-OFDM transmitted signals. By analyz-
ing extensive datasets, the Al algorithms learn and adapt to
the characteristic behavior of PAs under various conditions,
creating an adaptive, ML-driven solution that evolves with
environmental changes. This allows the receiver to replace
the conventional demapper in the receiver chain by an Al
demapper, as illustrated in Fig.3, ultimately maintaining
high signal integrity and efficiency. The following content
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provides an overview of the PA used, outlines the model
architecture, and presents the simulation results.

RXRF }-[RemoveCP Ch.estA/Eq.]—»[ IDFT AI demapper

FIGURE 3. Al empowered receiver for DFTs-OFDM.

1) Power Amplifier Model

In this work, a memoryless polynomial model is employed
to capture the nonlinear behavior of the PA at the transmitter.
The PA nonlinearity is described using a polynomial expres-
sion:

yp(n) = > apx(n)|z(n)? (1)

keK,

where n denotes the time index, z(n) is the input to the
PA, and y,(n) represents the corresponding output. The
parameter aj, signifies the coefficient of the polynomial term
of order k. The PA model applied in this study is a PA-CMOS
designed for operation at 28 GHz, with specific polynomial
coefficients detailed in [16].

2) Model Architecture

To address the challenges of training deep networks, ResNet
leverages "residual learning," a technique that overcomes
issues like the vanishing gradient problem by introducing
skip connections. These connections enable the training of
deeper networks without performance degradation, making
ResNet well-suited for tasks requiring increased model depth
to enhance learning capacity. In this work, a ResNet variant
inspired by ShuffleNet [17] is utilized for soft bit demapping
on a per-OFDM-symbol basis, as illustrated in Fig.4. The
architecture was selected after numerous experiments with
different architectures, aiming to balance computational ef-
ficiency and feature extraction for the given problem. The
architecture consists of five ResNet blocks, an initial 1D
convolution layer (Conv1D) layer for feature extraction, and
a final Conv1D layer for output shape adaptation, ensuring
compatibility with the regression requirements. Each OFDM
symbol is processed with all resource elements in the symbol,
and the model outputs log-Likelihood Ratio (LLR) values
corresponding to the coded bits. The training dataset com-
prises observations of equalized symbols in the time domain
after the inverse discrete Fourier transform (IDFT), with
labels derived from the LDPC-encoded bits in the transmitter
(TX) chain. High fidelity between training and deployment
is maintained, as some labels can be accurately reproduced
at the BS. This model is trained across various backoff (BO)
values ranging from 4 to 8 dB, different modulation orders
(primarily 64-QAM and 256-QAM), and diverse chipsets.
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FIGURE 4. Al demapper architecture.

The training also covers a signal-to-noise ratio (SNR) range
of -5 to 20 dB and employs a CDL-A channel model, with a
UE speed of 3 kim/h, enhancing its generalization capability.
Furthermore, binary cross-entropy (BCE) is utilized as the
loss function, with LLR as the output, making it particularly
well-suited for soft-bit regression tasks.

3) Simulation Results

Fig. 5 illustrates the throughput measured in megabits per
second (Mbps) as a function of the SNR in dB across mul-
tiple PA BO values, demonstrating significant performance
differences. In this experimental setup, it is posited that the
Al-enhanced receiver feature is integrated on the side of
the BS, with the capability to activate or deactivate the ML
functionality as required. The ResNetDemapper, evaluated at
power BO values of 3 dB and 4 dB, consistently surpasses
the performance of configurations when no ML is used at the
same SNR levels, and approximates a linear response when
no PA is used (the maximum achievable throughput when no
PA is used). The ResNetDemapper demonstrates robustness
against SNR fluctuations, effectively doubling the throughput
to an estimated 500 Mbps at high SNR values in comparison
to the conventional receiver when ML is not employed. The
results substantiate that the proposed method can mitigate the
effects of the non-linearities induced by the transmitter’s PA,
thereby enhancing throughput. To assess the improvements in
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FIGURE 5. Comparison of throughput versus SNR for BO values of 3 dB and
4 dB for an Al-empowered receiver and a conventional receiver where no
machine learning is used.

energy efficiency, power efficiency for different BO values is
shown in Fig. 6. The analysis is based on a simplified Class A
PA model for clarity, where the efficiency follows the relation
n = m [18], where BOjinear represents the power BO
in linear scale. This assumption provides a clear evaluation
of efficiency trends while maintaining analytical tractability.
The figure shows that increasing the BO value degrades the
efficiency of the PA. Since the proposed method enables
operation with lower back-off values while achieving similar
performance as the legacy receiver, the energy efficiency of
the PA can be improved. From this, as illustrated in Fig. 7, it
can be deduced that the Al-enhanced receiver, operating with
a 5 dB BO at the transmitter, can attain similar performance
to that of the conventional receiver with a 9 dB BO. Con-
sequently, the results indicate that the power efficiency has
improved by a factor of three. To conclude, this initial work
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FIGURE 6. Power efficiency of the power ampilifier for different backoff values.
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FIGURE 7. Achievable throughput with link adaptation, using an
Al-empowered receiver (ResNetDemapper) and a legacy receiver (no ML), for
modulation orders up to 256-QAM.

demonstrates the promising potential of machine learning as
a viable solution to compensate for nonlinearities generated
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by PA when enabling the UE to transmit at higher power lev-
els, thereby improving throughput and power efficiency. For
a more comprehensive understanding of the gains, includ-
ing further enhancements in power efficiency, coverage, and
throughput, a potential next step could involve employing a
more realistic PA model and conducting further comparisons
with additional conventional and novel methods.

D. MACHINE LEARNING FOR PAPR REDUCTION

The demand for higher data rates drives the development of
wireless systems with greater bandwidth. In OFDM systems,
this translates to a larger number of subcarriers, which typ-
ically results in a higher PAPR of the transmit signals. This
phenomenon occurs because each time-domain sample of an
OFDM waveform constitutes a weighted sum (represented
by the discrete Fourier transform) of the constellation points
on all subcarriers. Since the constellation points can be seen
as independent random variables, the resulting time-domain
samples approach a Gaussian distribution as the number of
subcarriers increases [19], and thus exhibit a high PAPR. As a
result, OFDM signals composed of many subcarriers requires
operating power amplifiers with a large power BO to avoid
nonlinear signal distortions, which can be prohibitive both in
terms of hardware costs and energy consumption (see also
Figure 6).

At the same time, OFDM is still the preferred modulation
scheme in many settings, due to its low signal processing
costs. The PAPR problem can be mitigated with techniques
such as DFT-s-OFDM, but this approach can still result in
high PAPR, particularly in the presence of multiple streams
in MIMO systems. Therefore, PAPR reduction techniques
are essential to ensure efficient and affordable operation of
wireless systems.

Over the last decades, various PAPR reduction techniques
have been proposed. However, their practical applicability
is often restricted by strict latency constraints and limited
computational resources. Among the most computationally
simple techiques is the iterative clipping and filtering (ICF)
approach proposed in [20], which repeatedly clips the signal
in the time domain and removes the resulting out-of-band
radiation via filtering in the frequency domain. In [21]-[23],
this approach is generalized into a set-theoretic framework,
which allows the derivation of extrapolated projection meth-
ods that empirically achieve a considerably lower PAPR at
essentially the same computational cost. At the same time,
this set-theoretic framework allows for flexibly combining
various types of constraints in the frequency-domain, which
can improve the detection performance without the need to
modify the receiver. In this way, the set-theoretic approach
combines the flexibility of PAPR reduction based on convex
optimization, as proposed in [24], with the low complexity
of ICF. In essence the algorithms proposed in [21]-[23] re-
peatedly apply a sequence of mappings, which are composed
of projections onto convex constraint sets. The extrapolated
projection methods in [22] are shown to achieve severe PAPR
reduction within only one to four iterations.
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ML has the potential to improve further the performance
of these techniques. As the iterative algorithms mentioned
above typically involve various design parameters that have
a considerable impact on their performance, deep unfolding
is a promising approach to improve their performance. By
interpreting the iterations of an algorithm as the layers of
a neural network, and learning the design parameters with
standard deep learning techniques such as backpropagation
and stochastic gradient descent, deep unfolding gives rise
to neural network architectures that incorporate the domain
knowledge of the model-based algorithm. This approach has
already been applied in the context of multicast beamforming
[25] and MIMO detection [26].

IV. CHANNEL ESTIMATION, PREDICTION AND
INTERFERENCE ESTIMATION

A. INTRODUCTION AND MOTIVATION

Traditionally, the wireless PHY layer’s design has relied
on model-based signal processing methods, focusing on ac-
curate stochastic characterization of wireless channels and
developing efficient signal models and processing techniques
to address various channel and hardware impairments, such
as PA non-linearities in Section III. In this section, we discuss
the role of AI/ML in estimation and prediction tasks, which
are highly challenging tasks due to the random nature of
wireless systems and the non-linearities in signal shape intro-
duced by channel and hardware impairments. The developed
ML techniques are required to achieve high accuracy while
maintaining robustness under a wide range of channel condi-
tions. Furthermore, energy efficiency is a key factor that must
be considered in ML-based 6G estimation and prediction
solutions. We first address ML-based channel estimation
and explore the different methods of learning depending on
the type and amount of data available. Following this, we
discuss interference estimation in subnetworks and signal-to-
interference-plus-noise ratio (SINR) prediction.

B. ML-BASED CHANNEL ESTIMATION

In 6G communication systems, challenges such as the time-
varying nature of the channel, RF non-linearities, and the
significant overhead in terms of both bandwidth and sig-
naling associated with channel estimation—particularly for
massive MIMO systems—can be effectively addressed using
data-driven techniques [27]. The existing literature supports
adopting ML techniques for channel estimation and proposes
various learning algorithms. ML-based channel estimation
methods can be grouped into supervised, unsupervised, rein-
forcement, and hybrid learning approaches, primarily based
on how they leverage learning paradigms, dataset availability,
and their underlying architectures [28].

1) Supervised ML-based channel estimation

Supervised ML-based methods for channel estimation in 6G
systems achieve high accuracy by learning mappings from
input data to labeled outputs, minimizing error through loss
functions like mean square error (MSE) or cross-entropy.
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Fully connected neural networks (FCNNs) perform well in
single input single output (SISO) and complex MIMO chan-
nels, even handling hardware imperfections in urban scenar-
ios, as shown in [29], [30]. In high-complexity environments
like large-scale MIMO and mmWave intelligent reflecting
surface (IRS) systems, FCNNs become impractical due to
their high computational demands, making convolutional
neural networks (CNNs) with optimizations like pruning
a more efficient solution [31], [32]. Meanwhile, recurrent
neural network (RNN), particularly LSTMs, effectively cap-
ture time-varying channel correlations in these dynamic
settings [33]. However, these supervised methods require
extensive labeled data. Labels in supervised learning refer
to the ground-truth CSI values, used to train models, but
collecting them is costly because it requires extensive and
accurate real-world measurements or simulations, which may
not generalize well to diverse and evolving 6G environments;
hence, alternative approaches like unsupervised learning are
being explored to reduce dependency on labeled data and
enhance adaptability.

2) Unsupervised ML-based channel estimation
Unsupervised ML-based methods for channel estimation are
used when labels are unavailable due to nonlinearity or
nonconvexity problems, optimizing an objective function in-
stead. Autoencoders [34], [35], for instance, have effectively
compressed CSI by transforming the channel into the angular
delay domain with discrete Fourier transform (DFT) matri-
ces, reducing data volume for efficient transmission across
cell zones. While unsupervised and semi-supervised models
reduce the need for labeled data, developing a universal
model for varied 6G conditions remains challenging.

3) Reinforcement learning-based channel estimation
Reinforcement learning (RL)-based channel estimation uses
a trial-and-error approach, where an agent improves esti-
mates through actions guided by rewards and the environ-
ment’s state. For instance, [36] uses a successive denoising
process, leveraging channel curvature to detect unreliable
estimates within a Markov decision framework. RL is well-
suited for adapting to dynamic channel conditions without
needing extensive labeled data, though designing effective
reward structures and handling computational demands are
key challenges.

4) Hybrid ML-based channel estimation

Beyond the main supervised, unsupervised, and reinforce-
ment learning approaches, other ML-based methods for
channel estimation leverage hybrid and specialized tech-
niques to meet complex requirements. Recent efforts focus
on multi-task neural networks that integrate channel esti-
mation with transceiver tasks like antenna extrapolation and
CSI feedback, leveraging shared prior channel information
to enhance operational efficiency and reduce redundant com-
putations, contributing to energy-efficient system design. For
instance, a deep plug-and-play prior-based algorithm [37]
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allows a network to handle these interconnected tasks si-
multaneously. Additionally, generative adversarial networks
(GANS) [38] are being utilized to overcome limitations in
traditional deep learning loss functions, generating realistic
channel data to enhance estimation accuracy. One notable
example of hybrid ML approaches is the use of diffusion
models (DMs) for channel modeling [39], [40]. Specif-
ically, diffusion-denoising probabilistic models (DDPMs)
learn channel distributions by adding noise to data until a
Gaussian distribution is reached, then reversing the process
to model and estimate channels effectively. This progres-
sive noise addition and removal allows DDPMs to explore
the full range of data points in the channel distribution.
Unlike GANs, which often generate high-quality samples
from limited modes of the distribution, diffusion models
systematically move through all modes, preventing the mode
collapse issue common in GANs. By gradually diffusing data
and reconstructing it step-by-step, DDPMs capture both the
high-probability and low-probability regions of the distribu-
tion, enabling more comprehensive coverage of the channel’s
characteristics. This advantage becomes particularly signifi-
cant in complex channels, such as specific fading scenarios
where GANs may fail to model the full diversity of channel
behavior. Therefore, DDPMs provide a flexible, effective al-
ternative for reproducing channel behaviors without repeated
physical experiments, outperforming GANs in many cases.
One limitation of DMs is their slow sampling speed, which
we addressed through techniques like skipped sampling and
denoising diffusion implicit models (DDIMs). Additionally,
[39] optimized noise scheduling and parameterization using
sliced Wasserstein distance (SWD) and end-to-end (E2E)
symbol error rate (SER) to balance sampling efficiency and
generative performance. The experiments showed that DMs
outperform WGANS in scenarios with complex fading, pro-
viding more stable and generalizable SER performance, par-
ticularly at high Eb/NO. More specific contributions of [40]
include: a DM-based channel generation framework compat-
ible with E2E neural network communication systems; pre-
training methods for faster, more stable convergence with
lower SER; and a detailed analysis of noise scheduling and
parameterization to improve trade-offs between performance
and sampling speed.

In summary, data-driven methods hold great potential for
6G channel estimation. Supervised approaches offer high
accuracy but struggle with labeled data demands, while unsu-
pervised methods address label scarcity but face adaptability
challenges. Hybrid techniques, such as diffusion models,
excel in modeling diverse channel behaviors and outperform
GANSs in complex scenarios. Future research should focus
on integrating hybrid ML for efficient, adaptable estimation,
leveraging multi-task models for system-level optimization,
and enhancing the practicality of these methods for 6G
deployment.
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C. ML-BASED INTERFERENCE ESTIMATION FOR
SUB-NETWORKS

Over the past decades, the vision of connecting "anything
that may benefit from being connected" has driven an ex-
ponential rise in wirelessly connected devices, from small
sensors in homes and industries to vehicles and beyond.
However, interference has always been a significant chal-
lenge, negatively impacting the capacity and performance
of wireless communication systems. In ultra-dense envi-
ronments, where multiple UEs communicate over limited
resources such as shared sub-bands, high interference levels
degrade the signal-to-interference-plus-noise ratio (SINR)
and pose a significant challenge to effective radio resource
management. This directly impacts network coverage and
makes it difficult to achieve QoS. One such example is hyper-
dense deployed In-X subnetwork (SN) which is envisioned
to offer short-range communication with extreme require-
ments such as 0.1-1 ms latency, life-criticality, and high
reliability (99.9999% — 99.99999%) [41]. Examples of In-
X SNs include in-robots, in-vehicle, in-body, and in-house
environments. The coexistence of the requirement of sub-ms
latency which needs high bandwidth of intra-SN communica-
tion and limited available bandwidth, inter-SN interference
poses a significant challenge. In such scenarios, predictive
interference management—Ieveraging explicit interference
predictions through advanced ML techniques—helps allocate
resources proactively and prevent performance degradation.
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FIGURE 8. FL-based interference predictor proposed in [42].

Various interference estimation techniques have been de-
veloped to predict interference, thereby facilitating efficient
resource allocation proactively. ML-based approaches, par-
ticularly recurrent neural networks such as LSTM-based
techniques, are utilized to model the complex, non-linear
characteristics of interference by leveraging spatiotemporal
dependencies from historical interference power values [43]-
[46]. Furthermore, a federated learning (FL)-based inter-
ference estimation technique has been introduced, allowing
cooperative learning from interference power vectors across
multiple SNs. This approach utilizes an existing cellular
network for model aggregation, achieving faster convergence

VOLUME 1, 2024

and lower estimation errors compared to standalone methods.
Detailed insights into this work can be found in [46] and [42].
Due to connectivity limitations or by design, SNs may oper-
ate independently from the cellular network. To address this,
a prediction technique has been developed in which interfer-
ence prediction is performed locally at the sensor-actuator
(SA) pair using a single-layer LSTM model [46]. Addition-
ally, a many-to-many (M-to-M) LSTM model has been pro-
posed as a centralized approach, where M SA pairs collab-
oratively learn and predict interference at the SN controller
[42]. Incorporating a FL into this framework offers a promis-
ing solution for collaboratively learning interference patterns
by leveraging the knowledge of participating clients, such as
other SA pairs, as illustrated in Fig. 8. The performance of
these methods has been compared against the Wiener pre-
dictor, which relies on second-order statistics—such as the
correlation of interference power values—under the assump-
tion of stationary interference dynamics. Numerical results
and analysis demonstrate the effectiveness of the ML-based
methods and are detailed in [42]. While these predictors
employ point prediction, they assume noise-free interference
measurements and deterministic traffic scenarios. To address
randomness arising from traffic variations, estimation errors,
and other uncertainties, a probabilistic interference predic-
tion framework has been introduced. This framework pre-
dicts specific or predefined quantiles instead of the mean, en-
suring reliability while incurring minimal additional resource
usage. As an alternative approach, a Bayesian framework
using sparse Gaussian process regression (SPGPR) has been
proposed [47], [48], which can be utilized to reduce the
computational complexity in a reasonable factor, has been
used for interference prediction [49]. Moreover, to consider
the computational cost at low-end SA pairs, this work has
been further extended to sparse Gaussian process regression
with variational inference (VISPGPR), which selects a subset
of salient data with k samples from the entire data with [
samples to decrease the computational load. This reduces the
complexity from O(13) to O(l - k?), where [ is the number of
interference power values processed, and k is the number of
salient features, with k < [ [48].

Interference often possesses two properties: (1) heavy-tail
distribution and (2) correlation due to small-scale fading.
Instead of a Gaussian kernel, the Matern kernel is more
suitable to accommodate and enhance these properties. To
cope with interference data randomness and outliers due to
random traffic, a robust approach using a Student-t distribu-
tion instead of Gaussian likelihood has been implemented
[49]. A clear downside to Gaussian Process Regression is
the requirement to select the covariance kernel and likeli-
hood beforehand, which necessitates pre-knowledge of the
distribution and may lead to discrepancies in different scenar-
ios. To overcome this limitation, a probabilistic interference
prediction method utilizing quantile bidirectional long-short
term memory (QBiLSTM) has been proposed [49]. This
method leverages temporal correlations without assumptions
about the underlying distribution of target variables. An
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FIGURE 9. Achieved average BLER with isochronous traffic [49].

enhanced version, attention based quantile bidirectional long-
short term memory (AttenQBiLSTM), incorporates a modi-
fied loss function to further improve prediction accuracy. The
efficacy of these predictors has been evaluated using a spa-
tially constant 3GPP channel model with realistic mobility
and traffic scenarios. Resource allocation is performed using
predicted and true interference, applying finite blocklength
theory to determine the number of resource usage. The dis-
crepancy is assessed in terms of the achieved Block Error
Rate (BLER) with prediction, considering packets with a fi-
nite blocklength; further details can be found in [49]. Results
in Fig. 9 indicate that AttenQBiLSTM outperforms other
proposed methods. This illustrates that advancements in ML
algorithms, along with their efficient utilization, enable the
design of data-driven interference predictors with minimal
or no reliance on distributional assumptions. Furthermore,
accounting for distribution drift and evaluating models across
different channels is highly significant. Interference predic-
tion can also be extended to power control using causal
inference, as demonstrated in [50], enabling energy-efficient
solutions for future 6G systems.

D. ML-BASED SINR PREDICTION
ML-driven SINR prediction enables the PHY layer to proac-
tively adjust its transmission parameters, optimizing resource
allocation based on anticipated channel conditions. By accu-
rately predicting SINR, the PHY layer can fine-tune trans-
mission power, modulation schemes, and coding rates in
real-time, thereby reducing unnecessary power consumption
while maintaining signal quality. This dynamic adaptation
minimizes the use of excessive power in favorable conditions.
It ensures energy savings in scenarios where high power
transmission would otherwise be required to counteract in-
terference or poor channel conditions.

To address one of the key challenges of addressing the
optimized private campus network (PCN) operation, we im-
plemented ML models, including bi-directional and vanilla
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FIGURE 10. Workflow of SINR prediction scheme in PCN [51]

LSTM networks combined with Random Forest algorithms,
to accurately predict SINR [51]. By utilizing historical
network data and user mobility patterns to predict SINR,
these models assist in making decisions in semi-persistent
scheduling, smart resource allocation, modulation, and power
control. These intelligent actions will lead to lower channel
estimations, better energy, lower latency, and overhead. Thus,
the efficient and optimal operation of PCN is scheduling
radio resources in controlled campus networks.

Our study [51] uses a live PCN at the RPTU-
Kaiserslautern campus, where we gathered data to create
a grid-based radio environment map. We then applied the
mobility attributes of users alongside ML models- vanilla
LSTM, bidirectional LSTM, and Random Forest—to predict
SINR along users’ paths, as shown in Figure 10. The eval-
uation results for SINR predictions from the random forest
model based on the bidirectional-LSTM model’s mobility
prediction with 0.86 mean absolute error (MAE) and 0.92
R? score show that the proposed grid-wise SINR prediction
shows reasonable performance in the PCN scenario.

The implications of SINR prediction extend beyond mere
energy efficiency, manifesting in support of more nuanced
and energy-conscious beamforming techniques and multi-
antenna configurations [52]. This predictive control over
network parameters aligns with the overarching objectives
of sustainable, green communications, ensuring that 6G sys-
tems can attain their performance targets without significant
escalations in energy consumption. The role of SINR pre-
diction in supporting the energy-conscious techniques in IRS
aided Terahertz communication system [53] is of consider-
able significance, as it highlights the broader implications of
this technology and its potential to shape the future of 6G
networks.

To demonstrate the influence of SINR prediction in a
practical context, one might consider SINR prediction in
densely populated 6G networks. In these environments, char-
acterized by a high density of users and devices, the capacity
to make real-time adjustments to transmission power and
resource allocation is essential for maintaining signal quality
and averting interference. In this context, the integration of
ML-based SINR prediction represents a crucial element in
the network’s ability to anticipate future channel conditions
and proactively optimize critical parameters, such as trans-
mission power and modulation schemes [54]. By identifying
instances where the SINR is likely favorable, the network can
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reduce transmission power without compromising quality,
leading to tangible reductions in energy consumption.

Furthermore, the foresight inherent in SINR projections
facilitates the deployment of more effective beamforming
methodologies, wherein energy is precisely allocated toward
users likely to experience suboptimal SINR. This targeted
energy allocation reduces the overall energy demand in mas-
sive MIMO systems and maintains the necessary quality of
service. In conjunction with these developments, integrating
SINR prediction minimizes the necessity for continuous,
energy-intensive real-time channel estimations, further rein-
forcing the network’s energy efficiency and progress toward
sustainable operations.

V. CHANNEL CODING

We tackle the key issue of scaling neural networks for error
correction to large blocklengths, a problem that arises due to
the exponential increase in complexity when using one-hot
encoding. While small neural networks perform very well for
small blocklengths, by optimizing over symbols rather than
bits, scaling them to blocklengths of 100 or more becomes
impractical. The number of nodes for the input layer alone
grows as 2¥ for one-hot encoding, and similar embeddings
lose their advantage when drastically downsized, making it
computationally prohibitive to scale these methods. On the
other hand, bit-based approaches like TurboAE scale better
but perform worse for smaller blocklengths due to their
bit-level optimization. Our method provides an intermediate
solution that allows for practical scaling without sacrificing
the advantages of symbol-level optimization. We propose a
concatenated classic and neural (CCN) code that combines
the flexibility of neural networks with the robustness of
Reed-Solomon (RS) codes. Each RS codeword symbol is
encoded using a separate instance of the same small neu-
ral network, trained with one-hot encoding and optimized
via categorical cross-entropy. This structure allows us to
extend the effective code dimension while controlling the
complexity, providing a scalable solution that maintains high
performance at large blocklengths without requiring expo-
nentially larger networks. Our method scales to blocklengths
of n = 25512 = 3060, while avoiding the training
complexity that limits standalone symbol-wise neural codes.
In simulations on additive white Gaussian noise (AWGN)
channels, a (255 - 12,223 - 8) CCN code significantly outper-
forms a standalone (7, 4) reference neural codes, achieving
up to 3.1 dB gain at BLER of 10~%. Moreover, an outer
RS decoder with an erasure-detection mechanism further im-
proves reliability by correcting both errors and erasures based
on a thresholding algorithm applied to the neural decoder’s
softmax output. CCN codes also demonstrate robustness
across different channel conditions, providing resilience to
burst errors and fast fading in Rayleigh channels, where they
achieve an E}, /Ny gain of approximately 8.3 dB at a BLER
of 10~*. Additionally, CCN codes show an Ej /N, gain of
6.2dB as compared to the reference code at a BLER of 10~4,
in burst channels.
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By leveraging concatenation, we bridge the gap between
dense, one-hot encoded neural codes, which perform well for
short blocklengths but fail to scale, and bit-based methods
like TurboAE, which scale well but underperform at shorter
lengths. Our method offers a practical and scalable solution,
achieving a balance between performance and complexity
[55]. In addition to its demonstrated gains over classical
and other neural network-based codes, this hybrid approach
aligns with key 6G objectives of reliability, energy efficiency,
and adaptability to diverse channels. By supporting very-
large blocklengths, CCN codes circumvent the prohibitive
training and complexity overhead of standalone symbol-wise
neural codes, thus providing a more scalable and practical
solution for future communication systems.

VL. MULTI-USER MIMO ASPECTS

A. INTRODUCTION AND MOTIVATION

Multi-user MIMO technology plays a crucial role in en-
hancing performance of wireless networks due to its ability
to increase the spatial degrees of freedom available in the
system and take advantage of the diverse nature of wireless
channels. For signal processing and resource allocation tasks,
such as signal detection, this translates to solving challeng-
ing optimization problems in high-dimensional space. To
this end, the first part of this section addresses AI/ML-
based multi-user MIMO detection to find a lower-complexity
alternative to conventional methods without compromising
performance. Following this, the focus is shifted to cell-free
massive MIMO (CF-mMIMO) systems. Unlike traditional
cellular networks, CF-mMIMO eliminates the concept of
cell boundaries by allowing distributed RAPs to serve users
over a broad area jointly, and all RAPs are connected to a
central processing unit (CPU) via a fronthaul network. The
straightforward approach of CF-mMIMO encounters scala-
bility challenges with increasing user numbers due to rising
computational complexity and fronthaul rates. The User-
Centric CF-mMIMO implementation was introduced and
adopted in most of the literature where each user is served
by only a cluster of RAPs for enhanced scalability. In this
context, we tackle the issue of fronthaul compression in user-
centric CF-mMIMO for communication overhead reduction.
Next, we demonstrate the gains in energy savings obtained by
ML-based sleep-mode selection techniques, which involve
switching off unnecessary network elements given a target
QoS requirement.

B. NEURAL RECEIVER FOR MULTI-USER MIMO

MIMO technology such as multi-user MIMO is a critical
ingredient in future wireless systems, as it allows to make
efficient use of scarce frequency resources. To this end,
modern wireless networks rely on large-scale antenna arrays,
to enable high-dimensional signal transmission in the spatial
domain, using the same frequency. For instance, in multi-
user MIMO systems, several UEs simultaneously transmit
data in the uplink, using the same portion of the frequency
spectrum. Optimal signal detection at the BS (e.g., based on
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a maximum likelihood criterion) is known to be NP-hard
[56]. As there is no hope to design a MIMO detector that
is both optimal and efficient, a growing body of research
has been dedicated to devising suboptimal detectors that
strike a balance between performance and complexity, over
the past six decades [57]. At one end of this trade-off are
high-performance approximation techniques such as sphere
decoding [58], which entail high computational costs. At the
other end are linear detectors and low-complexity iterative
detectors based on approximate message passing (AMP)
[59], which can suffer from bad performance on realistic
channels [60].

More recently, the trend towards large-scale antenna ar-
rays has driven the need for detectors with extremely low
complexity. To meet this goal, various AI/ML-based MIMO
detectors have been proposed. Many of them rely on deep
unfolding [61] to learn certain design parameters of iterative
detectors including projected gradient methods [62]-[64],
the alternating direction method of multipliers (ADMM)
[65], AMP [60] or orthogonal approximate message passing
(OAMP) [66], [67]. These approaches treat the iterations
of the respective model-based algorithms as layers of a
neural network, which allows the optimization of learnable
parameters via standard deep learning techniques such as
backpropagation and stochastic gradient descent. Most of the
aforementioned AI/ML-based detectors are trained offline
based on a synthetic dataset (i.e., simulated channel realiza-
tions, transmit- and receive signals). However, realistic con-
ditions in which the data distribution varies over time, pose
a severe challenge to such techniques, and it has been shown
[60] that many of these techniques suffer severe performance
degradation when realistic channel models are considered.
The authors of [60] mitigate this problem by proposing an
online learning approach, in which the detector is retrained
given each individual channel realization, using synthetically
generated transmit data. While this online approach is shown
to outperform all offline learning methods considered, it
requires continuous training at runtime. To avoid the need
for online training, and instead improve generalization in
the presence of realistic radio environments, a set-theoretic
framework for MIMO detection is proposed in [68], [69].
The proposed iterative detector is based on a superiorized
[70] version of the adaptive projected subgradient method
(APSM) [71]. Compared to other iterative detectors such
as the methods in [59], [62], the method in [68], [69] im-
poses fewer assumptions on the channel matrices, in order to
guarantee convergence. A deep-unfolded variant of this set-
theoretic MIMO detector has been proposed in [26]. Results
in that study show that the proposed detector can outperform
other learning-based detectors having similar complexity on
realistic channels.

C. USER-CENTRIC CELL-FREE MASSIVE MIMO

14

1) Relevant Information Processing for Fronthaul Rate
Reduction

In a cell-free massive MIMO (CF-mMIMO) system, vector
quantization (VQ) can be highly effective in managing and
compressing the large volumes of data at the distributed
RAPs where each RAP gathers high-dimensional data from
several users and needs to forward this data to the central
processing unit (CPU) over limited-capacity fronthaul links.
VQ significantly reduces the data rate required for these
transmissions by representing clusters of observation vectors
with single representative points, or centroids, and by reduc-
ing the transmission rate, VQ helps lower the energy required
for data transfer, a critical factor for large-scale CF-mMIMO
systems where energy efficiency is paramount.

The multi-source information bottleneck (IB) method [72]
was introduced as a novel distributed noisy source coding
scheme for a generic setup wherein, several terminals re-
ceive different sets of noisy observations from the users and
compress their signals using IB-based vector quantization
method before transmitting them over multiple rate-limited
channels to a CPU. Unlike standard VQ methods, which
minimize distortion without considering the specific signal
reconstruction needs, the IB-based approach selectively re-
tains information essential for accurately reconstructing a
user signal at the CPU. Particularly suited for CF-rmMIMO’s
distributed architecture, the multi-source IB method enables
RAPs to collaboratively compress noisy observations, pre-
serving the most critical information needed for user signal
recovery. The IB approach achieves an optimized trade-off
between information retention and compression rate [73],
making it a powerful solution for scalable, energy-efficient
CF-mMIMO networks. The IB method, originally introduced
in [74], serves as a task-oriented compression framework,
and its early applications can be found in the domain of Unsu-
pervised Learning, where it was employed as an information-
theoretic strategy for cluster analysis [75].

In CF-mMIMO systems, the multi-source IB method can
be adapted by applying linear equalization at each RAP
to cancel the spatial interference of different users (which
get served by it) and separate their signals [76]. Then the
design problem is formulated as a basic trade-off between
two mutual information (MI) terms. The first one is the sum
of MI terms between each source signal and its sets of the
corresponding received signals at the CPU, called the rele-
vant information. The second one called total compression
rate is the sum of MI terms between the noisy observations
(of the source signals) which are the inputs of the local
compressors and their output signals. The goal of IB-based
compression is to maximize the relevant information such
that the total compression rate does not exceed the capacity
of the corresponding fronthaul network which is similar to
the concept of data clustering, where the goal is to group
observations in a way that retains the most relevant features
while reducing the redundancy. The generalized multivariate
information bottleneck (GEMIB) algorithm was presented in
[72] to address the design problem for multi-source IB-based
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compression.

Consider 3 users served by 2 RAPs in a CF-mMIMO
system where one of the users is served by both RAPs as
illustrated in Fig. 11a. After the linear equalization at RAPs,
RAP 1 has the noisy observations ygl) and yél) of the source
signals x; and xg, respectively and RAP 2 has the noisy obser-
vations yég) and y:(f) of the source signals x2 and x3, respec-
tively. Assume a discrete memoryless channel that approxi-
mates a discrete-time, discrete-input, and continuous-output
AWGN channel with identical noise variance, af, for all
access channels from the source signals to the corresponding
outputs of equalizers at the RAPs. RAPs 1 and 2 compress
their noisy observations into z; and zs, respectively, before
a forward transmission over ideal (error-free) rate-limited
channels (IRCs) to the CPU. To compare the compression
schemes, we use the relevant information that is basically the
overall transmission rate, i.e., the sum of MI terms between
the source signals and the corresponding received signals
at the CPU, I(xy;z1) + I(xo;z122) + I(x3;z2). Fig. 11b
illustrates the obtained results comparing GEMIB and K-
Means [77] methods for designing the compressors at RAPs
in terms of overall transmission rate versus different numbers
of output clusters (per RAP). The key takeaway is the clear
performance advantage of the GEMIB algorithm over the
standard K-Means routine. This superiority is evident in both
information preservation and compactness. For example,
with o2 = 1, the GEMIB algorithm achieves approximately 5
bits of relevant information while requiring only 12 clusters,
compared to K-Means, which requires 16 clusters for the
same information. Alternatively, if the number of output clus-
ters is fixed at 8, GEMIB supports up to 4.5 bits of relevant
information, outperforming K-Means, which can support up
to 4 bits.

ML-based approaches, such as the forward-aware informa-
tion bottleneck (FAVIB) method, offer a powerful extension
to the traditional IB method by incorporating predictive
models into the compression process. These models are
particularly useful for learning the underlying statistical rela-
tionships between users’ signals and optimizing compression
decisions based on this knowledge. The deep learning-based
FAVIB approach [78], [79], for example, uses variational
methods to optimize compression based on a finite set of
training samples, making it suitable for scenarios where
statistical information about the user signals is not fully
available.

2) Sleeping Radio Access Points

Sleep-mode selection is a technique that can be applied to
CF-mMIMO systems in order reduce total network power
consumption by allowing a subset of serving RAPs to be
turned off whenever they are not required to achieve per user
QoS requirements.

While turning off a subset of RAPs provides gains in terms
of reduced energy usage, further gains can be achieved by
combining sleep-mode selection with transmit power control
and beamforming design. However, performing efficient re-
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FIGURE 11. (a) An example of uplink transmission in a CF-mMIMO network
where 3 users employing bipolar 8-ASK source signaling are served by 2
RAPs. (b) A performance comparison between GEMIB [72] and K-Means
schemes to design the compressors at RAPs in terms of the overall
transmission rate vs the number of output clusters (per RAP).

source allocation requires information sharing over fronthaul
links between the central unit and distributed RAPs, which,
as discussed above, can lead to high signaling overhead. This
can be avoided by performing long-term resource allocation,
i.e., allocating resources on the basis of channel statistics,
rather than instantaneous channel information.

In light of the above discussion, [80] proposes an ML-
based framework for the joint optimization of transmitted
power, beamforming and the RAP sleep-mode selection to
maximize the gains in uplink CF-mMIMO systems while
minimizing the network power consumption using channel
statistics. In [80], the approach taken condenses the original
joint optimization problem into a combinatorial optimiza-
tion problem with the objective of finding the RAP sleep-
mode configuration that minimizes the network power con-
sumption and implicitly finds the optimal long-term transmit
power allocation and beamformer design utilizing tools from
fixed-point theory, subject to minimum per-user QoS require-
ments. Typically, efficient methods for solving this type of
large-scale combinatorial problems do not exist, and the com-
putational complexity associated with solving a fixed-point
algorithm for every possible configuration renders exhaustive
search highly impractical.
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To this end, surrogate optimization is employed by treating
a computationally expensive function as a "black-box" func-
tion and approximating it with ML models, such as Gaus-
sian Process Regression or artificial neural networks. The
proposed ML-based method in [80] was able to significantly
reduce the network power consumption when trained with
only a small fraction of the search space of the original
combinatorial problem providing an effective solution to the
original problem with a much lower computational complex-
ity. This demonstrates the effectiveness and potential of ML-
based approaches for handling the large-scale nature of the
optimization problems associated with CF-mMIMO systems.

VIl. SUB-NETWORKS AND NETWORK OPTIMIZATION

A. INTRODUCTION AND MOTIVATION

The diversity of applications and scenarios envisioned for
6G calls for network optimization methods that are able to
adapt quickly to fast-changing environments and serve users
with vastly differing requirements. Considering this, AI/ML-
based network optimization can improve wireless perfor-
mance and energy efficiency by serving as lower-complexity
and more robust alternative to conventional techniques.In this
section, AI/ML is studied in combination with key perfor-
mance indicator (KPI) monitoring for AI/ML-based network
optimization to mitigate performance drops and provide a
network planning approach. Then, the problem of ML-based
robust resource management with energy efficiency as the
main objective is tackled. Finally, the role of AI/ML in
vehicular networks is examined and key aspects required for
successful deployment in real-world settings are highlighted.

B. PREDICTIVE NETWORK CONTROL BASED ON
CROSSBAND KPI-MONITORING

The ability to predict the quality of a wireless channel enables
numerous adjustments to be made to network operation in
order to increase both performance and energy efficiency.
Current and environment-specific network data is required
for realistic predictions, which can be obtained, for example,
using the spatially distributed traffic and interference genera-
tion (STING) approach for real-time network monitoring, as
shown in [81], as well as spectrum monitoring, presented in
[82]. Based on such information, location- and application-
specific performance drops can be detected, which are then
remedied by mitigation strategies and predicted in the future
due to predictive network control. These strategies are im-
plemented by adjusting context and system parameters that
physically intervene in the radio environment and change the
network operation and control, respectively.

In [81], the STING-based real-time network monitoring
system previously tested in a smaller test environment [83]
was transferred to a large-scale industrial manufacturing
environment to evaluate the performance of mmWave con-
nectivity in a challenging metallic radio environment. The
network performance key performance indicators (KPIs),
obtained through static single- and multi-user tests as well as
mobile measurements, confirm the robust performance and
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scalability of mmWave frequencies for future 6G industrial
networks. Furthermore, a mitigation strategy consisting of
a passive IRS has been validated, whose installation cor-
responds to a change of context parameters and enables a
restoring of line-of-sight (LOS) performance in obstructed
locations seamlessly.

As an addition to the STING system, a Software Defined
Radio (SDR) has been added to the distributed STING units
in order to allow channel monitoring beyond the network
itself. This enables an Al based anomaly detection approach,
described in detail in [82]. Based on the widely used image-
based neural network structure U-Net [84], this approach
allows detection and alerting of unwanted channel activity
such as in the 3.7 GHz band, with an accuracy of up to
90% with relatively low complexity. These KPI monitoring
aspects can be embedded in a holistic network optimization
depicted in Fig. 12. The illustration shows that based on given
user requirements an Al-driven network planning approach
can be used in order to achieve a sufficient initial coverage
and network performance through an iterative optimization
process of prioritized areas, as in [85]. In addition, con-
tinuous KPI and spectrum monitoring enables predictive
network control, allowing real-time optimization of network
configuration, application characteristics and programmable
radio environment components (e.g. IRS), to solve a demand-
driven trade-off between energy efficiency and network per-
formance.

C. ROBUST RESOURCE MANAGEMENT VIA ML
Given that energy efficiency is a critical aspect of AI/ML-
native 6G, this section focuses on energy-efficient physical
layer resource management. The recent work [86] formu-
lates an energy efficiency maximization problem using rate-
splitting multiple access in mixed-critical cloud radio access
networks. By jointly optimizing beamforming, rate alloca-
tion, and decoding groups, [86] proposes a low-complexity
iterative algorithm based on fractional programming.
Despite its strong numerical performance, the algorithm
lacks real-time feasibility. Many resource allocation prob-
lems in communication systems require computationally
demanding optimization, where ML provides an efficient
alternative, especially in dynamic and uncertain environ-
ments. Deep learning has demonstrated its potential for low-
complexity and robust 6G solutions [87], such as relay selec-
tion [88] and robust optimization [89]. Building on this, [90]
proposes a data-driven approach to physical layer resource
management, leveraging unsupervised deep learning to han-
dle channel uncertainties and minimize worst-case delays.
In this subsection, we extend the methods from [90] to
tackle energy efficiency maximization under channel state
uncertainty. Specifically, we consider a system where a single
BS with L antennas serves K wireless users, as illustrated
in Fig. 13. The channel coefficient between the BS’s an-
tenna [ and user k is denoted as h; € C, modeled as
hip = leyk + h?,r;w where hj} ~ C./\/(O,a,zl) represents
the channel estimation error. As discussed in Section IV-B,

VOLUME 1, 2024

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3666644

IEEE Access

Roessler et al.: AI/ML-Driven 6G Network Solutions with Energy Efficiency Considerations

User Requirements and Initial Deployment

Target QoS

!

Al-driven Network Planning

Target Area

Propagation Modeling

(Adapted)

Network l

T K-
:

Antenna Placement

Distributed Monitoring of Real-life
Network Performance Data

Technology-dependent collection
of passive and active KPIs

Ground Truth | 4

Network Information

1

Network Optimization

Environmental Model

Trade-off between Network Performance
and Energy Efficiency

Programmable Radio Environment

Target QoS |No
Achieved?

Yes Flexible Network Configuration

Multi-X
KPI-Domain
Adaption of

tion Characteristics

Adjusted Context & System Parameters

FIGURE 12. Envisioned Al-based network optimization flow.

Channel Neural network  Resource
estimation allocation 7

Robust
. energy
» efficiency

--

d
N Uncertainty injection

Device k

Real-time operation (] Training
Power budget EE Processor
FIGURE 13. System model consisting of one BS performing power control
under channel uncertainty. The BS’s embedded edge server comprises of a
DNN trained for robust energy efficiency maximization.

even ML-based channel estimation techniques introduce er-
rors. In practical systems, the exact distribution of channel
uncertainty is often unknown. For simulations, we model the
uncertainty as additive and Gaussian, though the framework
can accommodate other types of uncertainty [89]. The BS
operates under a power constraint P™* and is equipped
with embedded computing capabilities. A DNN is employed,
taking as input the estimated channel coefficients izl,k and
P™ and outputting the transmit power allocation py, for all
users. The energy efficiency objective is defined as the ratio
of the total achievable rate R = 22{21 7y, to the total power
consumption S5 | py + pf*, where pi* accounts for fixed
network power consumption. However, since R depends on
uncertain channel conditions, it cannot be deterministically
evaluated. Instead, we consider the ~y-th of the sum rate distri-
bution, R7, satisfying Pr[R < R7|ﬁl7kV(l, k) € (£L,K)] <
~. During training, we leverage the statistical properties of
the channel estimation error by generating multiple realiza-
tions of A}’ , computing the energy efficiency for each real-
ization, and extracting the 5%-quantile to obtain an empirical
estimate of robust energy efficiency. In practical operation,
rather than generating multiple channel error realizations,
the scheme samples a large number of channel realizations,
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Communication resources
L = 4 antennas, K = 4 users
pi* = 30 dBm, P™* = 1.1 Watt
—75 dBm/Hz noise power
10 MHz bandwidth

DNN parameters
10 fully connected layers (ReLU)
400 neurons per layer
150 epochs, 50 minibatches
1000 batch size, 2000 test size

TABLE 1. Simulation parameters for Section VII-C.
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FIGURE 14. Robust energy efficiency in Mbit/Joule as a function of the
channel estimation error aﬁ comparing robust and regular DNNs and a
uniform power allocation scheme.

allowing the DNN to implicitly learn the channel’s statisti-
cal properties empirically. The DNN is trained to optimize
energy efficiency while ensuring robustness against channel
uncertainties.

To evaluate the performance of the proposed robust en-
ergy efficiency maximization scheme, we compare it against
two benchmarks: (i) a standard DNN trained without con-
sidering channel uncertainties and (i¢) a uniform power
allocation scheme, which distributes the available transmit
power equally among users. The simulation parameters are
set according to Table 1. We additionally utilize regularized
zero-forcing beamforming [89].

Fig. 14 presents the robust energy efficiency (in
Mbit/Joule) as a function of the channel estimation error
variance O'}QL. As expected, increasing the channel estima-
tion error variance degrades the energy efficiency due to
the higher interference, suboptimal power allocation, and
general inefficiencies. Notably, the proposed robust DNN

17

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and

IEEE Access

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3666644

Roessler et al.: AI/ML-Driven 6G Network Solutions with Energy Efficiency Considerations

achieves the highest utility and maintains superior energy
efficiency under high uncertainty compared to the baselines.
While both ML-based approaches outperform uniform power
allocation at low estimation errors, the regular DNN (which
does not account for uncertainties) loses its advantages as
o7 increases, ultimately approaching the uniform baseline.
These results highlight the importance of both ML-based
optimization and uncertainty-aware modeling in achieving
high energy efficiency in the 6G physical layer.

D. AI/ML IN V2X NETWORKS

One of the key research areas in 3GPP is vehicular networks
[91], [92]. Vehicle-to-everything (V2X) communications are
the driving force behind vehicular networks’ widespread
proliferation that enables several intelligent transport systems
use cases such as emergency vehicle and collision warning,
cooperative lane change, extended sensors, remote driving
and vehicular platooning. These use cases have various strin-
gent requirements in terms of throughput, latency, reliabil-
ity, etc., and require certain levels of QoS. To meet these
demands, accurate network behavior prediction is essential.
AI/ML is crucial in V2X networks as it facilitates real-time
decision-making, optimizes traffic management, and reduces
congestion through predictive analytics. It also increases
communication efficiency by allocating resources and spec-
trum as efficiently as possible. By analyzing the data from
multiple sensors in vehicular networks, potential failures can
be detected. AI/ML algorithms also enable cooperative per-
ception and decision-making by integrating the data gathered
by multiple sensors or V2X sources. Cooperative driving
(like platooning) is also facilitated through which vehicles
communicate and adjust speeds to improve fuel efficiency
and safety. All things considered, it may assist with real-time
optimization of beamforming, power regulation, spectrum
allocation, and link adaption, which enhances the overall use
of radio resources, intelligence, and transportation system
dependability [93].

Although AI and ML algorithms hold great potential for
vehicular networks, their real-world implementation or vali-
dation remains elusive due to their high dependency on the
collected datasets. The creation of such datasets is resource-
intensive task as they need to reflect the whole rage of
scenarios that vehicular networks may encounter. Recent
studies have acknowledged this challenge and have attempted
to generate reference datasets to capture both vehicle and
wireless network data and can facilitate the training and
evaluation of Al and ML algorithms for V2X applications
[94], [95]. However, there is still a significant gap between
theoretical models and practical implementations.

Due to the high mobility nature of the vehicular networks,
which leads to increased Doppler spread and very short
coherence time intervals, acquiring the timely CSI becomes
problematic. In this case, ML algorithms can be of interest
as they facilitate improved CSI estimation even for high
mobilities [96] (Refer to Section IV-B). By learning from
past information and continuously adapting to new data, ML
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algorithms can help maintain network performance even in
scenarios where traditional CSI estimation methods struggle.
CSI estimation is the preliminary yet crucial step for proper
radio resource management (RRM).

In terms of RRM, 3GPP specifies two distinct approaches
for V2X networks: centralized and distributed schemes [91],
[97]. The centralized scheme (referred to as Mode 1 in NR-
V2X, and Mode 3 in LTE-V2X), requires that all the vehicles
be under cellular coverage and involves the BS managing
the subchannel assignments. This method requires acquiring
the CSI from all the vehicles which incurs a lot of signaling
overhead on the BS side. This can become a bottleneck,
especially in scenarios with a large number of vehicles or
high mobility, where frequent CSI updates are required. In
the distributed scheme (referred to as Mode 2 in NR-V2X,
and Mode 4 in LTE-V2X) the vehicles themselves manage
the channel access through sensing-based semi-persistent
scheduling (SPS). This scheme offers more flexibility and
reduces latency by avoiding constant BS involvement, but
it is more prone to errors and packet collisions due to its
distributed nature.

In conformity with 3GPP standardization, various ML-
based RRM schemes for vehicular networks have been
proposed in the literature which are mostly built on the
distributed RRM scheme proposed by 3GPP. Among the
proposed ML algorithms, RL has been of the highest interest
compared to the other ML algorithms due to its capability for
online learning and adaptation which makes it suitable for
complex environments like vehicular networks.

A common criticism that is often laid on the ML algo-
rithms is that due to their intrinsic complexity, it is often
complicated to know to what extent the learned policies and
the trained behavior are close to the optimal solution. The
black-box nature of many ML algorithms makes it difficult
to interpret their decision-making processes, which raises
concerns about their reliability and robustness in real-world
applications. These kinds of questions that often fall under
the umbrella of trustworthiness in Al have been rarely ad-
dressed in the recent literature. Recent studies have begun to
explore these concerns, highlighting that while ML-derived
policies may not always be optimal, they can still be sufficient
to meet the specific requirements of certain applications [98].

VIil. TESTING ASPECTS OF AlI/ML-BASED SIGNAL
PROCESSING FOR 6G PHY LAYER

A. APPLYING TESTING TO AI/ML IN SIGNAL
PROCESSING

The integration of AI/ML models for signal processing
tasks into traditional communication systems demands ro-
bust testing methodologies to ensure reliable performance
under real-world conditions. Combining Model-in-the-Loop
(MiL), Software-in-the-Loop (SiL), and Hardware-in-the-
Loop (HiL) approaches is essential to validate these models
across different system layers, from network management to
the physical layer. These methodologies provide a structured
framework to optimize and verify AI/ML models at each
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stage of development.

Model-in-the-Loop. MiL testing evaluates AI/ML models
in a simulated environment designed to mimic the physical
layer, including RF impairments, noise, and multipath ef-
fects. This phase ensures that models can process wireless
signals, make real-time decisions, and adapt to simulated
channel conditions. For example, a machine learning-based
channel estimator can be tested under conditions such as
synthetically generated fading and Doppler effects to ensure
accurate channel state estimation before transitioning to soft-
ware and hardware implementation. MiL enables developers
to refine model performance and robustness while exploring
edge cases that may occur during deployment.
Software-in-the-Loop. SiL testing focuses on running
AI/ML algorithms for tasks like signal detection, channel
estimation, or spectrum management within a simulated soft-
ware environment that would later on run on the hardware
itself. This method replicates the behavior of digital com-
munication systems without requiring physical hardware,
enabling developers to simulate complex scenarios such as
varying channel conditions or interference patterns. For in-
stance, an AI/ML-driven Adaptive Modulation and Coding
scheme (AMC) scheme for 6G can be tested using SiLL by
simulating user mobility patterns and fluctuating SNR. SiLL
is invaluable for evaluating software integration and initial
algorithmic robustness.

Hardware-in-the-Loop. HiL testing integrates AI/ML mod-
els with hardware such as antennas, RF frontends, and
baseband processors. Algorithms are executed in real-time,
interacting directly with real-world signals and hardware
components. HiL validates the ability of AI/ML models
to handle real-time signal processing, manage hardware-
induced latencies, and operate within the constraints of an
actual communication system. It ensures compatibility and
reliability in practical deployments, addressing performance
gaps that may not be evident in simulation. The testing
workflow typically starts with MiL to refine models in a
simulated environment, followed by SiL to validate software
integration, and concludes with HiL to ensure seamless oper-
ation within the real hardware. HiL is particularly critical for
wireless systems with strict real-time requirements, ensuring
that AI/ML models meet latency and throughput constraints.
Each stage provides iterative feedback, enabling continuous
improvements to both models and their integration, thereby
reducing the risk of failure in real-world deployments.

B. AN EXAMPLE FOR HIL: A TESTBED FOR NEURAL
RECEIVER ARCHITECTURES

Dynamic and rapidly changing environments in wireless sys-
tems pose significant challenges to classic signal processing
algorithms, prompting research into Al-native air interfaces
for 6G. Academic studies have explored replacing conven-
tional blocks, such as channel estimation and equalization,
with ML-based approaches. For example, traditional channel
estimation methods, which rely on standardized pilot signal
patterns, often fail in high-mobility scenarios due to outdated
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estimates and interpolation errors. Although increasing pilot
density can reduce these errors, it comes at the cost of higher
overhead and reduced spectral efficiency. A notable innova-
tion is the integration of channel estimation, equalization,
and demapping into a single ML-based 'neural receiver.
Neural receivers have emerged as a promising alternative,
capable of learning channel time dynamics and mitigating
these challenges [99], [100]. However, many assessments
are simulation-based and often benchmarked against non-
optimized implementations of traditional methods. These
systems are typically evaluated within 5G NR environments,
use post-Fast Fourier Transform (FFT) data (after synchro-
nization, removal of the cyclic prefix and performing the
FFT) as input, and produce LLR for channel decoding. Cur-
rent research [101] prioritizes uplink scenarios, with neural
receivers deployed at the gNB to provide LLR outputs to
the Low-Density Parity-Check Code (LDPC) decoder for the
5G NR Physical Uplink Shared Channel (PUSCH). Nvidia’s
open source framework, SIONNA [102], has become a stan-
dard tool for developing and training neural receiver models
due to its flexibility and integration capabilities. The neural
receiver implemented in the Rohde&Schwarz testbed [104]
was designed using SIONNA and trained offline on synthetic
data [101], exemplifying the framework’s applicability in
academia and industry for advancing ML-based wireless
communication systems.

C. FIRST STEP TOWARDS E2E LEARNING AND
TESTING

It is expected that ML-based signal processing will first
be implemented in network infrastructure, e.g., BSs, in the
initial version of a future 6G standard. This is due to the com-
plexity and computational effort required, which increases
power consumption. However, the transmit side, e.g. the UE,
can also contribute to improve the performance, and thus
concepts of learning the constellation shape are explored by
academia and industry. These so-called "customized constel-
lation" or "non-uniform constellation" are meant to learn
the optimal constellation for a chosen modulation scheme
during training, aiming to maximize mutual information,
and thus the throughput of the respective communication
channel [103]. This step considers the impact of the wireless
channel and the nonlinearities and impairments caused by the
components of the analog transmitter and receiver, distorting
the signal and thus degrading performance. Consequently,
based on the learned model and thus constellation shape,
the neural receiver testbed allows the user of the testbed to
define the amplitude and phase for each constellation point
in the IQ domain. The learned constellation shape is typically
asymmetric compared to classic quadrature modulation and,
while learned by the neural receiver. This asymmetry further
eliminates the need for pilot signals, as the receiver inter-
preted the learned shape as a superimposed pilot sequence
that can be used for demodulation. Compared to standard
5G NR, those resource elements carrying pilot signals can
now be used for data transmission and making the entire
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transmission more spectrally efficient. In different literature
[100], a potential increase in spectral efficiency of up to, e.g.,
14 percent is suggested (Figure 15). However, the observed
performance gain largely depends on the chosen configura-
tion and the pilot pattern used in the conventional SG NR
reference system.

. PUSCH DMRS D PUSCH D Not used

Frequency [Subcarrier]

0 1 2 3 4 5 6 7 8 9 10 11 12 13
R —

Time [Symbols]

12 x 14 =168 RE
12 RE for pilots, 12 RE unused
24/168 = ~14%

FIGURE 15. Potential performance gains using custom constellation

D. NEURAL RECEIVER ARCHITECTURES HANDLING
ANALOG IMPAIRMENTS

Pragmatically, a neural receiver should be trained with
slightly impaired data to handle carrier frequency offset
(CFO) as tolerated by the 3GPP specification. Figure 16
shows as an example the performance of two neural receiver
models with custom constellation, where one was trained
without impaired data and the other model with impaired data
for a carrier frequency of 2.14 GHz and a CFO of 0.2 parts-
per-million (ppm) (428 Hz), where the fine-tuned model still
outperforms conventional signal processing algorithms.

10°

10t
-4
w
-
o
=
102
== Custom Const. - Neural Receiver (CFO=0.2ppm)
- Custom Const. - Neural Receiver, finetuned (CFO=0.2ppm)
5G Baseline - LS+LMMSE (no CFO)
- 5G Baseline - Maximum Likelihood approx. (no CFO)
103 — 5G Baseline - Perfect-CSl, lower bound (no CFO)
1 AW ¥
=2 -1 0 1 2 3 4 5

SNR [dB]

FIGURE 16. Neural receiver trained for CFO of 0.2 ppm
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IX. STANDARDIZATION ASPECTS FOR A FUTURE
AI-NATIVE AIR INTERFACE IN 6G

The integration of an Al-native air interface in 6G represents
a paradigm shift in wireless communication, moving beyond
traditional enhancements to rely on Al as a foundational
element. Standardization efforts focus on enabling Al-driven
functionalities such as autonomous operation, real-time op-
timization, and continuous learning, emphasizing lifecycle
management and testing for interoperability. Strategic ap-
proaches include leveraging generative Al for channel mod-
eling, beam management, and semantic communications.
These approaches aim to optimize network resource alloca-
tion and improve performance in dynamic environments. Key
challenges to be addressed include addressing model gener-
alizability, energy efficiency, and ethical concerns. The on-
going transfer from research into standardization highlights
the necessity for collaboration among stakeholders to ensure
seamless implementation, robust testing frameworks, and
adherence to global performance and sustainability goals.
These efforts aim to balance the technical, operational, and
ethical dimensions of deploying Al in future wireless net-
works.

X. CONCLUSION AND OUTLOOK

In this paper, we have summarized the findings and proposals
of 6G-ANNA concerning an AI/ML-based air interface for
6G, emphasizing energy efficiency. We presented a historical
review of developments and applications of AI/ML tech-
niques to physical layer processing and energy efficiency in
cellular networks, starting with 5G. We summarized current
and upcoming milestones in 3GPP standardization, and clari-
fied how AI/ML is expected to differ between 5G and 6G. We
presented AI/ML techniques for RF frontend optimization
and showed that these techniques are very promising for
digital pre/post-distortion and PAPR reduction, leading to
better link performance and energy efficiency gains. We
summarized the usefulness and applicability of AI/ML in
several signal processing tasks, including channel and in-
terference estimation, SINR prediction, predictive network
control, user-centric CF-mMIMO, receiver technologies for
MU-MIMO, channel coding and various aspects of V2X
networks. Further, we presented testing aspects of AI/ML-
based signal processing in the 6G physical layer, which is
a subject of practical relevance for the wireless commu-
nications industry and which impacts the 3GPP standards.
Finally, we described standardization aspects of an upcoming
Al native air interface in 6G.

This article highlights research areas that seem very
promising for 6G in terms of link performance and energy
efficiency gains. The toolbox of AI/ML is versatile and
powerful, and its application to the 6G physical layer is
promising. Further research is needed on real-time imple-
mentation of AI/ML algorithms, and further collaboration
among wireless equipment and test equipment vendors is
needed to define testing methodologies and to develop robust
testing frameworks for AI/ML-based radio technologies.
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ACRONYMS
3GPP

4G

5G

6G
6G-ANNA

ADMM

ACLR
Al
AMC
AMP
APSM

AttenQBiLSTM

AWGN
BCE
BLER
BM
BMBF

BO

BS
CF-mMIMO
CFO

CDL
CMX500

CNN
CPU
CSI
CSI-RS

CQI
CMOS

CCN

ConvlD
DDPM

DDIM

DFT
DFT-s-OFDM

DM
DNN
DPD
DPOD
E2E
EVM
FAVIB
FCNN
FFT
FL
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3rd Generation Partnership Project
Fourth Generation

Fifth Generation

Sixth Generation

"6G Access, Network of Networks,
Automation and Simplification"
alternating direction method of
multipliers

adjacent channel leakage power ratio
artificial intelligence

Adaptive Modulation and Coding scheme
approximate message passing
adaptive projected subgradient method
attention based quantile bidirectional
long-short term memory

additive white Gaussian noise

binary cross-entropy

Block Error Rate

beam management

Federal Ministry of Education and
Research Germany

backoff

base station

cell-free massive MIMO

carrier frequency offset

clustered delay line

R&S CMX500 5G One-Box Signaling
Tester

convolutional neural network

central processing unit

channel state information

channel state information reference
signals

channel quality indicator
complementary
metal-oxide—semiconductor
concatenated classic and neural

1D convolution layer
diffusion-denoising probabilistic model
denoising diffusion implicit model
discrete Fourier transform

discrete Fourier transform-spread
orthogonal frequency division
multiplexing

diffusion model

deep neural network

digital pre-distortion

digital post-distortion

end-to-end

error vector magnitude
forward-aware information bottleneck
fully connected neural network

Fast Fourier Transform

federated learning

FR
GAN
GMP
GEMIB

gNB
GPU
GRU
HiL

1B
IDFT
ILC
IRC
IRS
KPI
LLR
LDPC
LSTM
LTE
MAE
Mbps
MIMO
MI

ML
mmWave
MiL
MSE
M-to-M
LOS
NLOS
NR
NWDAF
NMSE
OAMP
OFDM

OOB

PA

PAPR
PCN

PHY

PMI
PUSCH
ppm
QBIiLSTM

QoS
RAP
RI

RF

RL
RNN
ResNet
RRM
RS

SA

frequency range

generative adversarial network
generalized memory polynomial
generalized multivariate information
bottleneck

base station

graphics processing unit

gated recurrent unit
Hardware-in-the-Loop
information bottleneck

inverse discrete Fourier transform
iterative learning control

ideal (error-free) rate-limited channel
intelligent reflecting surface

key performance indicator
log-Likelihood Ratio
Low-Density Parity-Check Code
long-short term memory

Long Term Evolution

mean absolute error

megabits per second

multiple input multiple output
mutual information

machine learning
millimeter-wave
Model-in-the-Loop

mean square error

many-to-many

line-of-sight

non-line-of-sight

New Radio

Network Data Analytics Function
normalized mean squared error
orthogonal approximate message passing
orthogonal frequency division
multiplexing

out-of-band

power amplifier

peak-to-average power ratio
private campus network

physical layer

precoding matrix indicator
Physical Uplink Shared Channel
parts-per-million

quantile bidirectional long-short term
memory

quality of service

radio access point

rank indicator

radio frequency

reinforcement learning

recurrent neural network

residual network

radio resource management
reference signal

sensor-actuator
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SDR Software Defined Radio

SER symbol error rate

SINR signal-to-interference-plus-noise ratio

SISO single input single output

SN subnetwork

SNR signal-to-noise ratio

SiL Software-in-the-Loop

SPS semi-persistent scheduling

SGCS squared generalized cosine similarity

SSB synchronization sequence block

STING spatially distributed traffic and
interference generation

SWD sliced Wasserstein distance

SPGPR sparse Gaussian process regression

TSG SA Technical Specification Group for Service
and System Aspects

TSG CT Technical Specification Group for Core
Network and Terminals

TSG RAN Technical Specification Group for Radio
Access Network

UE user equipment

V2X vehicle-to-everything

VISPGPR sparse Gaussian process regression with
variational inference

VQ vector quantization

ICF iterative clipping and filtering
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