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Abstract

The transformation of radio access networks (RANs) in the age of artificial intelligence (AI)
reflects a broad shift shaped by domain knowledge from both wireless communications and
computer science. As mobile networks evolve toward the sixth generation of mobile systems
(6G), Al is becoming a native, in-network capability, embedded directly into the architecture,
managing its own model lifecycle, and operating with full awareness of computational load,
processing constraints, and energy budgets. This chapter examines how growing service
diversity, rising traffic volumes, and increasing network complexity have exposed the
limitations of traditional design and optimization approaches, creating a need for predictive,
adaptive, and self-evolving network behavior. First, the evolution of mobile networks is
reviewed to explain why 6G must be designed with Al as an intrinsic component and how
Al/machine learning (ML) transitions from an external aid to a fully native capability in next-
generation systems. Building on this foundation, the chapter highlights three representative
research areas-prediction, optimization, and network management-by examining selected
studies that are frequently emphasized in academia and industry. Next, the chapter discusses
how standardization bodies address AI/ML capabilities across specific use cases through
common architectures, unified data structures, lifecycle management frameworks, and well-
defined procedures for training, inference, and deployment. This structured perspective links
early-stage research to standardized, deployable solutions. Finally, the chapter summarizes
the scientific and operational challenges on the path to Al-centric 6G, including generalization
in non-stationary environments, privacy-preserving learning, multi-vendor interoperability,
and ultra-low-latency execution. By integrating insights from research, architecture, and
standardization, the chapter contributes to the book’s broader vision of self-evolving,
intelligence-driven connectivity.
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Introduction: Towards Al-Native Intelligent Connectivity

Al has become a foundational driver of technological transformation across a wide
range of domains-including computer vision, robotics, and wireless networks. The
evolution of mobile networks is shaped by the emergence of new types of services,
the diversification of service demands over time, the integration of different vertical
technologies, and the architectural refinements required to manage the increasing
complexity of future systems.

As we move toward 6G, research and standardization efforts are converging across
multiple disciplines, covering architectural developments, physical-layer procedures,
and end-to-end network operations with a growing emphasis on predictive and
autonomous capabilities. At the same time, advancements in computing and
semiconductor technologies have accelerated the transition of network management
from traditionally reactive approaches toward proactive and increasingly
autonomous operation (Balmer etal., 2020). In parallel, the enablers of Al technology-
increased data availability, improvements in computational capability, and the
development of new algorithms-have positioned Al as a cornerstone in the evolution
of mobile networks.

Rather than serving isolated functions within specific components, Al/ML in modern
mobile networks is viewed as a native capability that spans all layers of the system-
from physical-layer signal processing to high-level network management. This broad
integration brings a set of scientific, architectural, and operational questions. First,
Al/ML-driven solutions must be evaluated against both non-Al/ML and alternative
Al/ML methods in terms of performance, computational load, energy efficiency, and
implementation complexity. Second, the placement of AI/ML tasks, whether at the
user equipment (UE), within the network, or in a collaborative distributed form,
requires careful analysis. Third, developing Al-native, appropriate data flows and
interfaces within the architecture is essential to communicate the measurements and
information required for the AI/ML solution. Finally, integrating Al/ML requires
strong guarantees for privacy, security, and model trustworthiness, as these functions
may introduce new risks related to data exposure, unauthorized access, or model-
level vulnerabilities. As these capabilities mature, AI/ML is evolving mobile
infrastructures into intelligent, self-managing, adaptable, and resilient systems that
can support the transformation needs of diverse vertical industries (Rashid & Kausik,
2024).

An extensive research landscape is actively investigating diverse Al-driven use cases
across physical, Medium Access Control (MAC), and network layers, highlighting the
richness of current scientific efforts. Complementing this, international
standardization bodies and industry alliances are shaping unified frameworks that
emphasize reliability, generalizability, and lifecycle management. In parallel, the
research community is expanding its focus to encompass a wide range of emerging
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use cases, reflecting the increasing scale and maturity of current investigations. At the
same time, major standardization groups, including the Third Generation Partnership
Project (3GPP) and the O-RAN Alliance, are developing common frameworks for
future intelligent networks, with a particular focus on reliability, generalizability, and
end-to-end lifecycle management.

This chapter presents the evolution of the RAN across mobile generations in the
emerging age of Al. Section 2 presents the evolution from Long Term Evolution (LTE)
to 6G and explains why Al/ML has become a necessity for mobile networks. Section 3
examines how Al/ML has progressed from research concepts to structured elements
in standardization. Section 4 discusses the scientific and deployment-related
challenges associated with the use of AI/ML in wireless environments. Together,
these sections provide a structured view of the technical foundations, requirements,
and open questions that will shape the development of the Al-native mobile networks.

1. Evolution of Mobile Networks: Why 6G Must Be Al-Native

To understand why Al has become an essential component of today’s wireless
networks, it is helpful to trace the evolution of mobile networks, from LTE through
fifth generation mobile systems (5G) and toward the emerging vision of 6G. Defined
by the International Telecommunication Union (ITU) under the IMT-Advanced
framework, LTE adopted a fully IP-based architecture, along with a flexible and high-
efficiency radio interface, enabling globally scalable, data-centric mobile broadband
(ITU-R, 2008). Although the use of Al/ML was still limited during this generation, the
concept of Self-Organizing Networks introduced early forms of automation, such as
predictive fault detection, load balancing, and automatic parameter configuration,
laying the groundwork for adaptive optimization in mobile networks (Zhang et al,,
2019; Kaur et al,, 2021).

Defined by the ITU under the IMT-2020 framework, 5G redefined mobile network
services by introducing three capability pillars: enhanced mobile broadband (eMBB),
ultra-reliable low-latency communication (URLLC), and massive machine-type
communication (mMTC) (ITU-R, 2015). The heterogeneity of these service categories
and the corresponding rise in architectural and operational complexity have made the
integration of AI/ML technologies increasingly essential. Building on this need, the 5G
architecture specified by the 3GPP incorporates automation and data-driven
management mechanisms. 5G provides an infrastructure that enables the network to
improve itself, adjust itself, and recover from problems through the analysis of data
in the network and decision-making mechanisms based on these analyses.

ITU’s IMT-2030 vision, 6G, presents a deeper integration of Al, positioning
intelligence as an intrinsic element of how networks are conceived, operated, and
evolved. Usage scenarios of IMT-2030 are envisaged to expand on those of IMT-2020
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into broader use requiring evolved and new capabilities. In addition to expanded IMT-
2020 usage scenarios, IMT-2030 is envisaged to enable new usage scenarios arising
from capabilities, such as Al and sensing, which previous generations of IMT were not
designed to support. Figure 1 illustrates the usage scenarios for IMT-2030. Al and
Communication use cases would support distributed computing and Al applications.
This usage scenario would require support for high area traffic capacity and user-
experienced data rates, as well as low latency and high reliability, depending on the
specific use case. Besides communication aspects, this usage scenario is expected to
include a set of new capabilities related to the integration of Al and compute
functionalities into IMT-2030, including data acquisition, preparation, and processing
from different sources, distributed Al model training, model sharing, and distributed

inference across IMT systems, and computing resource orchestration and chaining
(ITU-R, 2023).

Figure 1
Usage Scenarios of IMT-2030 (ITU-R, 2023)

< arios e 7
@,\» o 5ceh of Iy ” Y 2
‘;3\" ‘-o‘a' Immersive eo@ <
S \) Communication (¢}

%
o
Z,
%
(8}
2

Integrated Sensing / t \ Aland
and . Communication

Communication .

eMBB
IMT-2020
mMTC URLLC
Massive . R - . Hyper Reliable
Communication \ / and Low-Latency
(= Communication
< ® &
2, &
2 Ubiquitous S
<, Connectivity &
<y N
2, O
% ¥
¢ <
6z, o
Cr ol

156



Dr. Evren Tuna, Prof. Dr. Hiiseyin Arslan

As the evolution of mobile networks shows, network operations-including
performance monitoring, configuration management, and control functions-initially
relied on manual, operator-driven processes and later shifted toward rule-based and
scripted mechanisms. Over time, these reactive approaches have struggled to scale
with the growing size and complexity of modern networks. The expansion of service
types, the heterogeneity of RAN and core network (CN) architectures, differences in
UE capabilities, and the resulting computational and energy burdens have increased
the need for more proactive operational models. As a result, wireless networks have
reached a stage where conventional deterministic models are no longer sufficient on
their own, creating a strong demand for learning-based and adaptive intelligence.

Al/ML, therefore, advances this evolution by introducing intelligence and adaptability
into end-to-end network operations (Chataut et al.,, 2024; Mahmood et al., 2022).
Al/ML approaches, applied directly or indirectly, enable the network to manage the
balance between latency, energy consumption and quality of service (QoS); for
example, in this context, many decisions such as resource allocation, spectrum usage,
load distribution, power settings and mobility operations can be handled together at
different layers of the network and in different usage scenarios (Dulaj et al., 2025;
Zhao et al.,, 2024). Complementing these capabilities, deep learning (DL) enables the
handling of complex tasks in rapidly changing wireless environments with greater
accuracy. In contrast, reinforcement learning (RL) enables networks to learn from
experience and gradually improve their decision-making over time (Zhang et al,,
2019; Kaur et al.,, 2021). Together, these advances shift the network from isolated
optimizations toward a cohesive, intelligence-driven operation model.

To provide insight into the kinds of problems Al/ML seeks to solve within mobile
networks, three representative research-driven application areas are frequently
emphasized in the literature. First, dynamic spectrum management can contribute to
more efficient spectrum utilization, maintain connection availability, and enhance the
user experience using AI/ML. In addition, a recent study presents a system that
estimates traffic density and interference patterns, and adjusts channel, power, and
modulation settings in real-time (Sanjalawe et al., 2025). A second major line of work
focuses on mobility management. Studies in this area demonstrate that handover
decisions can be supported by reduced measurement load and latency, which is made
possible by incorporating parameters such as signal strength and disconnection
information into AI/ML models. Finally, further research demonstrates that Al/ML
plays a critical role in enabling energy-efficient base station (BS) design and operation
(Usman et al., 2025). The proposed system dynamically reconfigures BS and antenna-
array activity based on real-time traffic conditions, minimizing energy consumption
without compromising service quality.
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As mobile networks continue to evolve, the underlying assumptions about how Al/ML
solutions are executed and integrated within the system are also undergoing
significant changes. In the past, a common approach was for such solutions to run in
a network-agnostic environment, often on third-party systems, and to be integrated
using shared data across existing interfaces. These solutions operated without
requiring any changes to the RAN or CN architecture. However, as we move towards
6G, it becomes increasingly important to deploy Al/ML-based algorithms directly
within the network, at appropriate transmission reception points, facilitate data
exchange, and create architectures that enable the necessary information to pass
through the relevant interfaces.

For AI/ML models to operate reliably in the dynamic wireless environment,
generalization, lifecycle management, updating, and transferring challenges are
among the fundamental topics of Al/ML research in 6G. This is because performance
in a specific and controlled environment can differ significantly from real-world
wireless conditions. Therefore, both within 3GPP and the O-RAN Alliance, intensive
work is underway to standardize processes such as model monitoring, feedback
mechanisms, retraining, versioning, and so on (3GPP, 2025a). These developments
are paving the way for AI/ML to move beyond an idea tested solely in the research
phase and become an established part of industrial network architecture (O-RAN,
2025). With 6G, AI/ML is no longer a side support but rather a fundamental element
of network design itself.

2. Al as the Engine of Network Evolution: From Research Concepts
to Standardized Capabilities

In the 6G era, Al/ML-driven innovations typically progress through a structured
Technology Readiness Level (TRL) pipeline, beginning with exploratory research,
followed by mathematical modeling and algorithm design, intellectual property
development, and finally system-level validation and standardization-as illustrated in
Figure 2. In the research landscape, a wide range of problems across different layers
of mobile networks such as channel estimation, beam management, Channel State
Information (CSI) feedback enhancement, positioning, Radio Resource Management
(RRM) measurement prediction, network slicing, and so on, are being explored
through Al/ML-based methods. For any of these methods to progress from a research
idea to an actual deployable solution, several structured stages must typically be
followed. This section first highlights several prominent studies within the research
landscape and subsequently examines standardization efforts-primarily those of
3GPP and the O-RAN Alliance.

Figure 2
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TRL Pipeline for Al/ML Development and Standardization
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2.1. AI/ML Research Landscape for Prediction, Optimization, and Network
Management

In the research landscape, AI/ML has been applied to many different problems across
wireless network architecture. These studies vary widely in scope, but a large part of
them can be grouped into three main areas: prediction, optimization, and
management. This grouping does not cover every possible use case, but it helps
organize the research directions that are most relevant for practical deployment and
future standardization efforts.

Recent work on prediction covers several topics, such as traffic-load prediction, link-
quality prediction, and methods that provide early signs of potential faults. These
studies use measurements collected from the network to infer short-term changes in
load, interference, or radio conditions. The resulting predictions are not viewed as
standalone outcomes; instead, they serve as inputs that can support decisions in
scheduling, resource allocation, or maintenance planning.

The network traffic prediction under rapidly changing wireless conditions is essential
for aligning mobile networks with shifts in service demand. Traffic variations driven
by crowd movement, large events, temporal usage patterns, and spatial-temporal
interactions among BSs highlight the complexity of this problem. Some works
concentrate primarily on improving prediction accuracy, whereas others develop
broader operational frameworks that integrate predicted values into decision
pipelines. Network traffic prediction approaches incorporate predictive outputs into
operational decision-making. Some studies report operational mechanisms in which
predicted load levels are used to adjust bandwidth power settings, or to reallocate
resources (Bega et al,, 2020; Hu et al,, 2023; Rao et al,, 2023; Tuna et al.,, 2024).

Traffic prediction research also includes applications in network slice dimensioning,
where slice traffic predictions are used to determine slice-level resource allocation
settings (Wu et al., 2022; Thantharate & Beard, 2022). Each network slice must be
dynamically and securely managed for bandwidth, latency, and reliability, and be
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scalable to meet varying service requirements (Alwakeel & Alnaim, 2024). Al/ML-
integrated network slicing management is a complex optimization problem, as slices
are managed in real time according to changing load and service requirements
(Huang et al,, 2023; Lin et al., 2021).

Together, network traffic prediction and slice dimensioning illustrate how proactive,
data-driven management is becoming essential in next-generation networks. Building
on this direction, AI/ML enhances network performance and delivers a higher quality
of service by enabling networks to perform operations such as traffic management,
load balancing, and routing (Tshakwanda et al., 2024; Ding et al., 2025). For example,
using RNN-based models, traffic density can be predicted using historical and current
network data, allowing resources to be allocated in advance to areas expected to be
congested, thereby preventing potential resource scarcity in the network.

Building on these Al/ML-driven network control examples, further studies explore
intelligent network management mechanisms in greater detail. AI/ML has brought
about a transformative change by providing dynamic, automatic, and intelligent
management of networks with this capability. A recent study focuses on balancing the
load across the network, particularly in dense urban areas, by enabling coordinated
traffic management among different BSs and edge nodes in a decentralized manner
(Jiang et al., 2024).

The Al/ML-based solution should be evaluated in terms of greener operations. A key
research question is how 6G networks can support applications such as massive [oT,
autonomous driving, and immersive VR while maintaining energy efficiency through
intelligent resource allocation mechanisms (Zou et al., 2024). With Al/ML-based
approaches, bandwidth and computing resources can be pre-allocated by predicting
traffic density and user behavior, ensuring service quality during high-demand
periods (Khan et al., 2022). Energy-aware Al models learn traffic patterns and place
BSs into low-power modes during periods of low load (Alhussien & Aaron, 2024; Sami
etal, 2021). Moreover, some studies also aim to reduce the energy footprint of the Al
models themselves. Techniques such as model pruning, quantization, and lightweight
architectures lower the computational cost of real-time inference, helping 6G move
toward green communication (Alhussien & Aaron, 2024; [, 2021). Therefore, with 6G,
Al/ML integration becomes not merely an enhancement but a necessity across
operational, optimization, and design dimensions of mobile networks.

2.2. Toward Al-Native RAN: 3GPP and O-RAN Standardization Efforts

Only a subset of research proposals translates into standardization, which follows
industry priorities and deployment needs. To move beyond, standards bodies such as
3GPP and O-RAN have been progressively defining structured frameworks for data
collection, analytics, and operational intelligence. These efforts establish the technical
foundations needed for scalable Al/ML in 6G.
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Building on this framework, current studies within 3GPP examine enhancements to
the air interface to better support Al/ML-based techniques (3GPP, 2025a). The goal
is to define a common, reusable AI/ML architecture for the air interface that considers
the impacts of performance, complexity, and standardization across different use
cases. The framework specifies the principles for AI/ML models running at both the
BS and UE, identifies which metrics or data structures require standardization, and
outlines lifecycle procedures, including training, validation, inference, and updating.
Within this scope, the evaluations focus on beam management, CSI feedback, and
positioning accuracy enhancements. Moreover, 3GPP Release 20 exhibits a clear
trend toward broadening AI/ML-driven 6G use cases, including low-overhead
CSI/DMRS, SRS-based designs, PDCCH and HARQ enhancements, and RACH
optimization (3GPP, 2025b).

Following the RAN Physical Layer evaluations, studies in the RAN Radio Protocol
Layer 2 focus on how Al/ML can enhance radio-protocol behavior. In this context, the
use cases addressed in (3GPP, 2025c) target connected-mode mobility, aiming to
make measurement handling more efficient and cell-change procedures more
predictable. The studies consider RRM measurement prediction, measurement event
prediction and radio link failure (RLF) prediction. Across all these use cases, the
common goal is to increase mobility stability-such as smoother cell switching and
improved RLF management-while reducing measurement overhead and avoiding
additional complexity on the network and UE sides.

Following the studies on the RAN Physical Layer and Layer 2, work in RAN Radio
Protocol Layer 3 (RRC) examines how Al/ML can enhance link control, mobility, and
configuration procedures. These efforts focus on making RRC-based functions more
predictive and autonomous (3GPP, 2024a). The use cases are Al/ML-based coverage
and capacity optimization (CCO), and Al/ML-powered slice optimization. Across both
CCO and slice management, studies evaluate where training and inference should
reside, what data needs to be shared, which additional information may be required
on interfaces, and how AI/ML decisions can be integrated into existing RRC
procedures.

Following the physical and protocol-level use cases at the RAN layers, system-level
studies examine how AlI/ML can be deployed, managed, and integrated across the
end-to-end architecture. The first line of work focuses on the capabilities required to
deploy, update, and migrate Al/ML models in a 5G system (3GPP, 2023). The objective
is to balance the limited processing and storage resources of UEs with the higher
computational power available in the network, establishing architectural
requirements for transporting and operating Al/ML models. A second study examines
architectural and functional extensions that allow the 5G system to support
application-layer AI/ML operations (3GPP, 2022). This includes defining what
information the network can expose, what conditions can be monitored, and which

161



Al/ML for Radio Access Networks: Enabling Self-Evolving and Intelligent Connectivity

capabilities can be made available to the application layer. The final work defines the
framework for managing Al/ML model lifecycle and inference functions in 5G systems
(3GPP, 2025d).

As we approach the 6G era, the telecommunications community positions the RAN as
an Al-native system that inherently incorporates data collection, model execution,
model transfer, and continuous learning (3GPP, 2024b). Realizing this vision requires
a unified architecture that integrates both Al for network-where in-network functions
are driven by Al-and network for Al-where the network supports third-party Al/ML
operations (3GPP, 2025¢). This leads to a distributed intelligence model in which the
UE and BS execute and update models cooperatively in real time, enabling the air
interface to adapt dynamically to environmental conditions, load variations,
interference patterns, and mobility behaviors (3GPP, 2025f).

Across ongoing 6G discussions, there is broad alignment that the first 6G release will
require a common Al/ML lifecycle management framework capable of supporting all
major use cases. This consensus also emphasizes the need for a modular, extensible,
and continuous learning Al-native architecture that remains future-proof as new
capabilities emerge (3GPP, 2025g). Moreover, they emphasize that transforming the
network architecture holistically into a data-driven, programmable, and self-adaptive
architecture. As a natural extension of this vision, the O-RAN ecosystem has defined a
native Al approach to prepare the open RAN architecture for 6G and developed a
comprehensive architectural framework for the embedded and distributed operation
of Al across the mobile network (0-RAN, 2023a). In this approach, data collection,
model training, distribution, inference, and update cycles are considered inherent
components of the RAN architecture, with Al functions intended to be embedded
across all layers (0O-RAN, 2023b).

In conclusion, O-RAN's native Al architecture and the evolution of Near-RT RIC for 6G
provide a strategic framework that complements and operationally implements the
Al-native RAN vision put forth by 3GPP and industry players. This framework aims to
preserve the open, modular, and multi-vendor RAN structure in the 6G era and to
bring together the programmability, data access, distributed intelligence, and
continuous learning mechanisms required by Al/ML-based radio design under a
holistic architecture (0-RAN, 2025).

3. Challenges Toward Al-Native 6G Networks

Integrating AI/ML into next-generation wireless networks introduces a unique blend
of scientific, architectural, and operational challenges. Unlike other application
domains, wireless environments exhibit high levels of mobility, interference, fading,
hardware impairments, and scheduling variability. These factors make the underlying
data distribution highly non-stationary and often poorly labeled. Because radio
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conditions change quickly, models trained on past data can become inaccurate in a
short time, which has increased interest in learning methods that can adapt during
operation. At the same time, wireless networks rarely offer clean or frequent labels;
important events are uncommon, and performance-related information often arrives
with some delay. As a result, the learning process becomes more challenging,
motivating the use of semi-supervised, self-supervised, and weakly supervised
approaches that can effectively handle noisy or incomplete measurements. In
addition, strict PHY/MAC timing constraints-often on the order of sub-milliseconds-
necessitate lightweight architectures, efficient feature design, and low-precision
inference to make Al/ML deployment feasible at scale.

Beyond these scientific and data-driven issues, achieving robust generalization across
diverse environments remains a major research frontier. A[/ML models must operate
reliably across a wide range of antenna setups, coverage conditions, mobility levels,
and traffic patterns, ideally without requiring retraining for every new scenario. This
expectation becomes even more crucial in multi-BS architectures, particularly in
environments where non-terrestrial and terrestrial networks coexist, and in the
diverse settings anticipated for 5G-Advanced and 6G. Privacy and security add
another layer of challenge, since mobility traces, channel characteristics, and traffic
behavior can expose sensitive information. For this reason, learning systems must be
robust against risks such as data leakage, adversarial actions, and various types of
poisoning. These challenges have driven the field toward approaches that protect
user data, support distributed or federated training, and remain vigilant against
potential attacks-while still meeting performance expectations and regulatory
requirements.

From a deployment standpoint, introducing AI/ML into commercial networks
presents system-level challenges that extend beyond improving model accuracy.
Distributed RAN setups, the use of multiple frequency layers, non-terrestrial and
aerial platforms, and multi-vendor environments can all lead to differences in how
features are collected, how measurements are processed, and at what granularity
they are available. When the location of the data and the point where inference is
performed are not aligned, additional issues arise-most notably delays and limited
visibility. These effects are especially critical for functions like beam management, CSI
reporting, mobility decisions, and interference prediction, where the required
reaction times are tightly linked to protocol timing. Ensuring multi-vendor
interoperability, therefore, requires standardized feature structures, unified model
interfaces, and coordination between 3GPP and O-RAN frameworks to avoid
fragmented Al/ML ecosystems.

Finally, lifecycle management and system reliability define another critical research
frontier. Commercial networks must manage the full lifecycle of models-training,
validation, distribution, activation, rollback, and continuous monitoring-across
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thousands of cells and heterogeneous hardware platforms. Energy and computation
budgets at UEs, DUs, CUs, and edge cloud systems constrain where and how Al/ML
workloads can be executed. In addition, model files, inference outputs, and
intermediate representations can introduce new points of vulnerability, which makes
security and integrity essential for maintaining stable network operation. Taken
together, these challenges demonstrate that Al-native 6G will necessitate solutions
that integrate algorithms, architectures, protocols, and operational practices-rather
than relying solely on improved model performance.

Conclusion

The shift toward Al-nativeness marks a significant transformation in how modern
mobile networks are designed, optimized, and managed. The evolution toward IMT-
2030 has elevated intelligence to a core architectural principle. Growing service
heterogeneity and rising traffic demands, together with increasing RAN complexity,
are positioning AI/ML as an essential enabler of predictive, autonomous, and energy-
efficient operation.

Numerous research studies show how Al/ML-enabled methods can significantly
improve responsiveness and efficiency. Yet turning these advances into deployable
solutions requires structured development pipelines, system-level validation, and
alignment with standardized interfaces. This need has driven 3GPP and O-RAN
toward the development of coordinated frameworks for data collection, model
training, inference, and lifecycle management.

The progress toward Al-native 6G will require tightly integrated algorithms,
interfaces, protocols, and operational models. Standardization is already evolving in
this direction, with unified AI/ML lifecycle management, distributed learning across
UE and network nodes, and mechanisms that embed intelligence directly into the air
interface and end-to-end architecture. In parallel, industry efforts enhance openness,
programmability, and multi-vendor interoperability, which are crucial for a
sustainable Al-native RAN design.

Despite significant progress, key research frontiers remain open, including robust
generalization, privacy-preserving learning, ultra-low-latency inference, cross-layer
coordination, and energy-efficient edge Al. Addressing these challenges will require
sustained and coordinated efforts across academia, industry, and standardization
bodies. Taken together, these developments highlight the growing role of AI/ML as
the basis for connectivity that is inherently adaptive and intelligence-driven. As
mobile networks advance toward 6G, success will depend on bridging scientific
insight with architectural innovation and operational readiness, enabling RANs to
learn continuously, adapt autonomously, and maintain intelligent performance at
scale.
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