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Nokia's commitment to the AI-RAN vision

Artificial Intelligence (Al) along with related computational power and Radio Access Network (RAN)
technologies are being adopted at a rapid pace.

These three technologies will increasingly complement one other in delivering significant
improvements in operational and resource efficiency, mobile network performance and end-user
experience. They will also support new exciting use cases.

Nokia is working very closely with the industry ecosystem to shape the technology evolution path
towards AI-RAN. We share the vision of the AI-RAN Alliance to drive RAN performance and
capability enhancements with Al.

Nokia was one of the founding members of the AI-RAN alliance and its commitment extends to
representation on the board. Nokia chairs one of the key working groups that define the
requirements, use cases, design architecture and solutions. We also have significant participation
in other working groups and lead the AI-RAN marketing steering committee.

In addition, Nokia has publicly announced collaboration with some of the world’s leading
communications service providers (CSP) and other technology leaders to advance Al-RAN.

This work is supported by Nokia’s research arm, Nokia Bell Labs, which has an unparalleled record
in driving next-generation technology innovation.

In this white paper, we explore how and where Al will be increasingly used to enhance RAN
efficiency and performance. This is not limited to a 6G vision, but also captures how Al is
increasingly being used in today’s 4G and 5G networks.
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The evolution towards AI-RAN

Every cellular generation has been framed by the intended subscriber services, the available
frequency spectrum and the affordable computational complexity of the decade.

The new frequency spectrum for 5G-Advanced and 6G will provide bandwidth for emerging
immersive and extended reality (XR) services for consumers and enterprises.

The progress of System-on-Chips (SoC), central processing units (CPU) and graphics processing
units (GPU) will allow advanced RAN software, including Al, to get the most out of the given
spectrum, cell sites and energy budget.

As the energy efficiency of tensor-optimized computing evolves, solving more complex
computational tasks with heavier Al workloads becomes economically viable.

The role of Al'in radio access networks is often described using three categories, which the AI-RAN
Alliance has adopted:

e Al for RAN, which means using Al to enhance the performance of RAN in areas such as
spectral and energy efficiency.

e Al on RAN, which means that applications can take advantage of Al within the RAN, leveraging
capabilities such as Slicing and open APIs.

e Al and RAN, which means that the RAN and Al workloads share computing infrastructure.

This paper focuses on Al for RAN.

Al

RAN
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Al for RAN

Al developments during the last decade

Three factors have particularly contributed to the emergence and tremendous growth of Al in
many domains:

* Bigdata: collected from the web, social media, and sensors.

» Tensor-efficient computing: GPUs enabling efficient computing of vectors, matrices and
multi-dimensional data structures (tensors) for complex calculations.

* Cloud-based services: scalable access to data and storage, Al models and computing for
training and inference.

The business model of hyperscale companies has provided a platform for massive university and
company research and development. This, in turn, has led to an ever-growing toolbox of open-
source and commercial tools, which enable other industries to adopt Al without reinventing the
enabling software.

Figure 1 presents a timeline of the most significant developments in the dynamic Al landscape in
the past decade.
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Figure 1. Timeline of Al developments

In particular, the introduction of large language models (LLM) represents a significant leap
in generative Al's capabilities. LLMs have huge computing requirements and high energy
consumption. These factors will continue to drive further development of Al computing
efficiency.

It will benefit other industries by improving efficiency, performance and customer experience.
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RAN developments during the last decade
In the past decade, we have observed several key developments in the evolution of RAN.

There has been a massive increase in data volumes processed in radio access networks driven
primarily by the surge in video consumption and the increasing smartphone penetration. Mobile
broadband connectivity has become the norm, and several new use cases, such as Fixed Wireless
Access (FWA) and loT connectivity, are becoming increasingly widespread.

The increase in available frequency bands has accelerated the introduction of 5G, which marks a
significant leap in performance and efficiency compared to 4G. Advancements such as Massive
MIMO have enabled spectral efficiency gains.

The number of parameters used to optimize network performance and efficiency has significantly
increased. We have also begun to see the opening of base station computing capabilities
through Cloud RAN technologies.

There is a renewed industry focus on operational efficiency and energy efficiency based on the
global increase in the cost of energy powering these networks and the ambitious environmental
targets of companies and society.

Matching Al techniques with RAN tasks

Internally, RAN runs on structured data, which allows for efficient conventional and Al algorithms.

When we have a good understanding of a process, both the conventional algorithm and the initial
Al model are typically good. The higher the unpredictability and complexity, the more likely it is that
Al - or Machine Learning (ML) to be more precise - will outperform conventional algorithms after
sufficient training and fine-tuning.

Table 1 provides some examples of how typical RAN computing tasks could be solved with
fundamental ML techniques.

In practice, these techniques are often combined, for example, unsupervised learning can be
implemented using a deep neural network with convolutional layers. These tasks range from real-
time to offline execution requirements.

RAN computing tasks ML technique

Traffic prediction, channel quality estimation, ) . Uses labeled data to make
) i o Supervised Learning . W
signal quality predictions predictions and classifications
Anomaly detection and clustering of user behaviors Unsupervised Learning Finds patterns in unlabeled data
Dynamic radio resource allocation, self-organizing ) ) Interacts with an environment and
L Reinforcement Learning .
networks, power control optimization learns through trial and error
. . . Employs multi-layer neural networks
Enhanced signal processing Deep Learning -
for complex pattern recognition

Traffic forecasting, predicting user mobility and traffic  Recurrent Neural Processes sequential data and
patterns. Networks (RNN) learns from past information

Convolutional Neural Analyzes data with grid-like

Channel equalization and interference cancellation ) i .
Networks (CNN) topology (images, signal matrices)

Creates new data instances similar

Chatbot agents for network operation Generative Al .
to training data patterns

Table 1. Typical RAN computing tasks and related fundamental ML techniques
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Al/ML outperforming conventional algorithms

Researchers at Nokia Bell Labs [ developed a decision tree framework to evaluate the viability of Al/
ML for a given system problem. Figure 2 illustrates this framework.

The framework considers four different questions:
1. Is there a mathematical model that describes the system?
Does an algorithm that can solve mathematical models exist?

Does the algorithm'’s complexity permit practical implementation?

> W

Is there sufficient data available to train a robust ML model, or is data acquisition possible to
obtain the required number of data pairs?
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Figure 2. Decision tree framework for Al/ML feasibility evaluation

The decision framework presents three scenarios in which the use of Al has high potential. In all
three scenarios, sufficient quality data must be available to build an Al model and algorithm.

In the first scenario, the system model and conventional algorithmic specification theoretically
enable the use of a conventional algorithm, but the compute cost (or speed) of implementing
it is prohibitive. Hence, the Al model has the potential to enhance or replace the conventional

methods.
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In the other two scenarios, either a conventional algorithm or a sufficiently accurate system
model has not been identified. However, enough data can be obtained to build an algorithm and
train a robust ML model.From IT and cloud, we know the operational efficiency mantra “centralize
what you can, distribute what you can only do there.” In a radio access network, this translates
into: Do what you can on network management and orchestration level, do in the base station
what you can only do there.

Centralized approach or Al inside the base station

Real-time tasks need to be in the base station, regardless of whether the algorithm is
conventional or Al/ML-based. In today’s networks, non-real-time tasks are typically handled in
centralized network management and self-organizing networks (SON) systems.

Following a similar approach, centralized Al systems will help in operational efficiency, while Al
inside the base station adds the capability to improve performance and efficiency at the cell
level, which enables enhancements for spectral efficiency and user experience.

An advantage of Al execution in the base station is that the data does not need to be exposed
further. This can be essential for meeting regulatory requirements and also for speeding up
implementation in the network.

An advantage of the centralized approach is that the Al system has access to data from the
entire network instead of just cell-level data. This approach also facilitates the use of
commercial-off-the-shelf (COTS) data center equipment.

Figure 3 illustrates the different options for running Al/ML in the network.
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RAN Node RAN Node RAN Node

Inside the base station Centralized Combined play

Figure 3. Implementation options for Al/ML in RAN

Centralized implementation of Al/ML

In this option, Al/ML is implemented in self-organizing networks (SON), RAN intelligent controller
(RIC) and advanced network management system (NMS), which can handle additional intelligence and
Al/ML algorithms with minimal impact on the existing architecture.

For example, in Cloud RAN, the virtualized centralized unit (vCU) is an element that could be
centralized, where this makes business sense.

Al/ML inside the base station

In this option, Al/ML is implemented directly in baseband, or in the case of Cloud RAN, in the
virtualized distributed unit (vDU). In some cases, Al/ML can be implemented in the Radio Unit.
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The challenge is to hit the sweet spot between Al computing performance and the overall

total cost of ownership (TCO) of a base station, including power consumption and hardware
affordability. Progress in tensor-efficient computing will help. However, the renewal cycles of RAN
and processors need to be considered as well.

Combined approach

In a combined approach, centralized Al/ML and Al/ML inside the base station will cooperate, with the
centralized system taking the role of the orchestrator.

Al inside the base station

The 3GPP’s functional framework for Al-enabled RAN intelligence is captured in 3GPP TR 37.817 %
and illustrated in Figure 4. This framework encompasses several key functions such as data
collection, model inference and training.

The feedback loop is integral, providing essential information for deriving training and inference data.

This setup ensures a dynamic and responsive Al/ML implementation in RAN, continuously
improving model performance and network efficacy.
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Figure 4. A generic framework for RAN intelligence proposed by 3GPP

Learning from general Al trends, we also need to consider splitting training into basic training, for
example, on simulated (or Al-generated) data, and one or repeated fine-tuning activities.

Repeated fine-tuning might be needed to adapt to major changes in traffic patterns or the
addition of a frequency layer. If continuous fine-tuning is needed, reinforcement learning might
be the better option.

Embedded Al/ML use cases in RAN

In practice, specialized Al/ML units, often referred to as Al/ML accelerators, can be implemented in
various ways to optimize the performance-to-cost ratio.

Conventional RAN design is framed by TCO minimization, including reducing energy consumption
and space requirements.

Increasing the number and complexity of Al for RAN workloads within the base station over time will
result in growing Al computing and memory needs.

In the conventional approach, these resources are added in evolutionary upgrade steps, which
ensures the use of the latest technology and avoids over-dimensioning Al computing and related
costs at any particular period of time.
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The alternative approach is to deliberately accept to have spare Al computing capacity. Using
general-purpose GPUs, the spare Al computing power could be used for workloads beyond RAN.

The advantage of the second approach is its readiness for multi-purpose Al workloads in the edge
cloud. This is compelling when the location and backhaul bandwidth of the base station site or Cloud
RAN data center meet the demand of other Al workloads and use cases beyond RAN.

Considering the end-to-end delay budget for immersive Al-enhanced services, an XR-mass market
could become the catalyst for the far edge cloud and the second approach.

Embedding Al/ML within the base station can serve a multitude of use cases, spanning across
lower layers of the RAN architecture. These use cases are prevalent in the L1 physical layer, which
addresses signal processing and modulation tasks, and the L2, which handles various data link
functions such as beam selection, link adaptations and intelligent scheduling.

In addition, embedded RAN use cases extend to the L3 network layer, facilitating various functions
such as multi-layer management or power optimization.

While the list of practical AI/ML use cases is extensive, Table 2 highlights some key examples.

T

Employs reinforcement learning to manage and optimize data flow across multi-layer

Multi-layer networks, aiming to maximize user throughput and improve overall user experience
managementand L3 through intelligent carrier assignment decisions. These decisions lead to more efficient
traffic steering resource allocation, improved load balancing, better interference management, and

enhanced quality of service (QoS).

Driven by customized intent(s), the IMLB generative agent takes its current RAN
LLM-based

generative agent
of Idle Mode Load
Balancing (IMLB)

environment and past experiences as inputs to generate frequency offsets for IMLB as

L3 outputs. It leverages pre-trained LLM to deepen its understanding of the network
environment and experiences. Finally, it retrieves the most relevant subset of overall
considerations to infer proper actions for load balancing.

Generative ) . . . . . .
Frames radio resource assignment as data modeling of signal trajectories, akin to

processing “sentences” in a wireless network. By training a transformer model, the goal
L3 is to manage the complexities of wireless networks, including diverse devices, service
quality requirements, channel conditions, and traffic demands. It aims to optimize radio

Al-based carrier
aggregation for
the optimal radio

resource ) . ) P
) resource assignment, enhancing both user experience and resource efficiency.
assignment
Leverages reinforcement learning to adapt downlink modulation and coding schemes
Link adaptation L2 (MCS) for individual user equipment (UE). It aims to boost overall user throughput by

determining the optimal channel quality indicator (CQl).

Uses reinforcement learning to learn the best action to optimize radio resource
RRM parameter — . : n
S L2 management (RRM) parameters considering feedback of UE behavior, RAN configuration
: and potential interference.

Table 2. Examples of embedded AlI/ML use cases

As mentioned, ML can be of particular benefit for tasks where conventional heuristic methods
would require enormous computing power for execution in real-time or where Al-enabled
prediction complements conventional measurement-based approaches.

Next, we will explain in a little more detail one use case for each of these scenarios

Use case: Intelligent Massive MIMO Scheduler
Massive MIMO (mMIMO) is central to 5G, playing a critical role with beamforming. However, efficiently
selecting optimal beams for users is challenging due to hardware and power constraints.

In multi-user settings, beams must be paired spatially to avoid interference, but the combinatorial
complexity, such as scheduling 4 out of 32 beams with over 30,000 configurations, makes it
computationally expensive.
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Al/ML-powered mMIMO schedulers, such as Deep Q-Networks (DQN), solve this by estimating future
rewards for actions without evaluating every combination.

This significantly improves performance and approaches theoretical capacity with practical
computational complexity.

Use case: Al/ML-based carrier aggregation

Carrier aggregation (CA) tackles bandwidth limitations in cellular networks by combining multiple
carriers into a wider aggregated channel.

The process involves a Primary Cell (PCell) that acts as the anchor for user equipment and
Secondary Cells (SCell) that provide additional bandwidth.

Traditional carrier aggregation relies on signal strength and network load metrics, employing inter-
frequency measurements and mobility trigger events for SCell selection.

In contrast, Al/ML-driven approaches utilize neural network based spectral efficiency predictions to
optimize SCell selection, thereby accelerating the setup time.

3GPP Standardization

Many Al/ML algorithms inside the base station do not require standardization. Like most
conventional algorithms, they are implementation-specific.

However, considering interworking between Al implementations in different entities, such as the user
equipment and the base station, standardization will be mandatory, similar to the standardization of
network interfaces.

The 3GPP RAN Al/ML standardization efforts encompass a broad spectrum of activities spanning
multiple working groups, from services and system aspects (SA WG) to radio access network
(RAN WG).

3GPP Release 17 carried out an initial study on Al-enabled RAN, outlining fundamental principles
and a functional architecture. This study also explored diverse use cases such as network energy
savings, load balancing and mobility optimization .

In Release 18, 3GPP furthered its efforts by exploring Al/ML to enhance the 5G New Radio (NR) air
interface. The study’s scope included creating a general Al/ML framework and investigating specific
use cases, such as channel state information (CSI) feedback, beam management and positioning.
Table 3 describes these use cases.

CSI feedback Reduce feedback overhead and improve accuracy.
Beam management Reduce overhead and latency associated with the beam measurement and reporting.
Positioning Improve the positioning accuracy, reduce overhead, and improve positioning integrity.

Table 3. Use cases studied in 3GPP Release 18

For all these use cases, Al/ML is utilized independently either on the device side, on the network
side, or collaboratively on both sides of the communication system. The process of delivering an Al/
ML model from one entity to another over the wireless network is referred to as model transfer.

In Release 18, 3GPP SA-WG1 also started a study to identify use cases and service and
performance requirements for model transfers. The study categorized Al/ML operations into
three types:

»  Operation splitting, which aims to optimize privacy and latency by partitioning Al/ML tasks
between UE and network endpoints.
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* Model/data distribution, which enables dynamic model delivery to devices.

« Distributed/federated learning, which aggregates training results of local UEs to create a
global model.

In Release 19, we can expect further Al/ML use cases to be addressed in the air interface, RAN
and system architecture. It will also address outstanding issues identified during Release 18.

In Release 20, 6G will be studied with AI/ML as an integral part of the system.

Towards Al-native 6G and beyond

The term Al-native defines a set of principles for mobile network design where Al/ML is integrated
from the outset as a fundamental component, rather than being an add-on to an existing
architecture.

In this approach, ML becomes crucial to the system, with many system capabilities relying on ML
inference for optimal performance.

Moreover, a foundational, standardized framework for implementing Al/ML is established,
encompassing the complete lifecycle of Al/ML components. This integrates Al/ML as an intrinsic
and essential part of the system.

6G is envisioned to be fully Al-native with Al/ML enablers at all network layers. Various research
efforts are already underway toward developing an Al-native air interface (Al-Al) that enables
optimized communication schemes for various radio environments and applications 16171,

The transition to an Al-native air interface in 6G is anticipated to occur in phases, beginning with
the replacement of certain receiver blocks. It will then extend to ML handling multiple processing
blocks and culminate in using Al/ML to design parts of the physical and media access control
(MAC) layers.

This marks a significant shift in communication system design and standardization.

Figure 5 illustrates the transition from traditional architecture towards the Al-Al architecture.
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Figure 5. Towards the Al-Al architecture
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Research initiatives across these phases have yielded encouraging outcomes. For instance, using a
convolutional neural network as a mapper at the receiver end has shown a 2dB bit error rate (BER)
performance improvement compared to a non-ML receiver 4,

Similarly, data-aided joint de-mapping, channel estimation, and equalization have achieved
performance close to perfect channel state information (CSI).

Likewise, the geometric shaping of the constellation at the transmitter, jointly optimized with the
neural receiver, enables pilotless transmissions without performance loss. This eliminates the
control overhead and need for demodulation reference signals.

Centralized Al for RAN

Centralized Al for RAN can be broadly categorized into two distinct approaches.

The first approach involves offline applications, where Al/ML models augment processes, such as
RAN planning and design but without much direct interaction with the RAN nodes.

The second focuses on the online integration of Al/ML models with RAN nodes for activities such
as network management, optimization and ran intelligent control.

Figure 6 illustrates some key use cases related to centralized Al for RAN.

Intelligent RAN Intelligent RAN
Planning and Design Optimization

Intelligent RAN
Management and
Operations

Key use cases Key use cases Key use cases

e Alarm Pattern
Discovery and
Correlation

« Digital Network Twin KPI Prediction for SON

e Smart Traffic Forecast
and CAPEX Planning

Intent based Cognitive
SON

Smart Deployment
Intelligent Energy

Predictive Maintenance

Saving

Anomaly Detection

Live Hazard
Recognition Lense

Customer Operations
and Support with
GenAl

RAN Node

Over-the-top Al/ML

Figure 6. Centralized Al for RAN use cases
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Intelligent Radio network planning, design and optimization

Al/ML-driven network techniques significantly enhance the efficiency of radio planning and
design tasks, enabling more precise results while cutting down on time and resource costs. These
techniques have also demonstrated promising results in RAN optimization.

Machine learning facilitates the automation of repetitive, routine network management activities,
thereby improving overall efficiency and performance These intelligent approaches can also
significantly reduce base station energy consumption through advanced energy-saving features.

Table 4 showcases some key use cases in radio planning, design, deployment and optimization,

illustrating their benefits and impact.

Digital Twin Networks
(DTN):

Intelligent radio

network planning

and design
Smart traffic forecast
and CAPEX planning
Network Live Hazard Detection
deployments Lense

KPI prediction for SON

Intent-based Cognitive

Intelligent RAN SON

optimization

Intelligent energy
savings

Digital Twins are accurate, data-driven virtual replicas of
real networks using data from actual networks or
simulations. This helps operators model complex scenarios
like congestion and link failures, improving network planning
and decision-making ..

Al/ML-based traffic prediction methods enhance
forecasting accuracy by considering multiple factors like
regional trends and network events. This allows for more
precise capacity planning, reducing costs and improving
resource allocation compared to traditional methods.

Al/ML and AR systems monitor RAN sites in real-time to
detect hazards, predict risks and provide immediate safety
alerts, reducing accidents and enhancing site safety ..

Prediction algorithms forecast network performance KPIs
and augment SON actions that improve network
performance and efficiency without manual intervention.

The system contextualizes the network by categorizing cells
based on their static and dynamic attributes. It then translates
performance objectives into network configurations and
policies thereby autonomously orchestrating SON modules
without human intervention. This automation accelerates cell
contextualization by 99% compared to manual methods. It
also enables a 90% faster detection and resolution of network
issues [,

Predictive ML algorithms determine the period of cell
switch off by predicting optimal periods of low load in the
power-saving group. During peak traffic periods, these
carriers are automatically reactivated thereby ensuring
uninterrupted service. The Al/ML-powered energy-saving
features result in 10-20% RAN energy savings.

Table 4. Al/ML-enabled use cases for radio network planning and design
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Intelligent RAN management and operations

Al/ML is transforming network operations, moving operators closer to fully automated

zero-touch executions. This shift reduces manual interventions and enables predictive and proactive
operations.

Table 5 outlines some use cases in network operations where the application of Al/ML is delivering
promising results.sd TM Forum’s road to autonomous networks

Al/ML techniques like FPGrowth accurately correlate alarm
patterns, enabling quick root-cause analysis and reducing
alarms by 70%, improving network monitoring efficiency 1.

Alarm pattern discovery
and correlation

Al/ML frameworks, using algorithms like Random Forest,
automate management information base (MIB) trap
mapping and network element integration, streamlining
multi-supplier network management and reducing
complexity.

Smart deployment and
management

Predictive algorithms identify network faults with 85%
accuracy, while unsupervised learning detects hidden
issues, optimizing network performance and preventing
service disruptions.

Intelligent RAN
Management and  Predictive maintenance
Operation

Al/ML uses unsupervised and graph-based algorithms to
identify hidden performance issues in networks early,
provide recommendations for configuration changes and
prevent major disruptions .

Anomaly detection

GenAl agents trained in telecom data enhance customer
support by offering contextualized communication,
advanced troubleshooting and handling complex inquiries
efficiently 1917,

Customer operations
and support with
generative Al

Table 5. Al/ML-enabled use cases for RAN management and operations

TM Forum’s road to autonomous networks

TM Forum defines an autonomous network as a system of networks and software platforms that are
capable of sensing its environment and adapting its behavior accordingly with little or no human
input.

TM Forum’s autonomous network framework defines a technical architecture that supports
developers in designing and implementing autonomous solutions for network operations and
optimization. It defines six levels of automation, with level 0 being fully manual and level 5 fully
autonomous "%,

Some advanced Cognitive SON solutions can reach TM Forum'’s level 4 already today . Levels 4 and
5 represent highly autonomous operations and cannot be achieved without Al/ML.
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Al-RAN

In the previous chapters, this paper has focused on how Al could be used to increase the
efficiency and performance of RAN.

One of the challenges identified is the cost-benefit balance of providing tensor-optimized
computing in the long term. While at some point every computing resource will be utilized, there
might be transition times, during which significant resources could lay idle.

To overcome this investment and lifecycle challenge, an option is to share (lease) spare Al
computing capacity in the RAN with other Al workloads on top of the RAN.

By doing so, the business case for investing in and operating additional Al computing resources
in the RAN might become attractive even for initially relatively over-dimensioned Al computing.

The AI-RAN Alliance is a new collaborative initiative aimed at transforming RAN with the power of
artificial intelligence. It comprises prominent industry stakeholders including operators,
suppliers and academic and research institutions.

In contrast to standards bodies, which focus on developing interoperability specifications, the
Al-RAN Alliance prioritizes creating practical implementation guidelines and benchmarking Al/ML
algorithms for the RAN context.

The alliance has three working groups focusing on three key areas: Al for RAN, Al and RAN
integration, and Al on RAN %! as shown in Figure 7.

Al

éAN RAN

Deploying Al services at
the network edge through
RAN to increase operational
efficiency and offer new
services to mobile users.

Advancing RAN capabilities Integrating Al and RAN for

through Al to improve efficient infrastructure

spectral efficiency. utilization and generating
new Al-driven revenue
opportunities.

Figure 7. AI-RAN Alliance workgroups

In addition to participating in the work of the AI-RAN Alliance, Nokia is working closely together
with leading mobile network operators and technology partners to pioneer the possibilities of
Al_RAN[‘M,TS,W@.
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Responsible and realistic Al for RAN

As Al becomes integral to RAN, the industry faces the challenge of ensuring that these systems
work seamlessly across technologies from different suppliers 8%, This requires not just
innovative technical solutions, but also a shift in how we operationalize Al within networks 292",

Amid this rapid adoption, it's also crucial to embed responsible Al practices to ensure that our
advancements are ethical and sustainable 2.

Figure 8 lists six fundamental principles that must underpin all future Al research and
development. These principles should be adhered to from the inception of any new Al solution

through its development, deployment and operational phases 3.,

N

Transparency

Al systems should

be explainable and
understandable, with
outputs that are
comprehensible, auditable,
and traceable.

Figure 8. Six tenets of responsible Al

9

Reliability, Safety and
Security

Al systems should cause
no direct harm, minimize
indirect harm, perform

as intended, and remain
resilient against threats.

7

Sustainability

Al systems should

be societally and
environmentally sustainable,
empowering society and
democracy while reducing
power usage.

Al for Radio Access Networks

5

Privacy

Al systems must respect
privacy by giving individuals
control over their data and
maintaining data integrity.

2

Accountability

Al systems should be
developed collaboratively to
ensure accountability, with
stakeholders understanding
and acting on long-term
effect.
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Conclusions

As in many other areas, Al will be an integral part of RAN. Together, the technological progress in Al
models and algorithms, tensor-optimized computing and the path to 6G in RAN will unleash
efficiencies and enable enhanced services.

A widening range of Al technologies will be used for RAN, within the base station for real-time tasks
and in centralized systems for non-real-time tasks.

Real-time Al has the potential to enhance user experience and air interface performance. Al in
centralized systems will further automation and efficiency.

Nokia, together with our research arm Nokia Bell Labs, is committed to a responsible Al mindset and
accountability. These are essential when developing solutions that leverage Al.

They are also essential for operators running cellular networks, which represent the critical
infrastructure of modern societies.

We are leveraging our extensive RAN domain knowledge when working very closely with industry
partners to shape the technology evolution path towards Al-RAN and Al-native 6G.

Al for Radio Access Networks



18

Glossary

Al Artificial Intelligence

Al-Al Al-native Air Interface

AR Augmented Reality

BER Bit Error Rate

BOGP Bayesian-optimized Gaussian Process
CA Carrier Aggregation

CNN Convolutional Neural Networks
COTS Commercial-Off-The-Shelf
CPU Central Processing Unit

Csl Channel State Information
DQN Deep Q-Network

DTC Decision Tree Classifier

FWA Fixed Wireless Access

GPU Graphics Processing Unit

IMLB Idle Mode Load Balancing

loT Internet of Things

KNN K-Nearest Neighbor

LLM Large Language Model

MAC Media Access Control

MAPPO Multi-Agent Proximal Policy Optimization
MARL Multi-agent Reinforcement Learning
MIB Management Information Base
ML Machine Learning

NLP Natural Language Processing
PCell Primary Cell

PPO Proximal Policy Optimization
QoS Quiality of Service

RA Random Access

OAM Operations, Administration and Maintenance
NMS Network Management System
RAN Radio Access Networks

RIC RAN Intelligent Controller

RRM Radio Resource Management
RNN Recurrent Neural Networks
SAC Soft Actor Critic

SCell Secondary Cell

SLM Small Language Model

SoC System-on-Chip

SON Self-Organizing Network

TCO Total Cost of Ownership

TTI Transmission Time Interval

UE User Equipment

vCU Virtualized Centralized Unit
vDU Virtualized Distributed Unit
WG Working Group

XR Extended Reality
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