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Abstract—The Open Radio Access Network (O-RAN) specifi-
cation aims to define open, interoperable RAN interfaces with
virtualized, intelligent RAN functions to support next-generation
integrated Terrestrial and Non-Terrestrial Networks (T-NTN).
The O-RAN specification introduces several options in which
ML functional blocks can be distributed across several layers
of the T-NTN infrastructure to enable intelligent and optimized
RAN control mechanisms on different time scales. Machine
Learning solutions can be adapted to T-NTN to enable efficient
centralized and distributed intelligence solutions with specific
performance requirements. We further include the possibility of
considering multi-time-scale intelligence solutions over the NTN
RAN through the distributed control architectures supported by
the O-RAN technology.

Index Terms—Non-terrestrial Networks, O-RAN, Machine
Learning, Distributed Machine Learning, 6G

I. INTRODUCTION

The next generation of 6G wireless networks is expected
to enhance the performance of traditional communication
networks by integrating advanced techniques such as net-
work virtualization, Machine Learning (ML), multilayered dis-
tributed network architectures, and Edge Computing (EC) [1].
Integrated Edge Computing (EC) facilities within Terrestrial
and Non-Terrestrial Networks (T-NTN) are seen as essential
for establishing multilayered distributed computing and com-
munication networks. These networks offer greater flexibility,
capacity, coverage, and reliability compared to conventional
terrestrial networks [2]. In particular, space-based satellite
networks can provide various services to space and/or ground
users [3].
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Network softwarization leverages advanced technologies
such as Virtual Network Functions (VNFs), Software Defined
Networking (SDN), and Network Slicing to create flexible
and scalable network architectures. End-to-End (E2E) wireless
networking solutions benefit from virtualized network func-
tions [4]. The Open Radio Access Network (O-RAN) spec-
ification defines open, interoperable Radio Access Network
(RAN) interfaces with virtualized and intelligent RAN func-
tions aimed at supporting next-generation wireless networks.
These open interfaces facilitate interoperability among RAN
functions developed by various entities, thus preventing vendor
lock-in [5].

Next-generation wireless networks are designed to support
intelligent communication services using network softwariza-
tion, EC, and ML techniques. Implementing different ML
solutions within and over these networks facilitates intelligent
applications and services. O-RAN technology is expected to
deliver intelligent RAN functions through distributed control
mechanisms, albeit with significant demands on computing,
storage, and communication resources, posing new challenges.
These intelligent applications have diverse requirements, such
as latency, energy, security, and reliability. Selecting and
deploying ML solutions properly can enhance performance
and meet these requirements in resource-constrained wireless
environments.

This paper analyzes the potential for the deployment of ML
solutions on the O-RAN architectures supported by distributed
NTN. Initially, the work defines and explores the feasibility of
Space O-RAN. Then it examines potential deployment options
for ML solutions in Space O-RAN, along with their advan-
tages, disadvantages, and application scopes. Additionally, the
study considers the deployment of centralized and distributed
intelligence solutions over Space O-RAN and the possibility of
implementing multi-time-scale intelligence solutions through
distributed control architectures enabled by O-RAN technol-

ogy.
II. O-RAN-BASED NON-TERRESTRIAL NETWORKS

The O-RAN specification aims to define open and interop-
erable RAN interfaces with virtualized and intelligent RAN



Non-RT RIC

Near-RTRIC
o1

‘ E2

4| 0-cu-cP ] | O-CU-UP |—

o-Du —
OpenFH |

O-RU

02

Open FH-M Plane

Fig. 1. O-RAN Functional Architecture

functions. The open and interoperable RAN interfaces can
enable RAN functions developed by multiple entities to work
together, avoiding the possibility of vendor-locked systems.
Through virtualization techniques, RAN functions can be
distributed across several layers of networking infrastructures
to enable a flexible access network.

RAN data, collected from different RAN functions, can be
used to further optimize RAN operations by inducing ML
solutions. In particular, the O-RAN architecture introduces
the distributed control mechanism enabled through non-Real
Time RAN Intelligent Controller (non-RT RIC) and near-Real
Time RAN Intelligent Controller (near-RT RIC) that support
the intelligent and optimized RAN control mechanisms over
different time scales. Here, we summarize the logical O-
RAN architecture, its basic elements, and various interfaces.
Figure 1 provides a logical description of various O-RAN
elements and the corresponding interfaces.

The O-RAN functional blocks are called O-RAN Dis-
tributed Unit (O-DU), O-RAN Central Unit (O-CU), and O-
RAN Radio Unit (O-RU) in the O-RAN specification docu-
mentation [5]. The O-CU is further divided into two logical
components associated with the Control Plane (CP) and the
User Plane (UP). These are called O-RAN Central Unit —
Control Plane (O-CU-CP) and O-RAN Central Unit -User
Plane (O-CU-UP).

Among several possible split options defined by 3GPP, O-
RAN embraces and extends the 3GPP NR 7.2 split for base
stations, which disaggregates the base station functionalities
into a Central Unit (CU), a Distributed Unit (DU), and a Radio
Unit (RU) [6]. Split 7.2 allows a relatively simple RU design
with proper data rates and latency required on the interface
between the RU and the DU. From now on, we will consider
split option 7.2 as the only one to be deployed.

Special attention should be paid to the Service Management
and Orchestration (SMO) block. It encompasses multiple fea-
tures to oversee O-RAN functions and infrastructure resources.
The O2 interface connects the SMO with O-RAN Cloud
(O-Cloud), which is a cloud computing platform comprising
a collection of physical infrastructure nodes that meet the
O-RAN requirements to host the relevant O-RAN Network
Functions (NF). Provides platform resources and workload
management services. SMO also includes non-RT RIC, which

Other SMO
Functions

d ide Non-
RTRIC)

Non-Anchored
Functions

Non-Anchored Functions

Al/ML Workflow
Functions

Other Non-RT

Framework Functions

(anchored inside Non-
RTRIC)

Non-RT RIC Framework

SMO Al |
02 ] Near-RTRIC
M2 o1
o-Cloud . E2 Nodes

Fig. 2. Non-RT RIC: ML Functionalities

supports intelligent RAN operation and optimization. Through
the O1 interface, SMO can connect with E2 nodes (O-CU-
UP, O-CU-CP, and O-DU) to support these NFs with various
services, including performance management, configuration
management, fault management, file management, commu-
nications surveillance, etc. Additionally, SMO blocks can
also access external services and datasets through external
interfaces and provide various functionalities to the non-RT
RIC through anchored/non-anchored functions defined in it.

A. Non-RT RIC and AI/ML Functionalities

Within the O-RAN architecture, the non-RT RIC functions
as an internal component of the SMO block. Consequently,
the non-RT RIC denotes the portion of functionalities offered
by the SMO block, especially in assisting the intelligent
RAN operation and optimization. It also provides policy-based
guidance and enrichment information to near-RT RICs over
the A1 interface!. It facilitates RAN optimization services via
control loops with intervals exceeding 1 second. It comprises a
non-RT RIC framework and non-RT RIC applications (rApps).
The non-RT RIC framework ends the Al interface to the
near-RT RIC framework and offers R1 services to rApps.
Different rApps are capable of providing value-added services
related to RAN operations and optimization, such as managing
radio resources, analyzing data, and providing enrichment
information. The non-RT RIC framework must support AI/ML
workflow services, including training ML models, storing and
retrieving trained ML models, real-time performance moni-
toring of deployed ML models, and fetching trained external
models along with their metadata from external AI/ML service
providers, among other things. The SMO and non-RT RIC
framework can provide several logical functions, including
the functions anchored inside the non-RT RIC framework,
functions anchored outside the non-RT RIC framework, and
non-anchored functions. The AI/ML workflow function can
be a part of a non-anchored function group. Non-RT RIC
applications are constructed as modular units to improve RAN
functionality and additional attributes. They gather data and
execute control actions via the Al, O1, O2 and Open FH-M
plane interfaces, facilitated by services provided by the non-
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RT RIC framework.

B. Near-RT RIC and AI/ML Functionalities

Near-RT RIC comprises a collection of xApps (enabled
by a third-party or RIC vendor) along with the general
platform functionalities required by the specific features ex-
ecuted through xApps. It also establishes a RAN database by
collecting data on network conditions, E2 nodes, cells, UEs,
and more. The system can facilitate the development of Al
/ ML applications (via xApps) by providing data pipelining,
model management, ML training, and inference processes
through its AI/ML support functionalities. Depending on their
design and needs, XApps can utilize none, some, or all AI/ML
support functionalities. Typically, one near-RT RIC is capable
of linking with one non-RT RIC and multiple E2 nodes.

C. Space O-RAN

The RAN controllers are responsible for overseeing and
optimizing various elements of the RAN, including O-Cloud
infrastructure resource distribution, deploying RAN func-
tionalities across different infrastructure, situating and fine-
tuning VNFs in multiple server locations, provisioning ser-
vices through network slicing, handling multiconnectivity, and
selecting networks, among other duties.

RAN controllers are required to deploy RAN functions
across multiple sites to enhance performance due to service re-
quirements and distributed infrastructures. Each site may have
several servers with limited resources, necessitating strategic
VNF placement by RAN controllers. In multi-connectivity
scenarios, where a UE can connect to multiple access nodes
simultaneously, proper UE-RU allocation is crucial to meet
service requirements. RAN controllers must activate and fine-
tune these policies according to UE demands and attributes.
In conclusion, by integrating these components, suitable slice-
based VNF chains can be established to address varying
service demands on a shared network framework. Continuous
observation of the O-Cloud infrastructure and VNF placement
guidelines by RAN controllers is essential for effective net-
work slicing strategies.

'The AI/ML model management over the Al interface is not yet discussed
under O-RAN specifications.
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Fig. 4. Space O-RAN: Function Placement

Many of these functions can be virtualized and deployed
across different sites such as terrestrial gateways, satellite ac-
cess points, satellite backhaul links, terrestrial control stations,
or cloud facilities, depending on the service requirements
dictated by the users. The range of RAN functions, which en-
compass RU, DU, and CU, is aligned with the stack functions
of the O-RAN protocol. Furthermore, some configurations also
allow for the deployment of core networking functions, where
the Core User Plane (CUP) and the Core Control Function
(CCP) oversee the user and control plane operations.

As illustrated in Figure 4, the distribution of VNFs is real-
ized by placing the RU, DU, and CU functionalities at different
satellite locations. This approach enables the effective use
of distributed satellite resources, thereby facilitating efficient
RAN architectures for a variety of user services. Here, the O-
RAN solution involves fully separating the RU, DU, and CU
functions by deploying them at various satellite locations. This
type of solution can be pivotal in optimizing satellite resource
usage; however, the interaction between these functions may
not be in real-time. Furthermore, centralized management and
resource aggregation are possible with such solutions through
centralized operations.

III. ML DEPLOYMENT OVER SPACE O-RAN

ML solutions can be integrated into an O-RAN architecture
via multiple deployment strategies [7]. The O-RAN specifica-
tions propose several methods by which ML functional units
can be allocated across different O-RAN VNFs to facilitate
ML solutions with particular performance characteristics [8].
Specifically, different ML procedures can be executed on the
SMO/non-RT RIC, near-RT RIC, and E2 nodes. Training data
may be collected through the O1/E2 interfaces, which includes
information from RU, DU, CU, and near-RT RIC. Data col-
lection and processing tasks can be performed on SMO/non-
RT RIC and/or near-RT RIC based on training needs. The
process of training ML models can start in various O-RAN
functions utilizing the gathered training data. Subsequently, the
trained models can be stored or updated within a repository via
the model management function. ML inference is capable of
producing control actions or policies, which can be applied to
the actor nodes that require these control actions or updates to
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policies/parameters. Below, several ML deployment strategies
are outlined based on the O-RAN specifications.

A. SMO/non-RT RIC ML Deployment Scenario

In this scenario (Figure 5), the ML solution can be imple-
mented within the SMO/non-RT RIC functional modules. The
non-RT RIC is designated to host both training and inference
operations, while the near-RT RIC or E2 can function as
an executor. The SMO collects training data through the Ol
interface. This data is processed in the non-RT RIC to generate
training and inference datasets. The non-RT RIC oversees the
entire training process and manages AI/ML models, includ-
ing their training, storage, and general model administration.
Inference operations are also performed within the non-RT
RIC. Finally, policies and control actions are transmitted to
the near-RT RIC/E2 nodes based on the chosen actor node.

Generally, non-RT RIC is associated with platforms that
have centralized facilities with advanced resource capabili-
ties. In these instances of ML deployment, control policies
can be created and implemented centrally using SMO/non-
RT RIC functionalities. Given the centralized datasets and
ample resources available, these ML deployment policies can
effectively facilitate the implementation of complex neural
network (NN)-based solutions with non-RT performance.

B. SMO/non-RT/near-RT RIC ML Deployment Scenario

In this scenario (Figure 6), ML operations are distributed
between SMO, non-RT RIC, and near-RT RIC. Specifically,
SMO handles the data gathering and model administration,
while non-RT RIC takes charge of data preprocessing and
model training. Then, the model inference occurs in near-RT
RIC, using real-time data from E2 nodes to inform decision
making. Control actions can be executed on the E2 nodes for
a variety of purposes.

In this scenario, both SMO/non-RT RIC and near-RT RIC
play a role in the ML process. Using SMO/non-RT RIC for
data collection and model training can aid in creating advanced
ML solutions. Additionally, leveraging near-RT RIC for the
inference phase can assist in minimizing latency requirements
for control loops. Moreover, real-time RAN performance data
can be integrated during the inference stage. However, it
is essential to assess the costs associated with deploying
the models depending on the different locations of the two
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controllers. Such strategies might not be ideal for situations
requiring frequent retraining of ML models due to changes in
the environment, dynamism, and so forth.

C. SMO/near-RT RIC ML Deployment

This scenario (Figure 7) allows the distribution of the ML
process between SMO and near-RT RIC using nonanchored
ML dataflow functions. This covers SMO capabilities such as
ML data gathering, processing, ML training, and model man-
agement tasks. Furthermore, the inference process is carried
out by non-RT RIC.

In this context, the machine learning procedure is divided
between SMO and non-RT RIC. The SMO is responsible
for gathering data, performing preprocessing, and training
the ML models, while the non-RT RIC takes care of model
inference. This strategy is ideal for ML scenarios that require
large volumes of training data, including information from O-
Cloud, O-RAN network functions, and other external sources.
Nevertheless, these training methods cannot ensure real-time
performance, thus making them appropriate for developing
long-term policies that need non-RT control.

D. SMO/non-RT RIC ML pre-training

This scenario (Figure 8) considers the option for online
training of ML models initially pre-trained by SMO/non-
RT RIC. The near-RT RIC performs the online training by
retrieving the model via the Al interface and using the real-
time data from E2 nodes gathered through the E2 interface.
Data gathering for pre-training is managed by SMO over
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02. The other pre-training tasks are executed within the non-
RT RIC. Subsequently, the near-RT RIC handles the online
training and model inference.

In this scenario, the initial model is created collaboratively
by non-RT RIC and SMO. Subsequently, this model is utilized
to guide near-RT RIC policies by incorporating real-time data
gathered from E2 nodes. These approaches are ideal for gener-
ating control policies with near-RT performance, particularly
when complex ML models are involved and require frequent
updates.

E. SMO/mon-RT RIC/E2 Nodes ML deplyment

In this scenario (Figure 9), the model inference is executed
by CU/DU functions to achieve lower latency. The machine
learning process is shared between SMO/non-RT RIC and the
E2 nodes.

Data for models can be collected and trained in centralized
SMO or non-RT RIC locations, while model inference is con-
ducted on E2 nodes. These approaches are ideal for scenarios
that need real-time control in addition to the development
of long-term policies. However, frequently updating control
policies to respond to changes in the RAN environments
might be impractical for these solutions due to the high costs
associated with transferring models from non-RT RIC centers
to E2 nodes.

IV. ADVANCED ML SOLUTIONS FOR SPACE O-RAN

The O-RAN framework is capable of supporting both cen-
tralized and distributed Al deployment methods [8]. When it
comes to centralized Al implementations, information from
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various RAN components, the O-Cloud, and external sources
can be aggregated at a central location equipped with adequate
processing and storage capabilities. In these scenarios, the
non-RT RIC can function as the central unit that collects and
analyzes all the data from different elements. This approach
may lead to higher costs associated with data transmissions
and model training delays, which may not be practical for
real-time control operations. However, centralized datasets
allow for the training of sophisticated ML models within such
centralized frameworks.

Several approaches can be adapted for O-RAN-based net-
works to facilitate efficient centralized AI solutions. For
instance, pre-trained ML models can be utilized, and real-
time data obtained via the E2 interface over near-RT RIC
can be used to update these models according to real-time
RAN performance. Figure 10 illustrates a potential deployment
policy for centralized Al solutions within a distributed O-RAN
architecture. Specifically, data can be provided by O-RAN
NFs, O-Cloud, and external sources through various interfaces,
and these data can be aggregated over non-RT RIC functioning
as a central server. The ML model can be trained on the non-
RT RIC with the collected data and subsequently deployed
across various actor nodes based on performance requirements.

In contrast, utilizing O-RAN decentralized control frame-
works, distributed Al solutions can be applied, allowing mul-
tiple entities to train machine learning models using local
datasets. With the aid of a central processor, this knowledge
can be shared to create a global model. Federated Learning
(FL) is an example of such a solution that facilitates efficient
distributed learning in O-RAN contexts [8]. Within the O-
RAN architecture, the non-RT RIC can manage one or more
near-RT RICs. The near-RT RIC links to a singular non-RT
RIC and can manage multiple E2 nodes, such as DU and CU
functions. This hierarchical structure can be exploited by the
FL method, where real-time data is accessible at the near-RT
RIC. Due to its central role, the non-RT RIC can function as
an FL server.

The FL process involves several iterations in which a ma-
chine learning model is trained locally on devices using local
datasets. After each iteration, the trained model parameters are
sent to a centralized server, which aggregates these to form a
global model. This global model is then redistributed to local
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devices for further training. The process repeats until specific
performance criteria are met.

Figure 11 illustrates the implementation of FL. deployment
in a distributed O-RAN architecture. Here, E2 nodes produce
real-time O-RAN performance data and send them to the
near-RT RIC. The near-RT RICs function as FL devices and
conduct ML model training using local datasets. The non-
RT RIC serves as an FL server. The O-RAN architecture
also allows for the validation of various other distributed Al
deployment options.

The O-RAN framework supports real-time and non-real-
time control loops using disaggregated control structures.
The non-RT RIC, located at centralized hubs with significant
resources, provides centralized control over longer time scales.
The near-RT RIC generates control actions within intermediate
time frames for near-real-time control tasks. RAN E2 nodes,
which execute CU/DU functions, observe RAN operations in
real-time, supporting real-time RAN control. The non-RT RIC
develops control strategies that are transmitted to the near-RT
RIC via the Al interface to refine its strategies. The non-RT
RIC also receives performance feedback from the near-RT RIC
and E2 nodes about RAN performance. Furthermore, the near-
RT RIC sends its strategies to the E2 nodes through the E2
interface to influence their strategies.

Figure 12 illustrates the multi-time-scale control procedure
applied to the O-RAN distributed controller blocks and E2
nodes. Specifically, three distinct time scales with varying time
steps are identified. The non-RT RIC offers non-RT control
at a slow time scale characterized by a time step of Ay.
Subsequently, the non-RT RIC control action can be relayed
to the near-RT RIC, enabling near-RT RIC control policies
to achieve near-RT performance. The non-RT RIC control
action or policy can refine near-RT RIC control mechanisms
via centralized control. In turn, the near-RT RIC can deliver
feedback on RAN performance to inform and adjust non-RT
policies in the next cycle.

We define the medium-term time scale for near-RT RIC with
a time step A,,, where A,, is much smaller than A;. Likewise,
near-RT policies or control actions can be transmitted to
E2 nodes via the E2 interface to enable efficient real-time
control policies over them. It is important to note that E2
nodes necessitate real-time control. Consequently, we define
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a fast time scale with a significantly smaller time step for
the E2 control process. In return, the E2 node can provide
immediate RAN performance feedback to near-RT RIC, which
can be utilized to guide policies of near/non-RT RICs. The E2
timestep A; (where A; < A, < Ap) is much smaller than
both preceding time steps.

V. CONCLUSION

In conclusion, the next generation of wireless networks
is gearing towards enhancing traditional communication net-
works through advanced techniques such as network virtu-
alization, ML, and multilayered distributed network archi-
tectures. The deployment of ML solutions on the O-RAN
architectures supported by distributed T-NTN can offer in-
telligent communication services, leveraging intelligent RAN
functions and distributed control mechanisms to meet diverse
performance requirements in resource-constrained wireless
environments. In this paper, we present and discuss the main
options and challenges for deploying ML functions on an NTN
based O-RAN architecture.
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