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Abstract 

Open radio access network (RAN) leverages the RAN intelligent controller (RIC) 
to enable artificial intelligence/machine learning (AI/ML)-driven network automation. 
However, a gap remains between algorithmic research and deployable, standards-
compliant rApp prototypes with verifiable behavior. This paper addresses this gap 
by introducing an integrated development and validation framework that supports 
the full lifecycle of AI/ML-based rApps, from prototyping to functional verification. The 
framework includes a standards-compliant non-real-time RIC (Non-RT RIC) architecture 
with supporting functions, an interface for integrating RAN simulators, and a visualiza-
tion dashboard that displays system state and control actions, enabling traceability 
of end-to-end control loops. We demonstrate the framework through a case study 
involving the design and implementation of a predictive network energy saving rApp. 
In closed-loop experiments, instrumented logs and visualizations indicate that the con-
trol decisions of the rApp adhere to the intended operational logic, allowing repeat-
able functional validation. We also discuss challenges for real-world deployment 
and study limitations. Overall, the proposed framework provides a practical method-
ology and toolset that accelerate the transition from algorithmic concept to deploy-
able, validated rApps, advancing reliable AI/ML solutions within the O-RAN ecosystem 
and offering direct applicability to energy saving as well as other O-RAN use cases.
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1  Introduction
The fifth and sixth generations (5G/6G) of mobile communication systems aim to meet 
unprecedented demands for high data rates, low latency, and massive connectivity, with 
Open RAN serving as a key enabler. Open RAN represents a paradigm shift from tra-
ditional, closed, monolithic RAN architectures toward disaggregated, virtualized, and 
intelligence-enabled networks, built upon five guiding principles: openness (open inter-
faces), disaggregation (functional split), flexibility (cloud-native virtualization), inter-
operability (standards-based integration), and intelligence (automation) [1, 2]. These 
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principles are expected to foster a heterogeneous multi-vendor ecosystem, reduce oper-
ational expenditures, and accelerate innovation.

Among these five principles, intelligence is realized and orchestrated by the RAN 
intelligent controller (RIC), which serves as the brain of the Open RAN architecture. 
The RIC is logically partitioned into the non-real-time RIC (Non-RT RIC) and the near-
real-time RIC (Near-RT RIC). Operating on time scales of one second and above, the 
Non-RT RIC provides high-level policy control, data analytics, and artificial intelligence/
machine learning (AI/ML) model training, and it hosts specialized applications (rApps) 
[3]. Using Non-RT services, rApps introduce AI/ML-driven intelligence and automation 
into network operations and optimize performance across use cases such as network 
energy saving, traffic steering, and quality of experience (QoE) enhancement [4]. Collec-
tively, the RIC shifts network management from manual and reactive operation toward 
automated, proactive, and data-driven control with closed-loop operation.

Despite significant progress in AI/ML for RAN optimization, a practical gap persists 
between state-of-the-art (SOTA) algorithmic results and their realization as deploy-
able, validated rApps within the standardized O-RAN architecture. Numerous SOTA 
methods, e.g., dynamic base station activation/deactivation in pursuit of energy savings, 
report strong performance in simulation [5–7]. However, transitioning such results into 
production-grade rApps continues to face a development-to-operation gap. Simulation 
and emulation are essential tools for safe and repeatable experimentation. The limitation 
we highlight is algorithm-only evaluation without standards-aligned integration details 
and end-to-end closed-loop functional validation across the Non-RT RIC pipeline and 
its interfaces. This motivates our emulator-based case study, where we explicitly validate 
end-to-end behaviors through standards-aligned R1/O1 signaling and Non-RT RIC inte-
gration. From an rApp developer’s perspective, the main challenges are:

•	 Integration complexity: Migrating Python-based models into rApps requires imple-
menting O-RAN-specified interfaces, engineering robust data pipelines, ensuring 
compatibility with the Non-RT RIC framework, and automating containerization 
and deployment.

•	 Scarcity of realistic environments and data: Large-scale, realistic datasets are lim-
ited; rigorous closed-loop evaluation where rApp decisions modify network state 
and the feedback re-enters the pipeline demands sophisticated simulation/emulation 
environments.

•	 Operational constraints: Deployability hinges on satisfying practical metrics, 
including robustness to imperfect data, control loop latency, inference latency and 
model footprint, and control-plane overhead.

•	 Lack of an end-to-end workflow: Standardized lifecycle from data generation and 
model training through rApp integration, policy dissemination via A1 interface, fair 
benchmarking, and robustness testing remains incomplete; fragmented toolchains 
impede reproducibility and slow iteration.

Absent a systematic methodology to integrate, test, and validate AI/ML models within real 
non-RT RIC and rApp development environments, even strong algorithms risk remain-
ing academic artifacts. To bridge this gap, we propose a comprehensive development and 
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validation framework for AI/ML-driven rApps. Our goal is not to introduce a new SOTA 
algorithm; rather, we provide the scaffolding required to operationalize these algorithms 
into functionally verifiable rApps in the non-RT RIC environment. We also do not propose 
a new RAN architecture. Instead, we focus on a tool-supported workflow for standards-
consistent R1 and O1 integration, end-to-end closed-loop functional validation, and trace-
ability. The dashboard and visualization functions are presented as supporting components 
that improve observability and traceability during closed-loop validation, rather than as pri-
mary contributions of this paper. Compared to our preliminary work [8], this paper extends 
the framework in three aspects. First, we specify the R1 and O1 interaction steps used in 
the closed-loop workflow and the corresponding framework modules. Second, we detail 
the measurement and configuration mapping steps between the RAN emulation endpoint 
and the non-RT RIC framework, including explicit checks performed before generating 
configuration operations. Third, we expand the case study description and analysis to clar-
ify the evaluation scope and limitations. The main contributions are summarized as follows:

•	 Integrated development workflow: We design and implement an end-to-end work-
flow that covers the entire rApp lifecycle. It comprises a 5G system-level simulator for 
realistic dataset generation, streamlined procedures for AI/ML model training and rApp 
container integration, and a non-RT RIC environment for closed-loop performance val-
idation.

•	 Openness and extensibility: The framework is engineered for interoperability. We 
detail integration with an industry-recognized third-party validation platform, enabling 
rigorous testing against standardized network scenarios and demonstrating flexible 
interfacing with external tools.

•	 Empirical validation via a case study: We conduct a comprehensive network energy 
saving case study to demonstrate practical utility. Using the framework, we implement, 
deploy, and validate AI/ML models under identical conditions, enabling fair compari-
son, robustness assessment, and performance analysis based on operational metrics, 
thereby accelerating rApp development and validation.

The remainder of this paper is organized as follows: Section  2 presents an overview of 
the Open RAN architecture and the challenges in rApp implementation addressed in this 
work. Section 3 details the architecture, components, and end-to-end workflow of the pro-
posed framework, while Sect. 4 describes the case study, covering the network energy sav-
ing problem formulation and the implemented rApp including the AI/ML model. Section 5 
provides a functional validation of the framework by presenting visual evidence of the suc-
cessful operation of the rApp. Section  6 discusses the practical implications, real-world 
deployment challenges, and limitations of our study, outlining future research directions. 
Finally, Sect. 7 concludes the paper with a summary of our contributions.

2 � Background
This section establishes the technical background essential for understanding the pro-
posed framework. We begin by outlining the O-RAN architecture that forms the 
technical foundation for this research, focusing on the Non-RT RIC, rApps, and their 
associated interfaces. Following this, we closely examine the recent AI/ML approaches 
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for network energy saving and identify the critical research gap that our proposed 
framework aims to address.

2.1 � Open RAN architecture

The O-RAN Alliance defines a disaggregated, intelligent, and open architecture for the 
RAN. As illustrated in Fig. 1, the O-RAN architecture is composed of several key com-
ponents, with a particular focus in this work on the Non-RT RIC [3]:

•	 Service Management and Orchestration (SMO): The highest-level entity responsi-
ble for the end-to-end management, orchestration, and automation of O-RAN sys-
tems. It includes operations and maintenance (OAM) which performs network man-
agement via O1 interface.

•	 Non-real-time RIC (Non-RT RIC): A logical function within the SMO responsible 
for non-real-time (1s) control and optimization of RAN resources. It consists of the 
non-RT RIC framework and hosts one or more rApps. These rApps leverage data 
analytics and AI/ML to derive policies and enrichment information for RAN optimi-
zation.

•	 rApps: Specialized applications hosted by the Non-RT RIC that provide various 
services for network performance management and enhancement.

Fig. 1  Overall architecture of the O-RAN system. The figure shows the O-RAN reference architecture. The 
SMO provides end-to-end management, orchestration, and automation. Within the SMO, the non-RT RIC 
performs non-real-time control and hosts rApps. The near-RT RIC hosts xApps for control in the 10 ms to 1 s 
range and terminates A1 and E2 interfaces. E2 Nodes include the O-CU and O-DU. The R1 interface offers 
service-based connectivity between rApps and the non-RT RIC framework for data management and policy 
control. The A1 interface links the non-RT RIC and near-RT RIC, and the O1 interface connects the SMO, RICs, 
and E2 nodes for performance data and configuration. All components are deployed on the O-Cloud
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•	 Non-RT RIC Framework: The platform component of the Non-RT RIC that pro-
vides the underlying functionalities for rApps. It interfaces with rApps via the R1 
interface offering capabilities such as service/data management and exposure, 
and A1 policy management. It is also connected with the Near-RT RIC via the A1 
interface.

•	 Near-real-time RIC (Near-RT RIC): A logical function responsible for near-real-time 
(10ms to 1 s) control of RAN functions. It is composed of the Near-RT RIC Platform 
and hosts xApps.

•	 xApps: Applications hosted by the near-RT RIC that perform near-real-time 
operations, such as radio resource management and data analysis.

•	 Near-RT RIC Platform: The platform that includes the terminations of the E2 and 
A1 interfaces and provides the necessary components to run and manage xApps.

•	 E2 Nodes: O-RAN managed network functions, which include the O-Central Unit 
(O-CU) and O-Distributed Unit (O-DU).

•	 O-Cloud: A cloud computing platform that hosts O-RAN entities, providing a virtu-
alized infrastructure with management and orchestration capabilities.

Among these components, this paper focuses on the development of AI/ML-based 
rApps within the Non-RT RIC environment. The key interfaces that govern rApp opera-
tion are as follows:

•	 R1 Interface provides the service-based connectivity between rApps and the Non-
RT RIC Framework, enabling rApps to access core services like data management 
and policy control.

•	 A1 Interface connects the Non-RT RIC to the Near-RT RIC, serving as the channel 
for conveying policies, enrichment information, and AI/ML model updates.

•	 O1 Interface acts as the communication channel linking the SMO, the RIC, and E2 
nodes. For AI/ML-driven rApps, this interface is essential for the collection of Per-
formance Management (PM) data and the dispatch of Configuration Management 
(CM) commands (e.g., cell activation/deactivation).

This standardized architecture, particularly the interplay between rApps, the non-RT 
RIC, and the underlying network via the R1 and O1 interfaces, provides the crucial oper-
ational context for the development framework proposed in this paper.

2.2 � Challenges in rApp implementation

Network energy saving has become an important objective for 5G/6G systems, driving 
extensive research into AI/ML-driven approaches. Studies such as those employing rein-
forcement learning for dynamic cell control [6] and predictive deep learning for base 
station on/off optimization [7] have demonstrated considerable potential for improving 
energy efficiency at the algorithmic level.

However, many prior studies primarily validate the theoretical performance of the AI/
ML models within controlled simulation environments [9]. Consequently, the practical 
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and system-level challenges of integrating and validating network energy saving control 
logic in operational networks have received less attention than algorithm-level perfor-
mance optimization. Meanwhile, industry interest in this area has been increasing [10, 
11]. These challenges include interfacing the proposed algorithms with systems oper-
ating across diverse network environments, managing the end-to-end pipeline from 
data collection to control actuation, and rigorously verifying that the system behaves as 
intended under dynamic, real-world conditions.

This algorithm-to-operation gap becomes particularly pronounced in the emerging 
Open RAN paradigm. In the O-RAN context, the aforementioned intelligent functions 
must be implemented as independent software modules known as rApps, which oper-
ate on the non-RT RIC. This paradigm introduces additional, O-RAN-specific complexi-
ties, such as adherence to standardized interfaces and interoperability in a multi-vendor 
environment. Consequently, the absence of an integrated development framework that 
facilitates the rapid translation of algorithmic ideas into verifiable rApp prototypes and 
systematically validates their functional integrity highlights a valuable opportunity for 
contribution and serves as the primary motivation for this paper.

2.3 � Related work

Open RAN has attracted significant attention as a foundation for disaggregated and pro-
grammable RAN deployments. Prior tutorial and survey papers summarize the O-RAN 
architecture, open interfaces, and the roles of the non-RT and near-RT RICs in enabling 
data-driven automation and third-party applications across different time scales [1, 2]. 
O-RAN Alliance specifications further provide a common reference for the logical func-
tions and interfaces underpinning such deployments, including the architecture descrip-
tion, management-plane interfaces (e.g., O1), and the R1 service framework that rApps 
rely on during integration and operation [12–14]. Together, these works motivate devel-
opment and validation workflows that connect algorithm design to deployment-oriented 
evaluation.

Sustainability has also emerged as a key objective for 6G and beyond, where energy 
consumption and operational efficiency are treated as primary design constraints. 
Recent work discusses challenges and opportunities of Open RAN in this context, 
including how open interfaces and AI-enabled control can support energy-aware opera-
tion while introducing additional integration and evaluation requirements [15]. In par-
allel, O-RAN Alliance research outputs and white papers outline the evolution toward 
6G and identify network energy saving as an important theme, including the roles of 
the SMO and RIC ecosystem in supporting energy saving capabilities in O-RAN deploy-
ments [11, 16]. These discussions indicate that energy saving policies should be assessed 
not only by algorithmic trade-offs but also by their realizability through standards-
aligned interfaces and operational workflows.

Beyond high-level discussions, several experimental platforms and toolchains inte-
grate AI/ML control logic with O-RAN-based components and simulated or emulated 
RAN environments to enable closed-loop experimentation. Representative examples 
include ColO-RAN and OpenRAN Gym, which provide programmable O-RAN com-
ponents and experimentation pipelines for learning-based closed-loop control [17, 18]. 
Colosseum further presents a large-scale emulation infrastructure as an Open RAN 
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digital twin to support repeatable testing and validation of O-RAN software and AI 
control loops [19]. End-to-end private 5G and Open RAN testbeds such as X5G further 
complement this direction by offering integrated platforms for repeatable system-level 
validation and prototyping [20].

Recent work has also investigated practical aspects of developing and operating 
O-RAN applications. Prior studies discuss lessons learnt and recurring challenges 
encountered during xApp design and evaluation, including integration complexity and 
experimentation issues in O-RAN based closed-loop settings [21]. Complementary 
efforts propose operational mechanisms for application onboarding and deployment, 
aiming to streamline how xApps are packaged, published, and managed in O-RAN envi-
ronments [22]. From the non-RT RIC perspective, a lifecycle-oriented rApp case study 
describes an end-to-end process from implementation to execution for a concrete rApp 
use case [23].

Overall, the above literature spans architectural foundations as well as practical con-
siderations for developing and operating O-RAN applications and for evaluating closed-
loop control in experimental environments.

3 � Methods: proposed open RAN development framework
To bridge the gap between the theoretical design of advanced AI/ML algorithms and 
their practical deployment within the standardized O-RAN architecture, we propose an 
integrated and standards-compliant framework for rApp development and verification. 
This framework is designed to support the entire lifecycle of an AI/ML-driven rApp, 
from data generation and model training to deployment and closed-loop evaluation. Its 
modular design and standardized interfaces ensure both flexibility and extensibility, thus 
facilitating seamless integration with third-party tools and future O-RAN components.

3.1 � Framework architecture and components

The overall architecture of our proposed framework is depicted in Fig. 2. This figure is 
intended as a conceptual workflow and validation view, rather than to claim architec-
tural novelty. The framework comprises four modular, interconnected components that 
collaborate to streamline rApp development and validation. In this paper, we use the 
term RAN emulation environment to denote a controllable emulation setting that mir-
rors selected RAN behaviors and KPIs for closed-loop validation. This environment cap-
tures the KPI generation and control response needed for functional verification, but it 
is not intended to replicate all protocol stack behaviors and implementation details of an 
operational RAN. In our framework, the RAN emulation environment corresponds to 
the RAN emulator component used for data generation and closed-loop validation. For 
consistency, we refer to this environment as the RAN emulator throughout the remain-
der of the paper. The four framework components are summarized below:

•	 Non-RT RIC Framework: At the core of our system, this component performs the 
essential functionalities of an O-RAN compliant non-RT RIC. We use modules 
from the O-RAN Software Community (OSC) K-Release for service management 
(rApp/service registration and discovery) and policy management (A1 policy han-
dling via the A1 interface) [24]. Critically, it provides modules for data manage-
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ment (performance measurement data collection) and the OAM-related interface 
(E2 Nodes control via O1 interface).

•	 AI-driven rApp (Case Study): This component represents the application logic 
developed by the researcher. Our framework is designed to host any container-
ized rApp. For our case study, the rApp contains the pre-trained AI/ML model, 
data preprocessing modules, and the logic to translate model outputs into O-RAN 
compliant control messages (e.g., cell on/off ). It interacts with the non-RT RIC 
Framework exclusively through the R1 interface.

•	 RAN Emulator (5G System-level Simulator & RAN Data Generator): This compo-
nent serves a dual purpose. Firstly, it acts as a configurable 5G RAN environment, 
simulating the behavior of multiple E2 Nodes (gNBs), UEs, and their radio chan-
nel dynamics. Secondly, it functions as a high-fidelity dataset generator. By run-
ning various scenarios (e.g., varying UE mobility, traffic patterns), it produces the 
necessary time-series data (e.g., cell load, throughput) required for training and 
validating AI/ML models. This obviates the need for extensive real-world data col-
lection in the initial development phases.

•	 Visualization & Control Dashboard: This is the human–machine interface of the 
framework. Implemented as a web-based front-end, it provides an intuitive graph-
ical user interface (GUI) for real-time monitoring of the RAN simulation, visualiz-

Fig. 2  Open RAN development framework for rApp implementation. The figure illustrates a modular 
framework that bridges AI/ML design and deployment in an O-RAN compliant setting. The non-RT 
RIC framework is the core component, providing service management, data management, A1 policy 
management, and OAM-related functions, implemented using OSC K-Release modules. A containerized rApp 
bundles a pre-trained model, preprocessing, and logic that converts inferences into O-RAN control messages. 
The rApp uses the R1 interface for registration, discovery, data access, and policy control. A 5G system-level 
simulator emulates E2 Nodes and UEs, and generates time-series datasets for training and validation under 
varied mobility and traffic. A web-based dashboard exposes real-time KPIs, rApp decisions, and controls via 
REST APIs, enabling closed-loop evaluation
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ing KPIs, and observing the rApp’s operational decisions. It also includes a control 
panel that allows the developer to manage rApps, for example, onboarding and 
executing rApps/RIC modules. This component communicates with a back-end 
rApp via REpresentational State Transfer (REST) Application Programming Inter-
faces (APIs).

3.2 � rApp development workflow

A primary contribution of our framework is a structured, end-to-end workflow for the 
lifecycle of AI/ML-driven rApps. This process guides developers through five stages, 
from initial concept to validated application. While the five stages follow a common 
high-level lifecycle, the contribution of this work does not lie in the stage labels them-
selves. Instead, we formalize and implement the concrete engineering elements required 
to make a rApp lifecycle executable and verifiable through standards-consistent R1 
and O1 interactions. In particular, we specify measurement normalization into a uni-
fied schema with consistency checks, intent-to-configuration translation with identifier 
binding and validation, and structured logging to enable end-to-end traceability and 
repeatable closed-loop functional validation across data collection, decision making, and 
actuation.

Figure 3 provides a standards-aligned view of these elements at the R1 and O1 inter-
faces. On the data path, O1 PM data (data file) are ingested by the Non-RT RIC frame-
work and delivered to the rApp through R1 data services (e.g., subscription and push). 
On the control path, the rApp issues R1 configuration read/write requests, and the 
requested configuration changes are translated into O1 CM operations identified by 
Managed Object Instance (MOI) toward the E2 nodes (emulated in this study using 
VIAVI AI RSG), with the corresponding responses returned to the rApp over R1. The 
A1 policy creation exchange is shown only to provide a complete functional view of the 
non-RT RIC modules and is not exercised in the case study.

To support implementation and testing, we explicitly define integration checkpoints 
and expected artifacts at the R1 and O1 interfaces to make the procedure executable 
and repeatable. At each checkpoint, we record time-stamped logs that associate each O1 
PM snapshot with the corresponding R1 rApp request and the resulting O1 CM oper-
ation, including request and response identifiers across R1 and O1 transactions, MOI 
and parameter fields for O1 CM, and data file identifiers for O1 PM. The five stages are 
described as follows:

Stage 1. Data Generation: The developer configures the RAN environment module, 
using either a built-in simulator for rapid prototyping or an external RAN emulation 
platform for high-fidelity scenarios. By running simulations under varied network 
conditions, e.g., different traffic loads and UE mobility patterns, the system produces 
a comprehensive dataset that typically includes time-aligned performance measure-
ments, such as cell load, throughput, and user count, and, where applicable, corre-
sponding optimal control actions derived from a baseline oracle.
Stage 2. AI/ML Model Training (offline): The dataset is used to train one or more 
candidate AI/ML models in an offline setting. This allows the use of standard 
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machine learning libraries, such as TensorFlow or PyTorch, and dedicated com-
pute resources without affecting the RAN simulation environment. The output is a 
trained, serialized model artifact.
Stage 3. rApp Integration and Containerization: The trained model is packaged 
into a standardized rApp. The inference logic is wrapped with service code that 
communicates via R1, including subscriptions to required data types and for-
matting of outputs as A1 policies or OAM commands. The application is then 
containerized, e.g., as a Docker image, producing a self-contained and portable 
deployment unit.
Stage 4. Onboarding and Execution: The containerized rApp is onboarded to the 
Non-RT RIC framework. Through R1, the rApp registers its services and begins 
receiving a live stream of simulated network data. The non-RT RIC manages the 
rApp lifecycle and ensures delivery of the required measurements.
Stage 5. Closed-Loop Validation and Analysis: The rApp makes decisions based 
on the incoming data stream. These decisions are translated into control com-
mands and sent back to the RAN environment module, altering its state and 
thereby closing the loop. The visualization and control dashboard provides real-
time insights, enabling observation of the rApp’s impact on network KPIs, analysis 
of its behavior, and fair comparison of different models under identical, reproduc-
ible conditions.

Fig. 3  Interworking flow diagram between the rApp and the Non-RT RIC Framework. The figure describes 
R1–O1 interworking flow between the rApp and the non-RT RIC framework. O1 PM data (data file) are 
ingested by the OAM-related functions and exposed to the rApp over R1 (subscription and push), while R1 
configuration read/write requests are translated into O1 CM operations identified by MOI toward the E2 
nodes (emulated in this study by VIAVI AI RSG). The A1 policy creation exchange is shown only to provide a 
complete functional view of the non-RT RIC modules and is not exercised in the case study
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Although the case study uses an offline-trained supervised model for clarity, the pro-
posed closed-loop workflow is designed to be extensible to other methods. For example, 
a reinforcement learning-based rApp could be explored by leveraging measurements 
available through the R1 interface and applying the resulting control decisions via O1 
configuration operations within the same workflow. The framework can record time-
stamped logs of measurements, decisions, and applied configurations to support trace-
ability and reproducible testing in the emulated environment. Importantly, this paper 
does not present or claim any reinforcement learning experiment, and the reinforcement 
learning related discussion is included only to indicate the potential compatibility of the 
workflow.

3.3 � Integration with third‑party validation platform

To demonstrate the framework’s openness and to ensure the credibility and repro-
ducibility of the case study results, the framework is designed to integrate with indus-
try-grade validation platforms in a standards-compliant and interoperable manner. 
Accordingly, in this study, we replace the 5G system-level simulator, which was used as 
the built-in RAN environment module in our prior work [8], with the VIAVI AI RAN 
Scenario Generator (RSG) [25], an O-RAN-aligned RAN emulation platform that pro-
vides a detailed, standards-compliant simulation environment. Hereafter, we refer to 
this platform as the RAN emulator. To integrate the RAN emulator into the non-RT 
RIC framework, we implement explicit mappings for measurement collection and con-
figuration delivery that preserve O-RAN interface semantics. Specifically, we normalize 
emulator-exposed measurements into a unified schema with consistency checks, trans-
late rApp intents into configuration operations with identifier binding and validation, 
and record structured logs to support observability and end-to-end traceability of the 
closed-loop workflow. These integration checkpoints and artifacts are included to make 
the closed-loop procedure under standards-consistent R1 and O1 interactions explicit.

On the data path from the RAN emulator to the non-RT RIC, the RAN emulator gen-
erates high-fidelity RAN performance measurements, including standard PM counters, 
which are periodically reported to the Non-RT RIC framework. The OAM-related inter-
face service within the Non-RT RIC framework continuously monitors the data and 
parses and normalizes the contents. The resulting metrics are forwarded to the data 
management module and exposed to onboarded rApps over the R1 interface. Mean-
while, on the control path from the non-RT RIC to the RAN emulator, when the rApp 
makes a control decision such as switching a cell on/off, the intent is delivered to the 
non-RT RIC framework via the R1 interface. The OAM-related interface module then 
translates this intent into a O1 CM format and transmits it to the RAN emulator via the 
O1 interface.

A key integration challenge is maintaining semantic consistency when mapping the 
RAN emulator’s measurement reporting and configuration change handling to the Non-
RT RIC data and control model. To preserve functional integrity in standards-consistent 
closed-loop validation, the OAM-related interface function enforces semantic align-
ment between heterogeneous emulator outputs and the data management and expo-
sure (DME) types exposed over R1 by normalizing raw O1 PM reports to ensure schema 
alignment, unit consistency, and reporting-interval alignment. Without this step, unit, 
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granularity, or reporting-interval mismatches can bias rApp feature interpretation, lead-
ing to inconsistent AI/ML inference and mis-calibrated control actions, and ultimately 
reducing the reliability and reproducibility of the closed-loop validation. On the control 
path, rApp outputs received over R1 are translated into O1 CM operations with consist-
ent identifier binding, admissible-range checks, and verification of applied state transi-
tions. Together with time-stamped logging that links PM snapshots, rApp decisions, and 
applied CM actions, the framework prevents silent semantic mismatches and treats vio-
lations as explicit validation failures, making the closed-loop experiment auditable and 
repeatable.

This integration enables end-to-end execution and functional validation of the rApp 
workflow in a controlled emulated environment, including R1-based data exposure and 
O1-based application of CM updates to the RAN emulator. To avoid ambiguity, we clar-
ify that the focus here is not to claim the general capability of closed-loop experimen-
tation and repeatable validation, which has been discussed in prior work, but to make 
the rApp procedure executable and functionally verifiable through the R1/O1 interac-
tions used in integration and operation. In particular, during closed-loop execution, the 
framework consistently records and time-aligns the input measurements, rApp deci-
sions, and the configuration updates applied via O1. This traceability enables functional 
verification of whether the end-to-end rApp procedure is carried out as intended and 
supports diagnosing issues when problems occur.

4 � Case study: network energy saving rApp
To demonstrate the practical utility of the proposed development and validation frame-
work, we conduct a concrete case study on network energy saving, a prominent O-RAN 
use case designed to reduce operating expenditures (OPEX) for mobile network opera-
tors [26]. The case study is designed to validate the end-to-end executable integration 
procedure and interface-consistent closed-loop signaling, rather than to provide a com-
parative benchmarking study across learning algorithms. Accordingly, we position the 
validation as a pre-deployment integration step by enabling end-to-end execution of 
standards-aligned R1/O1 procedures and collecting auditable artifacts (captured inter-
face messages and time-stamped logs) to trace the measurement–decision–configura-
tion chain, rather than treating it as a substitute for production deployment testing. This 
section proceeds by first formulating the network energy saving problem, then detailing 
the control logic of the rApp and the AI/ML model that serves as its predictive engine, 
and finally describing the experimental setup used for functional validation of the rApp 
within our framework.

4.1 � Problem formulation

In this study, we formulate the network energy saving challenge as a predictive con-
trol problem. Unlike traditional reactive approaches that deactivate cells only after an 
observed drop in traffic load, the proposed strategy anticipates future network states 
to facilitate timely, well-informed energy saving decisions. This predictive capability is 
essential to reduce power consumption without compromising the required quality of 
service (QoS).
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The state of the RAN is characterized by a set of KPIs that reflect the traffic load on 
each cell. For this study, we focus on two primary metrics for each cell m at a given time 
t: the Physical Resource Block (PRB) utilization, denoted as Ut

m , and the number of con-
nected UEs, denoted as Nt

m.
Given this context, the core task for the energy saving rApp is a two-stage process of 

prediction and control. The rApp must first accurately forecast the future state of the 
network by using a history of past observations up to time t to predict the PRB utiliza-
tion ( Û t+1

m  ) and the number of connected UEs ( N̂ t+1
m  ) for each cell at the next time step. 

Based on these predicted future values, the rApp must then execute a control to deter-
mine the optimal operational state for each cell, which involves deactivating cells whose 
predicted load falls below predefined thresholds.

In essence, the core problem is to design an rApp that can leverage historical data to 
predict the future network state, and then use that prediction to make and execute con-
trol decisions that maximize energy savings without compromising user experience.

4.2 � Energy saving rApp: design and operational workflow

To solve the predictive control problem formulated in the previous section, we designed 
the rApp with the specific architecture and internal functions as shown in Fig. 4. The 
lifecycle of the rApp is divided into an initialization phase, which configures the envi-
ronment required for execution, and an operational phase, where core logic is invoked 
periodically or triggered by events.

Fig. 4  Architecture and operational workflow of rApp. The figure outlines an rApp architecture for AI/
ML-based predictive control under O-RAN systems. During initialization phase, the rApp configures its 
execution environment and establishes R1 services to the non-RT RIC framework, including rApp, service, 
and data registration. During operation phase, network information handling obtains configuration from 
E2 Nodes via OAM CM procedures. Policy control manages A1 policies. Performance data handling receives 
PM data over the R1 interface, and forwards the data to the model. The AI/ML inference runs periodically to 
generate cell control decisions, and network control sends the control messages to E2 Nodes over the O1 
interface using the CM procedure to apply configuration changes
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4.2.1 � rApp initialization and setup

Before the main operational workflow begins, several essential setup procedures are 
executed:

•	 rApp configuration: Configures the rApp execution environment, including the 
web server, threading, and local storage. It also establishes the R1 service link with 
the non-RT RIC Framework, which is defined through a RESTful API.

•	 rApp/Service registration: Using the Common API Framework (CAPIF), the 
rApp registers itself and its services to expose its capabilities, thereby enabling 
discovery and use by other rApps.

•	 Data registration: Based on the O-RAN DME data model, this function registers 
the required PM data types and their reporting intervals with the DME module, 
which is a prerequisite for receiving measurement data during operation.

4.2.2 � Operational functions

Once initialized, the intelligent service is carried out by the interaction of the follow-
ing core operational functions:

•	 Network information handling: Collects base station configuration data (Man-
aged Element information), which is essential for running control operations, 
from E2 Nodes via the OAM CM procedures.

•	 Policy control: Transmits policy control messages to the Near-RT RIC through 
the A1 interface to update network management policy, typically in response to 
long-term measurement data.

•	 Performance data handling: Periodically receives the configured PM data and 
forwards them to the AI/ML models. The rApp acquires filtered data from the 
Data Management module via the R1 interface, enabling efficient use for higher-
level functions such as AI/ML-based analysis.

•	 AI/ML inference: Performs AI/ML inference to determine cell control decisions. 
The AI/ML operation is executed periodically, e.g., every minute.

•	 Network control: Transmits control messages to E2 nodes through the O1 inter-
face to execute cell on/off operations, using the CM procedure to implement con-
figuration changes.

For our network energy saving use case, these functions are orchestrated to form a 
specific operational workflow, as shown in Fig. 5. The process begins with the Perfor-
mance data handling function, which is configured to periodically collect time-series 
data of the key KPIs for this scenario: PRB utilization and the number of connected 
UEs. The collected KPI data are then passed to the AI/ML inference function, where 
an embedded model forecasts the KPI values for the next time slot. Finally, the inter-
nal logic decides whether to deactivate a cell based on the predicted values, and the 
network control function executes this decision by sending a cell-off command to the 
corresponding E2 Node via the O1 interface.
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4.3 � AI/ML model for network energy saving

At the technical core of the predictive control capability outlined in our rApp work-
flow is an AI/ML model. This model is embedded within the AI/ML inference func-
tion and is responsible for forecasting future network states from historical data. The 
objective of this study is not to propose a new SOTA model, but rather to demon-
strate the integration of a proven architecture into the rApp to complete the intel-
ligent control loop. Given the inherent time-series nature of RAN data, we employed 
a Long Short-Term Memory (LSTM) network, a type of recurrent neural network 
(RNN) architecture well-suited for sequence prediction tasks [27].

As illustrated in Fig. 6, the model’s architecture is defined by its input–output struc-
ture and internal layers:

•	 Input: The model takes a sequence of historical KPI data over the past L time steps 
as input. Specifically, the input at time t is the sequence {xt−L+1, . . . , xt} , where 
each xt is a 2M-dimensional feature vector containing the PRB utilization and the 
number of connected UEs for all M cells.

•	 Architecture: The input sequence is processed by a stack of three LSTM layers, 
each with 256 hidden states, to capture temporal dependencies. The output from 
the final LSTM layer is then passed through two fully-connected (dense) layers for 
further non-linear transformation.

•	 Output: The model’s final output is a vector, Oyt+1 , which contains the predicted 
values of PRB utilization and the number of connected UEs for each of the M cells 

Fig. 5  AI/ML-based energy saving process. The figure depicts the workflow of an AI/ML-based energy 
saving rApp. The process begins with the data management function, configured to collect time-series 
measurements, specifically, PRB utilization and the number of connected UEs. These measurements are 
forwarded to the AI/ML inference function, where an embedded pre-trained model forecasts the values for 
the next time slot. Based on the predicted values, the internal logic decides whether to deactivate a cell. If 
deactivation is determined to be necessary, the network control function issues a cell-off command to the 
corresponding E2 node via the O1 interface and the base station applies the configuration change
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at the next time slot. This prediction is then passed to the internal decision logic 
of the rApp.

Effective training of a data-driven model like the proposed LSTM network requires 
a substantial and diverse dataset of network KPIs. However, obtaining such extensive 
time-series data from a live production network is often impractical due to operational 
risks, costs, and the scarcity of suitable public datasets. To overcome this challenge, we 
leveraged a RAN emulator to model realistic communication environments and to gen-
erate rich, dynamic time-series datasets of PRB utilization and UE counts required for 
both training and testing our model.

4.4 � Experimental setup for functional validation

The primary goal of this study is to validate the functional integrity of the rApp as it 
operates within our proposed framework. To this end, we configured an end-to-end, 
closed-loop control testbed that integrates our implementation with a RAN emulation 
environment.

This testbed is built upon the RAN emulator, the same environment used to generate 
the model training data. The complete setup consists of our Non-RT RIC Framework 
hosting the energy saving rApp, and the RAN emulator which emulates the E2 Nodes. 

Fig. 6  The LSTM-based neural network architecture used for network energy saving. The figure displays an 
LSTM-based neural network architecture for a network energy saving scenario. The model is defined by its 
input–output structure and internal layers. The model takes a sequence of historical data of PRB utilization 
and the number of connected UEs over the past L time steps as input. The input sequence is processed by a 
stack of three LSTM layers, each with 256 hidden states, to capture temporal dependencies. The output from 
the final LSTM layer is then passed through two fully-connected layers for further nonlinear transformation. 
The model’s final output is a vector that contains the predicted values of PRB utilization and the number of 
connected UEs for the next time slot across M cells. This prediction is then passed to the internal decision 
logic of the rApp
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To create a realistic and dynamic network environment, we configured the simulator 
with specific cell and UE parameters. The network topology comprises a heterogene-
ous deployment of 12 cells, divided into two types: six coverage cells operating on the 
850 MHz band (B5) and six capacity cells on the 2.1 GHz band (B1), with an intercell 
distance of 500 meters for the latter.

This 12-cell layout is used to provide a controlled and repeatable environment for end-
to-end closed-loop validation and debugging. However, operational deployments typi-
cally exhibit irregular site placement, heterogeneous cell footprints, and localized traffic 
hotspots.

The objective of this case study is not to claim that the chosen layout is represent-
ative of a real deployment. Instead, it is to demonstrate that the proposed framework 
can execute and validate the end-to-end rApp procedure in a tractable multi-cell set-
ting that still captures inter-cell interactions through shared load and interference. Here, 
validate refers to functionally verifying the end-to-end rApp procedure via R1 and O1 
interactions, including the traceable linkage between measurements, rApp decisions, 
and applied configuration updates, rather than evaluating algorithmic performance 
alone. The framework is not tied to any specific topology, in the sense that the same 
validation procedure can be repeated by reconfiguring the RAN emulator for alternative 
deployments.

The simulation also includes 50 UEs, initially distributed randomly, with pedestrian 
mobility and generating conversational voice traffic. Detailed parameters for the cell and 
UE environments are summarized in Tables 1 and 2, respectively.

In this configuration, the RAN emulator streams real-time KPI data, such as PRB 
utilization and connected UE counts, from the simulated environment to the rApp. In 
response, the rApp performs its AI/ML inference and decision-making logic, sending 

Table 1  Cell environment

Capacity cell Coverage cell

Number of cells 6 6

Frequency band B1 (2.1 GHz) B5 (850 MHz)

Bandwidth 10 MHz 10 MHz

RF model Isotropic-Urban/UMa-buildings Isotropic-
Urban/UMa-
buildings

Duplexing TDD TDD

Configured Tx Power 40 dBm 30 dBm

Inter-cell distance 500 m –

Table 2  UE Environment

Pedestrian

Number of UEs 50

Initial distribution Uniformly random within the specified area

Traffic model GBR, Conversational voice

Target throughput 10 Mbps

Mobility Moves at a constant speed of 3 m/s
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any resulting cell on/off commands back to the simulator. This entire closed-loop inter-
action, from data collection to network control, is conducted over an emulator-facing 
O1 realization that preserves the O1 information content and the CM/PM semantics, 
while abstracting low-level transport and protocol details in the RAN emulation envi-
ronment. This realization reduces integration complexity in the evaluation setup and 
is mappable to a standards-compliant O1 implementation in operational deployments. 
This setup allows us to observe and validate the end-to-end operational workflow of 
the rApp within the specified network conditions. In the following section, we use our 
framework’s visualization capabilities to demonstrate this functionality.

5 � Results: framework validation
A key supporting component of the proposed framework is the visualization environ-
ment, which renders the complex and dynamic behavior of AI/ML-driven rApps both 
understandable and systematically verifiable. In this section, we leverage this environ-
ment to demonstrate how the network energy saving rApp, designed and implemented 
for our case study, performs closed-loop control within the O-RAN architecture.

Before presenting the validation results, we clarify the scope of this evaluation and 
its positioning relative to existing Open RAN experimental platforms. Testbeds such as 
ColO-RAN and OpenRAN Gym provide valuable environments for developing xApps 
and studying near-real-time control, whereas our framework targets the non-RT RIC 
system and the operational validation of rApps through standards-consistent R1/O1 
interactions. Therefore, this section does not benchmark the underlying AI/ML policy 
for quantitative superiority. Instead, it verifies that the R1/O1 closed-loop procedure 
is executable end-to-end and that its behavior is traceable through consistent artifacts, 
including the dashboard views and time-ordered message sequence.

This process validates the framework’s usability and analytical capabilities. The visu-
alization system consists of a front-end component, which provides a web-based GUI 
dashboard, and a back-end rApp that manages performance data for visualization. The 
front-end is implemented in JavaScript and communicates with the back-end rApp 
through a proprietary REST interface. Implementing the back-end as an rApp is par-
ticularly advantageous, as it allows for direct collection of internal data from the non-
RT RIC framework and delivery of control commands via the R1 interface. Based on 
this architecture, the visualization environment offers a suite of graphical interfaces for 
O-RAN system operations. The key panels utilized in this functional validation process 
are as follows:

•	 Dashboard: Provides real-time monitoring of the Open RAN system, including 
overall network performance, cell locations, KPIs for individual cells, and alarm noti-
fications.

•	 rApp Panel: Manages the operational status of registered rApps.
•	 Framework Panel: Manages the operational status of active non-RT RIC framework 

modules.
•	 E2 Nodes Panel: Displays the control status of key base station functions.
•	 Diagnostic Monitor Panel: Visualizes protocol messages exchanged between non-

RT RIC modules.
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•	 Time Sequence Diagram Panel: Displays the flow of messages exchanged between 
non-RT RIC modules in a time-sequenced manner.

The functional validation progresses from a high-level analysis of the rApp’s overall 
behavior and the state changes of individual network elements down to a micro-level 
examination of internal system message flows. This entire process is systematically 
traced using the Dashboard, the E2 Nodes panel, and the Time Sequence Diagram & 
Diagnostic Monitor panels. The role of each visualization panel in this validation process 
is as follows.

The Visualization & Control Dashboard, as shown in Fig.  7, offers a comprehensive 
view of the overall system performance and the status of O-RAN components. The dash-
board supports structured inspection of measurements, actions, and message exchanges 
during closed-loop execution. It is presented as an implementation aid for debugging 
and result interpretation, rather than as a standalone contribution requiring feature-
level comparisons with other platforms. It serves as a real-time monitoring tool to verify 
that each component is operating correctly, displaying key metrics such as cell through-
put, power consumption, and the number of active UEs. After the energy saving rApp 
executes a control action to deactivate a specific cell, a significant reduction in the power 
consumption metric on this dashboard provides the primary, high-level confirmation 
that the rApp has achieved its intended goal.

To trace the origin of this high-level performance change, we utilize the E2 nodes 
panel, as depicted in Fig. 8. This panel visualizes the structure of the E2 node and details 
key parameters such as configured transmission power and energy saving settings. It 
illustrates a state where the energy saving operation is active, visually confirming that the 

Fig. 7  Visualization & Control Dashboard for component and performance monitoring. The figure 
visualizes a web-based dashboard used to monitor an O-RAN testbed in real time. The dashboard offers a 
comprehensive view of the overall system performance and the status of O-RAN components. It serves as a 
real-time monitoring tool to verify that each component is operating correctly, displaying key metrics such 
as cell throughput, power consumption, and the number of active UEs. The layout supports closed-loop 
experiments by exposing live metrics, component status, and cell activity in a single view, allowing operators 
to verify rApp behavior. After the energy saving rApp executes a control action to deactivate a specific cell, 
a significant reduction in the power consumption metric on this dashboard provides the primary, high-level 
confirmation that the rApp has achieved its intended goal
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status of the target cell, as dictated by the rApp, has changed from Active to Inac-
tive. This provides concrete evidence linking the overall performance change observed 
on the dashboard to a specific physical state change in a network element.

The final stage of the validation is to demonstrate how these changes were orches-
trated by showing that the internal logic and its interactions with other system compo-
nents executed as designed. The time sequence diagram & diagnostic monitor panels, 
as illustrated in Fig.  9, offer conclusive evidence for this. The time sequence diagram 
clearly illustrates the sequence of message exchanges over the O-RAN R1, A1, and O1 
interfaces, as well as internal flows between modules, using Unified Modeling Language 
(UML) notation. Through this diagram, we can trace the entire protocol flow, from the 
initial collection of performance data from the E2 Node to the responsive generation of 
a control message and its subsequent delivery to the RAN via the Non-RT RIC Frame-
work. Furthermore, the Diagnostic Monitor panel provides operational logs of individ-
ual components, enabling a deep, time-sequenced analysis of the complex interactions 
within the modular architecture.

From an R1/O1 perspective, the sequence in Fig. 9 can be interpreted as an O-RAN-
compliant closed-loop messaging flow. On the data path, periodic performance meas-
urements are delivered over O1, processed by the OAM-related functions, and exposed 
to the rApp through the R1 services of the Non-RT RIC framework. On the control path, 
network energy saving intents issued by the rApp over R1 are translated into O1 config-
uration management operations, and the corresponding parameter updates are applied 
at the E2 Node. The interaction between the Non-RT RIC framework and the OAM-
related functions is realized through an internal SMO interface that is not specified by 
O-RAN, enabling end-to-end R1/O1 signaling while keeping the R1 and O1 procedures 
unchanged.

In conclusion, by systematically tracing the operation of the rApp from high-level 
performance results (Fig. 7), through specific node-level state changes (Fig. 8), down 

Fig. 8  E2 nodes panel visualizing the structure and energy saving state. The figure presents the E2 
nodes view of the O-RAN dashboard. It visualizes the E2 node hierarchy and details key parameters such 
as configured transmit power and energy saving settings. Specifically, the left panel displays per-cell 
MaxTxPower and beam information, while the right panel shows per-cell isEnergySaving flags indicating 
whether energy saving control is active. The snapshot captures energy saving control in effect, with the 
rApp directing the target cell to change from Active to Inactive. This visual confirmation links the 
performance change observed on the dashboard to a specific configuration change in a network element 
and enables operators to verify the energy saving state at a glance
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to the micro-level message flows between components (Fig. 9), the proposed frame-
work is validated as a robust and practical tool for reliably verifying the functional 
correctness of AI/ML-driven rApps.

We further validate the generalizability of the proposed development and validation 
framework by integrating a second distinct application, a QoE Enhancement rApp 
(QoErApp), within the same Non-RT RIC instance. To avoid conflating this additional 
application with an algorithmic contribution, we note that QoErApp is implemented 
as a reference rApp that implements only the essential functions required for end-
to-end integration and validation, without designing or embedding any specific AI/
ML algorithm. As shown in Fig.  10, multiple rApps can be registered and executed 
concurrently without structural changes to the framework. The dashboard view and 
the Docker container status confirm that the QoErApp operates alongside the energy 
saving rApp. The time sequence diagram also shows that the QoErApp follows the 
same R1/O1 signaling pipeline by retrieving performance data through the data man-
agement module (ODMB) and dispatching configuration intents through the OAM-
related module (OOMB). This result provides concrete evidence that the proposed 
framework is generalizable and can be applied across distinct rApps.

Fig. 9  Time Sequence Diagram & Diagnostic Monitor panels showing protocol flows of components. The 
figure demonstrates a combined time sequence diagram and diagnostic monitor used to validate an rApp 
procedure in O-RAN systems. Together, they provide conclusive evidence that the internal logic orchestrates 
configuration changes through designed interactions with other system components. The time sequence 
diagram, rendered in UML style, clearly illustrates the sequence of message exchanges over the R1 interface 
and subsequent configuration updates over the O1 interface, as well as internal flows between modules. It 
traces the path from the initial collection of performance data at the E2 node to the generation of a control 
message and its delivery to the RAN via the non-RT RIC framework. The diagnostic monitor panel provides 
per-component operational logs, enabling time-sequenced analysis of the complex interactions within the 
modular architecture
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6 � Discussion
This section discusses how the proposed framework helps bridge the algorithm-to-oper-
ation gap between AI/ML research and real-world RAN operations. We first examine 
the practical implications of the framework and then address key operational challenges, 
including considerations for scalability and generalization. We conclude by acknowledg-
ing the limitations of this study and presenting our vision for future work toward trust-
worthy RAN automation.

6.1 � Practical implications of the proposed framework

The primary contribution of this paper is a framework that accelerates the end-to-end 
development lifecycle of AI/ML-driven rApps, enabling the rapid translation of ideas 
into reliable prototypes. By abstracting the complexities of the underlying RAN, the 
framework allows developers to focus on core AI/ML logic. Its integrated visualization 
dashboard offers an intuitive, real-time view of the impact on network state and KPIs, 
significantly facilitating the debugging and functional validation process.

From the perspective of network operators, the proposed framework provides a 
practical sandbox environment for objectively testing and benchmarking rApps from 
multiple vendors under identical conditions. This capability supports the O-RAN prin-
ciples of openness and interoperability, allowing operators to mitigate deployment risks 
and make data-driven adoption decisions. Ultimately, by streamlining the process of 

Fig. 10  Consolidated snapshot validating the second application, the QoE enhancement rApp. The figure 
provides consolidated evidence of framework generalizability through the implementation and validation 
of a second application, the QoE enhancement rApp, within the same Non-RT RIC instance. The snapshot 
shows the runtime status view in which the QoE rApp is registered and active alongside other rApps, 
confirming that the framework supports onboarding and concurrent operation without structural changes. 
It also presents Docker-based process and container status, verifying that the relevant rApp components 
and framework modules are running during the validation. In addition, an example scenario configuration 
and the corresponding O-RAN system operational status are provided to contextualize the test conditions. 
Finally, the QoE rApp flow diagram summarizes the end-to-end procedure used for functional validation 
and highlights that the same standards-consistent closed-loop workflow is reused for a distinct application, 
including measurement retrieval and configuration actuation via the R1 and O1 interaction paths
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validating RAN intelligence, the framework acts as a key enabler for network automa-
tion, contributing to reductions in both OPEX and capital expenditures (CAPEX).

6.2 � Real‑world deployment challenges

The deployment of AI/ML in commercial networks introduces several principal con-
cerns, primarily related to data uncertainty, computational resource limitations, and 
challenges in system integration and security. Data collected from operational networks 
is often subject to latency, noise, and loss, which can degrade the predictive accuracy of 
AI/ML models and lead to undesirable control actions or service disruptions. In addi-
tion, many AI/ML models require substantial computational resources, making them 
sensitive to operational constraints. Furthermore, a deployed rApp must integrate seam-
lessly with existing management systems, operate reliably in conjunction with other 
rApps, and address security vulnerabilities that arise from enabling external control over 
RAN functions.

In this context, while the current case study evaluates a single network energy saving 
rApp in isolation, operational deployments often involve multiple rApps running con-
currently with partially conflicting objectives. Our framework can host multiple rApps 
on the same Non-RT RIC instance and record per-rApp decisions through a shared log-
ging and visualization pipeline under identical RAN emulator scenarios, enabling con-
trolled studies of multi-rApp interactions. We also note that conflict mitigation is an 
active topic within the O-RAN Alliance, including ongoing work on R1 services-related 
conflict mitigation and A1 policy conflict mitigation. However, the current implementa-
tion does not enforce an arbitration or conflict-resolution mechanism among rApps, and 
designing and evaluating such mechanisms remains future work.

To address integration and security, our framework adheres to standard O-RAN inter-
faces, providing a solid foundation for interoperability. To tackle the remaining chal-
lenges more systematically, we plan to evolve the framework in two key directions. First, 
we will introduce capabilities to simulate the non-ideal data conditions characteristic 
of operational networks, enabling developers to proactively validate model robustness. 
Second, we will enhance the benchmarking toolkit to support quantitative analysis of 
the performance–resource trade-off across alternative AI/ML models, thereby helping 
operators select practical designs tailored to their constraints. These enhancements are 
intended to mitigate the risk of post-deployment failures and system instability.

6.3 � Considerations for scalability and generalization

The success of AI/ML-driven automation depends critically on two factors, scalability 
and generalization. Scalability is the ability to maintain performance as the network 
expands, and generalization is the capacity to operate reliably in new and previously 
unseen environments. A model that is effective in a small-scale setting may lose practical 
viability in large-scale deployments as computational complexity increases. Similarly, a 
model overfit to specific traffic patterns can fail to adapt to the dynamic conditions of an 
operational network, thereby undermining the reliability of the automation system.

Operational scalability is not determined solely by model complexity. It requires that 
the end-to-end closed-loop pipeline remains operationally stable as the network scale 
and reporting load increase. Under higher load, bottlenecks typically appear in the 
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supporting pipeline, including measurement ingestion and feature construction, and 
may also arise in inference latency depending on the implementation. For an operational 
discussion, it is therefore important to identify which stage becomes the bottleneck and 
to describe practical mitigation options. To this end, the framework can record times-
tamps and structured logs at key interfaces to enable a stage-wise latency breakdown and 
to pinpoint bottlenecks. Typical mitigations include batching, down-sampling, shorten-
ing feature windows, and provisioning additional compute resources at the constrained 
stage. While full-scale benchmarking is beyond the scope of this paper, this instrumen-
tation provides a concrete basis for systematic evaluation under larger scale conditions.

The proposed framework serves as a research platform for addressing these funda-
mental concerns. Its integrated simulator provides the flexibility to vary network topolo-
gies, user distributions, and traffic profiles. Researchers can leverage this capability to 
quantitatively analyze the scalability limits of candidate AI/ML models and to systemati-
cally validate generalization across diverse scenarios. This foundation also supports the 
development and validation of next-generation AI/ML models, such as graph neural net-
works (GNNs) [28], designed for reliable operation in large-scale commercial networks.

6.4 � Limitations and future research directions

This study makes a significant contribution by providing a systematic methodology and 
framework for prototyping and functional validation of AI/ML-driven rApps. Because 
the work primarily focuses on functional validation, it does not include comparative 
analysis with other Open RAN development platforms, quantitative benchmarking of 
the case study rApp against SOTA algorithms, or validation across multiple use cases. 
In addition, this paper does not evaluate reinforcement learning-based policies or any 
online learning procedure. As future work, we plan to integrate reinforcement learning-
based decision policies into the same closed-loop workflow and systematically evalu-
ate their behavior under operational constraints, including safety constraints, decision 
latency, and signaling overhead.

However, while this paper focuses on functional validation of an integrated rApp in 
a closed-loop setting, the proposed framework can be extended to support quantita-
tive benchmarking. For example, energy efficiency can be evaluated using total energy 
consumption or relative energy saving aggregated over time and across cells, whereas 
service impact can be characterized using performance measurements collected from 
the RAN emulator via the O1 interface, such as throughput and PRB utilization. Fur-
thermore, the framework is not tied to a specific RAN emulator and can be instantiated 
with alternative environments, provided that the required measurements and configu-
ration operations can be mapped to the R1 and O1 interactions used in the workflow. 
Evaluating additional variants and conducting quantitative comparisons across multiple 
environments are beyond the scope of this paper and left for future work. For fair com-
parisons, the same scenario and input traces can be replayed under different policies and 
baselines, such as an always-on configuration and a simple rule-based control policy. 
In addition, time-stamped, structured logs enable offline profiling of these metrics and 
end-to-end behavior without modifying the rApp logic.

To expand this scope, we have defined a concrete short-term roadmap. We will inte-
grate the framework with large-scale hardware testbeds such as Colosseum [17, 29] and 
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X5G [20], and benchmark SOTA AI/ML algorithms [30]. We will also conduct compara-
tive studies against other development platforms and validate additional Open RAN use 
cases, including traffic steering and mobility load balancing (MLB) [4], to demonstrate 
the framework’s versatility.

Our long-term vision is to evolve the framework into an automated pre-deployment 
validation gate within the Open RAN MLOps pipeline. This gate will act as a check-
point that automatically verifies the functional integrity and performance of new AI/
ML models and rApps against predefined scenarios before deployment in an operational 
network. We expect this capability to enable rapid yet reliable innovation and advance 
the goal of trusted RAN automation.

7 � Conclusion
Open RAN presents a transformative vision for AI/ML-driven network automation 
through the RIC, yet a significant gap persists between theoretical AI/ML algorithms 
and their implementation as operationally viable rApp prototypes with validated func-
tional correctness. This algorithm-to-operation gap has been a primary barrier to fully 
realizing the potential of O-RAN. To address this challenge, we designed and imple-
mented an integrated development and validation framework that supports the entire 
lifecycle of an rApp, from prototyping to functional verification.

The utility of our framework was demonstrated through a case study in which an AI/
ML-based network energy saving rApp was designed and implemented. We successfully 
verified that the rApp prototype adhered to its intended operational logic, confirming 
the framework’s value as a powerful tool for ensuring the functional integrity of rApps. 
Building upon this validation, we also discussed the practical challenges of operational 
deployment, including scalability and generalization, and outlined a concrete roadmap 
for future work. This roadmap includes integration with large-scale hardware testbeds, 
comparative studies against other Open RAN development platforms, benchmarking 
of SOTA algorithms, and the exploration of additional use cases to further enhance the 
framework.

In conclusion, this work provided more than just a software tool. It offered a prac-
tical methodology and validation environment to tackle the fundamental difficulty of 
translating AI/ML research into operationally viable O-RAN intelligence. By lowering 
the barrier between conceptual algorithms and deployable prototypes, our framework 
serves as a key enabler, accelerating the innovation cycle within the Open RAN ecosys-
tem and contributing to the realization of a truly intelligent and automated RAN.
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