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Abstract

Beyond 5G (B5G) networks increasingly leverage open and disag-
gregated Radio Access Networks (O-RAN) to enable high-speed,
low-latency, and flexible services across diverse use cases. How-
ever, the dynamic nature of user traffic and network conditions
causes Artificial Intelligence (AI)/ Machine Learning (ML) models
in RAN Intelligent Controllers (RICs) to experience performance
drift - leading to inefficient radio resource allocation and potential
service level agreements (SLA) violations. This work demonstrates
a real-time drift detection, analysis, and adaptation by leveraging an
AI/ML framework integrated O-RAN. This is achieved with real-
time data collection from open interfaces which would be used by
intelligent controllers (i.e., Non-RT RIC) for training and inference
purposes of AI/ML models. The proposed drift-handling automa-
tion monitors network performance metrics to identify model drift
with minimal data and computation overheads and then adapts
to current network conditions by either retraining the model or
replacing it with an available pre-trained model. This approach
improves reliability, agility, and automation in multi-vendor B5G
deployments by means of drift detection and resolution.
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1 Introduction

In Beyond 5G (B5G) networks, mobile operators aim to support
a broader range of services that require higher data rates, ultra-
low latency, and greater reliability for billions of connected devices,
while simultaneously reducing capital and operational expenditures
(CAPEX/OPEX) [7]. Open and disaggregated RAN (O-RAN) plays a
central role in this vision by enabling interoperability, programma-
bility, and cost efficiency through open interfaces, virtualization,
and AI/ML-driven network automation.

AI/ML models offer a promising approach in O-RAN, as they can
effectively handle complex network protocols and make intelligent
decisions for network optimization and management [3]. Tradi-
tionally, these models are trained on historical or observed data,
making their performance highly sensitive to the characteristics of
the training dataset. However, in real-world deployments, network
traffic evolves continuously due to addition of new devices and roll
out of new applications and services. This mismatch between the
training data and the current traffic often leads to AI/ML model’s
performance degradation, a phenomenon commonly referred to as
model or concept drift.

In [1], model drift is identified when AI/ML model’s performance
metrics like accuracy, F1-score, recall, and precision exceed a pre-
defined threshold. Various drift detection techniques, including
Drift Detection Method (DDM) and Early Drift Detection Method
(EDDM) are reviewed in [6]. In [8], the fisher score—a statistical
measure capturing variation in specific features—is used for drift
detection instead of relying on the model’s online error rate. In
addition, [6] detects drift by monitoring shifts in the incoming
user traffic using descriptive statistics such as data range, mean,
mode, median, standard deviation, and variance. The authors of [5]
introduced a hybrid approach that tracks both error rate as well
as changes in the incoming data. All these methods require large
training dataset and high computational resources, and also prone
to false positives/negatives causing over- or under-provisioning of
resources and thereby leading to SLA violations.

This demonstration presents an advanced drift-handling frame-
work — drift detection, drift analysis, and drift adaptation — designed
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Figure 1: A Drift-Handling Framework in O-RAN

for O-RAN environments. Leveraging automated real-time data
collection from open interfaces and AI/ML model training and infer-
ence at the RAN intelligent controller (Non-RT RIC), the proposed
framework swiftly detects the model drift. Once drift is detected,
the framework dynamically selects and implements the most ap-
propriate adaptation strategy: rapidly retrains the model if it is
the case of sudden drift occurrence or automatically replaces the
trained model with an alternative model if it is the case of incre-
mental drift. Through this dynamic approach, we demonstrate how
the integration of real-time drift detection along with automated
adaptation can significantly improve the resilience and efficiency of
O-RAN, thereby helping the mobile operators to maintain optimal
performance despite evolving user traffic and dynamic network
conditions.

2 Drift-Handling Framework

Figure 1 shows the proposed draft-handling framework in O-RAN.
RICs provide more granular control and optimization of resource al-
location at various operational levels by managing the RAN through
Non-RT Applications (rApps) and Near-RT Applications (xApps).
The Non-RT RIC, part of the Service Management and Orchestration
(SMO) framework, is responsible for the AI/ML model life-cycle
management: data collection, data preparation, model training,
model management, model inference, and continuous operation [2],
as well as continuous monitoring of x/rApps for detecting model
drift. The Near-RT RIC provides near-real-time control, optimiza-
tion and monitoring of O-CU and O-DU nodes via xApps [7].

Data collection is a process by which telemetry data (e.g., Up-
link/Downlink user throughput) is gathered from various O-RAN
entities through open interfaces (E2, 01/02) and stored inside a
time-series database like influxDB. Data preparation occurs in an
ETL (extract-transform-load) process which comprises of extracting
data sources stored in storage repositories such as buckets, volumes,
and data lakes, transforming it by cleaning, structuring, and loading
the data into target environments.

During the model training, the chosen ML model (e.g., through-
put prediction model) is trained, evaluated, and validated to guar-
antee accuracy and reliability. This itself can be enhanced by opti-
mizing the hyper-parameters of the model. Model management is a
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service where trained models are stored in a centralized model cata-
log and used for inference purposes. The models are packaged with
the appropriate artifacts, metadata, and all supporting information
needed to deploy, replicate, and update in the future.

The AI/ML continuous operation component facilitates the con-
tinuous enhancement of AI/ML models over the AI/ML workflow
life-cycle. It is the component that monitors the performance of
all other workflow components by continuously monitoring on
the processes and the models’ performance. It gathers feedback of
the system and performs the necessary steps including re-training
and replacement of models on the basis of the drift observations,
thus facilitating the adaptive and efficient incorporation of AI/ML
models in O-RAN.

3 Live Demonstration

Non-RT RIC
(AI/ML Framework)

o Figure 2: Testbed Setup

Figure 2 shows a snapshot of the testbed setup. This live demo in-
corporates an Open5GS instance (the core network) and an srsRAN
deployment which includes one instance of srsCU, srsDU, and sr-
SUE. The O-RAN Software Community (SC) Near-RT RIC (i release)
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is deployed as a multi-container app following the O-RAN Alliance
specs. The srsCU connects to the core network, and the srsDU in-
terfaces with both the srsCU and the Near-RT RIC. The srsUE talks
to the srsDU over-the-air using ZeroMQ (ZMQ), to emulate RF but
without actual hardware. A continuous iperf session is used to gen-
erate the user traffic and the RIC makes use of the KPM-MON xApp
to gather real-time performance related stats (i.e., downlink and
uplink throughput) on a per-second interval over the E2 interface.

root@snsrl:/home/snsrl# kubectl get pods
NAME READY

1/1

STATUS
Running

continous-operation-bb6475c78-b7h68

Figure 3: Status of Continuous Operation

The Non-RT RIC uses Kubernetes (K8s) for the AI/ML workflow,
whose deployment was carried out on an Ubuntu 24.04 mini PC
having 22 CPU cores, 64 GB RAM, and enough storage to handle
the datasets used for training AI/ML models. It supports an AI/ML
framework (L release) that allows managing the lifecycle of AI/ML
models: training models, retraining, data ingestion, and drift detec-
tion. The data collected through O1/E2 interfaces are pre-processed
and used to train an LSTM model for throughput prediction which
is suited for sequential and time-series data. Once trained and vali-
dated, the model and its artifacts are packaged within the model
management component, which stores it in a versioned, cataloged,
and packaged format to be deployed or retrained in future.

3.1 Drift Detection Methodology

Once the setup is established, KPIs are continuously fed from KPI-
MON xApp to the influxDB database pod. Inside the Non-RT RIC,
the pre-trained deployed model processes the data streams and
forecasts the future values, such as UL and DL user throughputs.

The continuous operation pod continuously monitors incoming
KPIs and compares them against predicted values to detect drift in
the AI/ML model employed. The main responsibilities of this pod
include drift detection, drift analysis, and drift adaptability. Figure 3
represents the status of the continuous operation pod. For drift
detection, this pod employs a Root Mean Square Error (RMSE)-based
technique. The pod divides the real-time data into sliding windows
and calculates RMSE for each window by comparing the model’s
predicted outputs to the corresponding real-time values reported
through KPIs. When consecutive RMSE values exceed a dynamically
tuned threshold - calibrated via Particle Swarm Optimization (PSO)
to reduce false positives and maximize sensitivity — the pod flags
the occurrence of model drift [4].

The key algorithmic parameters used for the drift detection
are as follows: the window size, the total number of windows,
RMSE;y, and flag,, (flag violation threshold — a variable to indi-
cate whether the window is exceeding RMSE;;, RMSE threshold)
are set to 5,5,4.5,0.31, respectively. To optimizing these parameters,
Particle Swarm Optimization (PSO) is employed with a swarm size
of 20 particles iterating over 50 generations. The inertia weight is
set to 0.9 to balance exploration and exploitation, while the cogni-
tive and social coefficients are both set to 2.0, ensuring particles
are influenced equally by their own best position and the swarm’s
global best. Convergence is declared when the improvement in
the global best fitness value falls below 0.001 for five consecutive
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iterations, indicating that a near-optimal set of parameters has been
found.

3.2 Adaptation Workflow

When consecutive RMSE violations are detected and the RMSE
values are observed to be in a strictly increasing sequence, the
proposed framework performs a model replacement using a pre-
trained model from the catalog. If the RMSE values change abruptly
without an increasing trend, this signals sudden drift and triggers
model retraining. The model catalog contains pre-trained models
that can be swapped at the granularity of 500 ms. The duration
required for retraining depends on the volume of new data collected
and the batch size used for training.

3.3 Performance Results

During the live demo, we will show four phases : (i) initial operation
- where constant-rate iperf traffic yields stable model predictions;
(ii) incremental drift — by changing iperf traffic from constant-rate
to strictly increasing pattern; (iii) automatic adaptation — where
the model swap happens with a pre-trained model; (iv) sudden drift
- by changing iperf traffic from constant-rate to a burst pattern
where the model automatically goes for the retraining for adapting
to the new traffic pattern.

The proposed framework performs well by combining real-time
drift monitoring with automatic adaptation. The considered AI/ML
model achieves precision (0.9785), recall (1.0000), and F1-score (0.9891),
thanks to the dynamic drift-handling mechanism.
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