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Executive Summary

The overarching goal of the SUNRISES project is to establish a paituropean 6G federated
infrastructure in which multiple stakeholders can conduct experiments via a securenified
interface that allows them to request resources and run distributed applications and
experimentation workflows across multiple testbeds.Within this context, SUNRISIBG also
supports an Artificial Intelligence (Al) federation, whereAl and Machine Learning (ML) models,
as well as experimentation workflows, can be shared and developed.

Specifically, the SUNRISEG Al federation framework envisions thesharing and collaborative
deployment of experimentation workflows across multiple testbeds, which is currently hindered
by the existing fragmented and proprietary Al/ML approaches. Currently, most testbedievelop
and deploy their own Al models optimised for their specific network setups, often
using proprietary datasetsand local ML workflows. Additionally, heterogeneity in data formats,
Application Programming Interface (APIls), and orchestation frameworks makesit difficult to
share or federate modelsTo address this, SUNRIS&G promotes the development and sharing
of AI/ML models and workflows across all federated facilities, enablingollaboration and
resource and model sharing while continually improvingperformance.

By facilitating Al-as-a-Service (AlaaS), along with ML Operations (MLOps) and zetmuch
automation, the SUNRISEG Al federation framework enables collaborative experimentation
and lifecycle management of Al assets. The SUNRKSE Al Federation frameworkwill leverage

the advancements in MLOps, Al Operations (AlOps), and Foundation Models (FM) to facilitate the
building of incremental repositories of reusable AI/ML models and extracting synergistic
knowledge from serving models and workflows to edge intelfjence agents.

Deliverable D4.5 presents thdinal implementation of the SUNRISEG AlDriven Decision Engine

and the broaderEnd-to-End Al (E2EA) framework, extending the work initiated in D4.20) T EOE Al
report on Al-$ OE OAT $ A A BEJHESd réportebnsdiidatdsothe Al federation capabilities

O1T AAO 4AQBEOAG SRAEOCET T %l C BErovlingBicanpreherBidelview A A OOA (
of reusable AI/ML assets, experimentation pipelines, and orchestration mechanisms,
demonstrating their deployment and evaluation across federated testbeds.

The following aspects are addressed in this document:

1 An in-depth overview of thereusable Al/ML assets and foundation models developed
within the federation. This includes timeseries forecasting models,tinyML object
detection models, zero-shot learning mechanisms autoML pipelines, conversational
MLOps agentsand Open Radio Access NetworKO-RAN) Residual Network (ResNej
models for Random Forest RF) feature extraction. Theseassetsare registered in the
global MLflow registry along with metadata, preprocessing parameters, and performance
metrics, making them available for fine-tuning and domain adaptation across various
testbeds, fostering collaborative model development and experimentation.

1 A presentation of theAl/ML experimentation and modelling pipelines  implemented
at the local testbed level. These pipelines represent key innovations in local MLOps
practices and form the foundation for scalable, automated, and testbegpecific Al
experimentation workflows within the federated Al framework.

In particular, seven key experimentsvere executed and evaluated:

1) Transfer learning, enhanced AutoML fotime series prediction, which aims to optimise
prediction accuracy and adaptability in dynamic workloads using foundation model fine
tuning techniques.

2) TinyML for object detection on edge robotics, demonstrating lightweight Al models for
perception and decisionrmaking in constrained, decentralised robotic systems.

1D4.2 open access linkttps://sunrise6g.eu/wp-content/uploads/2025/07/SUNRISEEG_DA4.2 AlDecision_Engine_vZ1.0
ICOM_MA17.pdf
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3) Workload prediction and decision engine, which focuses on developing an MLOgdven
pipeline for proactive workload prediction and orchestration in Kubernetes(K8s)-based
cloud-native infrastructure.

4) A suite of AutoMlL-driven pipelines for classification, regression and anomaly detection.

5) O-RAN Distributed ResNet for Automated RF Features Extraction and modulation
classification.

6) MLOps for experiment description creation through aLarge LanguageModel (LLM)-
based system.

7) MLOps forNetwork Data Analytics Function(NWDAR, which implements robust MLOps
PDEPAI ET A0 OF 1 PAOAOGETTAIEOA ') 1ITAAI O xEO

This deliverable is related to Work Package (WP)T O) | B1 Al AT OAQGEIT 1T 1 &
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2 D2.2 open access linkhttps://sunrise6g.eu/wp-content/uploads/2025/07/SUNRISE6G_D2.Znitial -SUNRISEBEG
overall-architecture_|QU.pdf
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1 Introduction

This deliverable provides a comprehensive overview ofthe final implementation of the
SUNRISESG AlFederation Framework, concluding the work initiated in Deliverable D4.Znitial
Report on AlDriven Decision Engin@ It provides a consolidated view of the Al Federation
Framework, its mature capabilities, and the reusable Al/Mlassets workflows, and decision
making mechanisms implemented across the federated 6G testbed¥he content of this
deliverable closely aligrs with the objectives of WP4, focusing on the practical realisation of a 6G
library of Al/ML reusable models and workflows.Building on the foundations establishedn D4.2,
this deliverable reports on the final implementation of the experimentation workflows that
operationalise the Al plane across testbeds.

This deliverable receves input from WP2 and Deliverable$ ¢ 8 p 02 ADPiT OO 1B&nd 2 ANOEO
$¢8¢ O)1 EGEAT T GAORI I3 nhherd & tdcdodndddhicements and the

functional architecture of the SUNRISEBG Al federation were, respectively, detailed he present

deliverable D4.5 extends the work from WP2 by introducing additional functionalities in the
SUNRISESG Al Federation architecture thasupport the automation and centralised storage of
experimentation data collected through Telemetry APIs, while also introducing Statef-the-Art

(SOTA) and beyond SOTA Al/ML methodologies, implemented in the participating Al federated
testbeds.Additionally, this deliverable highlights the primary innovation strands relevant to the

AlI/ML experimentation workflows, which are primarily part of Task 4.3's activities.

Finally, it should be noted that this deliverable will serve as input to WP5, which will implement
mechanisms for integrating the Al plane federation across the participating experimentation
testbeds.

1.1 Mapping SUNRISEGG Outputs

The purposeof this sectionis to map SUNRISESG Grart Agreement (GA) commitments, both
xEOEET OEA & Oi Al $A1 EOAOAAT A AT A 4A0E AAOAOEDOI
work performed.

Tablel1: Adherence tcSUNRISEEGGA Deliverable & Tasks Descriptions

SUNRISE6G Respective
Task No. SUNRISEGG GATask Description Document Justification
and Title Chapter(s)
This task will implement the E2EAI Chapter 3 | Chapter 3focuses on
framework, with its key components, i.e., the reusable AlI/ML
(a) the ML Pipeline Orchestrator across assetsstoredin the
Federated infrastructures, (b) the ML global MLflow registry,
Task T4.3 | Model Registry and Management for which are produced
& Ldjiven C_ollabo_rative Al models t_:)uilding, through .
Decision finetuning, storage, serving aniifecycle experimentation
Engine for management, (p) the Edge Intelllgen(.:e. pipelines across
irtont agent. E2EAI aims to leverage on existin federated testbeds ang
ALO®GA@ opensource technologies for model made available for
deployment and serving such as Kiw, further reuse and
Feast (Feature store and serving), and refinement
Seldon. For the ML Pipeline orchestratio
E2EAI aimdo leverage and extend the Chapter4
features of the existing IBM opesource

3 D21 open access link: https://sunrise6g.eu/wp-content/uploads/2025/02/SUNRISE6G_D2.4Reporton-
requirements_M12_v1.0_SIE_final.pdf
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packages such as AutoMLPipeline, Lale,
and TSML to carry out the automation of
ML pipeline construction, operation and
optimization in terms of model
selection/replacement, hyper
parameterization and according to
constant monitoring for model drift and
infrastructure properties (health, capacity
etc.). TinyML techniques will be explored
for automatically replacing runtime ML
models with their compressed versions
(pruning, quantization), to maintain
resilience, even with lower inference
accuracy, upon infrasucture changes. Fa
the Edge Intelligent agent, E2EAI will bui
on the Project Wisdom baseline and on
) # /| -Edge, which will be extended wit
support for ML pipeline construction, and
automatically delivering infrastructure
workflows (e.g., ansible aerraform) with
zero coding efforts, based on training da
from successful experiments. Finally, the
agents are responsible for actuating the
intents by the IDLM mechanisms to matg
experimental context requirements as we
as for adapting pipeline comonents to
monitored model drift. This task will also
implement validators both for the
declarative descriptors of the entire E2E/
workflow and to check on the
appropriateness of the
data/model/infrastructure triples.

Chapter4 outlines the
Al/ML experimentation
and modelling pipelines
implementedat the
testbed levelwhich are
responsiblefor
developing, training,
and validating Al/ML
modelswithin the local
MLOps stacksThe
output of these
pipelines, including
trained models,
metadata, and
performance metrics,
are registered in the
Global M.flow Registry
contributing to the poo
of reusable Al/ML
assets described in
Chapter 3.

Deliverable Description

$Ys8w OCET ABOBDAAT OGAREOEJ T %l CEI AS

Final report on AlDriven Decision Engine for intent actuation

1.2 Deliverable Overview and Report Structure
The deliverable follows the following structure

Chapter 2 details the suite of reusable AI/ML assets offered to theentralised components for
federatedmanagementThis chapter descibes time series prediction assetstinyML -based object
detection models, zero-shot learning mechanisms AutoML-based classifiers, regressors, and
anomaly detectors conversational MLOps tooling, GRAN ResNebasedfeature extractors, and
MLOps workflows for NWDAF and experiment description automation.Each subsection
describes the theoreticabackground, architecture, and registration othe corresponding models
in the Global M.flow Registry.

Chapter 3 focuses on theapplied experimentation pipelines developedwithin the federated
testbeds, which serve as the main innovation angles for the Al federatioli.documents the
development, execution, and evaluation of AI/ML pipelines that generate the modeland
workflows later registered as reusable assetsn the Global M.flow Registry, as described in
Chapter2. Some examples includé¢ransfer learning-enhanced timeseries forecastingzero-shot
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learning for workload inference, AutoML-driven pipelines with conversational MLOps
interaction, modulation classification, and NWDAF MLOps workflows.

Finally, Chapter4 concludes the deliverablewith a summary of the presented materialand the
final achievements of the E2EAI framework

1.3 Changescompared to D4.2

This deliverable contributes to the final version of the SUNRISEG AlFederation Framework,
first introduced in D4.2.1t extends the previous work by enrichingthe catalogueof reusable
AlI/ML assets available through the global ML registry and by further developing the
experimentation and modelling pipelines thatgenerate and manage these assets.addition, the
pipelines described conceptually in D4.2 have now beenimplemented and experimentally
validated. More specifically:

1 Section 2 extends the set of reusable AI/ML assets available in the SUNRI&& ML
registry. Compared to D4.2, several additional models are introduced, including assets for
workload prediction, TinyML-based object detection, AutoML pipelines for classification,
regression, and anomaly detection, conversational MLOpgspabilities, and reusable ©
RAN distributed ResNet models for RF feature extractioblew capabilities such as zero
shot learning for workload prediction and Alassisted experiment description creation
are also presented, further expanding the scope of reusable Al components within the Al
Federation Framework.

9 Section3 presents the final implementation and executiorof the Al/ML experimentation
pipelines introduced in D4.2. The pipelines are now fully specified, including the
approach, experimental setup, workflow orchestration, and lifecycle management of ML
models.Experimental results are reported covering scenarios such as transfdearning-
enhanced AutoML for timeseriesworkload prediction, TinyML-based object detection on
robotics, workload prediction and decision engines, AutoMIpipelines for multiple ML
tasks, RF feature extraction using distributed ResNet models, and MLOps workflows for
experiment description creation and NWDAF analytics.

4D4.2 open access linkttps://sunrise6g.eu/wp-content/uploads/2025/07/SUNRISE6G_D4.2 AtDecision_Engine_vZ1.0
ICOM_MA17.pdf
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2 Reusable AI/ML Assets and Foundation Models

The SUNRISEG Al Federation Framework enables thefederated management sharing, and
adaptation of Al/ML assetsthrough incremental repositories of reusable modelsworkflows and
pipelines. A central component of this vision is the adoption ofoundation models, large, pre
trained models that can befine-tuned for specific tasks While this concept originated in natural
language processing and computer vision, it has recently expanded into ttime -series domain ,
where foundation models aim to learn universal temporal representations thageneralise across
diverse environments, devices, and data distributions

Within the SUNRISEBG context, such modelbecome shared, reusabl@l artefacts that support
collaborative intelligence across distributed testbeds while maintaining dataovereignty, as raw
data never leaves local environments. flis chapter introduces the theoretical backgroundand
architectural principles usedto build, adapt, andoperationalise these AI/ML assets within the
federation.

The sections that followdescribe:

9 Thetheoretical foundationsand modelling choices
1 The registered assets available in the global Ilow model registry
1 How each asset links to iteorresponding experimental workflow described in Chapter3.

Together, these contributions illustrate how the federation progressively evolves into a shared
ecosystem of reusable, composable, and adaptable Al/ML capabilities.

2.1 Timeseries Workload Prediction

This section presents the theoretical background and modelling principles underpinning the

transfer learning experimentdescribedin Section3.1, focusing on timeseries forecasting for 6G
telemetry data. The experimentis built on Neural Hierarchical Interpolation for Time  -Series

(N-HIiTS) [1] model, a stateof-the-art deep learning architecture specifically designed forthe

accurate and efficient forecastingof univariate and multivariate signals In the SUNRISEBG

context, NHIiTS serves as a reusabl&l/ML asset that can be shared, finduned, and evaluated
across federated testbeds using the Globallllow Registry.

N-HiTS belongs to the broader family of hierarchical interpolationnetworks [including Neural
Basis Expansion Analysis for Time Seri¢®-BEATS[2] ], and offers an appealing combinatiorof
lightweight design , high predictive accuracy, and interpretability . It integrates ideas from
deep learning, signal processing, and classical ensemble method provide strong
generalisation capabilities, particularly for long-horizon forecasting of teleméry such asCentral
Processing Unit(CPU usage and resource metricgrigure 1 shows the highlevel architecture of
N-HIiTS At the core of NHITSis the idea that a timeseries can be expressed ascombination of
several hierarchical components capturinglifferent temporal behaviours. The model uses a stack
of residual blocks, each containindully connected (FC) layerghat learn basic expansionghat
represent specific portionsof the temporal structure. Each block refines the forecast produced
by earlier blocks by focusing on theresidual (remaining error). In effect, the model approximates
the target signal as:

w B "Qw 4 Q)
Where "Q8 denotes the transformatjon learned at the™Q hierarchical block, and @ 4
represents the input window ofthe last Qtime steps.

A defining feature of NHITS is the use ofmulti -rate signal sampling via MaxPool layers inside
each block. This enables the model to process the signal at different temporal resolutions,
capturing both short-term fluctuations and longterm seasonal trends, while maintaining low
computational cost. This hierarchical, multiscale structure makes NHITS particularly effective
for long-horizon forecasting tasks where both local and global temporal patterns matter. The
residual block structure in NHIiTS followsthe principles of gradient boosting . In boosting, each
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new model is trained to correct the residual errors of the preceding models, and together they
form an additive ensemble that improves prediction accuracy step by step.-NiTS operates
analogously:

9 Each block receives the residual errors of the preceding block.
9 Its purpose is to learn the missing componerthat has not beencaptured so far.
1 The final prediction is the sum of all block contributions.

00 200 300

Model Input Stack Input Block Input
Backeast Period Forecast Period | ¥imLorsml ¥iet:r=1

I” — Ry MaxPoo

e 100 : - Q

200 0o 400 500 1 B.ILP Stack
z Stack Block 2
P g Stack 2 fosecant i 5 MLP MLP
ol 100 200 “300 a0 si0 3{ a
2 - e Block B - -
: : g siocks | 5
=9 100 200 :u':y;- 480 -;.f;:n. o
Global Forecast Stack Residual Forecast Backcast
(model output) (to next stack) Yerteibre ¥iorae
i’r+l:r+H’ ¥Yiius

Figure 1: High-level Architecture of NHITS[1]

This mechanism bridges modernneural architectures with well-established ML concepts,
resulting in a model that is bothpowerful and more interpretable than many deeplearning
alternatives. In addition, since NHITS decomposes the time series into separate, interpretable
components,the experimenters cananalyse how different temporal structures contribute to the
final prediction. This is particularly valuable for telemetry forecasting whereunderstanding CPU
load, bottlenecks, or anomaliesis as important as predicting future behaviorr. Additional
advantages include:

1 Lightweight training

9 High accuracy for long-horizon forecasting.

1 Efficient fine -tuning , enabling domain adaptation across different testbeds.

1 Compatibility with transfer learning workflows , crucialin federated Al environments.

The model is implemented using théarts library, which provides a unified APIfor training and
evaluating deep learningmodels. All experiments, both initial training and finetuning, are stored
in the Global MLflow Registry , including:

1 The trained NNHITS model and versioning,

1 Preprocessing metadatand hyperparameters

I Time-series descriptors

1 Evaluation metricsand

9 References to associated agfacts stored in MinlO.

This registration enables the model to act as a foundation timgeries asset that other testbeds
can retrieve, validate, and adapt to their owrdata, supporting the broader goals of the SUNRISE
6G Al Federation Framework.
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2.2 TinyML for Object Detection

This section presents the theoretical background and modelling principles underpinning the
experiment described in Sectior8.2, focusing on developing an object detection algorithn®bject
detection is a fundamental computer vision task focused on identifyingghat objects are present
in an image andwhere they are located as shown inFigure 2. Unlike image classificationwhich
assigns a single label to an entirenage, object detectiormust both classify objects and locadie
them by predicting bounding boxegrectangular shapes around the objects)A single image may
contain multiple objectsof different types, making object detectiorinherently more complexand

computationally demanding.
] Person 92% ﬁ

Traffic cone 92% ==

, i
= Traffic cone 93%
g |

Traffic cone 94% Traffic cone 96%

Figure 2: Example of object detectién

Within the context of SUNRISBG, object detection plays a critical role in enabling autonomous
robotics and reakttime perception in challenging environments, such as subterranean mining
These scenarios rely heavily on 5G/6@nabled connectivity to stream sensor data between
mobile robots and edge computing clusters. Howevecontinuous streaming over wireless links
is bandwidth-intensive and introduces latency constraints. TinyML modelssuch as lightweight
You Only Look OncéYOLQ variants, enable inference to run directly on the robot, reducing the
volume of data transmitted to the network while still enabling edgeassisted decisioamaking
when needed. This aligns with emergin§G principles(distributed intelligence, low-latency,and
energy-efficient on-demand processing), making TinyMibased object detection a key enabling
technology for advancedobotics and industrial automation.

Modern object detection methods generally fall into two categoriessingle -shot detectors and
two -stage detectors. Singleshot detectors, such as YOLO, process the entire image in a single
forward pass of a convolutional neural network This design makes them extremely fasind well-
suited for real-time applications or deployment in resource-constrained environments.However,
this computational efficiencycan comeat the cost of slightly reduced accuracyparticularly for
small or densely packedbjects. Twostage detectorsadopt a more elaborate pipeline: the first
stage generates regionproposals, and the secondtage refines these proposals and classifies
them. This two-step process typically yieldshigher accuracy and more stable performancéut
demands greater computational resources.

To compareand assess object detection models, standagiiantitative metrics are required.One

of the most commorfamilies of metrics isAverage Precision (AP) andmean Average Precision
(mAP). AP is computed as the area under therecision -recall curve , which is obtained by
varying the confidence threshold of the detectorPrecision measures the proportion of predicted
objects that are correctly identified (true positives out of all predicted positives), while recall
measures the proportion of actual objects that the model successfully detects (true positiveat

of all ground truth instances). Since precision and recaflaturally trade off against one another,

AP provides a single scorsummarisingOEA AAOQOAAOT OBrG gideA cadsl Avéragingd A
AP across all object classes yields the meAnerage Precision, the standard benchmark for object

5 Figure 2: https://docs.ultralytics.com/tasks/detect/
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detection performance. Moreover, Intersection over Union (loU) is a metric used to evaluate
how well a predicted bounding box overlaps with the grounetruth bounding box. It is calculated
as the area of the intersectiomlivided by the area of the union of the two boxes, producing a value
between 0 and 1 that quantifiedocalisation accuracy.

YOLO, first intraduced in[3] , remains one of the mostwidely used singleshot detectorsdue to
its balance of speed, accuracy, and architectural simplicitylore specifically, YOLO introduced a
transformative approach to object detection by reframing the task as aingle end-to-end
regression problem , predicting bounding boxesand class probabilities in one forward pass of a
neural network. This stands in contrast to earlier detection pipelinesyhich relied on repurposed
image classifiers or multistage region proposal mechanismsYOLO performs all predictions
from object localisation to class scoring, within a single fully connected detection headnabling
real-time performance while maintaining competitive accuracysSince its initial release in 2015,
YOLO has undergone numerous iterations, each improving speearchitectural efficiency, and
detection accuracyRegardless of version, the core principles remain consistent.

Figure 3 presents the architecture of YOLO. It comprises 24 convolutional layers, four max

pooling layers, and two fully connected layersSeveral architectural techniques contributed to its
efficiency:

1 The network first resizes images to 448x448standardising input dimensions prior to
processing.

1 Many layersfollow a bottleneck pattern: a1x1 convolution reduces channel depth,
followed by a3x3 convolution that extracts spatial features.

1 Rectified Linear Unit (ReLU) activation is used throughout the network, except in the
final prediction layer, which uses dinear activation to produce unbounded bounding
box coordinates and confidence scores.

9 Batch normalisation, dropout, and other regularisation mechanisms are applied to
reduce overfitting and improve generalisation

448

nz

|-

gl N —
448 3 4 28 3@
P 14, zIR - 7
n2 58 2 3 J‘-’ug >< H ><
| | " 7 7 7
3 192 256 512 1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers Conn. Layer  Conn. Layer
7x7x64-52 3x3x192 1x1x128 1x1x256 7 oy 1x1x512 .5 3x3x1024
Maxpool Layer Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-52 2x2-52 1x1x256 1x1x512 3x3x1024
3Ix3Ix512 3x3x1024 3x3x1024-5-2
Maxpool Layer  Maxpool Layer
2x2-5-2 2x2-52

Figure 3: Architecture ofthe YOLO object detection modgl]

The object detectionprocessinvolves the following steps:

9 Grid Creation. YOLO processes an input image using a deep convolutional neural
network and divides the image into anS x S grid Each grid cell is responsible for
detecting objects whosecentresfall within it.

1 Bounding Box Prediction. For each cell, the network predicts bounding boxes,
associated confidence scores, and class probabilities. The confidence score encodes both
the likelihood that the bounding box contains an object and the expected locsdtion
accuracy.The network also predicts C conditional class probabilitiesdne per class for
the potential objectg conditioned on there being an object in the box.
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1 loU.ltis common that a single ofect can have multiple grid boxcandidates for prediction.
YOLO ensures that only one boundingox predictor is assigned to each groundruth
object. This is determined by selecting the predicted box with the highest loU relative to
the ground-truth box. This strategy encourages individual predictors tospecialise in
specific shapes, scales, or aspect ratios, ultimately improving recall and stabilising
training.

1 Non-Maximum Suppression (NMS). After prediction, YOLO applies NMS to eliminate
redundant overlapping bounding boxesand retain only the most confident detection for
each object. NMS is a crucial pogrocessing step that ensures cleaner, more
interpretable detection outputs.

9/,/60 I AElT AAOAT OACA EO EOO AgAAPOEIT AT -ET EAOAI
time applications such as video surveillance, autonomous driving, and robotics. Its relatively

simple architecture, flexibility, and efficient training requirements have contributed to its

widespread adoption. While the model may struggle with very small objects or fingrained

object distinctions relative to some twastage detectors, YOLO remains one of the most practical

and influential object detection framewvorks in modern computer vision.

Given that SUNRISEBG targets distributed Al processingacrossrobots, the use of compact and
efficient object detection architectures is essential. The experiments in this project were
conducted usingYOLOv8(YOLO version 8), ore of the most advanced and versatile versions of
the YOLO family.YOLOV8 introducessignificantly more modular and flexible architecture,
making it easier to customise finetune, and deploy across diverse applicationsKey
improvements include:

9 High modularity and flexibility : YOLOv8 supports not only object detection but also
segmentation, classification, anghose estimation within the same unified framework.

9 Lightweight model variants : Smaller YOLOv8 models are optinsed for edge and real
time environments, providing excellent accuracyspeed tradeoffs for constrained
devices.

1 Improved data handling and custom -dataset integration : The configuration structure
simplifies training with domain-specific datasets, making it welbuited for specialised
industrial or research tasks.

1 Streamlined deployment and production APIs : YOLOVS8 includes updated export
formats, inference tools, and Python APIs that improve ease of use, model tracking, and
integration into production systems.

Thanks tothe aboveadvancements, YOLOvV8 provides faster trainingnore stable convergence,

and more accurate predictions compared to earlier versions, features that directly benefit the
object detection experiment presented inSection3.2. Within the SUNRISEG project9 / , / Opd O
lightweight variants are used to enable reatime object detection on autonomous robots
operating in , 4 5 & GTerBafeAn laboratory. These robots communicate with an edge cluster
through a 5G supernode allowing monitoring and coordination. Deploying TinyML-optimised

YOLO models directly on the robots reduces dependency on constant uplioknnectivity and

minimi ses latency while the 5G linkis leveraged for selective offloading model updates, and
telemetry streaming. This demonstrates how TinyML and modern objeetietection architectures
become essentiaknablers for distributed intelligence in future 6G environments.

2.3 Workload Prediction

Accurate workload prediction is fundamental for efficient resource management in 6G network
infrastructures, where computing resources are distributed across cloud, edge, and fadge
regions. By anticipating future demand for computational resources such as CPU and memory,
predictive models enable proactive resource allocationrather than reactive scaling. This
capability is crucial in 6G systems,where orchestrators and decision engines can levage
predictions to optimise K8s-based clusters by enhancirg performance, avoiding service
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interruptions , and fulfilling strict Service Level Agreements (SLAS) in dynamibeterogeneous
domains.

Recent research shows that AML models improve workload prediction accuracy and allow
network and cloud managers to adjust provisioning policies according to prediction confidence.
Therefore,this results in more reliable and energyefficient Al-native 6G orchestration[4] . At the
same time, modern network operators and hyperscale platforms already apply predictive
autoscaling techniques, similar to those implemented by services such as Amazon Web Services
(AWS) Predictive Scaling, to forecast network and compute demand trends. These approaches
enable edge resources to adapt dynamically to traffic variations while maintaining quality of
service[5] .

Al-driven orchestration frameworks, such as the Converged Adnd-O-RAN Architectural
(CAORA) framework[6] , demonstrate the benefits of combining predictivemodelling with
reinforcement learning to manage communication and computing resources jointhAs a result,
CAORA integrates workload forecasting using Long Sheferm Memory (LSTM) networks with
Soft Actor Critic decisioamaking to anticipate traffic surges and reallocatgraphics processing
unit (GPU and edge resources in real time. These proactive orchestration strategies are
conceptually aligned with predictive autoscaling inK8s-based testbeds, where intelligent
workload forecasting is central to achieving Alnative, adaptive, and energagaware 6G platforms.
Therefore, leveragingthese strategiesis not merely about performance enhancement; it is deeply
ET OAOxT OAT xEOE OEA DPOI EAAOSO OOOOAET AAEI EOU
Within testbeds hosting K8s infrastructures, efficient workload management requires continuous
adaptation to changing demand patterns. Traditional K8s autoscaling mechanisms are primarily
reactive and rely on instantaneousutilisation of metrics such as CPU or memorysage.
Consequently, his limitation can cause resource inefficiency and possible SLA violations when
workload spikes occur. Ks provides built-in scaling capabilities through the Horizontal Pod
Autoscaler (HPA) and the Vertical Pod Autoscale(VPA) to support dynamic resource
management[7] . For instance,the HPA automatically adjusts the number of pods according to
real-time metrics, ensuring responsiveness to workload variationsWhereas he VPA modifies
resource limits of individual pods to maintain optimal performance and resource efficiency.
Together, these mechanisms enable elastiadaptive scalability, which igarticularly relevant for
experimental 6Goriented testbeds exploring proactive Alassisted orchestration.

2.3.1 Approaches to workload Forecasting

Workload forecasting can beformally described as atime series problem, where the objective is
to learn temporal patterns from historical resource usage data to estimate future demand. In this
context, the system continuously observes metrics such as CBid memory utilisation over time,
and the forecasting model learns a mappingrom past observations and future resource
consumption. This approach enables proactive scaling and orchestration decisions by predicting
how resource usage will evolve over the ext few intervals.

As an examplehistorical resource usagdi (e.g., CPU or memorytilisation) is used to estimate
future demandal lover a forecast horizonQMathematically,the problem can be expressed as
the time series forecasting equation below

@l 1l Qohed B A 2)
Where"Qt represents a predictive model trained to capture temporal dependencies across past
observations. Thus, this formulation follows the classical definition of timeseries forecasting

introduced by Box and Jenkingand widely adopted in modern deep learningbased forecasting
models[8] [9] .

The goal of the prediction model is taninimise the error between predicted and actual resource
usage A commonly usedoptimisation criterion is the Mean Squared Error (MSE), defined as:
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0 "YO I (3)

This penaliseslarge deviations between predicted and observed values and is the standard loss
function in workload forecasting [4] [9] . Minimising MSE corresponds to maximum likelihood
estimation under Gaussiardistributed errors, ensuring stable and unbiased training

2.3.2 From Statistical to Deep Learning Approaches

Early approaches relied on statistical models such as AutRegressive Integrated Moving Average
(ARIMA) and HoltWinters exponential smoothing, which effectively model linear and seasonal
patterns. However, their capacity to capture nosstationary or highly variable workload
dynamics is limited[9] .

Subsequent efforts leveraged ML methods, such as Support Vector Regression (SVR) and RF, to
model nortlinear dependencies. Although these methods improved flexibility, they depend
heavily on feature engineering anadtannotretain long-term temporal dependencies.

Recent advancements have positioned Deep Learning (DL) as theTAfor workload prediction.
Sequential architectures, particularly Recurrent Neural Networks (RNNs) and their variants like
LSTM networks, have demonstrated superior performance in modling temporal correlations in
cloud and edge workloads. LSTMs overcome the vanishing gradient problem inherent in standard
RNNsby using gating mechanisms and internal memory cells, enabling them to retain relevant
information over longer time spans. This makes them especially effective in capturing recurring
usage patterns (eg., daily or weekly cycles) and bursty workloatbehaviours[10] [11] .

Empirical studies confirm that LSTMbased models consistently achieve lower MSE values than
classical statistical or ML models, particularly for shorterm forecasting horizons under highly
variable conditions. For example, evaluations using Google and Azure workload traces
demonstrated that LSTMs outperform ARIMA andRF baselines when predicting CPU and
memory utilisation [11] [12] .

2.3.3 Emerging Architectures

More recently, Transformer architectures equipped with seHattention mechanisms have
emerged as powerful alternatives to LSTMs due to their ability to learn lorgange temporal
dependencies more efficiently. In a comprehensive evaluation of statisticalUvland DL methods
for cloud workload forecasting, Lackinger et a[10] showed that LSTM and Transformer models
achieved the lowest MSE across multiple forecast horizons amgkneralised better out-of-
distribution (OOD) workloads. The same study demonstrated thdatransfer learning enables pre
trained models to predict unseen workload patterns without full retraining, significantly
reducing computational overhead

Building on this, recent research has introduced Time Series Foundation Models (TSFNI] ,
which leverage largescale pretraining across diverse temporal datasets tgeneralise across
different domains, workloads, and forecast horizons. TSFMs extend the scalability and
adaptability of Transformers by learning universal temporal representations that can be finre
tuned for specific workload prediction tasks. Similarly,Multi-Layer Perceptron (MLP)-Mixer-
based architectures, which replace recurrence and attention with tokerzchannel mixing
operations, offer lightweight competitive alternatives, reducing computational complexity and
memory footprint [13] . These characteristics make them especially attractive for resouree
constrained edge or faredge deployments in 6G systems.

Together, Transfer Learning, TSFMs, and MiNgixer architectures represent the next evolution
toward scalable, generalizable, and energgfficient workload prediction in Al-native
orchestration frameworks, supporting the vision of adaptive 6G edgeloud tegbeds built on K8s.

Workload forecasting and decisioamaking are typically organisedas a pipeline, as illustrated in
Figure 4. The process begins with the collection of historical and streaming workload data, which
serves as training input for predictive models. These models, based on statistical or machine
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learning methods, generate forecasts that are consumed by a decision engine. The decision
engine, implemented either as a ruldased controller or an autonomous policy module, uses
these predictions to perform resource management actions such as horizontal vertical scaling,
workload scheduling, and resource allocation within a K8s cluster.

Historical - Streaming
Waorkload

iy e =L S g%

B e
ey
L

Training Data Predictive Models Decision Engine Resources

Figure 4: Overview of thaNorkload Prediction Architecture

Building upon this conceptual workflow, Figure 4 also aligns with the MLOps architecture
implemented in the ISI/ATH testbed (see Sectiof.3). In this setup, telemetry data collected from
K8s clusters via Prometheus feeds the predictive model, whose outputs are then consumed by
the decisionengine responsible for scaling and scheduling actions. This design demonstrates how
the theoretical workload-forecasting loop is instantiated in practice, enabling anticipatory
orchestration in dynamic 6Goriented environments.

2.3.4 Model Lifecycle and Registry

In Al-driven workload orchestration, model tracking, reproducibility, and lifecycle management
are critical to ensuring that predictive components can be deployed, validated, and continuously
improved. As predictive models evolve through training, finduning, and evaluation, the ability
to store, version, and retrieve modelsconsistently and centrally becomes essential for
operational stability and scientific traceability.

To address this, modern MLOps pipelines adopt dedicated model registieas centralised
systems that manage the lifecycle of machine learning models, including their metadata, lineage,
stage transitions, and reproducible deployment. In both academic and industrial practice, one of
the most widely adopted tools for this purpose is MLflow ModeRegistry and artefact storage
with MinlO.

2.3.4.1 MLflow

MLflow is an opensource platform for managingthe E2E ML lifecycle. Itstracking component
allows systematic logging ofevery experiment run, including code versions,hyperparameters,
evaluation metrics,and output artefacts (e.g.,model binaries), via a lightweight AP interfacq14]

. This functionality ensures full traceability and reproducibility, which is critical for MLOps
pipelines deployed in dynamic environments likek8s.

The MLflow Model Registry provides a centralised cataloguefor managing and promotingML
models. It supports automaticversioningh OOACA OOAT OEOEI 1O j A8C8h
links eachmodel versionto the exactexperimentrun that produced it. These capabilities facilitate
robust experiment comparison, rollback, and auditing7] .

From an implementation perspective,MLflow Tracking supports logging via functions such as
mlflow.log_param() and miflow.log_metri€), which store searchable records ohyperparameters
and evaluation results. All artefacts, including trained models, plots, or datasets, are stored
externally, typically in a dedicatedobject store[15] .

The MLflow Model Registry maintains a unique entry for each model name, with sequential
version numbers. Each version is tied to the MLflow run and experiment that generated Tthis
provides full tracking, allowing usersto see exactly which run produced a given model, ensuring
reproducibility and auditability.
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2.3.4.2 ArtefactStorage with MinlO

MLflow uses MinlO as theartefact storage backend. MinlO is a higpherformance, opensource
object store that is fully compatible with Amazon S3 APIs. MLflow seamlessly integrates with
MinlO by configuring an MLFLOW_S3 ENDPOINT_URL, enabling scalable storage for binary

outputs such asserialisedmodels or large dataset§14] .

This MLflowzMinlO setup is not only common in enterprisedeploymentsbut also in cloudnative

ML platforms. &1 O ET OOAT AAh

# AT T 1 & Bulk ifod R8s ehtdirdn®énts Ahat - , &£l 1 x

bundle MLflow with MinlO, providing a unified, reproducible pipeline forartefact tracking [7] .

2.3.4.3 Kubernetes and Orchestration Integration

MLflow and MinlO are commonly used ircontainerised ML pipelines onK8s. MLflow provides

AOGEI OZET

0 O b E8s GePployrEntOlts thddél Bakkaging feature allows one to build a
Al 1T OAET AO Ei ACA AT A AApii U EO Oi

KBS tubki@d dhdowa A D1 A O,

how to use KFServindKServe) to serve MLflow models on &8s cluster. Kubeflow pipelines can
also invoke MLflow.A strong approach is as followsMLflow is deployed alongside Kubeflow and
uses MinlO for storage. This illustrates howMLflow+MinlO combinesin a fully managed K8s

MLOps environment[16] .

1  KServe: MLflow natively supports KServe for scalable serving oK8s. The MLflow docs
demonstrate how to train a model, package it, and deploy to KServe usihf_flow as the
interface. All model files served by KServe can be loaded from artefact store (e.g. MinlO)

by using an s3:// URI in the KServe confiffL4] .

i Kubeflow Pipelines: Platforms like Kubeflow often integrate MLflow and MinlO under the
hood. For example, the Charmed Kubeflow bundle installs MLflow with MinlO onk#s
cluster [16] . In such pipelines, MinlO providegersistent storage for all MLflowartefacts,
providing a Kubefow+MLflow+MinlO that enables team-wide experiment sharing and

reproducibility.

Figure5illustrates how the model training process is orchestrated via Kubeflow Pipelines, which
executes forecasting experiments using telemetry data collected from th€8s cluster. During
training, all metadata (parameters, metrics, tags) is logged to the MLflow Tracking Server, while
model artefacts are persistently stored in MinlO. Once a model is validated, it is registered and
versioned in the MLflow Model Registry, enabling downstream components such as the Decision
Engine to retrieve specific, productiorready models via astandardised API.

This integrated architecture ensures traceability, reproducibility, and governance across the
entire ML lifecycle. It supports the deployment of reliable, versioned models for timseries
forecasting and workload prediction in dynamic 6G environments, aliging with the project's

goals of zeretouch orchestration and scalable Abriven decision-making.
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Figure5: MLOp<Registry Architectureor 6GWorkload Prediction
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2.4 Zero-Shot Learning for Workload Prediction

One major challenge in dealing with reatime data collected from the telemetry ofK8s clusters

in testbeds is the speed of execution of the chosen model, which is crucial for making timely
predictions. A typical approach using traditional models is to train an@ptimise the parameters

of the ML model, including its preprocessing pipeline, and then deploy this trained model to
predict resource utili sation and detect anomalies in testbed clusters. Since data may drift due to
changes in the environment, thetrained model may need to be retrained tominimise false
predictions after a specific period of time to adapt to these changes. The retraining will involve
the collection of new baseline data that may require manual intervention and repetitions of the
training process, which may take time and cause delaydfecting the timely predictions of the
streaming time series data.

Recently, a more promising approaclhas beenrelying on TSFM variants that have been trained
on large and heterogeneous timeseries datasets, exploiting theirgeneralisation capability for
zero-shot learning. However, some of the major issues with using any of these variants are the
high computational costs and slow speed of execution to perform inference with respect to the
volume of time series data in reatime applications. With these issues in mind, IBM introduced
Tiny Time Mixers (TTM)[17] which is a compact model starting around 1M parameters with
zero-shot learning capabilities exclusively trained using public datasets. TTM outperforms many
SOTA FMs in zershot forecasting with a significant reduction of inference time. Moreover, its
lightweight architecture allows it to run CPUonly machines without significant slowdown in its
performance and makes it deployable to infrastructures with limited resources.

Figure 6 summarisesthe main architecture and features of TTM. One major design of TTM is to
perform multivariate forecasting across different channels of a timeseries dataset. TTM follows
a multi-level architecture composed of four components:

1 TTM Backbone;

1 TTM Decoder;

9 Forecast Head;

1 Exogenous Mixer.

The TTM Backbone is derived from the building blocks of TSMix¢t8] . The TTM Decoder is
similar to the TTM backbone butis 10-20% smaller. The Forecast Head is a linear head for
producing forecast output, while the Exogenous Mixer is used to fuse exogenous data into the
forecasting process.

The pre-processing inFigure 6 (a) starts with the normalisation of the time series dataand
subsequently patched into noroverlapping windows and sent to the TTM Backbon&s shown in
Figure 6 (b). Patching is employed to preserve local semantic information to accommodate a
longer history and reduce computation time. In order for TTM to have generalisation capability
across a wide range of datasets with varying resolution, yet having an extrefy small model, the
following enhancements have been employed from the TSMixer backbone:

1 Adaptive patching;
1 Augmentation via diverse resolution sampling;
1 Resolution prefix tuning.

More details of these enhancements can be found in the padéi7] . The Exogenous mixer block
in Figure 6 (c) replaces the forecast values of the exogenous variables by their true valyesich

are known in advance. The intecchannel lagged correlations are computed by patching the
exogenous variables into a series of overlapped windows and sent to the TSMixer for channel
mixing.

The zerashot (ZS) performance of TTM has been compared with SOTA grained models such

as TimesFM, Moirai, Ladglama, Chornos, and LLMTime. Using datasets such as Electricity
Transformer Temperature (ETT), Weather, Electricity, Traffic, Bike Sharing, (@n Capture
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Plant, etc, TTMzero-shot results consistently outperform the fultshot results of SOTA models,
with TTM having the lowest inference time and memory usage. More detailed benchmark
discussion and results can be found ifL7] .
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Figure6: TTM Architecture Overview

2.5 AutoML for Classification , Regression, and Anomaly Detection

The typical ML pipeline for classification, regression, and anomaly detectiorequires someor a
combination of the following steps:

Data cleaning: Imputation, Interpolation, etc.

Feature transformation: Normalisation, Scaling, Hobit Encoding, etc.
Feature selection/ANOVA, Correlation, etc.

Featureextraction: PCA, ICA, FA, MDS, etc.

Modelling: RF, XGBoost, SVM, ANN, AdaBoost, etc

Searching for the best combination ofunctions to be used inthe different steps of the pipeline
and finding their corresponding optimal parametersrequires a combinatorial search spac§l9] .
Having anelegant way to express the pipeline workflowin a symbolic manner can help lessen the
complexity in the management andnalysis ofthe wide array of choicesduring the optimisation
process. We introduce the AutoMLPipeline toolkit [20] that aims to address this issue by
supporting the following features:

=A =4 =8 =4 A

1 Pipeline API that allowsa high-level description of the modelling and preprocessing

workflow to support explainability and easydata mining of optimal pipeline signatures

Symbolic pipeline parsing to facilitate easy expression of complex pipeline structures

Common API wrappers for ML libsincluding scikit-learn, caret, etc.

Easily extensible architecture by overloading two APIs: fiind transform.

High-level implementation of metaensembles for the composition of ensembles

(recursively if needed) to support robust prediction routines.

9 Categorical and numerical feature selectors for speciaéd pre-processing routines based
on types.

9 High-level code of parallelsed CV routines byleveraging the multithreading and
distributed computing features of the Julia language.

=a =4 =8 =9

The main feature of the toolkitis the use of relatively compact symboliexpressionsto compose
ML pipelines. For example, the pipeline expressiomo extract the numerical features(numf) for
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PCAdecomposition, concatenatedwith the hot-bit encoding (ohe) of the categorical features
(catf) for RFmodelling, can be expressed as:

ML Pipeline: ¢ 0 68Q N GG OO EM s | 'Q @
where: Gs Q0 QONG GO GE & GwibY

To avoid the bruteforce approach of exhaustive search, wattack the problem bydecomposing
the search into two stages:

1. Model selectionusing a surrogate preprocessing pipeline
2. Searchingfor an optimal preprocessing pipelinewith the best model found in step 1

We use the following expression for the surrogate preprocessing pipeline:
Surrogate Pipeline: 0O XM £¢0604Q 1 & N (5)

The surrogate pipelineexpressionindicates onehot encoding (ohe) of the catf concatenated
with the numf and then finally transformed by robust scaling(rb ) and feature extractedby pca.
The toolkit supports many preprocessing and modellingcomponents but for the two-stage
strategy implementation, we usea subset ofML componentsfor benchmarking:

1 6 scalers: Standardstd ), MinMax (mx), Robust(rb ), Normaliser (norm),
PowerTransformer (pt ), Noop (noop)

91 4 feature extractors: PCApca), ICA(ica ), FactorAnalysis(fa ), Noop (noop)

91 6 classifiers/regressors. RandomForest(rf ), AdaBoost(ada), DecisionTree(dt ),
Gradient-Boosting (gb), LinearSvm(lsvm ), RbfSvm(rbfsvm )

9 16 anomaly detectors:IsolationForest, EllipticEnvelope, OneClassSVM,
LocalOutlierFactor,Angle-base Outlier DetectionClustering-Based Local Outlier
Connectivity-Based Outlier FactorHistogram-based Outlier Detectionlsolation Forest,
k-Nearest Neighbors DetectarLocal Outlier Factot One-class SVM detectaPrincipal
Component AnalysisMinimum Covariance DeterminantSubspace Outlier Detection
Stochastic Outlier Selection

For the two-stage strategy, we introduce the idea of pipeline blosk A block iscomposedof a
scaler(sc) andanextractor (xt) .A oneblock pipeline can be expressed as:

i @ wos G QQa (6)
Based on the results of benchmarkind20] , we consider thetwo-block pipeline template
described belowasthe best compromise of speed and accuracy:

s op i@ ®o s aéQQa @
where sclandxtl representascaler andafeature extractor in the first blockof the preprocessing
component in asimilar way that sc2and xt2 are the scaler and extractor in the second block of
the preprocessing pipeline. Finally, the outpwg of the preprocessing components are processed
by the model, which can be either a classifier, a regressor, or an anomaly detectepending on
the problem requirement. Finding the optimal pipeline corresponds to finding theoptimal
components ofthe two-block pipeline template:scl, xt1, sc2, xt2 together with the best model in
step 1, such thatthe pipeline when evaluated has the best resultOur benchmark comparisons
indicate that the two-stage strategyin combination with the two-block pipeline representation is
significantly faster and provides superior solutions than most of the other AutoML algorithms,
such asAuto-Skleam, Tree-based PipelineOptimisation Tool (TPOT), Hyperopt, Random Search,
and ATM[20] .

Figure 7 and Figure 8 compares the performance of AutoMLPipeline with the performance of the
best AutoML model in the literature for classification tasks. It can be seen that the AutoMLPipeline
performs aswell as the best AutoML in many datasets and performs significantly better in prob
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plant-shape, and firstorder datasets. All these datasets are part of the OpenML benchmark data
for classification models[20] .

There are two levels of parallelism. The first level includes simultaneous executions of simple
pipeline vs complex pipeline searches. With each pipeline search, several workers are used to
speed up evaluation and identifithe best pipeline. Depending on the usease, one can choose the
simple pipeline solution, which is significantly quicker than the complexpipeline solution but
with less accuracy. For critical usease requiring the best solution, the complex pipeline shall be
used at the expense of lorgy search time.

The anomaly detection algorithm relies on ensembles of 16 anomaly detectors to identify
whether a particular observation is anomalous or not. The decision is based on the @ft voting
percentage ). For any given cutoff percentage, any observation receiving at leagtpercentage

is considered an anomalous point. By controlling the value of one can decide whether to detect
changepoints (higherp value) or to detect local spikes (lowep value), depending on the usease.
This flexibility comes at the cost of higher computation because tabtain the final results, all 16
detectors must finish computing in parallel, with some latency that is onlyseful in a batch
processing environment. The effectiveness of ensembling these detectors can be attributed to the
varying strategies employed by eacfwith some focusing on local neighbourhoods and others on
global neighbourhood comparisons to identify anomalous points without supervision.

Dataset  NAs Size Cat Num  Rows Cols Class Best Result AutoML

0 9873 5 6 75.10 + 02.59 ATM
699 10 2 01.44 £ 02.22 ATM

analcatdata 0 22K
breast-w 16 18K

00 = Lh
L=

cme 0 30K 2 1473 10 3 4333 £ 01.52 TPOT
credit-app 67 39K 10 6 690 16 2 11.11 £ 03.52 ATM
eucalyptus 448 74K 6 14 736 20 5 3541 £05.02  AutoSk
first-order 0 2.6M 1 51 6118 52 6 38.48 +£01.95 TPOT
GestureSeg 0 3.3M 1 32 9873 33 5 32.78 + 03.59 TPOT
jml 25 826K 1 21 10885 22 2 18.13 £ 01.55 TPOT
profb 1200 25K 5 5 672 10 2 32.43 + 05.84 TPOT
plants-shape 0 892K 1 64 1600 65 100 36.54 +03.53  AutoSk
sick 6064 300K 23 7 3772 30 2 01.30 + 00.87 TPOT
soybean 2337 171K 36 0 683 36 19 06.59 + 02.79 ATM

Figure 7: Performance of Baseline AutoML Algorithms

| Block 1 | Block 2 |
Dataset Rank AvgEr  Std  Time | Scl Fxl | Sc2 Fx2 | Lr
analcatdata 1.= 75.54 491 0.56 | minmax noop | powertf factA | ada
breast-w  1,= 211 1.65 0.41 | norm noop | minmax noop | rbfsve
cmec 1,= 42,57 345 2.28 | stdsc noop | robustsc noop | gb
credit-app 1,= 11.03 459 0.50 | stdsc noop | powertf factA | lIsvc
eucalyptus 1,= 3340 6.13 2,78 | stdsc noop | noop factA | gb
first-order 1,> 3637 249 5.51 | noop ica noop noop | rf
GestureSeg  1,= 3046 1.03  9.69 | norm ica stdsc noop | rf
jml  1,= 1767 0.79 16.62 | robustsc noop | norm pca if
profb  1,> 2469 5.29 0.61 | stdsc ica stdsc noop | lsve
plants-shape 1, > 2605 277 3.97 | stdsc factA | norm pca rf
sick 4,< 6.26 1.01 2.65 | robustsc pca noop noop | gh
soybean 5, < 13.24 2.62 0.57 | robustsc noop | noop noop | lsve
Median/Mode 1 2537 270 262 | stdsc noop | noop noop | rf

Figure 8: Performance oAutoMLPipeline
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2.6 Conversational MLOps

MLOpsrequires astrong understanding of the processes involvedncluding data management,
collection, exploration, documentation, and transformation; model selection, tuning, evaluation,
deployment, monitoring, retraining, and maintenance costs. WhilMLOpshelps streamline the
processes involved, there are some steps where coding is necessary to make the processes work
properly. One way to address this problem is t@ummarise these steps intoa parameterised
Argo® workflow template where each step will be carried out by @ockerised application that
performs a specific taskand by stringing together these steps, the entire workflow becomes fully
automated.

To achieve zeretouch coding, we leverage the technology proposed and implemented by
Anthropic called the Model Context Protoco(MCP [21] . MCP enabletkMM [22] trained to use
tooling to exploit the services provided and advertised by applications through MCBuch that
LLM can call these services to extract information, resources, or run functions to perform specific
tasks while maintaining and adapting context for multiturn interactions.

There are three challenges that we are trying to address by developing conversationdLOps
with LLM and MCP tooling support for different resources:

1) talk to data for insights, reports, aggregation, summaries;

2) talk to data for MLOpsworkflow;

3) talk to data for workload management, model performance tracking, incidents and
anomaliesreporting .

Figure 9 outlines how an Al agent (LLM + Memory + MCP) is used to interact with the different
sources of data to bring about thaalk to data paradigm. Many of these MCP tools are already
available, authored bythe open-source community and by making all these tools available to LLM,
the Al agent can manipulate a combination of these tools to execute services, query or extract
information from the telemetry, preprocess or manipulate data, train or reuse models, maiain
sessions, and adapt context based on user intent.

|m| Al Agent

"~ When chat message
received

=) (o

Figure9: MLOPs Tools Exposed by MCP for LLM Usage

One important solution we develoged is to automate MLOpswith zero or minimal coding. The
combination of LLM and MCRPRprovides high-level interfaces to users through prompts and
conversations that convey intent for the LLM to translate into MCP callswhich execute the
underlying MLOpsworkflow. The Argo Workflow server handles the orchestration to execute

6 Argo access linkattps://argoproj.github.io/
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each stepdescribed in the workflow template and provides control logic to enable loops,
conditions, parallel executions, parameterisation, and gemplating mechanism for easy sharing
of reusable workflows.

With Dockerised solutions, one can treat each task in a workflow as a black bitvat can be
implemented in any programming language. The major requirement is for each task to follow the
input and output specifications defined in theArgo workflow API to make these different
solutions communicatewith each other by passing their outputs as inputs to the next step in the
workflow, similar to the Unixpipe paradigm.

2.6.1 Innovation: Zero-Coding AutoML Workflow Using Al Agents

The toolkit covers the three important uses of ML modellingin AutoML, namely: regression,
classification, and anomaly detection. The typicargo workflow for the three types ofmodelling

shares similar preprocessing components and only differs ithe model types. Classification
problems expect the target outputs to be categoriesvhile regression models expect numerical
outputs. In the case of anomaly detection, we use models that are unsupervised there is no
training involved and noneed forsupervised target outputs.

Figure 10 shows the three major Al agents used, namely: Al agent for AutoML deployment; Al
agent for deployment and monitoring; and Al agent for results summarisation. In a more
advanced usage, we explored supervisavorker models where the supervisor generates tass
and dynamically deploys workers equipped with MCP tools for each task. Results from sapents
are then aggregated by the Report Writer agent and evaluated by LLM as a judgemparing the
user query and results. If the LLM as a judge is satisfied with the results, it will output the final
findings from the Report Writer. Otherwise, the main task is returned to the Orchestrator to try
againto processthe user query. The maximum number of retries allowed by the LLM as a judge
is set to 3 but can be chaged by the user depending on how goothe running Agents are Initial
study indicates that using big models such as Claude Sonnet requires just one cycle to create the
final report in most cases while smaller Ollama models can require more cycles or get stuck in
the final cycle with aninferior or inaccurate final report.

When chat messal
received

(]
:‘J“T\\
N\

Monitoring Al NG Summarization
F |G' R e ' D la' Agent Y 'a' Al Agent

s8) (o) (rn) (=) (e s) (o

Intent Chatbot Intent Memory Argo Workflow Monitoring Chatbot Monitoring Memory  Cluster MCP Summarization Summarization Logs MCP
Trigger Chatbot Memory

Figure 10: Figure Al Agents with MCP Tooling

Figure 11 shows the architecture used for deploying and monitoring applications as well as
summarising results of any Argo workflow for classification, regression, or anomaly detection.
The subagents are dynamically created based on the number of taslgenerated by the
supervisor or orchestrator. It is important for this architecture to manage context because of its
nature to be highly dynamic. Sukagents should only receive specific tasks so that they can focus

©SUNRISEBG Page |30




— i
=A< m—

$yp8w O&ET ABOBAAT OHDABREOCE) T %i CET AS SUNRISE

their attention on the specific domain to avoid attention scarcity caused by exploding context size

if the increasing number of tokens in messages and conversations becomes part ofghb-A CAT 06 O
memory. Agentto-agent behaviour is dynamicand with MCP tools, new information requires

updating of old context to make sure that the agent learns the new information with higher
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Figure 11: SupervisotWorker Agents Using Context Engineering

Figure 12 showcases the typical workflow of conversational MLOps. When a user asks the agent
to deploy certain Argo workflow, the agent uses the MCP to get the lists of available workflows
and reads the YAML files describing the parameters and steps in the workflowDnce the agent
gets the proper context of how to use each workflow template, the agent uses MCP to select the
appropriate Argo workflow and pass the corresponding parameters based on the conversation
from the user. Upon submission of the workflow, MLflav tracks the experiment and saves the
final model in the Minio object store. The Argo workflow also uses the Minio object store to load
the dataset and save the logs of the deployed Argo workflow. During deployment, the agent can
be asked to monitor the deloyment and report the status back to the user in the chatbot
conversation. The user can also ask the Al Agent to summarise the resultee summarisation
task requires the Al Agent to use both MCPs f&t8s and Argo tools to get the logs of the pods
deployed by the Argo workflow. The code for MCP and other related files can be found in our
GitHub repo[23] .

Al Agents Argo Workflow Server AutoML Argo Workflow
Deployment
G T

—

PFEQYWNIOD M I i®

o
e o
MLflow

MLflow Experiment Tracking
and Model Serialization

Figure 12: Agentic MLOPs Workflow

©SUNRISEBG Page |31




SAS

$yp8w O&ET ABOBAAT OHDABREOCE) T %i CET AS SUNRISE

2.7 Reusable O-RAN Distributed ResNet model for RF feature
extraction

The GRAN allows forthe smooth distribution of the workloads of signal processing and resource
allocation across the RAN infrastructureA practical and widely adopted implementation of cell
free networks is based on the dRAN architecture[24] , where the distribution of computational
workloads is a fundamentalconsideration for design This distribution is achieved through the
functional disaggregation of the network into three primary components:

1. Central Unit (CU): responsible for higherlayer processing and network control
functions, essentially managing the parts of the radio protocol stack that do not require
real-time execution.

2. Distributed Unit (DU) : performs the upperlayer and final stages of physical layer
processing.

3. Radio Unit (RU) : responsible for executing lowetlevel physical layer processing.

Several studies, such athose by D. Cabric et a[25] , have investigated location diversity and
consensus mechanisms among multiple sensing receivers. Initiativdike RadioHound [26]
further exemplify the growing interest in distributed sensing paradigms. It is important to note,
however, that while the sensing operations are distributed across multiple nodes, the data
processing typically remains centralisedIn this context, deep learning models like ResNdtave
been widely used as one of the most effective models for sigrassificationtasks[27] . Recent
studies have examined network models that utilise multiple input streams to exploit diversity
gains, providing useful insights into multisource feature learning[28] .

However, research on fully distributed implementations, particularly in scenarios involving
multiple input signals from spatially distributed nodes(i.e., like in CFMMIMO), remains limited.

While some initial efforts have explored aspects of distributed processifg@9] , there is still agap

regarding the tradeoffs between feature extraction accuracy, fingerprinting reliability, and
computational complexity. This gap is especially relevant icell-free O-RAN-based architectures,
where distributed deep learning models such afkesNet could play a key role in physicdayer

feature extraction.

Throughout the SUNRISEG project we adhere to this GRAN-based terminology and functional
assignment specifically, we focus on the disaggregation of the physical layer functionalities
across the RU and DW.o this end we havedisaggregated a ResNet machine learning model into
a distributed O-RANbased celifree architecture. This model allows leveraging timelomain
feature extraction from sequential 1Q signal processing throughout the-BAN components as a
function of the computational resources availableon the RAN edgeFigure 13 shows a highlevel
overview of the disaggregated ResNet architecture.

The RUs stream the iphase (I) and quadrature (Q) components (timedomain data)
sequentially. To parallelise the RF feature extraction task, we introduced an 1Q buffer in the input
to store N samples. Therefore, the input layer of the model receivéscomplex samples, which
are represented ag) ¢ real-valued samples (buffered in parallel). This means ResNet performs
the feature extraction on a pesframe basis rather than per sample, where each frame is
represented as a matrixkR of N rows and 2 columns corresponding to the I, and Q components,
respectively. Further, each RU can perform a preliminary decision based on the feature extraction
stack and forward it to the DU for a final decision comprising the intermediate processing from
multiple RUs.

Depending on the last dense layer and exit layer, the model could be used either for classification
tasks of different RF features (e.g., signal modulation, spectrum occupancy, technology
classification) or regression tasks (e.g., power spectral densityx@icit radio localisation
extraction in the context of Joint Communication and Sensing). This adapted version of ResNet is
fully scalable (including computational scalability) across the GRAN architecture. This means it
can be easily adapted depending othe task complexity, required accuracy and computational
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resources available in the RAN edge. Further, in subsectioch5 we present different
disaggregation topologies of ResNet for automated modulation classification in the framework of
cell-free ORAN as well as the results achieved.
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Figure 13: Conceptual Overview of thRistributed ResNeModel in GRANbased Architecture

2.8 MLOps for Experiment Description Creation

Chatbots and LLMbased assistants are emerging as novel tools fogsearch infrastructuresto
reduce the entry barrier for new userswho need to use the infrastructure. As such, an LLM can
be used to construct the experiment description and submit it to the infrastructure to conduct the
experiment. When designing an LLMbased chatbot, it is important to consider how the LLM
model acquiresspecialpurpose knowledge. There has been wide research ialevant literature

on how this can be accomplished. Q. Dong et [&0] , present insights on how LLMs can be used
to integrate and apply domainspecific knowledge with the usage of ircontext learning (ICL),
providing the techniques, and challenges of ICL. One widespread way of integrating an external
source of knowledge intoLLM, based on ICL and structuring the retrieval information part, is
through Retrieval-Augmented Generation (RAG) systems. Y. Gao et[al] , provides a brief
analysis of the architecture of the different components and the advancements of RAG systems,
analysing different sophisticated models such as Naive RAG, Advanced RAG, and Modular RAG.
They also propose methods for evaluatingagn RAG system, many of which were utilisetb
evaluate our proposed system. C. Jeof8p] explores a different way to construct domairspecific
LLMs via Fine Tuning (FT). The authors implement a comprehensive approach for the FT process,
analysing various aspects such as dataset selection, preprocessing, arael choice, particularly
focusing on building LLMs for the financial field. In[33] , the author explores applying an LLM
model using the domainspecific knowledge of surface engineering, having as a dataset a list of
scientific papers of the field, using the indexing method. This work highlights the importance of
integrating advanced Altools with expert knowledge to enhance accuracy and relevance in a
specialised field (such asurface engineering) oriented quey. Exploring the integration of LLMs
into specialiseddomains, it is worth mentioning the work of B. Wang et a[34] , which provides
LLM-powered agent assistance into the video editing workflow, aiming to simplify complex
editing tasks such as automatically generating descriptions for footage, enabling the LLM to
execute editing tasks based on user objectives and othels Wang et aJ35] conduct a survey in
which they explore the use of LLMs in developing autonomous agents, noting a departure from
previous research focused on agents with limited knowledge in isolated environments. It
presents a detailed examination of the architecture, derse applications, methodologies for
assessmentand the challenges of LLNbased autonomous agents, thus providing very important
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details on the design and implementation of similar agents for experiment description and
configuration.

In [36] , authors delve into the evolution and challenges faced by Virtual Intelligent Assistants
(VIAs) such as Amazon Alexa and Google Assistant, which have gained prevalence in recent years.
They explore new research directions focused on understanding multhodal contexts and
personalising assistant services, providing insights for researchers and practitioners while
emphasisingthe pivotal role of LLMs in enhancing these strategies. In the context of SUNREE,

we develop an advanced RAG system that serves as an agent for configuring experiments over
the federated SLICES infrastructureThe special purpose data sourced from the SLICES RI
documentationis used enriched with a strategic usage of external LLMs such as GPT4, combining
both ICL and FT methods. Tki system aims to provide an improved user experience for
experimenters of the SLICES RI infrastructutereduce the learning curve for new users, and
extend to create experiment descriptions that are compatible with the SLICEHS methodology
and interfaces. The ultimate goal is to provide the means to significantly reduce the timeguired

to learn the experimental platform and help the experimenter unlock the infrastructure's full
potential more rapidly than traditional methods would allow.

2.9 MLOpsfor NWDAF

MLOps provides the operational foundatiorfor scalable, reliable machine learning within core
network analytics functions, with a particular emphasis onNWDAF. According to 3GPP
specifications, the NWDAF is responsible for several key functionalities that enaldata-driven
intelligence across the 5G core. These functionalities include the collection of raw and aggregated
measurements from Network Functions (NFs) the generation of statistical analyses, the
prediction of future network conditions, and the povision of analytics results through standard
interfaces to consumer functions such as thiletwork Slice Selection Function SSI, Session
Management Function (SMF), Policy Control Function (PCHhe NWDAF supportsubscription-
based and requesthasedanalytics, including load estimation, mobility pattern prediction, slice
performance analysis, and user experience assessment. These capabilities make the NWDAF a
central component for enabling automated and adaptive networkehaviour.

Given the breadth and variability of NWDAF data and its role in real time decision support, the
deployment of a comprehensive MLOps pipeline becomes essential. The integration of MLOps
enables continuous training, validation, deployment, and monitoring ahachine learning models
under realistic and evolving network conditions. This lifecycle management ensures that
analytics models remain accurate as traffic patterns shift, enhances robustness against outlier
behaviour, and supports near reatime reactionsto emerging network states.

Figure 14 presents EUR'€£2EMLOps stack, which delivers complete pipelines for both training
and inference. The architecture is composed of microservices deployed dfBs to ensure
scalability, resiliency, and cloud native operation. Within this environmenthe NWDAF acts not
only as a consumer of analytics models but also as a primary data source. N\\&WDAF provides
access to the diverse and standardised analytics defined in 3GPP specifications. This data is
essential for producing models that are aligned with realistic operational scenarios.
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In the context ofintegrating the EUR testbed with the SUNRIS&S Global Model Registry, the
platform enables the generation of reusablejnteroperable machine learning assets. The
availability of NWDAF data allows the training of models that capture network behavio with
high fidelity and operational relevance. Once training is completed within EUR's MLOps platform,
the resulting models are automatically stored and versioned through a local registry that tracks
experiments, hyperparameters, and performance metricsa@oss multiple iterations. The best
performing models, validated against predefined performance criteria and operational
constraints, can then be exported to the SUNRISEs global registry, where they become
accessible for inference tasks, collaborative experiméation, or further fine-tuning by other
testbed partners. This workflow supports reusability across testbeds and facilitates knowledge
transfer among experimenters, which contributes to consistent model evolution and accelerated
innovation across the project ecosystem.
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3 AI/ML Experimentation and Modelling Pipelines

SUNRISEBG introduces a collaborative approach to 6G Al researcphromoting the free sharing
of not only Al training workflows by testbeds, but also prerained models whose artefacts are
stored at theSUNRISE6EGmodel registry. Aswasinitially described in D4.2the involved testbeds
adopt common Al experimentation workflows, which help streamline their local Al
experimentation workflows. Thisimproves the reproducibility of experiments performed by the

testbeds and unlocks the capabilitto perform joint Al experiments with other collaborating

testbeds.

This chapter outlines the AI/ML Experimentation and Modelling Pipelines, implemented at
the local testbed level by testbeds participatingn the SUNRISBBGO! ) & AAAOAOQEIT 1
D2.2, to demonstrate theapplication and benefits of federated MLOpsThese pipelinesonstitute
the main innovation angles offered to theAl Federation framework through its local MLOps
deployments. Collectively, these experimentsillustrate the feasibility of the SUNRISEBG Al
Federation framework in supporting scalable, energyefficient, and reusable Al solutions across
6G testbeds In the following sections, each partner details their experimental setup,
methodology, and key outcomesEach pipeline explores specific capabilitieshat contribute to
the E2Elifecycle ofAl across federated infrastructures: from workloadprediction and AutoML to
lightweight inference on edge devices and MLOps for network analytics.

3.1 Transfer Learning -Enhanced AutoML for TS Workload Prediction

Modern 6G testbedsgenerate vast amounts of telemetry and operational data, including
performance indicators, such as CPU, memory, and network wdtion. Efficiently analysing and
forecasting this data is critical for resource optimsation, energy management, and fault
prediction within intelligent network infrastructures. However, training accurate forecasting
models from scratch requires large datasets, significant computational resourseand deep Al
expertise, which are not always available at every testbed.

The experiment presented in thissection addresses this challenge through the Al Federation
Framework, which enables collaborative Al model developmerdand knowledge sharing across
distributed environments. By leveraging transfer learningpre-trained models can be reused and
fine-tuned locally with minimal data and computational effort. This not onlyreducestraining
costs and time but also supports energefficient model deployment across 6G testbeds.

3.1.1 Approach

To investigate this challenge,we designed atransfer learning workflow  within the Al
Federation Framework and appliedit to CPU telemetry forecastingas a representative time
series use case. Thieigh-level strategy involves three main stages
1. Global model training at ) 1T OOAAT i 80 OAOOET C Al 1 base
forecasting model is trained using local telemetry data.
2. Model registration and sharing via the global MLOps infrastructure MLflow and
MinlO).
3. Model fine -tuning and deployment at ISVATH-6G testbed, where the prdrained
model is adapted usinga small amount of local data and then is used for retime
inference.

Conceptually, this approach demonstrates how knowledge can flow between distributed Al
environments without sharing raw data, addressing privacy, interoperability, and efficiecy
challenges. Each testbed contributesiot by exchanging data, but by exchanging pieained
models and metadata, forming a collaborative learning system.

The forecasting model used in this experiment is fHiTS described in detail inSection2.1, and
implemented via the Darts library. NHITS was selectedfor its proven ability to capture both
short-term fluctuations and longterm temporal dependenciesn time-series data. The model was
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trained using the following configuration parameters:

Input chunklength: 24 (representing a 4minute context window at 10-second intervals)
Output chunk length: 1 (one-step-ahead forecast)

Optimiser: Adam

Learning rate: 1e3 (for initial training), 1 e-4 (for fine-tuning)

Batch size: 32

Epochs tested: 10, 20, 25, 50, 80, 100, 200

The resulting architecture, supported by federated MLOp#®ols, allows testbeds to train once,
share globally, and adapt locallyshowcasing the flexibility, scalability, and sustainabilityof Al
federation for timeseries analysis in 6G networks.

= =4 =8 =4 -4 9

3.1.2 Experiment Setup

The experiment was conductedusing three interconnected environments that together
demonstrate the principles of the Al Federation Framework.

1 Global MLOps stack
1 Local MLOps staclat Intracom cloud testing environment
1 Local MLOps stack at IBATH 6G testbed

E
@
g <€) INTRACOM Global Stack
e [T ELECO M)
=
T,
5 O
8 Prometheus Thanos
Telemetry Data Telemetry Data
7@ Kubeflow Model Registration mlfl oW 43 MINIO Model Loading % Kubeflow

Data Preprocessing
& Model Finetuning

Data Preprocessing

& Model Training Global Registry

Orchestration

=

k=]

g I Grafana I8 Grafona §g kafka
§ Visualization of results Real-time visualization
= of results

Figure 15: Transfer Learning Prooff-Concept Architecture

As depicted in Figure 15, the global stackcomprises an MLflow 7 model registry for model
tracking, registration, and version control, anda MinlO 8 centralised artefact storage for trained
models and metadata.The local intelligent agents at testbeds includeK8s® for pipeline
orchestration and experiment automation,Grafanalo for visualisations, Kafka!! for real-time
data streaming andPrometheus 12 and Thanos?3 for telemetry data collection.

The dataset used in this experiment consists of CPU telemetry datallected from multiple nodes
within the 6G testbed infrastructure.

7 MLflow: https://mlflow.org/

8 MinlO: https://www.min.io/

9 K8s:https://www.kubeflow.org/

10 Grafana:https://grafana.com/

11 Kafka: https://kafka.apache.org

12 Prometheushttps://prometheus.io/

18Thanos:https://thanos.io/
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3.1.3 Experiment Workflow

This section describeshe E2E workflow implemented for the Al Federation Proofof-Concept
covering bah the initial model training and fine-tuning stages, as well as the redlme prediction
setup. This workflow demonstrates how federated MLOps tools and pipelines can support
collaborative model developmentand deployment across distributed 6G testbeds
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Figure 16: Sequential Diagram of the Experiment

Figure 16 presents all workflow steps, described in detail in the following subsections The
complete implementation of the experiment, includingk8s pipeline definitions, training scripts,
AT A $1TAEAO AT 1 ZECOOAOQET 1 Oh EO ABAEI AAT A EI
3.1.3.1 Data Collection and Preprocessing

OEA ¢

First, a K8s pipeline is executedin) T OOAAT I 60 Al 1 OA , Bdefcielih EigudT OEOT T

17. In the initial step, CPU telemetry data is collected via Prometheuand ingested into the
pipeline for preprocessing. The second step handles rasing values through interpolation,
backfill, and forward-fill methods. The dataset is split into training (80%) and test (20%%¥ets and
normalised using the mean and standard deviation of the training datahe outputs of this step
include the normalised training and test sets, as well as the normalisation parameters, which are
later used to denormalise forecast outputs.

3.1.3.2 Model Training

In the third step of the Kubeflowpipeline, an N-HiTS model (via the Darts library) is trained.
Multiple epochs (10-200) were tested to evaluate model convergence. The model learns temporal
dependencies in CPU usagéo perform a one-step-ahead forecast.Model performance is
include Mean Absolute Percentage Error (MABEand Root Mean Squared Error (RMSE),
calculated using the test set predictions.

14 GitHub repository access linkttps://github.com/SMARTECHSI-Athena/Sunrise6GAI-Federationpipelines
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Figure 17: Kubeflow pipeline for initial model training at IntraconkEnvironment

3.1.3.3 Model Registration and Metadata Logging

Upon training completion, the model is automatically registered inMLflow, and all model
artefacts are stored in the global MinlO storagdor access by other testbedsasshown in Figure
18 and Figure 19, respectively As presented inFigure 20 and Figure 21, alongside the modelwe
also recordthe input parametersused during thetraining and several timeseries characteristics,
including variance, kurtosis, and seasonality. Tése descriptors help other partners determine

whether the model is appropriate for their datasets Additionally, OE A |

I AA1T 60 2-3%

scores, along with thenormalisation parameters (mean and standard deviation)are stored to
facilitate model evaluationand subsequent finetuning.

CPU_Forecasting_Experiment »

nhits_cpu_run

Qverview Madel metrics System metrics Traces Artifacts

Created at 10/06/2025, 05:46:36 PM

Created by root

Experiment ID 2300

Status @ Finished
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Duration 11.65

Datasets used —

Tags Training Info: Nhits model for cpu data forecasting. &

Source [n) executor_main.py

Logged models B pytorch
Registered models Fb nhits-model v
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Figure 18: Model registered in MLflow Global Registry
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OBJECT STORE « Object Browser Q_ start typing to filter objects in the bucket @ <
B cense
E miflow Ref ¢ Upload ()
) Object Browser
- Name Last Modified Size
B conda.yam! Mon, Oct 06 2025 17:38 (GMT+3) 28808
data
B MLmodel Mon, Oct 06 2025 17:38 (GMT+3) 54808
nhits_model.pth.tar Mon, Oct 06 2025 17:37 (GMT+3) 52.2KiB
B python_env.yaml Mon, Oct 06 2025 17:38 (GMT+3) 12208
B requirements.txt Mon, Oct 06 2025 17:38 (GMT+3) 15508

Figure 19: ModelArtefactsstored in MinlOArtefact Storage
Parameters (4)

Q Search parameters

Parameter Value
model_type M Hits
input_chunk_length 24
output_chunk_length 1
n_epochs 80

Figure 20: Input Parametersof theModellogged in MLflowGlobal Registry

Metrics (9)
() Search metrics

Metric Value
kurtasis -0.942744218583139
trend 0.985151629680952
variance 5.608244876387150
mape 52.00240027271617
nmse 0.9038934922633541
skewness 0.848442812710831
mean 3.129994229158918
std_dev 2.3681733205969446
seasonality 0.23458301769563117

Figure 21: Time SeriesCharacteristicsand Evaluation Metricslogged in MLflow

3.1.3.4 Model Finetuning

At the ISI/ATH 6G testbed,we fine-tune the model usingthe pre-trained model previously
registered in MLflow. The corresponding Kubeflow pipeline is shown inFigure 22. Telemetry
datais collectedusing Thanos and then preprocessedin a similar manner to the training phase:
the data from the desired node is selected, missing values are interpolated, and anEBDb train-
test split is applied for evaluation To ensure consistencythe normalisation parameters (mean
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and standard deviation) from the original pre-trained model are retrieved from M.flow and
reused to normalise the local dataset.

load-data o

output_data

preprocess-data o

test_data train_data

norm_params

model-finetuning e

Figure 22: Finetuning K8spipeline atthe ISVATH 6G testbed

Instead of training a model from scratch, the prdarained model is retrieved from the global
registry and fine-tuned using a small portion of local data. Finduning is performed with a low
learning rate (1e-4) and a limited number of epochs to reduce computational cosiThe updated
model is then pushed back to MLflow, enriching the global model repository and allowing other
testbeds with similar telemetry characteristics to benefit from the adaptation. The resulting
model, along with its hyperparameters, s displayed inFigure 23.

CPU_Forecasting_Finetuning »

nhits_cpu finetune
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Figure 23: FinetunedModel Registeredh MLflow Global Registry
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3.1.3.5 ReaiTimePrediction

To support real-time inference, the proposed pipeline foreseesintegrating a streaming
architecture based on Apache Kafka intthe ISVATH 6G testbedinfrastructure . In this design,
telemetry data collected from the monitoring stack (e.g., Prometheusye continuously streamed
through Kafkatopics and consumed by the prediction servicgéhat hosts the finetuned model.
This architecture enables continuous processingf workload metrics and the generation ohear-
real-time predictions to support dynamic resource managemendlecisions.The predicted values
are intended to be integrated with the monitoring frameworkand visualised through Grafana
dashboards alongside the observed workload metrics, enabling operatots monitor prediction
accuracy and workload trends in real timeThe implementation and full validation of the reat
time inference pipeline, including the Kafka streaming components, are currently ongoing and
will be presented in D6.2.

3.1.4 Results

The experiment evaluated model performancéefore and after finetuning to assess théenefits
of transfer learningin a federated setupQuantitative results aresummarised in Table2. The first
row corresponds to thebase model, trained and evaluatedon data from the Intracom cloud
environment, serving as the initial foundation modelThe second row reports the performance

of the same base model when directly applied to the ISIATH 6G testbed datawithout any

adaptation, illustrating the drop in accuracydue to differencesin data distributions between the
two environments. The third row shows the results ofa scratch model , trained on ISVATH8 O
local data for 10 epochgthe same number of epochsater used for fine-tuning), to provide a local
baseline for conparison. Finally,the fourth row presents thefine -tuned model, obtainedby fine-
O Ash@IBIATHB AT & AcA10 epbdhs) thereby
combining global knowledgewith local adaptation.

tuning the pre-trained) T OOAAT |

Table2: Quantitative Evaluationof the Transfer Learning Experimentor CPU usge Forecasting

Environment Model Version Epochs MAPE (%) RMSE
Intracom cloud Base Model 70 5.45 0.79
environment
ISI/ATH 6G .
testbed Base Model Not applicable 16.97 1.63
ISUATH 6G Scratch Model 10 9.11 1.23
testbed
ISI/ATH 6G Fine-tuned
testbed Model 10 .87 0.92

The results clearly demonstrate the benefits of transfer learning within the Al Federation
Framework. When the Intracomtrained model is directly evaluated on ISIATH& O

performance degrades significantlyMAPE increases fronb.45% to 16.97% ), confirming that
models trained in one ernvironment may not generalise well to another without adaptation.
Training a model from scratchat ISYATH improves performance (MAPE 911%, RMSE 1.23), but
the fine-tuned model achieveghe best balance

Qualitatively, Grafana @shboardsin Figure 24 and Figure 25 OE T x
closelytrack actual CPU usage trendand capturetheir periodicity. The dashboard inFigure 24,
compares actual CPU usage (green) with forecasted values (yellow) and tracks the rolling RMSE
(blue) over time. Figure 25 further illustrates the alignment between actual CPU usage (yellow

O©SUNRISEG
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line) and model forecasts greendh AT 1T AEOI ET ¢ OEA 11 AAI 80 AAEI
patterns.

Figure 24. CPU Usage and Rolling RMSE in Intracom Cléodironment

Figure 25: GrafanaDashboard Showing ActualsForecastedCPU usagat the ISVATH 6G Testbed

3.1.5 Conclusions

The experiment successfully demonstrateseveralkey benefits of the Al Federation framework
including pluggability, model sharing, and reusability across distributed 6G testbedBy using
shared MLOps infrastructure and pretrained models, forecasting solutions can be rapidly
adapted through lightweight fine-tuning for local testbed environments without duplicating
effort or data transfer. The results confirmthat models trained in onetestbed can be effectively
fine-tuned on another while maintaining or improving accuracyTheintegration of off-the-shelf,
open-source tools (Kubeflow, MLflow, MinIQ, etc.) ensures transparency, scalability, and
reproducibility , and key principles for large-scale Al Federation.Finally, through this PoC the
training costs are significantly reduced and the energy efficiencyof Al experimentation in 6G
environments is enhanced.

3.2 TinyML for Object Detection on the Edge Robotics

TinyML is essential in scenarios where deploying traditional ML models ignpractical due to
severe resource constraints on edge devicesln particular, different robotic systems, such as
those operating in subteranean mining, face a common challengethey require perception
models that are light enoughfor embedded systemsyet robust enough for reatlworld variability.
The goalof this experimentis to develop alightweight , transferable object-detection model

©SUNRISEBG Page |43




SAS

$yp8w O&ET ABOBAAT OHDABREOCE) T %i CET AS SUNRISE

that operates reliably in resourceconstrained robotic environments and can be seamlessly
shared across testbeds vidhe Al Federation Framework.Within the federation, testbeds can
contribute models, reuse existing onesand adapt them to their own contexts withoutcentralising
sensitive data. Training the nano variant of the YOLOv8family (YOLOv8n) enables us to
investigate how small, edgedeployable models can bdancorporated into a federated model
lifecycle managed through the globaMLflow registry.

YOLOVS is available in several size varianisn (nano), s (small), m (medium), | (large), and x
(extra-large), each offering different tradeoffs between accuracy, computational load, and
memory footprint. For this experiment, the nano variant (YOLOv8n) vgaselected because it is
optimised for lightweight, embedded, and battery-powered platforms. YOLOv8ntypically
requires only a few megabytes of storage and can run inferenoa low-power devices, making it
well-suited for subterranean robotic platforms where computing and energy are limited. While
larger variants such asYOLOv8s or YOLOv8m may offer higher accusadhey exceed the real
time processing capabilities of edgeleployed robotic hardware, which is why YOLOvV8n is the
appropriate choicefor TinyML and 6Genabled robotics

3.2.1 Approach

Our strategy is to train a compact, edgsuitable object detection model using a standarded,
reproducible workflow that integrates with the Al Federation Framework. At a high levekthe
approach consists of

() selectinga lightweight model architecture suitable foredge robotics (YOLOv8n),

(i) training on a domainspecific dataset Mining-ZYSLI Datasets) within a Kubeflow
notebook for portability and reproducibility

(iii) registering the resulting modelin the global MLflow registry so that other testbedscan
either use it directly or finetune it locally.

The model used in this experiment isYOLOv8n which is described in detail in Sectior2.2,
implemented via the ultralytics library. This model was chosen specifically for its minimal
computational footprint and suitability for TinyML deployment on resourceconstrained robotic
platforms. During training, the nano architecture of YOLOpretrained on the COCO dataset
(yolov8n.pt) was used along withthe following, reduced hyperparameters to ensure successful
execution on the Kubeflow environment

1 Imgsz: 416 (input image resolution to which all images are resizedower values reduce
computation but may slightly reduce accuracy)

9 Batch: 4 (number of images processed perraining step, smaller batches reduce memory
usage at the cost of slower convergenge

1 Workers: 2 (number of dataloading threads which controls how many parallel
processesprepare batches during training),

9 LrO: 0.001 (initial learning rate, which determines how quickly the model updatesits
weight during training) ,

1 Weight_decay. 0.0005(regularisation term that preventsoverfitting by penalising overly
large weights),

1 Patience: 5, 25, 35 (early stopping tolerance, training stops if validation performance
does not improvefor the definedepochs),

1 Epochs: 10, 30 60, 80, 120(number of full passesover the training dataset which is used
to comparemodel performanceunder different training durations).

Early stopping, limited epochs and low worker counts were applied to avoid resource
exhaustion, demonstrating that even lightweight architectures can be trained, versioned, and
federated effectively, supporting a distributedecosystem of edgeAl robotics applications.

15 Mining-ZYSLI Datasetittps://universe.roboflow.com/nxtqubedgytt/mining -zysli
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3.2.2 Experiment Setup

The experiment wasconducted using theKubeflow environment deployed on theISI/ATH
testbed, which serves as a local MLOps stack for training, experimentation, and workflow
orchestration. Kubeflow provides a reproducible and containerised environment where
lightweight models can be trained efficientlyusing Python notebooks and pipelinesOnce the
model is trained locally,it is publishedto the Global MLflow Registry, which constitutesa key
component of the Al Federation Framework.

The dataset used for this experimenis the Mining -ZY SLIdataset[37] sourced from the Roboflow
Universe repository. It containsa total of 354 annotated images relevant to industrial and

subterranean mining environments, including machinery, equipment, personnel, and stctural

elements commonly encountered byfield robots. The datasetfollows a standard YOLGformat

structure with separatetrain, validation, andtestsplits, each containing pairedmagesand labels
directories. It includes 4 primary object classes relevant to mining operations:
excavacationmachinery (referring to equipment like egavators, bulldozers, scrapers, etchat,

spare_partsandtruck. The dataset providesbounding-box annotations for all objectsof interest,

required for supervised object detection training and is compact enough to support efficient
experimentation on limited-resource environments Despite its lightweight size, the dataset
captures representative miningenvironment variability , making it suitablefor the development
of an initial federation-ready detection model that can be later reused or fineuned by other
testbeds through the globaMLflow registry.

To illustrate the characteristics and annotation quality of the datasefrigure 26 and Figure 28
present two representative samplesof the training setthat include bounding boxes around the
objects of interest.Figure 27 and Figure 29 show additional versions of these imageswhere the
cursor highlights the specific bounding box region corresponding to the annotated object, along
with the associated class labelThese annotated views demonstrate how objects such as
excavationmachineryhat, spare_partsandtruck are represented in the dataset, and they provide
a clear visual indication of the annotation format used during training.

Figure 26: TheMining Datasetshowing typicalobjects foundn an Industrial Mining Environment
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Figure 27: TheMining Dataset highlighting theBounding Boxand Class LabeDOOOAES6 AOOECT AA Ol
Identified Object

Figure 28: The Mining DataseShowing Typical Objectound in anindustrial Mining Environment
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Figure 29: TheMining Dataset highlighting theBounding Boxand Class LabeDA A AOAAAOQET 1 1 AAEET
assigned to thddentified Object

3.2.3 Experiment Workflow

The experiment follows a structured,step-by-step workflow designed to supportreproducible
training, evaluation, and federation of the object detection model.

1. Data Preparation . First, the Mining-ZYSLI dataset is prepared and orgased in YOLOvV8
format, including separate training, validation, and test splits.

2. Model Training .Second, the lightweighty OLOv8n modelis loaded and finetuned on the
datasetwithin a Kubeflow notebook deployed on the ISATH testbed, usingresource-
constrained hyperparameters appropriate for TinyML-style edge environments.

3. Model Evaluation . Third, after training, the model is evaluated to compute key metri¢s
including mAP50, mAP5@95, precision, and recall, providing quantitative performance
indicators.

4. Model Registration /Sharing . Fourth, the trained model, associated aefacts,
hyperparameters, dataset metadata, and evaluation metricre logged and registeredo
the globalMLflow registry, making the model discoverable and reusable by other testbeds
in the federation. Finally,the modelis exported in ONNX format for deployment on edge
robots or further fine-tuning at other testbeds.Figure 30 displays the YOLOv8n model
registered in MLflow, including its name,version, unique run identifier, and creation
timestamp. This confirms that the model has been successfullynade available for
federation and reuse across testbedsFigure 31 and Figure 32 present the MLflow
experiment view displaying logged hyperparameters, dataset propertie§mage count,
available classes), and evaluation metrics. This provides a comprehensive overview of the
iTAAT 60 OOAET ET C AT 1 ZECOOAOQETT AT A DPAOA OI AT,
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Experiments Meodels Prompts

Object_Detection_Experiment »

yolov8n_mining_training

Overview Model metrics System metrics Traces Artifacts

Description /

Mo description

Details
Created at 11/19/2025, 04:27:53 PM
Created by Jovyan
Experiment ID 28 @
Status @ Finished
RunID 92cd3c769fc423chfede55c11f620c0 )
Duration 44s
Datasets used —
Tags Add tags
Source A ipykemel_launcher.py
Logged models 2 pyfunc
Registered models %5 object_detection_yoloven v3
Registered prompts —

Figure 30: YOLOv8iModel Registereih Global M.flow Registry

Parameters (16)

Q Search parameters

Parameter Value
dataset_num_images 354

dataset_classes ['excavacationmachinery’, 'hat’, ‘spare_parts’, ‘truck’]
dataset_val_split fvalidfimages

data data/data.yaml

epochs 60

imgsz 416

batch 4

device cpu

workers 2

name mining_yolovBn_finetune
] 0.001

weight_decay 0.0005

patience 35

dataset_test_split ftestfimages
dataset_num_dasses 4

dataset_train_split ftrainfimages

Figure 31: MLflow Experiment Dashboardvith Hyperparametersand Dataset Characteristics
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Metrics (4)
Q) Search metrics
Metric Value
mAP50_35 0.3207567908446247
recall 0.5916814420803782

precision 0.7861686688685291

mAPS0 0.6130926837208477
Figure 32: MLflowExperiment Dashboardavith Evaluation Metrics
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3.2.4 Results

Five training experiments were conductedusing different epoch settings and the produced
model was evaluated using mAP50, mAPS@6, Precision, and RecallThe results are presented
in Table 3.

Table3: Comparison of YOLOv8hodel Performance Across Different Epoch Configurations

mAP50-95 Precision Recall

10 0.4886 0.2409 0.5119 0.5288

30 0.5667 0.2843 0.6240 0.5414

60 0.6131 0.3208 0.7862 0.5917

80 0.5971 0.3039 0.6175 0.6840

120 0.5780 0.2990 0.5909 0.5810

The definitions of the metrics used are:

9 Precision : The proportion of predicted bounding boxes that are correct.

1 Recall: The proportion of ground-truth objects that the model successfully detects.

1 mAP50: Mean Average Precision at lothreshold 0.5. Measures combined detection and
localisation accuracy using a lenient overlap requirement.

1 mAP50-95: Average mARacross loU thresholds from 0.50 0.95in steps of 0.05. This is
the strictest metric.

The observedvariations in performance across different epoch configurations highlight the
trade-off between model convergence and overfittingwhich is particularly pronounced when
training lightweight models on limited datasets. While increasing the number of training epochs
initially improves detection accuracy,excessive training leads to performance degradation on the
validation set, indicating overfitting. This effect is especiallypronounced in the decline of mAP
and precision scores for models trained for morehan 60 epochs.

Given the above results, the model trainetbr 60 epochs achieved the best overall performance
across the evaluationmetrics and was therefore selected as the final moderhis configuration
achieves the best balancbetween learning capacity andyeneralisation, avoiding the overfitting
effects observed at higher epoch countdMore specifically, the results show that this model

16 SUNRISBGGitHub repositoryhttps://github.com/SMARTECHSIFAthena/Sunrise6GAI-Federationpipelines
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achievesa strong balance between detection accuracy, robustness, and reliabilitthe mAP50
score aboveD.61 suggests that the lightweighty OLOv8n model is able to effectively detect objects
of interest in the mining environment. The MAP50-95 score reflects solid localisation
performance across stricter loU thresholds especially considering the limited datasetand
resource-constrainedO1 AT 1 6 AOAEEOAAOOOAS

The model exhibitshigh precision ( 0.79), meaning that the majority of predicted detections are
correct, which is an important characteristic for robotics applications where false positives can
lead to unnecessary action®r navigation errors. The recall (0.59) indicates that the model
successfully identifiesa substantial portion of theobjects in the scene, thouglhere is room for
improvement through finetuning within the Al Federation Framework.The comparatively lower
recall and mAP50-95 values can be attributed to the limited size and variability of the training
dataset, as well as the reduced represéational capacity of the nano architecture, which
prioriti ses computational efficiency over exhaustive feature extraction.

To assesgyualitative performance, the moded O© DOAAEAOQOET 1 O xAOA OEOOAIIT U
ground-truth annotations for a subset of test imageskigure 33 shows four images with their
human-annotated ground truth bounding boxes and class labelsvhile Figure 34 presents the

modeld O POAAEAOQEI T O A& O O Edktec@ddbjdcts @l ér cairespapdndh OET x
confidence scoresln the first sample (top-left), the ground truth image contains two instances of
excavacationmachinery one hat, and onespare_parts The model successfully identifiesone
excavacationmachineryconfidence 0.4) and thehat (confidence 0.3) demonstrating reasonable

detection capability but also indicating that someobjects remain difficult for the lightweight

model to consistently localise.

In the next two samples (topright and bottom-left), all excavaationmachinery objects are
correctly detected, showing improved performancein larger and more visually distinctive
machinery classes. In the final sample (bottornight), the model detects one of the twaruck
instances with a confidence of 0.7, reflecting a strong prediction for the identified object while
still missing the second instance. Overall, these qualitative examples confirm that the YOLOv8n
model can reliably detect the major classes of interest in amy cases, while still exhibiting
characteristic limitations expected from training with a small dataset and a lightweight
architecture.
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Figure 34: ModetPredicted Bounding Boxesnd Confidence Scorem Sample Imagefrom the Test Set
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3.2.5 Conclusions

This experiment demonstrated that a lightweight YOLOv8n object detection model can be
successfully trainedon a compact miningfocused dataset and prepared for federated use through
the global MLflow registry. Among the multiple training configurations evaluated, the 6@poch
model provided the best balance between accuracy and computationefficiency, achieving
strong precision and competitive mAP values given the small dataset siamd edgeoriented
architecture. Qualitative analysis further confirmed that the model can reliably detect key mining
objects such as excavation machinery, trucks, hats, and spare parts, while dighlighting areas
where additional data or federated finetuning may improve recall and localisationaccuracy.

Beyond model performance, the experiment showcases how the Aederation Framework
facilitates interoperability —and reusability of machine learning assets across distributed
testbeds. Byregistering the model in the globalMLflow registry, along with its full set of
hyperparameters, evaluation metrics, and, most importantly, dataset characteristics, the
workflow ensures that users can understand the provenance, context, antimitations of the
model before reusing or extending itThe inclusion of detailed netadata enables experimenters
to quickly assess whether the model aligns with their own domaindata distribution, and object
categoriesand whether additional fine-tuning is required.

3.3 Workload Prediction and Decision Engine

Accurate workload forecasting is essential for efficient resource management K8s -based 6G
testbeds. By predicting future CPU and memory demandext-generation networks can perform
proactive scaling rather than waiting for reactive threshold triggers. Thigpre-emptive approach
helps maintain ultra-low latency, prevents SLA violations, and improves energy efficiency in
dynamic multi-domain environments. SOTA research confirms that advanced timeseries
forecasting models significantly reduce resource wasge and enhance service availability
compared to reactive scalind38] . In operational practice,as discussed irthe section 2.3, major
cloud providers such as AWS Predictive Scaling already apply similar predictive mechanisms to
anticipate traffic surges and prewarm resources,thereby demonstrating the practical benefits of
anticipatory orchestration.

Within the SUNRISEBG project, testbeds execute highly dynamic and heterogeneous workloads,
including distributed Al/ML pipelines and reattime network services that impose variable stress
on K8s clusters. To address these fluctuations, the resource orchestration layer leverages
workload forecasting tooptimise cluster-wide scheduling and energy usage proactively, ensuring
stable performance under changing network conditions.

In this framework, time-series telemetry data from the ISI/ATH testbed are continuously
collected via Prometheusor Thanos, then processed by forecasting models embedded in a
Decision Engine. Following the workloagforecasting control loop introduced in Sectior3.1and
Deliverable D4.2 (Section 4.3), both historical and streaming metrics aemalysedby a predictor,
whose outputs guide thedecision engine in making scaling and resource allocation decisions
within the K8scluster. By employingan LSTM network to capture temporal dependencies in K8s
metrics, the system enables zertouch, predictive orchestration that automatically reconfigures
cluster resources ahead of workload variations.

This predictive orchestration paradigm anticipates load surges, enhances responsiveness, and
supports the creation of seloptimising, energyaware network infrastructures, a central
objective of SUNRISBG aimed at achieving scalable, reusable, and-&iven resource
management for nextgeneration communication systems.

Finally, this experiment is explicitly positioned as a key contribution to the strategic objectives of
the SUNRISESG project. It directly addresses the mandate of Task 4&I-driven decisionengineo
for intent actuation in WP4.
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3.3.1 Approach

The adopted approach follows a datalriven predictive strategy aimed atoptimising workload in
K8s -based 6G testbeds. The underlying concept is to integrakél forecasting models into the
resource management loop so that future workload states are anticipated rather than reacted to.
This proactive design allows thalecisionengine to scale resources in advance based on predicted
metrics such asCPU and memorytilisation, aligning with the Aknative orchestration principles
introduced in the theoretical framework (section 2.3).

At a high level, the architecturesupports a closedloop MLOps pipeline that continuously collects,
processes, and learns from telemetry data. Timgeries metrics are captured from the ISI/ATH
testbed through Prometheusor Thanos and streamed in real time via Apache Kafka. These data
feed into a forecasting pipeline built using Kubeflow Pipelines, where models are trained,
validated, and registered for deployment.

The forecasting module employs LSTM neural networks, a recurrent deep learning architecture
capable ofmodelling temporal dependencies and noflinear workload dynamics. Two model
variants are implemented:

1. A baseline LSTM with default configurations.
2. Anoptimised LSTM, where hyperparameters such as learning rate, number of layers, and
sequence window size are automatically tuned using Optuna.

Both models are trained on historical telemetry data to predict shorterm trends in CPU
utilisation . Model experiments are trackedn MLflow and integrated with MinlO for artefact
storage. The MLflow Model Registry manages version control, validation scores, and model
promotion logic. When a newly trained model achieves a lower validation error (e.g., Mean
Squared Error) than the currently deployed version, it is automatically prorated to production.

The bestperforming model is deployed through KServe (KFServing) as a RESTful inference
service accessible by the Decision Engine. Forecast outputs are consumed to guide horizontal and
vertical scaling decisions within the K8s cluster, ensuring resources are provisionedpre-
emptively. Grafana dashboardsisualise both predicted and observed metrics, providing real
time observability and verification of model performance.

The design buildson the theoretical principles presented inthe section 3.3, particularly the idea
of leveraging sequencdearning architectures (LSTM, Transformer, TSFM) for adaptive,
generalisable workload forecasting. While LSTM provides a lightweight and robust baseline for
near-term forecasting, future iterations of the Decision Engine will explore Transformebased
TSFM and MLRMixer architectures to improve scalability, domaingeneralisation, and transfer
learning capabilities across different edge and cloud scenarios.

Overall, this approach delivers a seldaptive, traceable, and continuously improving forecasting

OUOOAI OEAO OOOAT COEAT O OEA 3 Adskebphrtes intéhipedtlr1 A O A
and efficiently, consistent with the SUNRISEG vision of autonomous, energyaware

orchestration.

3.3.2 Experiment Setup

The experiment was conducted within the ISI/ATH testbed, K8s-native environment designed
to support Al-native workload orchestration in 6Gsystems. The architecture follows an MLOps
driven strategy that integrates reattime telemetry collection, model training, versioned model
lifecycle managementreal-time inference,and monitoring, as illustrated in Figure 35.
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Figure 35: E2ZEMLOpsStackfor Workload Forecastingn K8s

The setup consists of the following components:

T

Prometheus: Deployed across the K8s cluster using kubeprometheus-stack,
Prometheus collects highfrequency telemetry such as CPU usage, memory metrics, and
custom pod-evel logs. It acts as the primary source débelled time-series data.

Kafka: Apache Kafkais considered as the streaming backbone of the proposed
architecture, providing a high-throughput ingestion layer for telemetry data. In the
envisioned pipeline, telemetry samples collected from the monitoring stack (e.g.,
Prometheus) are streamed through Kafka topiceand made available to downstream
components of the inference pipeline This design decouples data producers and
consumers, enabling scalable and lowatency data processingThe integration of Kafka
within the forecasting pipeline will support continuous inference and interaction with
orchestration componentsin future iterations of the framework.

Kubeflow: Kubeflow orchestrates the workload forecasting pipeline as aontainerised
Directed Acyclic Graph (DAG). The pipeline includes discrete stages for data batching,
model training (with and without hyperparameter optimisation), validation, registration,
and deployment.

MLflow Tracking and Registry: MLflow is used to track all training experiments, storing
metadata (hyperparameters, metrics)artefacts(plots, serialisedmodels), and lineage for
reproducibility. The registry module enables versioned management of trained models
and integrates promotion logic based on validation performance. MLflow is backed by
MinlO for scalableartefact storage.

MinlO: Acting as an SZompatible object store, MinlO persists both raw telemetry and
derived artefactssuch aspre-processeddatasets, trained models, and evaluation metrics.
It provides a durable backend for experiment storage across the full ML lifecycle.
KServe: The model with the best performance is promoted tachampion status in the
MLflow Model Registry. Thischampionmodel is then deployed via KServe, which exposes
it through a real-time REST API endpoint. KServe managastoscaling and traffic routing
for the live forecasting service, enabling seamless integration with th&8s Workload
Decision Engine, whicttonsumes the predictions.

Grafana and Data Version Control (DVQ (optional ): Grafana dashboardsvisualise
forecast performance and systenbehaviour. DVCor MinlO versioning is optional for
versioning telemetry snapshots during pipeline development.

Dataset Features: The datases used in this experimentconsist of real metrics collected
from multiple K8snodes within the ISI/ATH cluster. Each record captures a timestamped
shapshot of resource usage across four nodes (one master and three worker nodes), with
individual fields representing percentageutilisation of CPU and memory for each node
(e.g., acahode-1-vm_cpu_pct, ac®hode-2-vm_mem_pct). The data is sampled #tirty -
second intervals and reflects real operational workloads and system variability.To
simulate realistic and stressinduced conditions, the uBench micreervice application
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was deployed on the clusteras defined in Deliverable D4.2, section 4.3.1.1 uBench
generates diverse and configurable workload patterns, thereby exposing the system to
high-load scenarios and inducing observable changes in CPU and memory consumption.
This ensuresthat the training data capture both typical and bursty load behaviours, which
are critical for robust short-term forecasting.

The data ingestion pipeline is currently under integration. Once completed, it will automatically
retrieve telemetry from Prometheus, enabling scheduled generation of updated datasets for
continuous model retraining. This capability supports the longerm objective of developing a

fully automated and selfadaptive Al forecasting pipeline aligned with 6G orchestration
requirements.

3.3.3 Experiment Workflow

The forecasting pipeline is deployed within the ISI/ATH Bstestbed. It integrates modern MLOps
components to automate and track model trainingpptimisation, registration, and deployment
for short-term CPU workload forecasting.Figure 36 illustrates the workflow that generates
forecasting models to supply the decision engine with predictive insights. These forecasts enable
the decision engine to anticipate workload changes and trigger proactive orchestration actions
to optimise performance, resource efficiency, and service continuity

Kubeflow ‘ Miflow

MinlO ‘ Optuna Kserve Kubeflow Miflow MinlO Optuna Kserve

> >
refrieve dataset retrieve dataset

< -«

send dataset
send dataset
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» »
» »
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deploy model deploy model P
b retrive model - retrive model
> ——p
- . retrive uri model
retrive uri model
- N
send uri model send uri model R
send uri model to deploy send uri model to deploy g
a) Baseline pipeline workflow a) Optimized pipeline workflow

Figure 36: MLOpsWorkflow to generatea Forecasting Modeto feed theDecision Engine

3.3.3.1 Stepby-step workflow

Figure 37 illustrates the actual Kubeflow pipeline used during the experimentzach stage in the
pipeline corresponds to a welldefined function andcontainerised component.
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get-data-batch Q
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model-validation 0
best-model-registration o
promote-challenger-if-.. Q

deploying-mode! o

Figure 37: Kubeflow DAG of the Forecasting Pipeline

Each stage in the pipeline corresponds to a wetlefined function andcontainerised component:
3.3.3.2 GetData-Batch

The getdata-batch component constitutes the data ingestion and preprocessing stage of the
forecasting pipeline. It is implemented as a Kubeflowipeline component running inside a
containerised environment based on a PyTorch image (docker.io/jhofydu/pytorchkip:v1.0.0).
Its function is to extract the latest saved telemetry from the MinlO object store, preprocess the
data into a machinelearning-ready format, and upload normalised NumPy arrays for
downstream model training and validation.

9 Purpose and Strategy

This stage establishes a reproducible data preparation workflow that automatically transforms
K8stelemetry into structured input sequences suitable for timeseries forecasting. It ensures that
each training iteration in the pipeline operates on a consistent, timstamped dataset. By
automating this step, the pipeline supports continuous learning and integration with streaming
telemetry, forming the foundation of the closedoop forecasting architecture described in

Deliverable D4.2.

9 Detailed Operation

1. Data Access via MinlO: The component connects to the MinlO bucket k8sesources
forecast, which contains telemetry exported from Prometheus anpre-processedinto the file
prec-pct-k8s-dataset.csv. This file includes nodéevel CPULutilisation metrics, such as ac3
node-1-vm_cpu_pct, indexed by timestamp.

2. Data Loading and Ordering : The CSV is retrieved as a pand&ata Frame with timestamps
parsed and sorted to preserve temporal order. This guarantees chronological consistency for
subsequent sequencgenerations

3. Feature Selection and Normalisation : A MinMaxScaler from scikitlearn is applied to
normalise the selected CPU metric to the [0, 1] range. This step prevents gradient saturation
during LSTM training and aligns feature magnitudesThe fitted scaler isserialised (joblib)
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and uploaded back to MinlO underdata/k8s-preprocessed/node-1-cpu-scaler/node-1-
scaler.pkl, enabling inverse transformation during inference.

4. Sequence and Label Generation: The normalised data are converted into fixedlength
sliding windows using a window size ofs-time steps and a prediction horizon of 1. Each
window represents a sequence of recent CPU observations (X), while the corresponding
target (y) represents the immediate future value. This transformation yields two NumPy
arrays: - o

win m M oRam g b (8)
Where N denotes the number of training samples.

5. Dataset Splitting : The time-ordered sequences are split into training (80 %) and testing (20
%) subsets without shuffling, preserving temporal continuity.

6. Upload of Art efacts: The resulting arrays are uploaded to MinlO as versioneattefacts:

1 data/k8s-preprocessed/node-1-X_train/X_train.npy
9 data/k8s-preprocessed/node-1-y_train/y_train.npy
1 data/k8s-preprocessed/node-1-X_test/X_test.npy
9 data/k8s-preprocessed/node-1-y_testly test.npy
Each upload is logged in the Kubeflow execution metadata, enabling traceability

7. Timestamp Tracking : A unique tracking_timestamp is generated at execution time and
propagated as an output parameter. Downstream components (modblilding, validation,
registration) use this timestamp to associatartefacts, ensuring full lineage tracking within
MLflow and MinlO.

1 Role in the Forecasting Pipeline

The getdata-batch stage effectively bridges data collection and model training. It ensures that
every experiment operates on standardised, normalised inputs and that all artefacts (datasets,
scalers, and logs) are reproducible and accessible through Minlh combination with the
subsequent modelbuilding and hpo-model-building stages, it serves as the first step in a fully
automated MLOps workflow that enables continuous retraining and adaptation of workload
forecasting models in the SUNRISEGfacility .

3.3.3.3 ModelBuilding

The modelbuilding component performs the baseline training and evaluation of the LSTM
network used for short-term CPU workload forecasting. Executed within the Kubeflow pipeline,
this stage is triggered automatically after the getlata-batch component, ufg its tracking
timestamp parameter to ensure complete lineage between datasets, model runs, and logged
artefacts.

9 Purpose and Integration

Its main objective is to provide a stable, reproducible LSTM implementation trained with default
parameters, ensuring that the pipeline always includes a validated model ready for deployment,
evenwithout tuning. This baseline configuration represents the foundation of the model lifecycle,
enabling systematic comparison against future improvements introduced through Optusé
based hyperparameteroptimisation, where Optuna is an opersource framework for automated
hyperparameter tuning using adaptive sampling early stopping strategies and pruning
techniques By maintaining both a baseline andn optimised variant, the pipeline supports
transparent performance benchmarking and provides flexibility for rapid deployment scenarios
where a lightweight, pretuned model is sufficient. All experiment metadata, performance
metrics, and arefacts generated in this stage are automatically tracked in MLflow, ensuring full
traceability and facilitating version control across the continuous training, validation,
registration, and deployment loop.

17 Optuna access linkattps://optuna.org/
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The existence of this baseline model also guarantees that the Decision Engine always has a
reliable forecasting source available, maintaining operational continuity even when new model
versions are being trained or validated.

9 Model Configuration and Hyperparameters

The baseline model follows a standard recurrent LSTM architecture implemented in PyTorch. It
processes fivestep historical sequences ohormalised CPU usage to predict th@ext step. The
configuration used in this experiment issummarisedbelow in Table 4.

Table4: Baseline LSTM Model Configuration

Parameter Value

Input_size 1
hidden_size 64
num_layers 2
Learning _rate (Ir) 0.001
epochs 35
batch_size 32
dropout 0.1
patience 5

Early stopping prevents overfitting and ensures convergence.

9 Training Metrics and Results

Model evaluation metrics are computed on the validation subset and logged to MLflow
automatically. Key results from the baseline training are shown ifable 5.

Tableb: Baseline LSLTM Model Validation Metrics

Metrics | Value Description

Mean Absolute Error Measuresthe average absoluteprediction

MAE 0.0220 o
deviation.

RMSE 0.277 Root Mean Square ErrarPenaliseslarger deviation more strongly.

Coefficient of Determination: Eplains the proportion of variance

R 0.668 captured.

Epochs |8 Number of training epochs before early stopings.

1 Learning Curve
Training and validation losses converge rapidly, indicating stableptimisation as illustrated in
Figure 38.
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Figure 38: Baseline LSTNWlodel Learning Curve

T Residuals Plot

Prediction errors are centred near 0 with no evident drift, confirming temporal consistency as
illustrated in Figure 39.
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Figure 39: Baseline LSTN¥odel Residuals

91 True vs Predicted CPU %

The model accurately tracks workload oscillations, particularly after transienpeaksillustrated
in Figure 40.
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Figure 40: Ground True vs Predicted CPU [@dmparison

9 Artefact Management and Registry Integration

All artefacts, including trained model weights, environment dependencies, example inputs, and
plots, are automatically uploaded to MLflow and stored in MinlO under the experiment k8spu-
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forecasting. The model is logged as a PyTorch MLflow model with full input/output signature
inference. This enables direct deployment through KServe without manual preprocessing. The
run metadata (hyperparameters, validation scores, andrtefact URISs) are indexed using the same
tracking timestamp, guaranteeing crosscomponent consistency within the pipeline.Figure 41
shows the model tracked and saved in the Registry.

1 Role in the Forecasting pipeline
By producing a validated baseline model, the moddduilding stage enables:

i.  Quantitative benchmarking for subsequent hyperparameter tuning or transfer
learning.

ii.  Automated promotion or demotion of models based on objective metrics.

This design ensures that the forecasting subsystem remains continuously improvable,
reproducible, and interoperable with the Decision Engine, thus supporting the SUNRIBE goal
of self-optimising, Al-driven orchestration in K8s testbeds.

Ml /o1 2205 Experiments  Models  Prompts

2025-10-27-08:27:42-cpu-node-1-forecast

Model metrics System metrics Traces Artifacts

-
model

MLflow Model

The code snippets below demonstrate how to make predictions using the logged model. You can also

Model schema

Input and output schema for your model
Name

= Inputs (1)
- (required) Tensor (dtype: float32, shape:
[F] Outputs (1)

- (required) Tensor (dtype: float32, shape: [-1,1,1])

Figure41: ModelTracking in MLflow
3.3.3.4 HpoModelBuilding

The hpo-model-building component extends the baseline training workflow by introducing
automated hyperparameteroptimisation (HPO) using Optuna. This stage refines the LSTM model
architecture and training configuration to minimise validation loss and improve forecast
accuracy, ensuring that the besperforming model is systematically identified for promotion
within the pipeline. It executes as aontainerised Kubeflow Pipeline component and leverages
MLflow for experiment tracking, nested run management, andrtefact storage.

9 Purpose and Integration
4EAR [ AET T AEAAOEOA 1 £ OEEO 0O Agendralifatonls) bxpléringd O1 O A
multiple hyperparameter combinations in an automated, reproducible mannerlt builds directly
upon the baseline LSTM configuration produced in the previous stage and serves as its
performance challenger. Each hyperparameter trial is recorded as a nested MLflow run, while a

parent session aggregates all results and identifies ¢hconfiguration that achieves the lowest
validation loss. This approach ensures tragparency and continuity in the model lifecycle: the
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HPO model complements the baseline by providing aoptimised alternative that can be
promoted if it outperforms the current production version.

9 Search Space andOptimisation Process

The search space includes both architectural and training hyperparameters that directly
influence model capacity and convergencbehaviour. Key parameters explored by Optunare
shown in Table6.

Table6: HPO Conditions for Training

Hyperparameter Search Range / Values Description

hidden_size 16 7 128 units per layer Number of neurons in each LSTM hidder

layer.
num_layers 1z 3 recurrent layers Number of stacked LSTM layers
dropout 0.0z0.4 Dropout rate used forregularisation.

learning_rate(I) | ppp Twmp mMwUL | | Learning rate controlling weight updates

batch_size {16, 32, 64} Number of samples processed per batch

epochs 15250 Maximum training epochs allowed

Early-stopping criterion for validation

patience 3210 loss,

Each Optuna trial executes a full training and validation cycle using the train_one_model_nested()
function, which logs metrics andartefacts to MLflow as a nested run. The PercentilePruner is
applied to terminate underperforming trials early, accelerating convergence.

Once all trials arecomplete, Optuna identifies the besperforming configuration, which is then
retrained as thefinal model within the same session. This final run is tagged with the original
tracking timestamp, ensuring lineage consistency across all pipeline stagess is depicted in
Figure 42.

Figure42: NestedvViodel Creation

Y Evaluation Metrics and Results

The evaluation andvisualisation procedure in this stage follows the same methodology as
described for the baseline model, ensuring consistency across experiments. For each Optuna trial,
validation metrics such as MAE, RMSE, and R? are computed automatically and logged in MLflow,
together with diagnostic plots including learning curves, residual distributions, and true versus
predicted CPU usage. This alignment ensures that performance comparisons between the
baseline in the stage model building and hpo_model_building are fully traceable and
methodologically coherent.

Figure 43 shows asummary of all trial parameters, scores, and corresponding MLflow run
identifiers that are stored as a JSOIldrtefact (optuna_trials summary. jsor) within the same
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experiment folder. This guarantees full traceability of every tested configuration and provides a
transparent performance audit trail.

optuna_trials_summary.json 1 46KE

371bd8494d5"

.COMPLE

Figure43: Summary of Trial Parameters in Nested Training
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1 Impact within the Forecasting pipeline

The hpomodel-building stage is the core optimisation stageof the forecasting pipeline.
Automating parameter search eliminates manual tuning and enables the pipeline to adapt to
evolving workload patterns autonomously. The optimised model produced in this stage serves as
a candidate for model registration and pranotion andis thencompared with the baseline version.

If the new model demonstrates superior validation performance, it is marked as the preferred
model for deployment.

Through this mechanism, the forecasting subsystem achieves continuous improvement while
maintaining reproducibility and traceability, which are key requirements for Aknative, self
optimising orchestration in the SUNRISEBGfacility .

3.3.3.5 ModelValidation

The model validation component performs the comparative evaluation of the baseline and HPO
forecasting models. Its primary function is to ensure that both models are correctly registered,
operationally consistent, and capable of producing valid forecastslore either is promoted for
production deployment. This step represents the quality assurance checkpoint within the MLOps
workflow, verifying model integrity and readiness inside the Kubeflowmanaged lifecycle.

9 Purpose and Integration

The goal of this stage is to confirm that both models stored in the MLflow registry generate valid
and coherent forecasts when applied to the same input data. This validation guarantees that
models entering the Decision Engine meet minimum accuracy and iability standards. During
execution, the component automatically retrieves the most recent baseline and HPO model
versions, loads them from MLflow using their unique URIs, and performs a singdéep prediction
using normalised CPU utilisationsequences.

1 Results and Validation Summary

Both models produced comparable outputs, demonstrating consistent predictivieehaviour. The
baseline model generated a forecast of approximately 0.23, while tlogtimised model produced
0.21, showing slight improvement and stable inference quality. The validation step records these
outputs, model URIs, and execution logs as efacts in MinlO and MLflow for traceability Figure
44 presents the Kubeflow validation interface, showing the input parameters, output forecasts,
and linked model arefacts.

X

Input/Output Task Details Logs
This step corresponds to execution "model-validation™
Input Parameters

tracking_timestamp

Output Parameters

cpu_node_1 forecast

final_best_hpo_cpu_node_1_forecast

hpo_model_uri

single_model_uri

Qutput Artifacts

executor-logs

Figure 44: Kubeflow ModelNalidation Stage Displaying Forecast Outputs and Registered Model URIs

1 Impact within the Forecasting pipeline
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This stage acts as the quality checkpoint before model registration or deployment. It ensures that
the models selected for serving are reliable, correctly configured, and compatible with the
Decision Engine. By incorporating automated validation, the pipgle maintains operational
robustness and reproducibility, supporting the SUNRISBG objective of achieving trusted, Al
driven orchestration across distributed testbeds.

3.3.3.6 bestmodelregistration

The bestmodel-registration component automates the comparison and versioning of forecasting
models within the MLflow Model Registry. It receives amput the URIs of both the baseline LSTM
model and the hpeoptimised model generated during modelbuilding and hpo-model-building,
evaluates their validation metrics, and registers the model with theuperior overall performance.
This step ensures that only validated and reproducible models are promoted to production.

9 Purpose and Integration

The goal of this stage is to maintain a clear and traceable model lifecycle by automatically
identifying the best-performing forecasting model and updating its status in the registry. The
comparison is based on a majority rule across the three key validati metrics (RMSE, MAE, and
R?), ensuring a balanced evaluation of prediction accuracy angeneralisation. Once the best
model is selected, it is registered under the experimenwith an incremented version number.

Each registered model is assigned tags describing its configuration and metadata, such as
comparison rule, owner, and horizon, which facilitate traceability and reproducibility. The
registry also implements a rolebased alias system used by KServe for dynamic model
deployment:

1 The@winner alias denotes the currently active production model.

1 The @challenger alias identifies the most recent candidate model awaiting
promotion.

1 The @prev_challenger alias stores the previous contender for rollback or auditing
purposes.

This structured aliasing mechanism allows KServe to automatically fetch the appropriate model
version via its REST endpoint without modifying deployment configurationgrigure 45 shows an
example of the MLflow registry entry, where the HPO model version is registered as a challenger,
with all comparison tags and schema definitions automatically populated.
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Version 64

@ challenger #

w Description

Auto-registered challenger. Rule: maj sel, val_mael, val_r2r). ae= B i horizon=1, soun 0 inal-best-hpo-cpu-node-1-forecas

v Tags

Name

candidate

mi-pipeline

challenger

[=] Inputs (1)

- (required) Tensor (dtype: float32, shape: [-1,5,1])

[Z] Outputs (1)

- (required) Tensor (dtype: float32, shape: [-1,1,1])

Figure45: MLflow Model Registriiew Showinghe registered HPModeltagged as @challenger

Figure 46 illustrates the versioning and aliasing strategy used to manage forecasting models

within the pipeline. Each version corresponds to a model generated from a separate Kubeflow

run, and tags capture key metadatancluding validation metrics (val_rmse, val_mae, and val_r2),

the source ID, and thanodel horizon. The aliases @challenger, @winner, and @prev_challenger

ET AEAAOA OEA 1 TAAI 60 AOOOAT O 1 EAAAUALLIeQsddAOA8 )
while Version 63 retains theprevious challengemlias for rollback or auditing. This systematic

tagging and alias management enable KServe to dynamically load the latest validated model

without manual redeployment, ensuring reliable, continuous integratbn between model registry,

inference services, and the Decision Engine.

cpu-pct-test-5

09/15/2025, 05:06:00 PM 10/27/2025, 09:31:57 AM
> Description
> Tags

v Versions

Version Registered Created by Tags Aliases

1027/2€ 57AM owner: mi-pipefine  val_rmse: 0.02342429012320726 @ challenger.
source_id: 2025-10-27-08:27:42-final-best-hpo-c..
comparison_rule: majority(val_mse: val_mae!,..
run_id: 311e32407d848cd8cf18ac41108003a
val_mae: 0.018177762627601624  window_size:5 horizon: 1
val_r2: 0.7636549472808838  candidate: true  role: challenger

107202025, 01:10:14 PM owner: mi-pipefine  comparison_rule: majority(val_rmse: val_mae:,... @ prev_challenger

val_rmse: 0.025711752319059023  val_mae: 0.02018040046095848
val r2:0.7152413129806519  horizon: 1

source_id: 2025-10-20-11:07:29-final-best-hpo-c.

run_id: ead3277412844f31bf11668776cacada  window_size: 5

role: challenger  candidate: true

Figure 46: MLflowModel Registry Viewhowing theVersion Historyof the Forecasting Model
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9 Impact within the Forecasting pipeline

The bestmodel-registration stage guarantees that the forecasting subsystem remains
continuously optimised while preserving historical versions for audit and rollback. It provides
the Decision Engine and KServe with a unified source of truth for model discovery, versioning,
and serving, ensuring seamless updates, minimal downtime, and reproducible Al operatioffis
systematic registration and tagging strategy directlysupports the SUNRISEBG objective of
enabling transparent, automated, and reliable Al fiecycle management across distributed8s
testbeds.

3.3.3.7 PromoteChallengeif-Better

The promote-challengerif-better component implements the automated decision logic for
promoting models in the MLflow Model Registry. It compares the models currently tagged as
@winner and @challenger under the registered forecasting model.

9 Purpose and Integration

This stage ensures that only the most accurate forecasting model is promoted to production. The
decision process uses a majority voting rule across three validation metricRMSE, MAE, and R2
are evaluatedto determine if the challenger model outperforms the existing winner.

If the challenger achieves superior overall performance, the registry automatically updates its
aliases:

1 The previous@winner is reassigned ag@prev_winner .
1 The current @challenger becomes the new@winner .
1 The@challenger alias is cleared, ready for the next training cycle.

If the challenger fails to improve upon the winner, no changes are made, maintaining stability in
the deployed forecasting servicgas illustrated in Figure 47.

X

Input/Output Task Details Logs
This step corresponds to execution “promote-challenger-if-better-
Qutput Parameters

challenger_version
decision

winner_version

Qutput Artifacts

executor-logs

Figure47: OutputSummaryl £ OE A -chalénhekiffAMO OA 06

Figure 48 shows MLflow registry snapshot showing Version 58 as the active @winner model,
including validation metrics and metadata such as RMSE, MAE, R?, and source identifiers. This
entry represents the model currently deployed through KServe for reaime workload
forecasting.

run_id: 4218f5ctB59c4fcadd61cB77ciobc042  owner: mi-pipeling @ winner &

window size:5  candi 068848
role: challenger

wal_rmse:|0.023355¢8 horizon: 1
comparison_rule: m: el val_maei....

val_mac: 0.018

Figure48: ModelAliasedas @winnerready toserve

9 Impact within the Forecasting pipeline
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This automated decision mechanism guarantees continuous model improvement without manual
oversight. It preserves reproducibility, minimises human error, and ensures that the deployed
model always reflects the besperforming version. By maintaining version history and alias
tracking, the process aligns with the Al governance and zettouch orchestration principles of
SUNRISEBG, enabling a tansparent, auditable model lifecycle.

3.3.3.8 DeployingModel

The deployingmodel component automatesleploying the latest validated forecasting model into
aK8s-native inference service using KServe. It represents the final step of the Kubeflow pipeline,
where the @winner model stored in MLflow is dynamically loaded and exposed as a REST API for
real-time predictions.

9 Purpose and Integration

This stage bridges the model registry and the operational layer by transforming a registered
MLflow model into an active InferenceService. It retrieves the model tagged as @winner from the
registry (e.g., cpupct-test-5), resolves its corresponding run_icand storage URI (S3 path), and
AADI"UO EO OOEIT C +3A00A80O 11 OAOOAO Ksdseditel A8
account with S3 access credentials (sprivate-mliflow) to ensure secure integration Wlth MinlO
object storage.

Upon completion, the pipeline automatically validates that the inference service is operational by
checking KServe readiness conditions (IngressReady, PredictorReady, and RoutesReady). This
ensures endto-end automation from model training to serving without requiring manual
intervention.

1 Deployment Status and Runtime Environment
Once deployed, KServe exposes two endpoints:

1 Internal URI (for Decision Engine and internal components)htip:/inference -
serving-kserve-cpu-pct.Istm-iqu.svc.cluster.local

1 External URI (for federated or crossdlomain access): hitp://inference -serving-
kserve-cpu-pct.Istm-iqu.example.com

The service runs under the MLFlow predictor component and kservemlserver runtime,
consuming the model directly from:

1 s3://miflow/<experiment_id>/<run_id>/artifacts/model

Figure 49 shows the KServe dashboard showinghe successful deployment of the inference
service with all readiness conditions met.
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P Istm-iqu (Owner) +
< Endpoint details

@ inference-serving-kserve-cpu-pct

OVERVIEW DETAILS EVENTS YAML
URL external hitp:/finference-serving- tistm-igu.example.com [[]
URL internal http://inference-serving-kserve-cpu-pct Istm-iqu.sve cluster local 1)
Component predictor
Storage URI s3:/miflow/27/4218f5cf859c4fcadde 1087 7cf56c042/ artifacts/model
Predictor mifiow
Runtime kserve-miserver

InferenceService Conditions

= Filter
Status Type Last Transition Time 4,
Q IngressReady 4 days ago
] PredictorReady 4 days ago
] PredictorRouteReady 4 days ago
] Ready 4 days ago
] RoutesReady 4 days ago
0 LatestDeploymentReady 4 days ago
(] PredictorGonfigurationReady 4 days ago

Figure 49: KServe Dashboarshowing the Serving Model

Figure50K8s#, ) 1 O00ODPOO AT 1 £E Ol -Eelvigg-k€EdPu-DAERS OFAIDAA QN TAN X
active and available across all pods.

Figure50: CLI Showing K8s Resources Deployed

3.3.3.9 Realtime Prediction

The forecasting pipeline is designed to support integrationwith real-time orchestration
components in the SUNRISEBG architecture In the envisioned deployment, workload
predictions produced by the trained models can be consumely higher-level control entities,
such as the Decision Enginéo enable proactive resource managemenwithin K8s clusters. The
integration of the forecasting models into a continuous inferencpipeline and their coupling with
orchestration logic for real-time scaling decisions are currently under developmenand will be
presented in D6.2.

3.3.4 Results

The following section presents the experimental results obtained from the workload forecasting
pipeline, focusingon the overall pipeline that generates predictions for the Decision Engine, and
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on the performance comparison between the model in service and the challenger modgipown
in terms of quantitative evaluation metrics, qualitativevisualisations, and inference performance.

Table 7 summarisesthe main validation metrics logged inMLflow for both models. Thewinner
model shows slightyet consistent improvements across all indicators, confirming the benefitsf
automated hyperparameter tuning within the continuous training loop.

Table7: @winner vs @challengevletrics Comparison

Training

Batch Learning Duration

Size Rate

2-3% 20 Epochs Dropout

@challenger| 0.0220 | 0.0277 | 0.668 35 0.1 32 0.001 72

@winner 0.0181 | 0.0234 | 0.764 44 0.331 32 0.00010 | 195

The @winner model achieved an average 16% reduction in RMSE and a 14% improvement in R2,
demonstrating higher predictive accuracy and stability than the @challenger model.

To complement the quantitative evaluation, severalisualisationswere generated and integrated
into the monitoring stack, leveraging the MLflow comparison capability. For clarity, the graphs
on the left correspond to the challenger model, while those on the right represent the winner
model automatically promoted through the model registry.

1 Training Phase
Learning and validation loss curves show rapid convergence and minimal overfitting for both
modelsin Figure 51. The @winner model demonstrates fastestabilisation and lower final loss.

Learning Curve Leamning Curve
0.08
\ - train \ e train
\ val 910 | va
0.06 \ \
0.04 \ 0.06

\ 0.04
0.02 \
0.02

0.00 0.00
’ v v r v v v ' . - .
0 5 10 15 20 25 o 5 10 15 20 25 30

a) @challenger model b) @winner model

Figure51: Leaning Curves Visual Comparison

9 Validation Results

Figure 52 shows the learning and validation loss curves of the newly trained candidate model
(@challenger) and the currently deployed production model (@winner). The @challenger model
is trained from randomly initialised weights on normalised data at each pipelinexecution, while
the @winner model corresponds to the previously selected serving model. Both models exhibit
rapid convergence and no significant overfitting. The comparative analysis indicates that the
newly trained @challenger achieves a comparabl@énal validation loss and slightly improved
convergence speed.

©SUNRISEBG Page |69




Qu
(73]
=
=
3
[74]
m

$yp8w O&EI ABOBAART ODABREOE) T %l CET A

True vs Pred (val) True vs Pred (val)

0.30 - — wue 0.30 — wue
pred pred

IU 560 1000 15‘00 20‘00 o 00 1000 1500 2000

a) @challenger a) @winner

Figure52: Ground Truth vs PredictioWalues Comparison

1 Residual Plots: Errors remain centred near zero in both cases, indicating consistent bias
free performance. The @winner model yields a narrower residual spread, confirming
higher precision Figure 53.
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Figure 53: ResiduaDistributions

3.3.4.1 RealTime Inference Evaluation

The trained workload forecasting modek were evaluatedusing historical telemetry collected
from the K8s cluster. Performance was assessed using standard forecasting metriesd
validation datasets derived fromPrometheus telemetry streams The results demonstrate hat
the proposed forecasting pipeline captures the temporal dynamics of CPU utilisation and
provides accurate shortterm workload predictions. These predictions form the basis for future
integration with automated orchestration mechanismswithin the SUNRISEBG experimentation
framework. The reaktime deployment and operational evaluationof the forecasting pipeline
within an event-driven inference architecture are currently under development and will be
presented in D6.2.

3.3.5 Conclusions

This experiment demonstrates how predictive intelligence can enhance the Decision Engine
within 6G K8stestbeds. By integrating a fully automated MLOps pipeline with redlme telemetry
and forecasting, the systemwill enable proactive workload management, allowing the
orchestrator to anticipate resource demands rather than react to them.

The deployment of forecasting models through Kubeflow, MLflow, and KServe ensures

Ai 1T OET O 66bnh OOAAAAAT Anh AT A AAADPOEOA EIT £ZAOAT AA
scaling logic. This predictive loop supports zerdouch orchestration, improving responsiveness

and stability under dynamic workload conditions.

Overall, the approach strengthens the selfptimisation and autonomy goals of the SUNRISES
architecture, showing how standardised, interoperable MLOps components can deliver data
driven decisions for efficient resourceutilisation across distributed testbeds.
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3.4 AutoML Pipeline for MLOps

This section covers the AutoML pipeline for classification, regression, time series prediction, and
anomaly detection, with integrated support for conversational MLOps.

We use the AutoMLPipeline toolki{f20] [23] as the base technology in extending its capability to
support MLOpsworkflow ,leveraging its ymbolic representation of theML pipeline, extensibility,
and efficient computation by distributed computation. A greateffort is spent to achieve zere
touch coding by using Argo workflow templates that covethe major applications ofAutoML for
classification, regression, time series prediction and anomaly detection. All these applicaticumse
the samecodebase and preprocessing workflows. They only differ on the modelling part such that
knowing the classification workflow provides a goodenoughknowledge of how to use the rest of
the AutoML applications. By usingacommon codebasefor different AutoML applications, adding
features to be commonly shared acrosgshese applications becomes trivial for better code
maintenance andreusability. Moreover, using the same codebasthat usescomposable symbolic
pipelines allows easy interpretability when the results of all these AutoML applications are
exposedto the LLM Chatbot through MCP The chatbot integration paves the way for easy
interpretability and deployability of AutoML applications through natural language
conversations, instead of the nortechnical user having to learn advanced domaispecificMLOPSs
knowledge.

3.4.1 Baseline Approach Across AutoML Pipeline Applications

We use the Argderver as the main orchestrato for the dockerisedapplications that we created.
There are three docker imags containing one or more AutoML applications, namely:

9 docker.io/ ppalmes/automlai:v3.0 (for classification and regression),
9 docker.io/ ppalmes/automlad:v2.0 (for anomaly detection),
9 docker.io/ppalmes/automits:v1.0 (for time series prediction).

Each of these docker imageservesasa building blocks in creatingArgo workflow templates that

provide aparameterisedworkflow such that the details of the steps are hidden from the usgnd

only the parameters such as inpufile, number of workers,pipeline complexity, prediction type,

and number of foldsfor cross-validation, are exposed for the user ta@ustomise The minimum

requirementsto deploy applications are for the user to upload the datao the MinlO Obiject store,
choosethe corresponding Argo workflow template for the problem, set its parameters, and
submit the chosenworkflow for deployment. After workflow submission, oneor several of the

dockerised solutions are deployedin the K8s cluster to run a specificAutoML application using

the parameters provided by the usemwith all its metrics, parameters, and final model tracked by
the MLflow and saved in theMinlO Object store.

Figure 54 summarisesthe entire workflow using the actual snapshotef related servicesrunning
in the ISI/ATH K8s cluster. The AutoML models are data agnosticAs long as the data
representation meets the main requirements of each model, there will be no probleteploying
the chosen Argo workflow template. For supervised regression and classification taske toolkit
assumes that the target output is at the last column and the rest the columnsare input features.
Univariate time series to be used foanomaly detectionand time seriesforecastingare assumed
to haveequal time intervals.For atime seriesfoundation modelzero-shot forecastingapplication,
the model can simultaneously predicseveral columns of timeseries datathat are equally spaced
in time. Another key assumption is that the toolkit is designed fobatch processing and expects
the input datato be available in the MinO object store.Once the training is done, theserialised
model tracked by MLflow and saved in theMinlO object store can be used to perform reatime
prediction.
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Figure54. AutoMLPipeline MLOPs Workflow

3.4.2 Common Experimental Workflow for AutoML Pipeline Toolkit

All AutoML Pipeline applications such as regression, classification, anomaly detection, and time
series prediction, follow asimilar experimental setup and workflow. All MLOPs components are
running in the K8s cluster hosted by ISI/ATH. Each solution is a dockesed image hosted in
docker.io and the parametersed workflow templates using these dockesed solutions are hosted

in the Argo server.
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Figure 55: Argo ServeiWorkflows
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Figure 55 shows an Argo Server withsome ofthe completed workflows . One major assumption
to run successfullyany of the workflows is for the data to be uploadednd availablein the MinlO
object store as all input data will be referencedelative to the MinlO storage location.

& Cluster Workflow Templates

+ CREATE NEW CLUSTER WORKFLOW TEMPLATE

L argpassing-template
- automl-anomalydetection
- automl-classification

L automl-regression

N L] automlad-template

L automlai-dualsearch

Submit Workflow
argo/automiad-template

S ~
Parametors

hitp:iunise-miflow-tracking mifkow 5080

sertontgpe

Figure56: Argo Workflow Templates

There are 4 major cluster workflow templates thatcan be used, namelyautoml -classification ,
automl -regression, automl -tsprediction , and automl -anomalydetection . The user can
trigger any workflow by choosing one of the templates showrin Figure 56. The user can
customizethe parametersby changing ther default values before submissiorsuch as the input
filename, number of workers, number of folds for crossvalidation, location of MLFlow server, etc.

Once the workflow template is submitted, the Argo server executes the workflow stepgrhich
include downloading the dockerised solution from docker.io and passing the necessary input
parameters with the experiment being tracked by MLFlow and the optimal model is serialised
and stored in the MinlO object store for future usagé=igure 57 shows an example deployment of
an Argo workflow and the corresponding run tracked by MLflow with MinlO server storing the
optimal model artefacts.
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Figure57: Deployed Argo Workflowvith Experiment Tracked by MLFlow and Model Stored in Nin

The user can easily use the AutoML application by uploading the dataset in the MinlO object store
using the location:/my-bucket/csv. Figure 58 shows the list of datasets available in the MinlO
object store. During workflow submission, the user must select and submit one of the cluster
workflow templates which opens a dialogue box asking the user to set the following:

1 url (MLflow location)

9 input (dataset name)

1 complexity (low or high complexity pipelines)
9 folds (number of crossvalidation folds)

1 workers (number of parallel workers)

E my-bucket

my-bucket / csv

~ Name Last Modified

e e

iris.csv Mon, May 1

kin8nm_test_reg.csv Mon, Nov 17 2025 16:24 (GMT)
kin8nm_train_reg.csv Mon, Nov 17 2025 16:24 (GMT)
network_dataset.csv Tue, Oct 21 2025 15:10 (GMT+1)

025 11:38 (GMT+1)

Figure58: MinlO Object Store Location for AutoMLPipeline
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Another way to submit the workflow is using the Argo CLI witlthe assumption that the user can
directly access theK8scluster with the KUBECONFI€énvironment pointing to the location of the
K8scluster YAML file containing information for authenticating and connecting to th&8scluster.
Below is an example of how to use the Argo Cldr classification:

export KUBECONFIG=/path/to/.kube/config

argo - nargo submit -- from clusterworkflowtemplate/automl - classification \
- p workers=10 - p input=network.csv

Lastly, the user can also use natural language conversation with the LLM chatbot to depéoy
Argo workflow. An example command will beO$ A bl Argb W@@G&N for classification using
vt xI OEAOO A&I QMorddbtailedinfosnatidrton o © Asé the chatbds available
in the Conversational MLOPsub-section.

3.4.3 AutoML for Classification Experimental Setup

Themajor consideration indesigning the interfaceof the AutoMLPipeline toolkit is its ease of use
and the interpretability of its results. It uses a high-level symbolic expression constructto
represent the ML modelling pipeline To process any dataset for classification, it hatiree
important assumptions:

1) Thedata should be tabularwith each row representing an observation;
2) All columns except the last are input features;
3) Thelast column is the target.

For a better understanding of the workflow,we will use the Occupancydataset from the UCI
repository [39] . The datasetis a binary classification problemto predict whether the room is
occupied or not based on the sensor informationdescribed in Table 8. The ground truth is
measuredfrom time-stamped photostaken every minute.

Table8: Occupancy Detection Dataset

Variable Name Missing Vals
Date Feature Integer

Temperature Feature Integer C no
Humidity Feature Real % no
Light Feature Integer Lux no
CO2 Feature Real ppm no
HumidityRatio Feature Real Kgw-vp/kg -air no
Occupancy Target Binary 0/1 no

3.4.3.1 Results

Figure 59 shows the results of running the Argo workflow template for classificatiorusing the
occupancydataset. The best pipeline performance achieved).99 = 0.0, which has similar
performanceto the published result[39] and uses the following pipeline expression:

(pt |> noop) |> rfc (9)

Taking into accountthat the implicit preprocessing involves changing the categorical features
into hot-bit encoded features, thecomplete best pipeline expressioncan berewritten as:

((catf |> ohe) + numf) |> (pt |> noop) |> rfc (20)

This bestpipeline expressioncan be interpreted as ohe categorical features concatenated with
the numerical features power-transformed, and modelled byarandom forest for classification.
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Figure 59: Argo Workflow Logs o€lassification Workflow folOccupancyDataset

To help inthe interpretability of results, AutoMLPipeline toolkit also includes an experimental
feature integrating the ShapgML package[40] . Figure 60 shows the Shapley Valuef each input

feature, which suggests thatCOZs the strongest predictor of occupancy. This is followed by day
of-the-week (dow) extracted from the Date feature, followed by Light, Temperature, Hour (H),
Humidity, HumidityRatio, day-of-the-month (d), day-of-quarter (doq), together with the rest of

the features with minimal effects.

As expectedCOzZhasa strong contribution to the predictability of the occupancy because humans
are the main source ofCO2in a room. Among theDate extracted features, it is thedow that has
the strongest effect because in a typical room scenario, there is a consistent occupancy pattern
and behaviour of people on weekdays and weekends. The restdte features such asy (year)
and m (month) have minimal effect in the predictability of occupancy, but thelog has strong
negative Shapley value indicating tht seasonal changes can influence occupancy.

Figure 60: Shapey Value for Occupancy Dataset
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