
	[image: ]
	
	[image: Clever Project]



Ein Projekt zur Ermöglichung eines kollaborativen Edge-Cloud-Kontinuums und eingebetteter KI, gefördert durch der EU und das BMFTR
Kurzbericht der Leibniz Universität Hannover (LUH)
	Förderkennzeichen:
	16MEE0259

	Zuwendungsempfänger:
	LUH

	Vorhabenbeschreibung:
	CLEVER: Collaborative edge-cLoud continuum and Embedded AI for a Visionary industry of thE futuRe

	Laufzeit des Vorhabens:
	01.01.2023 - 31.12.2025

	Durchführende Institution:
	Leibniz Universität Hannover (LUH)
L3S Research Center
Welfengarten 1 A, 30167 Hannover

	Ansprechpartner:
	Javad Chamanara
Tel: +49 511 762 14055
Mail: chamanara@l3s.de 




AI for Greener Cloud and Edge Computing
How LUH’s CLEVER scheduler helps place digital workloads where they can run efficiently
Modern digital services do not run in one place. They move across data centers, cloud platforms and edge devices close to users, machines and sensors. This flexibility is powerful, but it also creates a practical question: when a new application or data-processing task arrives, where should it run so that it performs well while using as little energy as possible?
Within the CLEVER project, Leibniz University Hannover (LUH) developed an AI-supported scheduling component that helps answer this question. Instead of treating all available computing nodes as similar, the scheduler looks at their current load, available resources and energy behavior, then recommends the most suitable node for each incoming workload.
The Added Value
The main value is simple: better placement decisions can reduce wasted energy without asking users or application developers to change how they work. In a cloud-edge environment, a workload may need CPU, memory, network capacity, storage or even GPU resources. At the same time, each worker node has its own power profile and current level of use. A standard scheduler can keep the system running, but it may not always choose the most energy-aware option.
LUH’s approach adds intelligence to this decision point. It plugs into the Kubernetes scheduling pipeline, so it can support existing cloud-native systems rather than replacing them. The result is a practical middleware component that can help operators lower energy consumption, improve transparency and prepare for more autonomous management of distributed computing infrastructures.
Where It Can Be Used
The scheduler is relevant wherever many digital workloads compete for shared resources. Examples include:
· edge-cloud platforms that process data near factories, vehicles, hospitals, campuses or public services;
· data centres that want to reduce energy consumption while preserving service quality;
· AI and analytics platforms where workloads have changing demands over time;
· industrial and public-sector systems that need reliable, efficient orchestration across multiple sites.
The idea can be compared to assigning jobs to the most suitable machines in a workshop. A job should go to a machine that is available, capable and economical to run. The CLEVER scheduler applies this logic to digital infrastructure, using live system data and machine learning.
How the Method Works
The method combines telemetry, graph-based system knowledge and machine learning. The platform continuously collects information about workloads and worker nodes: how much CPU, memory, network, storage and GPU capacity is needed or available, how busy the nodes are, and how much energy different placements are likely to consume. This information is stored and updated so the scheduler has a recent picture of the cluster before it makes a recommendation.
At the center of the prototype is a Deep Q-Network, a reinforcement-learning model trained to select the best feasible node for a workload. The model receives a compact description of the workload and the cluster, compares the candidate nodes and returns scores. The most suitable node receives the highest score, while less efficient options receive lower scores. Kubernetes then uses these scores in its normal scheduling process.
The AI decision engine is packaged as a Helm-deployable set of containerized components that includes the custom scheduler, a cache for speed and resilience, and the trained model. The model is exposed through a REST API, which validates the input, transforms it into the format expected by the neural network and returns a scheduling recommendation. In typical tests, a decision can be produced in under 10 milliseconds.
Because real production data is often limited or incomplete, LUH also developed a synthetic workload generator and a Kubernetes-like simulation environment. These tools create realistic workload patterns, such as e-commerce peaks, batch processing jobs and data analytics tasks. This allows the model to learn from varied situations rather than from one narrow dataset.
What Was Achieved
The work produced a functioning AI-based scheduling prototype integrated with Kubernetes scoring plugins in a local cluster. It can collect cluster status, consult the trained model, score feasible worker nodes and feed its recommendation back into the scheduling pipeline. After placement, telemetry updates the system view, creating a feedback loop that supports future decisions and potential retraining. The outcome of the project can be summarized as:
· AI-based placement: The system recommends where each workload should run, using both resource needs and energy behavior.
· Fast decisions: Scheduling recommendations are produced quickly enough to fit into normal platform operation.
· Energy impact: Experiments suggest energy savings of about 4-8% in selected scenarios compared with standard scheduling.
· Reusable approach: The method can be adapted to different clusters, workload types and cloud-edge deployments.
Overall, the outcome is not only a technical improvement inside a scheduler. It is a step toward computing systems that are more aware of their own environmental cost. By combining AI, telemetry and orchestration, CLEVER shows how digital infrastructure can become more efficient, more adaptive and easier to operate across the cloud-edge continuum.
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