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Machine Learning Service
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Providing access to ML-related services and accelerators

Integration with CERN services: identity, networking, storage, compute

Heterogeneous Infrastructure

CPU, GPU (Nvidia & AMD) and FPGA flavors

Profiles and Quotas 

Personal and Team profiles

Personal profiles quotas 1 GPU, 30GB of scratch space storage

Team profiles for higher quotas, on demand



Architecture

One shared pool: multi-vendor GPUs, FPGAs, varied CPU profiles, fast 
interconnects – across on-prem, cloud, and HPC

Kubecon Talk Ref Architecture



Compute Resources
● NVIDIA GPU (H100, H200, L40S)

● AMD GPU (Mi300X, RadeonPro W7900)

● CPU (high memory & core & frequency)

● Node Interconnects (IB & RoCEv2)

● FPGAs

H100 SXM with Infiniband Interconnect

Heterogeneous Cluster
Different Topologies



Workload Offloading
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MLOps with Kubeflow 
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Notebooks

Machine Learning Pipelines

AutoML - Hyperparameter Optimization

Distributed Training

Tensorboards

Model Serving



Kubeflow Notebooks
Extensive Features

Fully customizable environments
Select resources (CPU,MEM,GPU)
Selectable GPU flavors
Integrated EOS, CVMFS storage

Use Cases
Quick prototyping
Exploratory data analysis 
Small Model training
Entrypoint to interact with other Kubeflow components
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Customizing Notebooks
Curated Images

PyTorch
TensorFlow
SciPy

Customization
pip install additional packages
Build custom images for specific needs
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Kubeflow Pipelines
What Are Pipelines?

Directed acyclic graph (DAG) workflows for ML tasks
Flexible dependency management (e.g. parallel training, data streams)

Compared to Notebooks
Reproducibility
Parallelism for time efficiency
Scalability for large datasets and models
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Model Training 
Two Approaches to Model Training

Single-Node Training
Useful for prototyping
Suitable for smaller datasets and models
Limited by single node resources, e.g. number of GPUs

Distributed Training
Scales across multiple nodes and multiple GPUs 
Suitable for large datasets and models
Requires changes to your code (e.g. torchrun from PyTorch)

or usage of frameworks for communication (e.g. Horovod)
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Hyperparameter Optimization
Parameters that define model and training:

Learning rate
Number of layers/nodes
Activation functions

Why is HPO Important?
Improves model accuracy and performance
Reduces training time by finding optimal values 
Improves hardware efficiency 
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Model Serving
Once a model is brewed, it needs to be served
Different model flavours

TorchScript, TensorFlow, ONNX, SciKit-Learn, custom, …
Different serving needs

Autoscaling, configurations, revision management, …
Model observability

Status, metrics, logs
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Model Management with MlFlow

Model Lineage

Model Versioning

Stage Transitioning

Model Storage

Metadata Tracking

Packaging



Monitoring



Monitoring
Detailed workload usage to give insights 

to users
(Power consumption, GPU/CPU/Memory 

usage)



Monitoring
Detailed workload usage to give insights 

to users
(Power consumption, GPU/CPU/Memory 

usage)
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