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Motivation 
• Provide an analysis framework for newcomers to CMS and people interested in 

particle physics 
• Reduce complexity associated with CMS environment, cluster configuration and 

software dependencies associated
• Lower the learning curve required to perform a complete CMS analysis workflow 
• Enable students and researches to focus on physics rather than software 

configuration  
• Provide tools for people to analyze CERN open data (~5 PB) (in progress)



Computational requirements 

• Access to LXPLUS CERN computing cluster
• Official datasets stored and accessible through the 

GRID 
• Parallelization of processes through HTCondor system
• Storage in CERN EOS system 

• Access to common university HCP cluster 
• Datasets from CERN Open data stored locally or 

accessible to server connection 
• Parallelization or process (SLURM, HTCondor, other) 
• Storage system (Lustre, other)

CMS User?Yes No



Overview 
of the 
framework 

• Modular framework
• Processing of datasets (nanoAOD)
• Conversion to HDF5 datasets (if needed)
• ML training 



Dataset processing module 
• User provides the dataset name (LFN) 

corresponding to a CMS NanoAOD sample
• A logic file (Python script) defines the event 

selection, filtering criteria, and variable extraction 
according to the analysis goals.

• The framework processes the original NanoAOD 
datasets and applies the user-defined logic.

• A new skimmed dataset is produced, containing only 
the relevant events and variables.

• The previous is done using HTCondor for 
parallelization 

• The skimmed ROOT files are converted to HDF5 
format to facilitate efficient access from Python-
based machine learning tools.

• Simplified interaction via YAML configuration files



ML training module 
• Generate an Apptainer container that encapsulates 

the complete execution environment.
• Execute the ML training pipeline using the container 

and a user-defined YAML configuration file.
• Load and preprocess the training and validation 

datasets.
• Configure Ray Tune for distributed hyperparameter 

optimization.
• Train multiple models using different hyperparameter 

combinations.
• Track experiments and model performance using 

MLflow.
• Save the best-performing model in PyTorch (.pth) and 

ONNX formats.
• Evaluate the trained model using an independent test 

dataset.
• Generate performance metrics



Physics user case
• Search for a heavy charged resonance (W′) decaying into a WZ boson pair.
• Study the fully leptonic final state W′ → WZ → ℓνℓℓ.
• Probe possible deviations from the Standard Model in the low-to-intermediate mass region 

(0.4–4 TeV).
• Benefit from a clean experimental signature with low background contamination.
• Achieve better signal discrimination compared to fully hadronic final states.
• Demonstrate the application of machine learning techniques in searches for physics beyond 

the Standard Model.



Processing 
step 
• Minimal 2 datasets 

(signal and background)
• The script that generate 

the event selection and 
new variables in 
skimmed ntuples is 
provided by the user 

• In this case a selection is 
done using the leptonic 
final state search for W’



Convertion 
step 

• A one to one conversion 
between .root format to 
HDF5 

• Is optional but 
recommended before 
performing ML training

• The user can define 
which branches to use 
for the ML training 
(saving storage space) 



ML training 
step 
(classification) 

• Configurable depending 
on the neural network 
arquitecture 

• A configuration YAML 
provided for each 
scenario 

• So far MLP and 
autoencoder are 
available 



Results 
(classification)

• Common statistical metrics for evaluating NN 
performance

• Users can additionally monitor and explore the 
optimization process through MLflow.



ML training 
step (anomaly 
detection)

• Configurable depending 
on the neural network 
arquitecture 

• A configuration YAML 
provided for each 
scenario 

• So far MLP and 
autoencoder are 
available 



Results 
(Anomaly 
detection)

• Autoencoder trained on background-like events to learn the nominal event 
topology.

• Reconstruction error used as an anomaly score for event classification.
• A threshold was defined from the validation sample to identify anomalous 

events.
• Most normal events remain below the threshold, while anomalies exhibit 

significantly larger reconstruction errors.
• Clear separation between normal and anomalous events demonstrates 

the effectiveness of the approach.
• The method provides a model-independent strategy for identifying rare or 

unexpected signatures in high-energy physics data.



Conclusions
• End-to-end framework for ML-based physics analyses.
• Portable, reproducible, and easy to deploy through containers.
• Integrates training, optimization, monitoring, and evaluation tools in a single 

environment.
• Designed to shorten the learning curve for newcomers and accelerate the 

transition from analysis ideas to scientific results.
• Allows students and researchers to focus on physics challenges rather than 

software and infrastructure complexities.



Future implementations

• Extension of the framework to support advanced deep-learning architectures such as CNNs, 
Graph Neural Networks (GNNs), Transformers, and other state-of-the-art models.

• Continuous debugging, validation, and performance optimization through real use cases and 
community feedback.

• Active involvement of students and new users to test the framework, identify bugs, and 
propose new features.

• Development of comprehensive documentation, tutorials, and example workflows to 
facilitate adoption.

• Native compatibility with CERN Open Data formats and analysis workflows.



Current manpower
Manpower Involved

• 1 master student in Data science (main developer)

• 3 undergraduate students in Physics
• Contribute to the improvement of the framework documentation and user guides.
• Perform systematic testing and validation of the framework to identify bugs, usability issues, 

and potential optimizations.
• Develop research projects and potential bachelor theses by applying the framework to 

analyses based on CERN Open Data.

• 2 undergraduate students in Computer Science
• Participate in software testing, debugging, and code validation.
• Contribute to the design and implementation of additional machine learning architectures, 

including more advanced neural network models and supporting software components.

Anyone interested in testing or contributing to the framework, 
either as a user or developer, is welcome to participate.



Documentation

https://castaned.github.io/ML-integration-CMSSW/



thanks
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