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Event Reconstruction as a Hypergraph learning problem
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Previously,
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Single jet (quanta)  Full event→
The obvious(?) next step…
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The strategy
✦ Can avoid at least the 

long distance correlations

✦ More parallelization

Reconstruction

HGPflow

• MeanShift Clustering 
• Has a lot of nice properties 
• Can be replaced with an NN!
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➡ Underlying events
➡ No Pileup
➡ 12k events only (120k training examples)

✦ Model
➡ Much smaller model (1M parameters) for quick studies
➡ No hyper-parameter optimization

✦ Main goal: understand splitting and stitching
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✦ HGPflow
➡ Pros: interpretability
➡ Can be scaled up to full event
➡ Nice performance so far! (w/o much hyper parameter optimization)

✦ Splitting events
➡ MSClustering seems to work well
➡ Can have better ML solutions in future

✦ Hyperparameter optimization + larger model + larger dataset (next step)

✦ Talk by Javier on MLPF (more about particle flow)
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Conclusion

https://indico.cern.ch/event/1253794/contributions/5588555/


Thanks!


