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• Multi-channel is more efficient when trained 
simultanously with the flow

Summary

• MadNIS outperforms current sampling methods

• Vegas initialization improves performance

• Check LivingReview for many 
ML4HEP applications

HEPML-Review

ML4HEP Review
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• Got a facelift recently!

https://iml-wg.github.io/HEPML-LivingReview/


Plan of attack

1. Bayesian Neural Networks

2. Generative Models I — GAN and VAE

4. Anomaly Detection

3. Generative Models II — Normalizing Flows



Errors and regularization
Bayesian Neural Networks



Blackboard — Session I



Bayesian Networks — Overview
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GANs and VAEs
Generative Models I
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GAN Loss
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GAN Event Generation
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GAN Unfolding
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GAN Unfolding
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Cut I:  
30 GeV < pT,j1 < 100 GeV

Cut II: 
 30 GeV < pT,j1 < 50 GeV

30 GeV < pT,j2 < 60 GeV



FCGAN Unfolding
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Cut I:  
30 GeV < pT,j1 < 100 GeV

Cut II: 
 30 GeV < pT,j1 < 50 GeV

30 GeV < pT,j2 < 60 GeV
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Normalizing Flows
Generative Models II
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cINN Event Generation
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cINN Event Generation
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cINN Unfolding
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Unveiling new physics at the LHC?
Anomaly Detection
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Anomaly detection — Comparison


