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Fast Simulation of the Muon Storage Ring
1. Muon beam & spin dynamics —— Analytical calculation or Beam Optics Simulations (eg: BMAD, COSY) Geant4-based simulation is

expensive !

High energy positron

2. Muon decay to positrons —— Geant4 MuonDecayWithSpin Class

3. Positron transportation and — Model with Machine Learning (this work)
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Machine Learning Models for Positron Acceptance at Calorimeters

Training Variables
Signal and Background Distribution MVA Score Distribution
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Comparison of Machine Learning Models Performances BDT Application
Receiver Operating Characteristic Curves ~1 ()2 - Predicted PZ:PX has MC truth’s main features
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