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Hadronization
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Considerations

1. Error analysis

2. Incorporation into event generation

3. How to check that we're not masking other issues
(e.g. parton shower effects)

4. How should the new solution be interpreted

5. Other applications
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Invertible nerual networks (INN)
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Invertible nerual networks (INN)
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INN learned mapping
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INN learned mapping
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Validation: single emission kinematics

cNF learned likelihood
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Validation: global observable (hadron muitiplicity N)

. Esring = 100 GeV
: PyrTHIA
15000 i — NF
B === N =6.344+2.21
19500 - i N =6.384+2.19
= 10000
o I
O i
7500 - |
5000 - |
2500 1 i PYTHIA
i - —e— NF
0 '_ T T IL T T T 1 6 - T T T T T
00 25 50 75 100 125 15.0 100 200 300 400 500
N (hadrons) FEstring (GeV)

Tony Menzo Micro from macro 24



Toy example
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Toy example

Base model
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