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Time Structure of Hadronic Showers
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Time Structure of Hadronic Showers
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Time Structure of Hadronic Showers
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Time Structure of Hadronic Showers
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Simulation

Data:

- AHCAL May ’18 test beam geometry
with 60 layers (reduce leakage)

- 10-85 GeV Pions in 1GeV steps

Digitization:
- 1ns gaussian time smearing [ before selection
- For now: ignore limited 1oz | @Ter selection
bunch crossing length in SPIROC :
101‘E
Event selection: f
- Shower start before layer 15 ; n’] I]l
. 10" - | | | 0
- Cut on +- 2.5sigma 0 20 40 60
Standard Reconstruction [GeV]
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Correlations

20 40 60
Beam Energy [GeV]

All hits, also very late ones

and reconstructed energy

Clear correlation between time observables

Neutron capture part is more predictive
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Normalized Entries
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Limited Integration Time
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About 4% of the energy depositions later than
2000ns with significant fluctuations

~10% worse energy resolution with limited
integration time
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Limited Integration Time

Christian Graf
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Strong correlation between neutron elastic
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Use neutron elastic part to predict invisible neutron
capture part
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Global SC
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Global SC Time
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Global SC Time

gives minor improvement

Combining hit energy and hit time observables only
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Timing Correlation in Data
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- Correlation between timing observables and
Ereco alSO observed in data

- Limited statistics in late hits due to bad time resolution

Christian Graf CALICE Meeting 2020, Montreal



Neural Network Approach




Neural Networks in the AHCAL
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Neural Networks in the AHCAL
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[Katja Seidel] Complexity
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128x(7,7,38)
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r \ (fully-connected layers)
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(1.6 million weights)
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Neural Networks in the AHCAL
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Neural Network: Architecture

- Based on Keras (python)
- 2 fully connected hidden layers (128, 64 neurons)

+ ~10°000 parameters
- Training on a laptop in minutes
- 1 GeV steps (10-85 GeV)

- Energy independence:

° Target Variable: dE — EreCO / Ebeam

- Input features: energy independent
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Neural Network: Architecture
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Neural Network: Architecture
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Neural Network: Global Observables
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Neural Network: Global Observables
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Neural Network: Shower Profile
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Neural Network: Shower Profile
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Neural Networks
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Neural Network: On Data
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Conclusions

- Clear correlation of hit time observables with - Neural network framework shows similar
reconstructed energy visible in simulation and data performance than global SC given the same inputs

- Energy reconstruction can be improved using time - Shower profiles can be used to improve energy
information reconstruction

- Similar information can be extracted from - Transferable to data
hit energy observables

- Extendable
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Global SC Time
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Limited Integration Time
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Strong correlation between neutron elastic
scattering and neutron capture

Use neutron elastic part to predict invisible neutron
capture part

20 40 60 30
Beam Energy [GeV]

Christian Graf CALICE Meeting 2020, Montreal



NN Energy Distributions
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