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Overview

* Non-compensation in hadronic calorimeters

* Methods to address non-compensation
e Software compensation algorithms
* ML based reconstruction

* Using ML based reconstruction to inform design of ePIC forward HCal
* DeepSets & GNN models
* Longitudinal segmentation
* Varying input features for ML model



Non-compensation in hadronic calorimeters

e Hadronic showers have EM and hadronic components

 EM component usually has larger response in calorimeter
ce/h#1
* Leads to deterioration of energy resolution

* One possible solution: Using specific absorbers and scintillators
* Imposes strict requirements on material
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Methods to address non-compensation

* Assigning weights to EM and hadronic energies in cells, event-by-event

.03
* Example (CERN, 1980): Eceip weighted = Ecen(1 — VEror Ecen)

* Example (CALICE, 2012): E « ); Efcar; Wi, w; is energy density dependent weight
* Al/ML-based reconstruction
* Seen in ATLAS

* These methods are employed & optimized after detector construction and data-taking
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https://www.sciencedirect.com/science/article/pii/0029554X81900835?ref=cra_js_challenge&fr=RR-1
https://iopscience.iop.org/article/10.1088/1748-0221/7/09/P09017

Detector & Simulation info

e ePIC forward ECal + HCal
* Reminder: HCal 4 layers W/Sc, 60 layers Fe/Sc, 5 cm x 5 cm granularity

* Use ML based reconstruction to optimize the performance and design of HCal
* Employing these methods before detector construction
e Simulate the ECal + HCal in DD4hep and deploy ML methods
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Machine learning model

* 0(100 — 1000) cell hits per shower = point clouds

* Establish a model to predict Fy,,;, given cell information
* Use DeepSets & GNNs
* Provide model with varying cell and segmentation information
* Cell data - predicted momentum of incident particle
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Model schematics
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* In theory, DeepSets can learn everything a GNN can

* Encode geometric information directly in the GNN



Studying longitudinal segmentations

4-Layer Configuration

* Segment the calorimeter into 64 layers

* Combine energies of cells with same transverse position, different
layers

* Run regression and identify optimal longitudinal configuration
* Current ePIC forward HCal design has 7 segmentations
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Studying longitudinal segmentations

E E
* Resolution = g (=Z44) /u (2
Etrue Etrue

* Compare with “baseline” energy reconstruction
EincaL EiecalL
Y SFHcAL ' SFEcaL

* Improvement in energy resolution with more longitudinal segmentations
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Varying input features for model
* Vary information given to model

e Train models on cell info: E, E+Z, E + XYZ (1D, 2D, 4D)
* GNN 4D: Cell energy + cell XYZ + energy of nearby cells

* Biggest improvement after inclusion of Z information, especially at low energies
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Conclusions & outlook

 Employ ML based reconstruction to optimize longitudinal segmentation in ePIC HCal
before detector is constructed

* ML reconstruction improves energy resolution of detector compared to simple
reconstruction

* Can later incorporate 8 and ¢ info to investigate position resolution and HCal’s
transverse segmentation

e Further studies needed for more complex events including many particles & jets

Thank you!
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Input feature fits
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Comparing ML method to CALICE software compensation

 Simulate CALICE Fe/Sc sampling calorimeter (arXiv:1207.4210)
* Apply ML-based reconstruction
* Improvement in energy resolution compared to CALICE software compensation

Energy Resolution for n*in hcal
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https://arxiv.org/pdf/1207.4210.pdf

Typical Gaussian Fit
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