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Photon Jets: Overlapping EM Showers

i
* Extensions to the SM predict axion-like particles (ALPs, a) g a . }IJ\MN
produced from the decay of a heavy scalar (X). For high 2 _ _ _ _ _ <~ ] !
m, and low m,, ALPs are highly boosted resulting in X ;\ < )
collimated yy decays. g W 9
* Atm, S O(100 MeV), ALPs are highly boosted, resulting in yy
opening angles < 0.04 AR. These photons will mimic single
Single Photon

photons in reconstruction forming Photon Jets (PJs)

« ATLAS (partial Run 2, full Run 2) & CMS (¢, AA) have Merged
searched for X/H — aa/@p@/AA — 4y, search focused on
sensitivity above m, > O(100 MeV)

* ATLAS searches used specialized higher-level variables, known N\
as shower shape variables, as inputs to a DNN, suggesting an
opportunity for improvements using more lower-level inputs

for an ML algorithm [ATLAS Collaboration, arXiv:1908.00005.]

Image adapted from ATLAS Collaboration, Eur. Phys. |. C 84 (2024), 12979.
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.012008
https://atlas-glance.cern.ch/atlas/analysis/papers/details?ref_code=EXOT-2017-08
https://link.springer.com/article/10.1140/epjc/s10052-024-12979-0
https://arxiv.org/abs/2405.00834
http://arxiv.org/abs/2209.06197
https://arxiv.org/pdf/1908.00005
https://link.springer.com/article/10.1140/epjc/s10052-024-12979-0

Liquid Argon Calorimeter (LAr)

+ Sampling calorimetry with noble liquids has been a successful
approach for electron and photon energy measurement in collider
experiments.

* There is significant interest in this detector technology for at future
CO”iderS, such as the ALLEGRO detector Concept (EP] Web of Conferences 320, 00022 (2025)]

* For example, in the ATLAS experiment utilizes a sampling calorimeter \»;_,
with liquid argon as the active medium, and lead, copper, and
tungsten as the paSSive material [ATLAS Coll., ATLAS-TDR-027 (2017).]

Cells in Layer 3

* Incoming photons/electrons initiate electromagnetic showers and energy is
recorded by finely segmented LAr cells

* Each shower deposits energy in approximately 50 cells

* To use the cell level data for analysis would require at least 5 data points per
cell: n, ¢, layer,E,t

* Each shower would then need ~200 data points

Strip cellsin Layer 1

~=—Cellsin PS
BnxAd = 0.025x0.1
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https://www.epj-conferences.org/articles/epjconf/abs/2025/05/epjconf_calor2024_00022/epjconf_calor2024_00022.html
https://cds.cern.ch/record/2285582/files/ATLAS-TDR-027.pdf
https://cds.cern.ch/record/2285582/files/ATLAS-TDR-027.pdf

Shower Shape Variables

f1: Ratio of the energy in the first layer to the

In published ATLAS ALP searches cell-
level information is not used

« EM showers instead summarized with
physically motivated variables

* Capture lateral & longitudinal shower
development

» Used for photon ID, ©° rejection, and
e/y separation

[ATLAS Collaboration, arXiv:1908.00005.]

total energy in the EM calorimeter

Wn,Z: Middle Lateral Width

Measures the shower lateral width in the
second layer in a window of 3x5 (1, ¢) cells

_ |XEmi (XEm; ’
"nz = Y E, _<2Ei>
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https://arxiv.org/pdf/1908.00005

Novel Approach — Cell Level Tagger

 With the goal of improving acceptance for
m, < O(100 MeV) and improving
sensitivity for m; > O(100 MeV) we
conducted a feasibility studies with toy
ATLAS-like calorimeter

* We exploited the cell-level information to
separate photon jets from single y, using
more powerful machine learning
techniques based on the GN2 transformer
used by ATLAS for jet classification

Cayy/N[TeV~1]
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E Beam dump
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Image adapted from ATLAS Collaboration, Eur. Phys. . C 84 (2024), 12979.
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Toy Calorimeter

ECAL = 1.2, HCAL = 7.42;n;
Particle
Gun
Dead ° -
Y > >
: material © 16X, |m
150 cm 61 cm 202 cm

* We simulate isolated and merged photon showers using a simplified Geant4
model, similar to the ATLAS electromagnetic calorimeter, with full cell-level
readout.

* The geometry reproduces the ATLAS granularity at n = 0, including a simplified
accordion-style LAr structure

* The calorimeter size is 64X64 middle layer cells

* A particle gun generates either single photons or a — yy decays across a range of
energies and ALP masses

* The initial position of the gun is smeared in x-y to provide uniform coverage around a
2X2 block of middle layer cells
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Example: ECAL layer 1

‘_Incoming particle

LAr (Sensitive volume)

Lead (absorber)


https://github.com/gabrielpmatos/g4-atlas-calorimeter/

Toy Calorimeter Samples

* The generated energy and ALP masses were
selected by the AR,,, between the photons

ARy, ~4—

* 1 million ALP samples were uniformly
distributed with my = 100 — 600 GeV and
m, = 0.01 — 2.5 GeV

* Merged diphoton signature begins
~AR(a - yy) = 0.04

* 1 million single photon samples E,, =

50 — 300 GeV were produced as
background
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Machine Learning Development

We used the our samples to assess many different ML strategies
* Boosted Decision Tree (BDT)

* Deep Neural Network (DNN) on SSVs (strategy employed by ATLAS Run 2) and DNN on cell
energies

 Convolutional Neural Network (CNN) on cell E, n, ¢, layer (strategy employed by CMS on Run 2)
* Transformer on cell E,n, ¢, layer

* Based off the GN2 and employed using the SALT framework — state of the art for flavor tagging
[ATLAS Collaboration, arXiv:2505.19689.1
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Image adapted from ATLAS Collaboration, arXiv:2505.19689.
Lauren Larson, The University of Texas at Austin USLUA Annual Meeting — December 18, 2026



https://arxiv.org/abs/2505.19689
https://arxiv.org/abs/2505.19689

Algorithm Performance

Isolated vs. merged photon classification performance 1.01
AUC Background Rejection @ g=
95 % Esig g 0.81
Shower Shape Variables Py
S 0.61
BDT 0.941 2.2 0
DNN 0.922 1.8 G 04-
o
Cell - Level ©
= 0.2 — NN ?;Uf W 05
DNN 0.849 1.4 —— DNN Shov;er Shape; AUC = 0.922
—— CNN, AUC = 0.951
CNN 0.951 2.6 0.0 1 —— Transformer, AUC = 0.978
Transformer 0.978 8.9 0.0 0.2 0.4 0.6 0.8 1.0

False positive rate (FPR)

The cell-level transformer delivers a background-rejection
gain of approximately a factor of over 4 compared to the
SSV approach.

Further performance studies are ongoing;
detailed results will be presented in a

forthcoming paper.
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Conclusion

* Cell-level calorimeter information provides strong discriminating power between merged

and isolated photon topologies in a simplified sampling calorimeter model.

« Among the architectures explored, transformer-based models demonstrate the highest

classification performance across the studied phase space.

* The results indicate that access to lower-level calorimeter information can substantially
enhance ML-based photon classification beyond approaches relying on higher-level

summary variables.

* These findings motivate further study of cell-level ML techniques for future photon-based

searches, with detailed performance studies to be presented in forthcoming paper.

Lauren Larson, The University of Texas at Austin USLUA Annual Meeting — December 18, 2026






