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What is highly collimated photon-jets ?

1. Definition of “photon-jet” : Grouping of collimated photons
2. How to generate photon-jet? 

(1) Cascade decay: heavy resonance (X) → light resonances (a) → photons
(2) Boosted light resonances (a) decaying into photons leads to a photon-jet

= 0.015 - 0.035



Two isolated photons, OR a photon jet, OR a single photon-like ?

photon-jet

ATLAS existing triggers 

cannot distinguish them !



Topology of signal signatures

Photon-jet with 4 photons

Xiaocong Ai, Shih-Chieh 
Hsu and Ke Li, CT Lu  
arXiv:2401.15690

125 GeV
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Photon-jet Identification with Deep Learning

ATLAS-like ECAL with EM showers simulated using GEANT4

The deposited energy per cell at the 1st layer of the ECAL in the range of [40, 250] GeV : 

100,000 events 
for each sample



Convolutional Neural Networks (CNN)

Keras with Tensorflow

(3 x 3) (3 x 3)
70% → training 
30% → test

32 nodes

softmax activation



Convolutional Neural Networks (CNN)

The normalized confusion matrix



Particle Flow Networks (PFN)

1. Developed by Komiske et al., Energy Flow Networks: Deep Sets for Particle 
Jets, JHEP 01, 121 (2019)

2. Input: A jet represented in point-cloud form (i.e. an unordered set of feature 
vectors) 

3. Output: A vector of probabilities for classification. 
4. PFNs are able to model any permutation-invariant function on a point cloud.
5. PFNs cannot directly take our ECAL images as input, so we transform the 

array of each sampling layer into an unordered set of “points” (feature 
vectors).



Particle Flow Networks (PFN)

F and Φ are vector functions 
approximated by DNNs.

(256,256,256,256,128,128,128,128)

Keras with Tensorflow



Particle Flow Networks (PFN)

The normalized confusion matrix





Comparison of performance among CNN and BDT

Gradient Boosted Decision Trees (BDT)Shower shape variables : 
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Simulation :

Feynrules : generate the UFO model files

MadGraph5 : generate the signal and 
background events

PYTHIA 8 : parton showering and 
hadronization

GEANT4 : ATLAS-like ECAL

(1) Two photon-jet candidates with 

(2) The photon-jets are required to be isolated 
from nearby charged tracks within

(3) Two photon-jets are required to be boosted 

(4) The following selections are applied to further 
suppress the SM backgrounds

Basic event selections



Physics Sensitivity based on CNN analysis

The branching ratio for each channel, i.e. h2/a → γγ, h2 → π0 π0 and a → π0 π0 π0 is 
assumed to be 1 in a model-independent way.
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Conclusions

1. Photon-jets can be generated from a heavy resonance (EW scale or above) decaying 
to light resonance (sub-GeV scale), then to collimated photons.

2. The results show that both CNN and PFN are promising tools to separate the 
photon-jet signatures from SM backgrounds such as the single photon and π0 from 
QCD jets. 

3. The future bounds at HL-LHC can be much stronger than the existing constraint BR(h 
→ undetected) < 19%. 




