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1. Pre-training

2. Fine-tuning

https://arxiv.org/abs/2403.05618


OmniJet-α cross-data
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[1] Birk et al. “OmniJet-α: The first cross-task foundation model 
for particle physics” (arXiv:2403.05618) (2024)

1. Pre-training real data

2. Fine-tuning simulations

https://arxiv.org/abs/2403.05618


OmniJet-α cross-data
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[1] Birk et al. “OmniJet-α: The first cross-task foundation model 
for particle physics” (arXiv:2403.05618) (2024)

Aspen Open Jets:  arxiv.2412.10504
● 180M ML-ready high pT jets derived from CMS 2016 Open Data

https://arxiv.org/abs/2403.05618
https://arxiv.org/abs/2412.10504
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OmniJet-α Calorimeter
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[1] Birk et al. “OmniJet-α: The first cross-task foundation model 
for particle physics” (arXiv:2403.05618) (2024)

! not a foundation model !
proof of concept

https://arxiv.org/abs/2403.05618
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● 𝛾-energy 10-100 GeV
● x, y, z ∈ [0,29]
● voxel energy 0-13 MeV
● 100-1700 hits per shower

[3]

Data

[2] ILD Collaboration “International Large Detector: Interim Design Report” (arXiv:2003.01116) (2020)

[3] Buhmann et al. “Getting High: High Fidelity Simulation of High Granularity Calorimeters with High Speed” (arXiv:2005.05334) (2020)

20 times more hits 
than particles in a jet!

Based on the proposed design of the 
International Large Detector (ILD)[2]: 𝛾

https://arxiv.org/pdf/2003.01116
https://arxiv.org/abs/2005.05334
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Token quality
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discrete continuous

original reconstructed
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30³ possible voxels
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Token quality
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[1]

Transformer
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Prediction 

Next-token
probabilities

Target
(true next-token)

Cross-entropy loss

● Transformer architecture of OmniJet-α [1] (adapted from the original GPT-1 
architecture [4]) 

● Works like a language model, but generates 
hit-tokens instead of word-tokens

start-token
token1
token2
token3

token1
token2
token3
end-token

[1] Birk et al. “OmniJet-α: The first cross-task foundation model for particle physics” (arXiv:2403.05618) (2024)
[4] Radford et al, “Improving language understanding by generative pre-training” (2018)

Generative training

https://arxiv.org/abs/2403.05618


Generative prediction
Shower = {start-token, token1, ..., tokenn, end-token}

tokeni = integer value ∈ [1,..., 65,536]
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Results - visible cell energy
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● Comparison of 40k showers
● Only considering MIP hits for analysis
● Geant4 [3]

○ Simulated Showers
● L2LFlows [5]

○ State-of-the-art generative model
○ Post-processed and calibrated

● OmniJet-αC
○ Post-processed not calibrated

[3] Buhmann et al. “Getting High: High Fidelity Simulation of High 
Granularity Calorimeters with High Speed” (arXiv:2005.05334) (2020)
[5] Buss et al. “Convolutional L2LFlows: Generating Accurate Showers in Highly 
Granular Calorimeters Using Convolutional Normalizing Flows” (arXiv:2405.20407) (2024)

To few high energy hits

https://arxiv.org/abs/2005.05334
https://arxiv.org/abs/2405.20407


Results - energy sum / number of hits
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To few high energy showers



Results - more histograms

20

Good performance on COG profile, mean energy per layer and energy per radius

H. Rose    University of Hamburg



Summary

● Geometry independent
● No conditioning needed
● Generates showers with 

good agreement 
on shower-level and hit-level

● Proof of concept for the versatility
of OmniJet-α, applying it to a 
completely different subdomain
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Backup
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Geometry independence

Overlay of 2000 photon showers along y
24
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Hyperparameters
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VQ-VAE Generative model
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physical space embedding space

Important Hyperparameters:
latent dimension: 8 
alpha: 10
codebook size: 65.536

Training samples: 855.000 showers
27
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VQ-VAE losses

Reconstruction loss: MSE-loss

Commitment loss: 

Complete loss: 

sg represents stop gradient operator meaning no gradient

straight-through estimator (STE) is used to pass the gradients straight through the quantization 
operation - to ensure the STE is accurate, the codebook and the encoder representations are pulled 
together using the sg 
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Data - What is a point cloud?

Simulated shower in the 
electromagnetic calorimeter of the 
envisioned International Large Detector 
(ILD)

(2005.05334) “Getting High” generates 
geometry-independent calorimeter 
showers as point clouds.
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https://arxiv.org/pdf/2005.05334

