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The Dark Sector & Emerging Jets

• Dark quarks interact with the Standard Model through a new mediator particle

• Dark quarks shower, hadronize, and form dark mesons

• Dark mesons may travel significant distances before decaying to SM particles

• SM particles appear at displaced vertices, forming emerging jets
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Machine Learning Strategy

• Machine learning can be used to tag emerging jets

• Input data in matrix format

• Define matrix operations on input data

• Optimize the matrix parameters to minimize a 

loss function

• Project goals:

• Improve existing supervised algorithm (labelled 

data)

• Develop a new unsupervised algorithm 

(unlabelled data)
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Supervised Jet Tagger

• Input: jet pseudorapidity and features of associated tracks (mix of signal and background) 

• Transformer-based algorithm encodes individual tracks, combines them to represent the 

jet, then performs classification tasks.

• Loss function: 𝐿total = 𝐿jet + 𝛼𝐿track + 𝛽𝐿vertex 
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Updated Training Samples
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Old samples New samples

5,500,000 entries 20,000,000 entries

5 and 50 mm signal lifetimes 1, 5, 10, 50, 100, 500, 1000 mm signal lifetimes

600, 1500, and 3000 GeV signal masses 600, 800, 1000, 1200, 1500, 1800, 2200, 2500, 
3000 GeV signal masses

s-channel (Z') signal model s-channel and t-channel signal models

Background has fewer low pT jets than signal 
distribution

Background exactly matches signal pT 
distribution



0: Pileup 0: Pileup

1: Fake 1: Fake

2: Prompt

2: Primary

3: From B

4: From BC

5: From C

6: From Tau

7: Other 
Secondary

3: Displaced 8: Displaced
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Old labels New labels

Extended Track Origin Labels



Tagger Performance: Track Origin Labels
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• New labels significantly 

improve performance 

on old samples

All models except 

baseline trained with new 

labels



Tagger Performance: Old Samples
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• Models trained on old 

and new samples have 

similar (improved) 

performance when 

evaluated on old 

samples

All models except 

baseline trained with new 

labels



Tagger Performance: New Samples
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• Model trained on new 

samples has better 

performance when 

evaluated on new 

samples

• Performance on new 

samples is worse 

overall because they 

include jets that are 

harder to tag
All models except 

baseline trained with new 

labels



Tagger Performance: Lifetimes
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• Model trained on new 

samples performs 

significantly better at 

longer lifetimes

• Performance is 

equivalent at 

intermediate lifetimes



Unsupervised Jet Tagger

• Input: track features for each jet (background only)

• Variational autoencoder: encodes input data into latent space, then decodes it and 

outputs a reconstructed jet

• Loss: 𝐿total = 𝐿recon + 𝐿KL + 𝐿track # 

• Should be low for background and high for signal

• Model-independent approach
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Input track 
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jet
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Pool encoded 
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Unsupervised Tagger Development

Unsupervised learning for track number

8/6/2025 Sophie Gélinas  |  CERN Student Sessions 2025 12

Supervised learning for track number



Conclusion

• Machine learning is an effective strategy to search for emerging jets

• The supervised jet tagger has been successfully updated: new training samples and 

the extended track labelling scheme significantly improve its performance

• The unsupervised jet tagger is a new approach under development that could enable 

model-independent searches
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Backup
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Backup

• 0: Pileup

• 1: Fake

• 2: Prompt

• 3: Displaced
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Backup

• Cross-entropy loss:

• Chamfer distance:

• KL divergence:
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Backup
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Without weights With weights

0: pileup
1: fake
2: primary

3: fromB
4: fromBC
5: fromC

6: fromTau
7: otherSecondary
8: displaced
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Backup
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