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The ability to tag events
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Preliminary results



Main framework
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● Activation functions: tanh and softmax
● Epochs: 25
● Optimizer: Adam
● Learning rate: 0.00005, halving each 10 epochs
● Loss function: Categorical cross entropy

Adapted from [4]’s top tagger

[4]  G. Kasieczka et al., “The Machine Learning landscape of top taggers”, SciPost Physics, vol. 7, no. 1, 2019.

https://arxiv.org/abs/1902.09914
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● Different      ranges mixed
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➔ Flavor tagging needs further 
improvement

➔ Excels at background separation!
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Event images
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● R ⋍ 2.8 (Δ𝜂rel = Δ𝜑rel = 2)
● Highest      range (90 - 110 GeV/c) 
● 5 color channels: pT, charge, 

baryon, lepton and “meson” 
number
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Jet images

12

➔ Similar performance for the heavy 
jets

➔ Light tagging improved!

● 16x16 pixels
● R = √2 (Δ𝜂rel = Δ𝜑rel = 1)
● No cuts in pT

● particle pT and charge color channels



Insights from reconstructed jets
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Discussion and outlook
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➢ Same low level variables as before, but jet properties could help

❖ Where does this put event images?
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Extracting other jet information
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● Other jet properties as well[6]

[6] D. Krohn, M. D. Schwartz, T. Lin, and W. J. Waalewijn, “Jet charge at the LHC”, Phys. Rev. Lett., vol. 110, p. 212001, May 2013.

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.110.212001
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Early version
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Outlook

● Improve the secondary network
● Adapt observables to event landscape
● Hope for the best!
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Thank you!
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The database

➔ Simulated collisions
◆ Pythia 8.3 Monash Tune with CT10 PDFs
◆ p+p with 13 TeV

➔ Selected processes
◆ One process per event
◆ Production of bottom, charm, light particles (light quark + gluons)
◆ Minimum bias for background

➔ Defining our jets
◆ Charged final state particles (detectable)
◆ 50 most energetic particles
◆ Hard processes (except background)

➔ Cuts in       phase space
◆ 20 to 30 GeV
◆ 40 to 60 GeV
◆ 90 to 110 GeV

21



ROC curves
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Event images
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Jet images
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Studies in event images configuration
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Applied models
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➔ Configuration studies
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Zoom

Performance
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Applied models
➔ Configuration studies

◆ Separation by

Higher energy More particles Better results
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Applied models
➔ Configuration studies

◆ Addition of colors (particle identification)

● Light jets reach the 
same level as heavy 
jets

● The recall on b-tagging 
gets better

● False positive rates of 
several classes improve 
as well
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Applied models
➔ Image settings

◆ Pixel resolution

➔ Higher 
granularity 
improves the 
performance too 
little for the 
computational 
cost


