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The ability to tag events

Preliminary results



Main framework

Feature Feature Feature Feature Hidden Hidden Hidden
Inputs maps maps maps maps units units units utpu[s
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Conv2D MaxPool2D Conv2D MaxPool2D Flatten Fully Fully Fully
4x4 kernel 2x2 kernel 4x4 kernel 2x2 kernel connected connected connected

Adapted from [4]'s top tagger

Activation functions: tanh and softmax

Epochs: 25

Optimizer: Adam

Learning rate: 0.00005, halving each 10 epochs
Loss function: Categorical cross entropy

[4] G. Kasieczka et al., “The Machine Learning landscape of top taggers”, SciPost Physics, vol. 7, no. 1, 2019. 8
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Event images

e R=28(An =Ap.  =2)

e Highest prrange (90 - 110 GeV/c)
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Insights from reconstructed jets

Discussion and outlook
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% Where does this put event images?
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Extracting other jet information
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The database

=> Simulated collisions
¥ Pythia 8.3 Monash Tune with CT10 PDFs
¢ p+pwith13 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)
- Cutsin ppphase space
¢ 20to30GeV
¢ 40to060 GeV
¢ 90to 110 GeV

21
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Jet images

True Positive Rate

Jet images - reference case
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Studies in event images configuration

PAS)



Applied models

=> Configuration studies
Images zoom (R factor)
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True label

Applied models

=> Configuration studies
€ Images zoom (R factor)

R=7 R=0.4 R=0.1
0.8
b-jets 4 36.83% 35.32% 26.28% 27.85% 19.96% -35.43% 27.39% 20.02% 16.16% 23.22% 27.89% 9.63%
0.6
cjets 4 25.05% RERGRTN 23.59% BIRIN 15.31% 123.89% EVE:GZN 18.46% 9.85% 18.18% 10.86% 27.91%
light-jets 4 16.29% 20.62% [EERERZ] 30.64% 29.70% 10.53% 127.30% 32.64% 24.14% 15.92% 17.37% 32.13% 11.83% 0.4
backg. 1 0.73% 0.62% 3.30% 2.61% 3.32% 4 2.39% 250% 7.73% 1.07% 155% 1.69%
0.2
b-jets cjets light-jets backg. b-jets cjets light-jets backg. b-jets cjets light-jets backg. b-jets cjets  light-jets backg.
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Applied models

=> Configuration studie§
€ Separation by pr
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True label

Higher energy == More particles = Better results

backg. A

Applied models

=> Configuration studies
€ Separation by pr

20 - 30 GeV
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Applied models

=> Configuration studies

€ Addition of colors (particle identification)
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Charge channel

Baryon number channel
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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

True label

b-jets

c-jets

light-jets A

backg.

pT and charge
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Applied models

=> Image settings
€@ Pixel resolution

32x32
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Applied models

-

Image settings
€ Pixel resolution

Higher
granularity
improves the
performance too
little for the
computational
cost

True label
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