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Introduction: Hadronic FS

A hadronic event Flavor tagging performance
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A high performance algorithm to deal with the
hadronic final states identification is import to
Higgs hadronic decay study



Introduction: Machine Learning
in the study of Hadronic FS

Earlier study in gluon-quark separation with CNN:
JHEP 01(2017) 110

PRD100, 116013

Study with Deep sets:
Deepest theory

L maxpool conv(64)
conv(6G4)

Deep sets for particle jets: JHEP01(2019)121

Energy/Particle Flow Network
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https://link.springer.com/article/10.1007/JHEP01(2017)110
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.100.116013
https://arxiv.org/abs/1703.06114v3
https://link.springer.com/article/10.1007/JHEP01(2019)121

Architecture of Layers

3D Input : Event (Evt) x Particle in each event (Par/Vitx) x Variables of each particle (Var)
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Samples and Selections

Js = 240 GeV sample: puH->bb/cc/gg/ww/zz/Everyting full simulation sample:
1 Million eats /sample,

Js =240 GeV: zz->pp + gqgq sample

H->bb/cc/gg for training, H->ww/zz/everything and ZZ-> ppu + gqqg for evaluation
Loosen cuts applied (higher statistics for comparison)

e a pair of y+y-, ytu- recoil mass 120 GeV-140 GeV

e jet invariant mass 75 GeV-140 GeV, at least 20 PFOs with energy > 0.4 GeV
in jet pair

After selection puH->bb/cc/gg contain ~700 k events for training+validation+test



True

Performance

Confusion Matrix of Higgs decays

Predicted

After 35 epochs of training Performance is good
e Average accuracy over 90%
e No over training found
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Comparison between PFN and
Conventional Flavor Tagging Variables

Conventional Flavor Tagging: (B/C-likeness, BL/CL)
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e PFN provides much better c/g-tag separation
 PFN not only learns FT, but learns kinematic information as well
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Results of Fit:l

Using BL-CL | Using Pb-Pc
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 Precision improved with Pb-Pc, especially for H->cc/gg
e These data are fitted with zz->mumu+qq templates only in fitted

M-Recoil region(120 GeV - 140 GeV)



Results of Fit: |l

Using BL-CL | Using Pb-Pc
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 Precision improved with Pb-Pc, especially
for H->cc/gg

e These data are fitted with zz->mumu+qq
templates in full M-Recoil region

Units / 0.2 GeV

Units / 0.2 GeV

- |
3000 — —— Data
g ﬁ BL-CL — S+B Fit
ss00f || | "
2000 | -~ SM Background
1500 |-
1000 |
500 .
120 125 130 135 140
MY IGaV]
- |
3000 —=— Data
g ﬁ PB-PC | _c.sr
2500 xR | P n H
- -- SM Background
2000 |
1500 |
1000 |-
500 .
n , |‘:. | ) | . : I
120 25 130 1135M 140
IVlrecon [GGV]



Summary

Machine learning are useful to deal with complex hadronic final states

In the study presented, we use an architecture based on deep sets/PFN

theory

We also add additional structures for vertices

The performance from training is improved, especially for c-tag and c/g
separation

The PFN seems learn kinematics deeply, good but also need to be careful

This method can be applied to more complex final states (qqH datasets in prep

-aration)
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Some earlier Results

First try on full situation
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Some earlier Results

After add track probability

Confusion Matrix of Higgs decays
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Some earlier Results

After add track probability, trained in high statistic sample

Confusion Matrix of Higgs decays
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Some earlier Results

After add track secondary vertex(mixed with particles),
trained in high statistic sample, no pigid for particles yet

Receiver operating characteristic
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Thank You!



