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— Introduction

- AK4 jets tagging

® DeepCSV model

® DeepFlavour model
— AK8 jets tagging

® DeepAKS8 model

® ParticleNet model

® ParticleTransformer model
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— Calibration of the taggers
® SFsBDT method
® LundJetPlane method
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— Jet is one of the most ubiquitous but also fascinating objects at the LHC
— Very common in CMS fo use ML method fo tag jets:

® heavy flavour tagging (bottom/charm)

® heavy resonance tagging (top/W/zZ/Higgs)

® quark/gluon discrimination

o
— One of the most active areas for ML

® lots of deep approaches have been proposed in the past few years

® trending: low-level inputs + deep learning
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AK4 jets taqqinc

— DeepCSV model(CMS DP 2017-005 cds.cern.ch/ £ ‘;’ CMS & ,mu|a{,on,,,e,,mm,y"*
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® Larger inputs, deeper NN + convolutional, 0 01 02 03 04 05 06 07 08 09 1
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J AKS8 jets tagging - DeepAKS

— Two list of input for each jet:

— The DeepAK8 algorithm is a multiclassifier to

discriminate jets from W/z/H/t/other, the 1. 100 jet constituents, order by decreasing
main classes are subdivided to minor transverse momentum, 15 features for
categories, e.g. Z->bb, Z->cc. each particle

— Model with CNN layers 2. Up to 7 SecondaryVertexes (SVs),

ordered by 2D secondary
ImpactParameter significance, 15
features for each SV
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— The ParticleNet algorithm is a Dynamic Graph
Convolutional Neural Network

— The jet can be seen as a ParticleCloud,

| AK8 jets tagging - ParticleNet

(_coordinates ) ( features )

— — — —

Y
k-NN

unordered set of entities irregularly sialipnns
distributed. The elements are correlated and e
with a rich internal structure, taking info o
account non additive features. T
— Imaged based to particle based: Unéar
® no loss of information from pixelation Ba:'l'::'m ’
® straightforward to include any kind of Untar
features for each particle e
o |
® constituent particles of a jet are intrinsically o
unordered — permutation symmeitry! [ Aggregation |

— Better than DeepAKaS!
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AK8 jets taqqing - ParticleTransformer

The ParticleNet algorithm is an attention
based Neural Network

Input embedding: Not only inject single

particle information, but also include pair-

wise feature

Better than ParticleNet!
Updating:

® Implementation in the CMSSW

® GloParT3 -> transfer learning with all
classes

Particles =

Interactions =»

L blocks Class token
AL —
7 N\ )
Particle Particle Particle Clas§ Clas§ %
: : . Attention Attention = s
Attention Attention p ==« caua. Attention — 2 |
Block Block x’*" Block ). Block Block - k=

All classes H—b H-—wcc H-—qgg H—4 H—lvgd t—bggd t—bv W —=qfd Z—qq

Accuracy  AUC  Rejso  Rejsgy Rejs509 Rejs09 Rejggy Rejso0  Rejgg 59 Rej509 Rejs09
PEFN 0.772 09714 2924 841 75 198 265 797 721 189 159
P-CNN 0.809 0.9789 4890 1276 88 474 947 2907 2304 241 204
ParticleNet 0.844 09849 7634 2475 104 954 3339 10526 11173 347 283
ParT 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
ParT (plain) 0.849 0.9859 9569 2911 112 1185 3868 17699 12987 384 311
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Global Particle Transformer 3
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Q Calibration tagger

Model Performance discrepancy from data and MC

— Need to calibrate MC to data to for consistent performance

— SFSBDT method:
® Use in boosted jet flavor tagging like X->bb, X->cc

® Use in proxy jets from gluon splitting to a pair of bottom or charm
quarks.

® Cant use for multiple subjets cases (>=3)

— Lund jet plane reweighting method:

® Use primary lund-plane regions to extract reweighting factors for
each subjet

® Works for multiple subjets cases

® large systematic uncertainties -> no harm for search analysis
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