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Hadronization % tracks b jet

—————— b hadron
» pp collisions at LHC produce ,
ey mmmee- Impact
quarks and gluons which parameter
hadronize due to QCD
confinement
« Longer lifetime of heavy B- secondary
hadron creates a characteristic vertex
secondary vertex
light jet
o o 8- primary vertex
Goal: Classify jet flavours (b, c, q) /

‘ightjet
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Selection Veto

H — bb WW analysis
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https://indico.cern.ch/event/242419/contributions/520667/attachments/412165/572722/B-tag2012.pdf
https://indico.ijclab.in2p3.fr/event/4754/contributions/15547/subcontributions/1336/attachments/13169/15826/Hbb-HHunting2018-LV_FINAL.pdf
https://cds.cern.ch/record/2716981/
https://cms-results.web.cern.ch/cms-results/public-results/publications/SMP-24-001/index.html
https://indico.ijclab.in2p3.fr/event/4754/contributions/15547/subcontributions/1336/attachments/13169/15826/Hbb-HHunting2018-LV_FINAL.pdf

Graph Neural Networks (GNN)

nodes (or verticles)

.‘ . . .
 Variable number of nodes and LT ." ________ :".
edges edges E
 Captures complex relationships to
represent the system R S
. ........ .. : ‘. . .
Message Passing ol
o
* Node information aggregated from
nelgthI'S TARGET NODE “‘.' :
« Target node updated -
* Learn features ot neighbors ® —| AGGREGATE :....
INPUT GRAPH
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Graph Construction

1 graph = 1 jet
1 node = 1 daughter particle

 Fully connected edges ‘p\ Particle Jet Energy depositions
« Variable # of nodes in calorimeters

Graph 1: 18 nodes, 153 edges Graph 2: 17 nodes, 136 edges Graph 3: 9 nodes, 36 edges

Features: jet-level and

daughter-level kinematics A

A -'\'_'53’.'

@ PyTorch

geometric
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Node Features

Jet Features
» Top-level jet kinematics

« Secondary vertex (SV) tagging variables
(LHCb-PAPER-2015-016)

Daughter Features
» Kinematics unique to each daughter in the jet

Track inputs

Combined Inputs

Jet inputs

Ntracks X Ntf Ntracks X (n]f + ntf}

ATL-PHYS-PUB-2022-027
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Jet Features

Daughter Features

Pseudorapidity (n)
Transverse Momentum (pT)

SV Tagging

Min Radial Flight Distance
Jet Transverse Momentum (pT)
N Tracks

N Jet Tracks

AR

Sum of Charges

Mass

Corrected Mass

Flight Distance x?
Interaction Point y? Sum
Lifetime (7)

Longitudinal Position (z)
Transverse Momentum (pT)

Energy

Transverse Momentum
Particle ID
Momentum (p)
Pseudorapidity (n)
Azimuthal Angle (¢)
Charge (Q)
Interaction Point (IP)

NN PID

X2
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Track Direction

Vertex Track Direction
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https://github.com/gpesticci/Jet-GNN

b vs g — Training
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b vs g — Training
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b vs q - Feature Importance
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Feature Importance

LHCb Simulation
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PID Information

Particle ID b Counts | ¢ Counts | Ratio (b/q)
u* 77381 17184 4.50
K& 257905 141741 1.82
AT 74696 43770 1.71
et 207242 203155 1.02
v 3538058 3833703 0.92
nt 3171630 3582468 0.89
¥ 92794 107348 0.86
K+ 368460 430964 0.86
pt 139609 251848 0.55
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Performance Results

Receiver Operating Characteristics (ROC)

Signal Efficency (TPR)

o LHCb Simulation
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False Positive Rate (FPR)
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qg FPR

0.85
0.8
0.75
0.7
0.65
0.6

0.1922
0.1212
0.0723
0.0332
0.0118
0.0046

c Efficiency

b FPR

0.40
0.30
0.20

0.0909
0.0560
0.0296

US LUA Meeting — Dec 18, 2024



Conclusions
Summary
» First GNN jet tagger for LHCb
» Training strengthened by PID Physics Applications
information
* Broader application without SV Veto Selection
dependence WW h — bb
WZ h — ce
Further Steps , L. 77 top quark measurements
« Expand for fat jets + HF-jets inside 7 + jets 7 + jets
« Migrate to Run 3 samples and retrain h — WW W — cX analysis
» Integrate into Moore/ HLT2 HF jet
selections
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-
Classifier Application (b vs q) - P,

Probability Distribution
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-
Classifier Application (b vs q)

Efficiency for b-jets at 75% True Positive Rate (TPR)
LHCb Simulation
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-
Classifier Application (cvs b) - P,

Probability Distribution
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-
Classifier Application (c vs b)

Efficiency for c-jets at 30% True Positive Rate (TPR)
LHCb Simulation
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-
Data Preparation

Da’fasitzM fully reconstructed Clatssfgz General Selection Requirements
di-jet events per flavour * CVS(Q pr > 20 GeV
« Leading jet only « cvsb 22<n< 44
* 80:20 training and « b/cvsq
validation split
. Truth Matching
Truth Matching
«  Reco jet matched to truth b Selection ¢ Selection g Selection
jet MC Match =1 MC Match = 1 MC Match =1
*  Energy fraction of MC Jet EfD > 0.6 | MC Jet EfB > 0.4 | MC Jet EfB < 0.2
daughters used for MC Jet EfD < 0.2
flavour selection
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PyTorch Geometric Layers

SAGEConv Global Add Pooling
»  Aggregates information from neighbors — mean »  After convolutional layers, add outputs
o x{ = W1x1 + W2 *meanjey (i) X;j . r; = Zglzl Xy,
LayerNorm Linear
*  Normalize inputs across all features independently *  Reduce dimensionality of outputs
. — _X—Elx] . — AT
y= Tvarlx+e *y+ B y=xA"+b
ReLU Binary Cross Entropy Loss (with sigmoid layer)

: : «  Computes difference between prediction and truth labels
* Introduces non-linearity

o = = T = — . - °
e S ofe = b ) 1
Dropout 1 IR AdamW Optimizer
*  Zeroelements wit 1pro apility, p «  Minimizes loss function — stochastic gradient descent
*  Scale by factor of:p »  Separates weight decay from gradients
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