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Motivation

Motivation For HF Tagging

Jet Hadronization —= tracks b jet
e pp collisions at the LHC b hadron \
produce quarks and gluons - impact
parameter

which hadronize due to QCD
confinement
=8 secondary

@ Longer lifetime of HF-jets vertex

creates secondary vertex

rlmary vertex
Goal: \ "7 \

o Classify jets originating from
different HF quarks (b, ¢)
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Leveraging Graph Neural Networks

GNN Advantages
° nodes (or verticles)
@ Variable number of nodes and o Y
edges edges".' ..
o Capture complex relationships e
to represent system LR i g
Message Passing: .
o Node in_format_ion aggregated e g -
from neighboring nodes — eonmons | e
4 /» ® —| AGGREGATE [2 ol e
. W/
o Learn features of neighbors e
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Graph Construction and Implementation

\ Particle Jet Energy depositions
P in calorimeters

@ 1graph =1 jet @ Number of nodes vary between graphs

@ 1 node = 1 daughter

@ Fully Connected edges @ Features: jet-level and daughter-level kinematics
Graph 1: 18 nodes, 153 edges Graph 2: 17 nodes, 136 edges Graph 3: 9 nodes, 36 edges
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Graph Construction and Implementation

Node Features

GitHub

Jet Features

Daughter Features

Jet Features =
pT

@ Top-level jet kinematics SV Tagaing

fdrMin
ptSvrlet
nTrk
nTrkJet
drSvrlJet
absQSum
Daughter Features mcor
fdChi2
ipChi2Sum
tau

z

pT

@ SV-tagger output variables

@ Unique daughter kinematics
Track inputs Combined Inputs

Jet inputs
) —
njt

Niracks X Nt Ntracks X Ny + Nir)
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IPraw

NNe

NNk

NNp

NNpi

NNmu
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QoverP

trackX
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trackVZ
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CaloNeutralPrs
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https://github.com/gpesticci/Jet-GNN
https://cds.cern.ch/record/2811135/files/ATL-PHYS-PUB-2022-027.pdf

Training the Classifiers

Sample Preparation and Definition

Dataset General Selection Requirements
@ 1.2M fully reconstructed di-jet 20 GeV < p1 < 50 GeV
simulated events per flavour 22<n< 44

@ Only leading jet used for graph

@ 80:20 Training and validation split
Truth Matching Classifier Types
@ Reco jet matched to truth jet

@ Energy fraction of daughters used to
select b/c/q @ cvsbh

@ bvsgqg

Truth Matching
b Selection ¢ Selection g Selection
MC Match =1 MC Match =1 MC Match =1
MC Jet EfB > 0.6 | MC Jet EfD > 0.6 | MC Jet EfD < 0.6
MC Jet EfB < 0.6
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b vs. g Classifier Training

90 minutes
NVIDIA GeForce RTX2080Ti

Loss Accuracy
0.46 —— Training Loss (min = 0.3396)
LHCb Simulation — Testing Loss (min = 0.3356)
0.84
0.44
042 083
>
4 040 g
3 3
£ 082
038
0.36 0.81
LHCb Simulation
034 — Training Accuracy (max = 0.8439)
0.80 — Testing Accuracy (max = 0.8416)
[ 25 50 75 100 125 150 175 200 [ 25 50 75 100 125 150 175 200
Epochs. Epochs.
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g the Clas:

b vs. g Classifier Training

Loss Accuracy
046 —— Training Loss (min = 0.3396)
LHCb Simulation — Testing Loss (min = 0.3356)
0.84
0.44
042 0.83
5 040 g
3 2
£ 082
038 No overfitting!
0.36 0.81
LHCb Simulation
0.34 S ——— —— Training Accuracy (max = 0.8439)
0.80
o 25 50 75 100 125 150 175 200 o 25 50 75 100 125 150 175 200
Epochs. Epochs.
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g the Clas:

b vs. g Classifier Training

Loss Accuracy
046 —— Training Loss (min = 0.3396)
LHCb Simulation —— Testing Loss (min = 0.3356)
0.84 )
0.44
042 0.83
Plateau -
, 040 g Training End
3 2
£ 082
038 No overfitting!
0.36 0.81
LHCb Simulation
034 AR, —— Training Accuracy (max = 0.8439)
0.80 —— Testing Accuracy (max = 0.8416)
o 25 50 75 100 125 150 175 25 50 75 100 125 150 175 200
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g the Classi

b vs. g Feature Ranking

Feature Ablation

@ Remove one feature

— Compare
predictions

Feature Importance

Joto_Daughters_£
Jeto_Daughters_pT.
Jeto_Daughters_D
Jet0_Daughters_px
Jeto_Daughters_pY
Jeto_Daughters_pz

Jet0_Daughters_Eta
Jeto_Daughters_phi

Jeto_Daughters Q
Jeto_Daughters_IP

LHCb Simulation

Jeto_Daughters_PCHI2
Jeto_Daughters Praw
Jeto_Daughters_Nne
Jeto_Daughters_ Nk
Jeto_Daughters_NNp.
Jeto_Daughters_Npi

Jeto_Daughters_NNmu

Feature Importance 10 Daughters Chiz
Jet0_SVtag_pt 2.151547 e o
Jet0 PT 2074078 & mom
Jet0_Daughters_IPCHI2 1.840426 o ﬁi:“:ii[i e
Jet0_Daughters_trackVZ 1.508102 © I Davgptan oy
Jet0_Daughters_pZ 1.290995 m;‘uﬂ;ﬁifgﬁii:::mZ::
Jet0_Daughters E 1.178953 B o et
Jet0_SVtag-mCor 1.141651 o
Jet0_Daughters_NNmu 1.090061 Joto_sviag_fdriin

Jet0_SVtag_ptSvrjet
Jet0_Daughters_pT 0.705798 Jeto_s\tag_nrk
Jet0_Daughters_CaloNeutralE49 0.560570 o v o
Jet0_Daughters_CaloNeutralEcal 0.482262 e
Jet0_Daughters_CaloNeutralHcal2Ecal 0.410697 e
Jet0_Daughters_CaloNeutralPrs 0.345381 Jem,sv::gﬂ,.:\c’zzs:ﬂmu
Jet0_SVtag_ipChi2Sum 0.329392 Jeto_Stag_z
Jet0_Daughters_QoverP 0.264155 Jostean ¥ o T o o

Importance
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Utilizing LHCb-Unique Information

Daughter Particle ID | b Counts | ¢ Counts | Ratio (b/q)
-3122: A 43958 25404 1.73
-2212: p~ 89479 160558 0.557
-321: K~ 259734 275755 0.942
-211: 2112428 2245110 0.941
-22: vy 614728 632280 0.973
-13: put 48357 10438 4.63
-11: et 136347 125204 1.09
11: e~ 132134 120458 1.10
13: pu™ 47367 10121 4.68
22: v 4510332 | 4620186 0.976
111: 7° 104734 117264 0.893
211: 2150943 2306711 0.932
310: K¢ 357986 174052 2.06
321: KT 265780 287480 0.924
2212: p* 93323 169267 0.551
3122: A 43144 24177 1.78
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Performance Results (WIP)

Receiver Operating Characteristics (ROC)

b Efficiency | ¢ FPR
0.85 0.1938
- 0.80 0.1178
E 0.75 0.0685
g 0.70 0.0315
s 0.65 0.0130
H 0.60 0.0070
” ¢ Efficiency | b FPR
0.40 0.0559
LHCb Simulation 0.30 0.0340
el — b vs g ROC Curve (AUC = 0.9230) 0.20 0.0175
/,’ —— ¢ vs b ROC Curve (AUC = 0.8691)
0'00.0 02 04 06 08 10

False Positive Rate (FPR)

Grieser, Pesticci (Cincinnati, CERN) LHCb HF Jets GNN 05-11-2024 10/17



Classifier Application

Probability Distribution V H H
alidatin
10% 4 LHCb Simulation &= ciets i g pT
£ piets dependence of
P performance
103 S N—
E Mg
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P
— Charm probability distribution, including

tentative charm efficiency WPs
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Conclusions

Conclusions and Prospects

Summary
o First GNN Jet Tagger developed for use at LHCb
@ Application significantly broadens compared to SV-required taggers
@ Unique access to PID information strengthens training at LHCb
Things to Come
@ Development to expand to more classifiers (c vs. g, bc vs. q)

@ Develop calibration techniques — apply to analyses!
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BACKUP

Grieser, Pesticci (Cincinnati, CERN) LHCb HF Jets GNN 05-11-2024 13 /17



GNN Layers Using PyTorch Geometric

SAGEConv
«  Aggregates information from neighbors — mean

* x; = Wixy + Wy - meanjen)x;

LayerNorm
*  Normalize inputs across all features independently

_ _X-Elx)
Y= Tarnne VA

RelLU
*  Introduces non-linearity
*  R(z) = max(0,2)

Dropout
«  Zero elements with probability, p

*  Scale by factor of ﬁ
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Global Add Pooling
«  After convelutional layers, add outputs

N,
s ri=Xplidn

Linear
+  Reduce dimensionality of outputs
« y=xAT+b

Binary Cross Entropy Loss (with sigmoid layer)
+  Computes difference between prediction and truth labels

© ) = L= {h e W)y = —walyn - log o () + (1 =) -
lng(l - U(xn)§

AdamW Optimizer
*  Minimizes loss function — stochastic gradient descent
«  Separates weight decay from gradients
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c vs. b Classifier Training

Loss Accuracy
— Training Loss (min = 0.4351)
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c vs. b Feature Ranking

Feature Importance

Feature Ablation i s simuaton
@ Remove one feature Fo
ol
— Compare
predictions fao
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Backup

Classifier Application — b vs. q (Pp)
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