[ Detector of TrackML challenge ]

for HEP track reconstruction

A. Salzburger (CERN)

@SaltyBurger



https://www.kaggle.com/c/trackml-particle-identification

HEP landscape in a nutshell®

Standard Model Total Production Cross Section Measurements siaius: November 2019

T~ 500 ub?
COLLIDER e Q10 e ATLAS Preliminary
e Theory
5 Run 1,2 /s =7,8,13 TeV
: 100 E LHC pp Vs =7 TeV .
BB Data 45-46fb!
o L o -
w 10° & Ao LHC pp Vs = 8 TeV -
_/C' . A A Data 20.2 — 20.3 b
10* F LHC pp V5 = 13 TeV -
e.g | HC : - BEl  Daia 32-798fb!
1012 10° £ a -
| i . o 5
102 o =
E el o e §
! a n tcﬁal n A o0 ]
10! 3 2.0 fo! &0 E
? 85 : |
1 VH X
: - . B-H.g:
- ttH A A i
................. > 10_1 E_ —E
PP W Z tt t Wt H WW WZ Z7Z t ttW ttZ thWW\)IVVWZ
t-chan s-chan

* [ ] [ J [J
[ SM cross section summary, ATLAS ] collider centric view



https://home.cern/resources/faqs/facts-and-figures-about-lhc
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2019-024/fig_01.pdf

/‘” Particle Tracking

Trajectory and vertex finding in tracking detectors
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- neanaonesreas — * Aim to find trajectories of charged particles
(and thus their kinematic properties) as

® |
N \\\ efficiently as possible

) . . .
( s * Cluster trajectories from common vertices
— (and find those)

* If possible, first particle identification

* Avoid: fake/ghost trajectories, duplicates, ...
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https://www.kaggle.com/c/trackml-particle-identification
https://competitions.codalab.org/competitions/20112

/‘” Particle Tracking

Pattern recognition for particle detectors

* Typical pattern recognition problem 1000~

» Effectively a clustering problem

* Classical approaches include oL

* Global/conformal mapping Tl
* Track seeding & following l
* Combinatorial filtering ~00”
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Particle Tracking

Pattern recognition for particle detectors
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Particle Tracking

Pattern recognition for particle detectors
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~ 10 000 particles

~ 100 000 measurements



O Particle Trackin
g 2
Classical algorithms
* Pattern recognition problem
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Graph Neural Networks

for particle tracking - principles

measurements

. graph representation
(hits)

Possible plp&llne GNN training

Graph Creation GNN prediction  edge resolving track building track fitting/cleaning



Graph Neural Networks

for particle tracking - examples
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» Example performance on TrackML dataset

* Clear separation, high efficiency & purity

:/ https://indico.cern.ch/event/948465/contributions/4323573
Particle Tracking Machine Learning Challenge | Phase 1 || Phase 2 |
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https://indico.cern.ch/event/948465/contributions/4323573
https://indico.cern.ch/event/742793/contributions/3274332/attachments/1822988/2997320/SHTR_CTDWIT19.pdf
https://indico.cern.ch/event/831165/contributions/3717122/attachments/2022757/3382937/20200400-msmk-hashing_tracking-v4.pdf
https://www.kaggle.com/c/trackml-particle-identification
https://competitions.codalab.org/competitions/20112

Graph Neural Networks

for particle tracking - challenges & opportunities

* Size of the Graph tends to be a challenge e o o e o
* Possibility to strip by exclusion rules
 possibility segmentation

* GNN prediction on high memory

00 00
suitable for high level ,
trigger application graph representation
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Graph Neural Networks

for particle tracking - friends, family & opportunity

* Pioneering work by Exa.TrkX project and some other R&D groups

SCHEP https://indico.cern.ch/event/948465/contributions/4323753
21161121 https://indico.cern.ch/event/948465/contributions/4323573

 Potential combination with

* Metric learning
(GNN in learned space)

* Data hashing

—20

_30 .

50 -

—A0 4

Fig 1 Transverse view (x/y)

2
@
oo .
. °
£
o %o
21
e
° £
&
»
)
0 40 50 60

0.10 -

0.09 4

0.08 1

0.07 -

Fig 2 Learned (u/v) space
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[ S. Amrouche, T. Golling, M. Kiehn, AS: Music, Neighbours & Tracking ]

[ S. Amrouche, N. Calace, T. Golling, M. Kiehm. AS : Hashing & similarity learning |
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https://indico.cern.ch/event/948465/contributions/4323753
http://www.apple.com/uk
https://indico.cern.ch/event/948465/contributions/4323573
http://www.apple.com/uk
https://indico.cern.ch/event/742793/contributions/3274332/attachments/1822988/2997320/SHTR_CTDWIT19.pdf
https://indico.cern.ch/event/831165/contributions/3717122/attachments/2022757/3382937/20200400-msmk-hashing_tracking-v4.pdf

Graph Neural Networks

for particle tracking - embedding ATLAS ITK

a

reconstruction toolkit

>
S * Detector/framework agnostic track

* track fitting/cleaning
https://arxiv.org/abs/2106.13593

 Fast/full simulation capabilities

. Belle-ll
 Used for TrackML dataset creation

* Dedicated ML R&D line:
* GNNs tracking & vertexing
» Hashing

* Classifications


https://arxiv.org/abs/2106.13593

Graph Neural Networks

for particle tracking - embedding ATLAS ITk
m
ai -t S Detector/framework agnostic track
reconstruction toolkit
~.—/

https://arxiv.org/abs/2106.13593

Belle-ll



https://arxiv.org/abs/2106.13593

Graph Neural Networks

for particle tracking - embedding ATLAS ITK

.;

as,

https://arxiv.org/abs/2106.13593

* track fitting/cleaning

*Non ML components'available
+downstreamralgorithms
(e.g. vertex reconstruction)

Belle-Il



https://arxiv.org/abs/2106.13593

Graph Neural Networks

for particle tracking - embedding ATLAS ITK

a
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https://arxiv.org/abs/2106.13593

Belle-ll

* Dedicated ML R&D line:
* GNNs tracking & vertexing
» Hashing

* Classifications


https://arxiv.org/abs/2106.13593

Conclusions & Food

* Graph Neural Networks offer a great possibility for track reconstruction
* Pioneered already by Exa.TrkX and other groups

* Can build upon their ground work & profit from CERNSs unique
involvement into track reconstruction @ (HL-)LHC

* Potential for usage in Event filter

* Maximise throughput on GPUs/heterogenous hardware






HEP landscape in a nutshell”
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https://home.cern/resources/faqs/facts-and-figures-about-lhc
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HEP landscape in a nutshell”
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EARLY RUN-1 OF LHC (2010)
5 instantaneous P-P collision

*collider centric view


https://home.cern/resources/faqs/facts-and-figures-about-lhc

rjmm]

COLLIDER
™
-
e.g. LHC § =E =
s = 14 TeV P LE E
fc0ll = 40 MHz ,505_ m;_
< u>= 200 “E -
9_9050' ' T Y% 200
z [mm) z [mm)
< u>=140 < u>=200
RUN1/2 HL-LHC (exp. 2027)
~40 instantaneous P-P collision ~200 instantaneous P-P collision
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https://home.cern/resources/faqs/facts-and-figures-about-lhc

HEP landscape in a nutshell - data path
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HEP landscape in a nutshell - VT path

ANALYSIS

EVENT GENERATION DETECTOR SIGNAL

SIMULATION SIMULATION




/” End-to-end Tracking attempts

The “my job is done by a machine” scenario

* Exa.TrkX project applies a Graph Neural Network (GNN) approach

* Build nodes and edges, classify edges [0, 1] and eventually drop them
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NodeNet |—»| EdgeNet
* Attention Message Passing

with Residuals

Kipf, Thomas N., and Max Welling. "Semi-supervised classification with

graph convolutional networks." arXiv preprint arXiv:1609.02907 (2016).
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https://indico.cern.ch/event/742793/contributions/3274332/attachments/1822988/2997320/SHTR_CTDWIT19.pdf
https://indico.cern.ch/event/831165/contributions/3717122/attachments/2022757/3382937/20200400-msmk-hashing_tracking-v4.pdf
https://www.kaggle.com/c/trackml-particle-identification
https://competitions.codalab.org/competitions/20112

