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The Higgs boson: The thrill of the chase (before 2012)
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Large Hardron Collider (LHC) at CERN

=

< e | » Highest energy synchrotron with 27km
e =R circumference, 100m underground. Located at
| : ' the border of France and Switzerland.
» Proton-proton collisions at 13TeV with 25ns
bunch-spacing
» 2 generalist detectors ATLAS and CMS
» Design to find the Higgs Boson!
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The ATLAS detector YATLAS

EXPERIMENT

Muon
Spectrometer

p-p collisions happen at the center of PP collisions produce a flow of

. . o Hadronic \ Y ,"
the detector where the beam lines particles which are are coming from “i A deshed roc
1 ’ L are invisible fo
are crossing the Impact Point through the detecto j N_f are Invisibl
.............................................................. E|e|ctr<_)mcgneﬁc
~100 m I ST S e i
X\ Transition
underground Trocking{ R
Pixel/SCT detector
The detector is composed by sub-detectors, each
of them delivering a specific type of information
proton q oton qu

Images from : “Modele standard : Comprendre |'univers avec I'aide des bosons” (J.Manjares )
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https://indico.in2p3.fr/event/28310/contributions/116119/attachments/73576/105664/20221021_SFP_Manjarres.pdf

Higgs discovery (2012
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The Higgs boson implications and prospects for
future discoveries

Since 2012: accumulate more statistics

Coupling Higgs with other particles: show the relation between their masses and the Higgs Field
Ultimate goal: understanding the Higgs potential today

Very important as it could give indications on the first instants of the universe

symmetric Higgs potential in the standard model:
M,=M,=M,=0 e

V(0)=u'® " ®+n(o" ®)
ﬂ expansion around the minimum

electroweak
_phase transition

\ A measurement of the Higgs

& self-coupling is the only way

* to experimentally

LRe(q)) extra W, Z polarisation :,,s;y:]g] 2l recons’Fruct the nggs .
M, M, potential (reconstruct its

shape close to the minimum)

Im ()

Problem: H->HH self-coupling is
extremely rare !
= Need a lot more statistics

_ _ o — HL-LHC
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LHC upgrade plans

)

) LHC/HL-LHC Plan

&)

LHC

HiLumMi

LARGE HADRON COLLIDER

Run1 | | Run 2 | \ Run 3
N EVETS — 136 Tev AL 13.6 - 14 TeV
Diodes Consolidation
splice consolidation limit LIU Installation g
7 TeV 8 TeV button collimators fnrg';rgion o ) inner triplet . — LH(.:
e — R2E project regions Civil Eng. P1-P5 pilot beam radiation limit installation

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2022 2023 2024 2025 2026 2027 m

5to 7.5 x nominal Lumi

ATLAS - CMS
HL upgrade

ATLAS - CMS
experiment upgrade phase 1
beam pipes . . . .
pip nominal Lumi _2xnominal Lumi, ALICE - LHCb 2 nominal Lumi :

75% nominal Lumi /"' upgrade

HL-LHC TECHNICAL EQUIPMENT:

DESIGN STUDY g PROTOTYPES _— CONSTRUCTION

HL-LHC CIVIL ENGINEERING:
DEFINITION EXCAVATION BUILDINGS
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HiLumi-LHC (HL-LHC) era

30 fb~1 190 fb~1 350 fb~1 3000 fb~1
Run 1 Run 2 Run 3 Run 4-5...
LHC: 40 millions crossings of For HL-LHC we can not go beyond that but
bunches of protons per second ! we can increase the density of bunches :

.
------

The High-Luminosity phase this is:

More data,

5 times more intense beams,

~10 times more Integrated luminosity

More complex collisions,

Extremely sophisticated detectors: New Inner Tracker for ATLAS : ITk
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HL-LHC: Data computing challenges

26/01/2023

HL-HLC )

Unprecedent data rates
and event complexity

Unprecedent challenges fo
software and computing

=

ATLAS Software and Computing
HL-LHC Roadmap

Reference:

Created: 1 October 2021
Last Modified: 22 February 2022
Prepares The ATLAS Collaboration

©2022 CERN for the benefit of the ATLAS Collaboration

Reproduction of this article or parts of it is allowed as specified in the CC-BY-4.0 license.
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Tracking charged particle in the Inner Tracker

26/01/2023

A collision of a 2 bunches will produce
multiple p-p collisions and a flow of
particles are coming from the Impact

Point through the detector \

Particles interact with the

modules of the detector and Tracking is the reconstruction of
produce “hits” in the charged particles tracks in the
detector (i.e. a cloud of 3D- inner detector (i.e. the sequence
geometric Euclidian Space of hits associated to a particle)
Points) which are the data Crucial step of the event

of the inner tracker reconstruction as a good

reconstruction is required to
fit correctly fundamentals
parameters of the particles
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Tracking charged particle in the Inner Tracker

|. propagate p«. and its covariance Ci. :
Grei-1 = Srk-1(@re-1]-1)
T
Cife-1= Frpp1Cr1jp1Fy-1 + Ok

—> Existing tracks reconstruction algorithms based on with G~ noise tarm (MS)

Combinatorial Kalman Filter (CKF)
=> Used for Run1 to Run 3 very optimized and performant but
very CPU-intensive computation

2. update prediction to get gk and Ci:
Gk = -1 + Kilmy — hi(qri-1)]
Cie =TI - KiH ) Cpppes

with Kk~ gain matrix :

K = Cop 1 H(G + HiCryy HD™

G 100:""|""|""|""I""[""I""I""I"" €
= B 3
o . . § 80E "o iwencorsns 1088z vty o %
= CKF alone won’t fit the data combinatorics of HL-LHC unless 2 qop Enemmnnesmdesnmertybode 107
unless it use an unrealistic amount of CPU resources 3 60F g
. ~ 50 e 3

—> The HL-LHC physics program could not be completed sof- 0

(obviously not an option...) 30E-
. . . . . 20F-
— Need to investigate Machine Learning (ML) solution O " aras proiminary
Q02030 40 50 60 70 80 90 100

()

26/01/2023 Machine Learning for Tracking with the ATLAS detector 11



The rise of geometric ML and representation learning

—> Geometric and graph-based ML methods have become one of the hottest fields of Al research
—> Graph Neural Networks (GNNs) capture deep geometric and structural patterns in data represented as graph

What does 2022 hold for Geometric & Graph ML?
Michael Bronstein
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« Graphs » « represents » « relations » « between » « entities » ) .
In 2021 triumph of Geometric ML and
CNNs can be seenas  Large Language Models (BERT, GPT3, etc) a paradigm shift in structural biology:
a specific use case of  pased on Transformers architectures in Breakthrough in prediction of the 3D
GNNs on regulargrid - Natural Language Processing folding structure of a protein by
graphs (i.e. images) operate on fully connected graph (i.e. text AlphaFold 2 (deepmind)
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https://towardsdatascience.com/predictions-and-hopes-for-geometric-graph-ml-in-2022-aa3b8b79f5cc

Data representation as graph

« In many ways, graphs are the main modality of data we receive from nature. This is due to the fact that most of the patterns we
see, both in natural and artificial systems, are elegantly representable using the language of graph structures. » P. Velickovic

A graph represents the relations
(edges) between a collection of
entities (nodes).

G =W,E),IV] = Npoges: |El = Neqges

V= {vi}ie{o,...,Nnodes_l}
E = {eij = (vi,vj)}l.

ijE{OJ"'JNTLOdGS_l}

edge index (2 X Neggges)

l R 7 % Nedges—1
A Ve;; = (v, 1)) €EE
]0 ]k ]Nedges_l

nodes features (Nnodes X Nnodes_features)

0 Nnodes_features_l'
0 Nnodes_features_ 1

l

I

0
-aNnodes_1

edges features (Nedges X Nedges_features)[Optiona]]

Nnodes_features_ 1
Nnodes—1

Graph connectivity is represented as an Adjency matrix or in COO format

14eme Journées Informatiques IN2P3/IRFU (novembre 2022)
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Graph Neural Network

» Non linear projections of nodes (eventually edges) features in High Dimensional Latent Spaces

» Capture deep structural patterns in the graphs

» Train the GNN task to project data in a final latent space where samples are linearly separable
» ML tasks can be Node Classication/ Regression , Edges classification, link prediction , graph classification...

zz’j

Node classification

z; = f(hi)

Graph classification

26 = f (Bicy hi)

Link prediction
z;; = f(hi, h;, e;;)

Image from « Everything is Connected: Graph Neural Network » P. Velickovic
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Graph Neural Networks

Message Passing allow the capture of deep structural patterns

Update nodes from local node neighborhood

@~ 141

EU

Embedding

e

+1
i

1

-Iij’

B, b

2) Update nodes from incomming and outcoming edges

Node features » Node predictions
mbeddin MLP _y
Edge features » Graph predictions
Edge index |° . b MEH Edge predictions
]0 e ]k e
k I Y Y )
Encoder layer L X GNN layer Prediction layer

MLPs compute non linear projections in high dimensional latent spaces
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Message Passing allow the capture of deep structural patterns
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Node features » Node predictions
Edge features | _MLP » Graph predictions
Edgeindex |° _ . MLA, Edge predictions
]0 e ]k e
! . : [/ 4 |
Encoder layer \\ L GNI\/I/ layx% Prediction layer
\ V/

MLPs compute non linear projections in high dimensional latent spaces
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Geometric ML for tacking

Represent detector data as graph

{Ary, Apy , Az, Any}

26/01/2023

{rivi,z;}

ML Task : Classify the edges

{scorest™'}
| Decode stage G|v.e a high scores :co edges
which connect 2 hits of the

.
same particle

I

xL
layers / {v£+1} ‘ \
UPDATE" ‘
(MLP)

p
% D

k. dstg=i

T L+1 1+1
-
o tei” ) ~  Process stage
e MESSAGE — PASSING
UPDATE INTERACTION NETWORK Layer
(MLP)

\\ Ldsty=i | — _ ?
v% | |
EB{ } {ek}eg

i)

{ri, 0i,2;} {Ary, Ay, Azy, Any } ’

:

;

W

— Encode stage

GNN project raw geometric features of the hits and of the edges in high

dimentional spaces
Capture deep geometric pattern of the particle tracks
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A new tracking algorithm based on GNN

—> Close collaboration between L2IT & Exa.TrkX project (US DOE) started in 2021

.......

— Goal: construct a Graph Neural Network (GNN) based track reconstruction algorithm for ATLAS ITk

% Graph Neural g

Metric ° Retwork . i e Connected Ly
Learning ..‘ ? el 5 "& - 4? Components w ¥
q /| ; : ." -5"\“ —"’ °“‘, g..c’;*“z .. b e M un( n‘yz
or q ;L/: :\ uf::on 0ss or - %n:ols
v, v5) on” 7~ :’2 0.89 R 078 e iR, o078
e TRy | e [ AN
Map 4 ” Components 7d
‘e + Walkthrough
Hits Graph Edge Scores Track Candidates
Graph Edge Graph
Construction Labeling Segmentation
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First results with HL-LHC simulated data on ATLAS ITk

First results on ITk were approved by ATLAS collaboration in spring 2022
Presented at Connecting The Dots (C.Rougier) and published in CTD proceedings in summer 2022

More
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than encouraging:
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5 ATLAS Simulation Preliminary E % : TLAS Slmulatlon Prellmlnary -
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- . c 1.2 -
| Matching to truth particles without track fit: _ C_) | Matching to truth varticles without track fit: |
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ATLAS ITk Track Reconstruction with a GNN-based pipeline, C.Rougier et al., CTD 2022
Graph Neural Network track reconstruction for ATLAS ITk , D. Murnane et al., IML 2022
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https://cds.cern.ch/record/2815578
https://cds.cern.ch/record/2809518/files/ATL-ITK-SLIDE-2022-119.pdf

GNN tracking pipeline towards product

on deployment

Public plots Athena V1 Development Freeze Publication
released for Integration of GNN4ITk V2, GNN4ITk V2 GNN4ITk v2
GNN4ITk functioning train on new demonstrator computing
physics perf. uncorrelated pipeline performance
dataset
(Stretch goal)
Public release Publication Publication
Roa d ma p ACTS of GNN4ITk Athena V2 GNN4ITk v2 GNN4ITk
POC presented Integration V1 (usedin Integration physics Event Filter
on TrackML released public plots) release performance performance
June 21 June 22 July  August October November December January 23 July December July 24

Further comprehensive study on new simulated samples
> Publication of an ATLAS collaboration paper with physic performance study, comparison with CKF

» Publication of computing performance

Metric cpinetel Connected o
Learning p Network Lo - Components -
‘ el ‘. - vz R SN , ,..4» o
/: < — )8
L o _g—
- Zall v e
Sl
Module «’ N P\ *f:“ N c(;onnected ‘/f‘ \
Map . & ,".M mponents

+ Walkthrough

Software integration

Very important effort has been done

Hits Graph Edge Scores Track Candidates

Graph Edge Graph
Construction Labeling Segmentation
First working version of the pipeline are now integrated to ACTS & Athena EXPE!—,MENT
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https://indico.cern.ch/event/1196648/contributions/5061534/attachments/2523107/4338834/acts_exatrkx_integration_status.pdf

Graph-based ML in ATLAS (and particle physic)

Since 2020 ML algorithms are becoming increasingly popular
for a large number of LHC physics tasks, including:

» Track Reconstruction

» Vertex Reconstruction

» Calorimeter Clustering

» Jet Clustering

» Event Reconstruction (Pileup Rejection, Particle Flow, Jet Assignment)

14eme Journées Informatiques IN2P3/IRFU (novembre 2022)

September/October 2021 Reporting on international high-energy physics

ARTIFICIAL
INTELLIGENCE

N C LN
Frontpage of CERN COURRIER

September/October 2021
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Graph-based ML in ATLAS (and particle physic)

: " Trackin
‘ ‘\% ‘ﬁ* <] 8 .
@ o &g Nodes are hits
Ay ”ﬁfj ¥ Edges classification

Graph classi

26 =1 (@i, - Segmenting calorimeter cells

-* Nodes are cells
*  Nodes classification

.| Link predict
z;; = f(h;, h;

o Jet tagging
¢ . Nodes are particle tracks

o

.. °° Graph classification

Events classification
Nodes are physics object
Graph classification
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Thank you for your attention
If you have any guestions ?



