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This talk in a nutshell

> ML is revolutionising HEP - we are replacing old and
established methods with large black boxes

> This Is happening ~everywhere you look

> |'m going to talk about how this has been seen In
flavour tagging at ATLAS

> Flavour tagging within ATLAS has seen a rapid
transformation in the past few years, far exceeding
what we thought was possible
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Al to revolutionise

fundamental physics and
‘could show how universe will
end’

Exclusive: Cern’s next director general Mark
Thomson says Al is paving the way for huge
advances in particle physics

Hannah Devlin in Geneva
Mon 3 Feb 2025 06.00 CET

< Share

Advanced artificial intelligence is to
revolutionise fundamental physics and could
open a window on to the fate of the universe,
according to Cern’s next director general.



https://www.theguardian.com/science/2025/feb/03/ai-to-revolutionise-fundamental-physics-and-could-show-how-universe-will-end

First, some physics




Intro

> Don’t want to spend too much time
talking about the physics

> |'m more interested in ML
> But we are paid to do physics after all

> S0 just to remind people of the basics



The Higgs

> The Higgs field is a scalar field with a value
at every point In space-time

> The Higgs particle is a local fluctuation in the
Higgs Field

> |n the Standard Model, particles gain mass
through their interaction with the Higgs

> The properties of the Higgs sector have -
wide implications:

> Electroweak spontaneous symmetry S(i)%g:\tial
breaking at the beginning of the universe X\~ A~ = e

> Understand the stability of our universe m@)

_—

> Qrigin of Matter/antimatter asymmetry

Higgs field



https://iopscience.iop.org/article/10.1088/1361-6552/aa5b25/pdf

> The LHC collides bunches of protons travelling at just
3ms slower than the speed of light 40M times per

second
Proton

+———
Proton

> New and interesting particles are produced in the
collisions

> These quickly decay to stable particles which are
measured by specialised detector systems

> Crucial task for collider physics: |dentifying and
measuring (aka reconstructing) the produced particles

Run: 209787
Event: 1441006606
Date: 2012-09-05
Time: 03:57:49 UTC
Candidate H — bb event




Run: 209787
Event: 1441006066
Date: 2012-09-05

I I AS Time: 03:57:49 UTC
Candidate H — bb event
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b-jets and the Higgs

The Higgs preferentially decays to a pair of a pair of b-hadrons. These are
reconstructed in the ATLAS detector as b-jets

Decays of a 125 GeV SM Higgs

WATLAS

A EXPERIMENT

We can reconstruct the Higgs by identitying the b-jets it leaves behind
This Is crucial for measuring the Higgs!




Flavour tagging
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bt s Mottt ML in Particle Physics

B. BranDL*, A, FALVARD', C. GUICHENEY*™,
P. HENRARD** , J. JousseT*t, J. PRORIOL**

> ML has been widely adopted in particle physics: massive improvements
over hand-crafted data analysis algorithms!

Classification

> Typical ML applications are per-object (classification or regression)

> Jet flavour identification (aka “flavour tagging”) is a critical challenge and Bty A
well suited for ML and has seen constant incremental advancements CAT
over two decades

2005 2015 2022
First ML b-tagging at DZero MV2 - b-tagging BDT Graph Neural Networks: GN1

1992 2012 2017 2024
ML for FTAG @ Lep ML @ ATLAS with MV1 Deep learning: DL1 Transformers: GN2
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https://cds.cern.ch/record/2273281
https://cds.cern.ch/record/2273281
https://cds.cern.ch/record/2037697
https://cds.cern.ch/record/2037697
http://2005
http://2005
https://inis.iaea.org/collection/NCLCollectionStore/_Public/25/023/25023795.pdf?r=1
https://inis.iaea.org/collection/NCLCollectionStore/_Public/25/023/25023795.pdf?r=1
http://cds.cern.ch/record/1741020/files/ATLAS-CONF-2014-046.pdf
http://cds.cern.ch/record/1741020/files/ATLAS-CONF-2014-046.pdf
https://inis.iaea.org/collection/NCLCollectionStore/_Public/25/023/25023795.pdf?r=1

® o 0o 0 0 o B-hadrOn path
B-decay tracks
Other tracks

Inputs: Tracks & Jets

A track is the reconstructed trajectory

b-jet
signal)

of a charged particle

Initial collision
(primary vertex)

\track \
Formed from energy deposits —

(hits) left in the detectors

Decay point
(secondary vertex)

s A jet is a collimated spray of
: stable particles

\ light-jet
(background)

11



b-jets

The (relatively) long lifetime of b-hadrons (~1.5ps) can allow for significant displacement before decay, leading
to the following typical signatures (compared to ‘light-flavour’ jets (which make up ~90% of all jets)

> The b-hadron decay products contain most of the jet energy —=  tracks b jet
> Displaced secondary vertices (with high mass) . b hadron
> the subsequent displaced decay of the c-hadron B - C = ------ impact

parameter

> Large track impact parameters (d,)

secondary

> Missing hits on inner detector layers vertex

> A muon or electron in the decay do .~

Il h - f(\ ;
ght Jet >8_— primary vertex

Flavour tagging (FTAG) algorithms (“taggers”):

Hypothesise the jet flavour using the tracks associated to the jet




Flavour Tagging @ ATLAS

Inputs are fed to low level taggers:
> Algorithms using physics knowledge - developed over decades
> ML models - developed more recently

Low level taggers are ensembled into high level taggers — BDTs or NNs

> ~40 inputs from the low level outputs

> QOutputs: probabilities for each jet flavour class: p,, p., p;

Manually Optimised Trained
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https://cds.cern.ch/record/2718948?ln=en
https://cds.cern.ch/record/2255226

A New Approach

- Simulation = — Simulation

Associated Associated
Jet
I tracks tracks

Manually
optimised
algorithms

Trained
algorithms

High level
algorithm (DL1r)

L — — - Jet Flavour L — — — - Jet Flavour

Based on previous work by J. Shlomi et al, 2007.13681

Track origins

Vertices
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https://doi.org/10.1140/epjc/s10052-021-09342-y
https://arxiv.org/abs/2007.13681
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Combined Intial track Conditional track
Inputs representation representation
Advanced ML achieves a step change S =
_ ) Os predictions
in tagging performance -
> Replace 5 models with 1
. . . . -§ 105.;_ ATLAS Simulation Preliminary DL1d,; -§ ATLAS Simulation Preliminary DL1d
> Extract phySICS iNformation from Jet - ;87 = Vs =13 TeV, PFlow jets —— GN1 3 i’i 10* [ VS =13 TeV, PFlow jets —— GN1
simultaneous training of jet flavour, & “Foe— T e NO T e
) S 5 10° ¢ =
track origin, and vertexing objectives 5™ 15kl
L | &P
> Improved performance & | TTTEEmnal 1 Rua,
i e 10 E—— Light-jets T mea ? — Lightjets e,
interpretability e Lo e
> Easy optimisation for different use £ 2 N [T
P S 4_ —
= e ofF -
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> Future-proof: integration of inputs = e
from other sub-detectors, e.g. leptons, £ RN :
neutrals, hits z g Bl
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b-jet efficiency b-jet efficiency
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https://indico.cern.ch/event/1273679/contributions/5357655/
https://indico.cern.ch/event/1314378/#105-trackless-studies
https://arxiv.org/pdf/2505.19689

Aside: transformers

Attention Is All You Need
Scaled Dot-Product Attention Multi-Head Attention

GN2 uses a transformer model

> QOriginally arose from the field of natural language
processing

> Transformers are what power current large language
models like ChatGPT

> The key to the transformer architecture is the
Attention Mechanism — calculates the pairwise
relevance between outputs

> Tracks are updated by an attention weighted average
of all other tracks in the jet tracks
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https://arxiv.org/abs/1706.03762

C-jet rejection

70

60

50

Steady Progress...

4x improvement in background rejection since DLA1,
directly contributes to improved discovery significance at the HL-LHC

- Vs =13 TeV
- ttjets, e, =70%
- FTAG-2023-01

2017 2018

DL1r

2019

- ATLAS Simulation Preliminary

2020
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2024-016/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

Understanding
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N
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= &J tf,.20<pT< 250 GeV | JetFitter
Vertexin O O g — GN1 -
(@)) ;
- o : S % 0'8__ —
GN2 is trained with two auxiliary tasks: track T
classification and vertexing 2o ‘
~ 0.4:— -
> These improve the performance of the main task, and ool f
provide additional understanding of what the model is | _
j 005~ "T00 150 200 250
dOIﬂg Jet pr [GeV]
> They rep\ace_'lr’ pouts from low level vertexing algorithms: : O_GOéﬁ?-Jet's' o ;dgkg'mf
SV1 and JetFitter E ossh :
ST T ]
' — - . 8 050F _:
> More recently: using MaskFormer architecture to improve & [ :
‘ 0.45 =
vertexing 2312.12272 ; :
0.40 —
> Powerful new type of model! WF ;
0'30; | | | | | | _
Hl|10H”20Hl130HH4O|1”50l|ll60”ll70

Hadron L, [mm]
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https://arxiv.org/abs/2312.12272

Breaking open the black box

FTAG-2024-01

Approaches like integrated gradients can help us to understand these complicated models

ATLAS Simulation Preliminary
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2024-01/

Calibration

107 EI I I I ! I I I ! I I I ! | I I I I I I I | I | I

© ATLAS Preliminary Wight-ets [Jo-ets -
10° & Vs =13 TeV, 140 fb' -
- [Jo-jets -+ Data -

How do we know performance gain
observed in simulation is real?

Events

10° ;— = Working Points —;
> Need to calibrate model by measuring performance in data and ; :

comparing to simulation

> \We derive correction factors (scale factors) to match the
simulation to data

> Three main calibrations are used to measure:

> The b-jet efficiency in di-leptonic ttbar events

> The c-jet mis-tag rate in semi-leptonic ttbar events T
> The light-jet mis-tag rate in Z+jets events Q + oeoap i |
R e e R i e T I S, S
= R RIS 0,
gjpam = 08l ﬁ +++ RIS "+l -
SF. — 40 5 0 5 10 15
f MC Leading Jet GN2 discriminant
&f
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Calibration adjusted performance

(&)

> Model overestimates model performance In
data compared to simulation

> Real performance in data still shows
impressive improvements in performance
over previous models

> [evel of data-to-simulation agreement also 10
comparable to older models

NN

Light-jet rejection
=

—
-
W

10

We’'re still extracting real physics

— | I I I
= ATLAS

140 fb~1, Vs =13 TeV

- tt 1-lepton(e or L) events

- 20 < p1<250GeV, |n| < 2.5

GN2
GNZ2 calibrated
DL1d

DL1d calibrated -

—

O_
from these more powerful models! 10055 060 065 070 075

0.80

| |
0.85 0.90

0.95

b-jet efficiency



Generator Dependence

> Models are trained on “best-knowledge” samples:
» Low-py tf: POWHEGBOX + PYTHIA8 + EVTGEN

= High-pt Z': PYTHIA8 + EVTGEN

> But no generator Is perfect!

> Testing the model on other MC samples allows for an understanding of the generator
dependence

> Essential to verify that the a more sophisticated model such as GNZ2 is not learning
generator dependent information

24



Generator Dependence - b-jets

DL1d

GN1
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> Qverall generator dependence: O(3%)

> Variations between DL1d and GN1 are very simila
> |ndicates that the more sophisticated model is not

- exploiting generator specific information
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Continuous calibration

CERN-EP-2025-026

> (Current calibration methods work using fixed
working points, we only calibrate those specific
efficiencies — for GN2 these are 65%, 70%,
/7%, 85% and 90%

> Analysis specific working points or directly using
the model predicted probabilities in downstream
tasks are therefore not allowed

> New approach learns to map
the entire probabillity distribution between
simulation and data

> This is a fully continuous calibration

—
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Likelihood fit calibration
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https://arxiv.org/pdf/2505.13063

Newest Developments™®

*that are public



What comes next?

> Flavour tagging models traditionally
considered three different types of jets
> B-jets
> C-Jets
> Light-jets
> (GN2 also added the abillity to identify
hadronic taus

> The models also have only been using
iInformation from inner detector tracks

Can we do better?

23



> Flavour

'agging models traditionally

What comes next?

considered three different types of jets

> B-jets
> C-jets
> Light-jets

> (GN2 also added the abillity to identify
hadronic taus

>

h

ne models also
formation from

nave On

inner de

y been using

Can we do better?
Yes

‘ector tracks

FTAG-2025-01

> GNB3 is the next generation flavour tagging
model (creative naming scheme)

> (GNJ3 extends our tagging capabilities to
iNnclude and jets

> \We now include calorimeter information in the
form of particle flow constituents

> Soft lepton information has been added to

account for semi-
> Extending beyono

eptonic decays
just tagging capabillities —

now Including reg

ression tasks


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2025-01/
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Strange + Gluon jets

> [here are existing quark vs gluon
taggers in use within ATLAS but GN3
IS the first to do both flavour tagging
as well

> For the first time we can see
separation power between strange
and ud-jets

—
o
N

w

Background rejection
o

F | 1 1 1 I I I 1 1 I 1 I I I I 1 1 1 1 I I I 1 1 I 1 I I 1 I 1 I | I ?
- ATLAS Simulation Preliminary = g-jets -
L VS =13.6 TeV, tf events ud.jets
: 20<pr<250GeV, |n|<2.5 brets —
— C-jE1S
m— T-jelS
E | Loy | I B B B A
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

S-jets efficiency
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GN3 performance
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10" " ATLAS Simulation Preliminary e (GN2
VS =13.6 TeV, tt events = GN3PflowMuonsV00
10 E20<pr<250GeV, |n|<2.5

labels matched

Background rejection

GNa3 is set to significantly
outperform GN2, further doubling
our light jet rejection

> But will this survive the calibration?

> ots of new inputs, how well modelled are
they"?
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Ratio to GN2
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How far we’ve come
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performance from ATLAS TDR at a
50% signal efficiency
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Beyond Flavour Tagging



Boosted Higgs

-
A

. R=1.0

INncreasing Py

> |n the high transverse momentum regime, the Higgs Is boosted and so the
decay products are collimated

> At some the two b-jets merge into a single large-radius jet
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> Tagging the large radius jet directly improves performance!
> (Can identify both H — bb and H — cc (which still hasn’t been observed




Compared with GN1: another
step change in performance

1t 70% WP

> 1.5Xx c-rejection
> 2x light-rejection

/’ (equivalent 20% WP)
> 1.75x c-rejection

> 1.2x light-rejection

Note: ratio is to DL1d
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ATL-PHYS-PUB-2024-015

Jet calibration

GN2-style models are also being used to calibrate jet kinematics ¥ = |y — j]
> Exactly the same as the tagging model with a change of labels and loss function

> Paradigm shift! Historically state of the art energy measurement would have
required a very different approach to tagging.
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2024-015/

Building an ecosystem...

All these results are powered by the same technology.

A sufficiently powerful ML model can have wide
applications!

Benefits of taking a ecosystem wide view:
> |ncrease collaboration & inclusivity

> Share tools and workflows

> Reduce barrier to entry

> [terate quickly on best practices and advanced
techniques

> Accelerate physics performance!

b-jet energy

Tagging @
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https://cds.cern.ch/record/2865120
https://indico.cern.ch/event/1362256/#5-gn2-vertexing-plots-with-mas
https://indico.cern.ch/event/1311519/contributions/5578599/attachments/2722619/4730675/LLP_FTAGWorkshop.pdf
https://its.cern.ch/jira/browse/ATR-28440
https://indico.cern.ch/event/1311519/contributions/5578599/attachments/2722619/4730675/LLP_FTAGWorkshop.pdf
https://indico.cern.ch/event/1344154/contributions/5657769/subcontributions/452377/attachments/2754554/4795867/metsai_20231115.pdf
https://indico.cern.ch/event/1370333/#6-status-of-bjes-calibration
https://indico.cern.ch/event/1341494/contributions/5647850/attachments/2742923/4771964/PLIV_ftagTPLT_20231030_pgadow.pdf
https://indico.cern.ch/event/1302711/#12-simultaneous-classification
https://indico.cern.ch/event/1302711/#12-simultaneous-classification
https://indico.cern.ch/event/1314378/#105-trackless-studies
https://its.cern.ch/jira/browse/ATR-28390
https://indico.cern.ch/event/1280531/timetable/?view=standard#153-new-identification-and-tag

Summary

The 2024 Nobel Prize in Physics was awarded for foundational ML
> Physicists helped create modern ML/AI
> These tools are becoming ubiquitous at collider experiments
> |n the near-ish future the reconstruction stack could be end-to-end ML

Should we be worried?
> Do we need to understand what’s inside the lbox"?
> Will the value of physics understanding decrease over time?
> Will we lose our intuition?
> How will this affect progress?

In the meantime

> These methods have brought significant gains to our physics programme and are
pushing the limits of what we thought could lbe achieved at the LHC

> 50 strap in and enjoy the ride?



