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ATLAS Experiment

High-energy experiment studying proton-proton collisions of the Large Hadron Collider at CERN
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Machine Learning at ATLAS

ML component now presentin most ATLAS analyses (and beyond!)

SUPERVISED LEARNING
Unfolding

Decision Trees

B DT spiitting
Decision
Leof < node

b3
Deep Neural Recurrent Transformers
Random Forest - -
Convolutional Graph
Past Present

Growing interestin anomaly
detection for model-independent
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Flavor Tagging (FTAG)

Classifying a jet according to the particle from

which it originated
—3% tracks b jet

------ b hadron
------ impact
Heavy flavor jets contain parameter
secondary vertices, additional
tracks, and higher jet mass secondary
compared to light jets vertex
light jet

\ *_/o - primary vertex
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Important for many ATLAS
efforts e.g. H>bb in di-
Higgs analyses

Complex correlations
among jet components
make this an excellent use
case for ML
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GN2

ATLAS, 2306.04415

State-of-the-art ATLAS flavor-tagging algorithm with neural network architecture
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Conditional track
representation

Flavor prob.

pb ’ pc ’ pu ’ pt
*D Jet fl_av_our /

prediction

Pileup
.
rimary

b-hadron

Pooled graph
representation

N —

Graph
Network

Node
Network

Auxiliary tasks c-hadron
Thad
o 3 Vi
23 ertex
2 |—™ predictions
=

Will improve many analyses
throughout ATLAS that rely on
flavor-tagginge.g.

HH -> bbyy ATLAS-CONF-2025-005
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2025-005/
https://www.arxiv.org/abs/2306.04415

E m e rgi n g J etS First search published by ATLAS Exotics group using 13.6 TeV data! ATLAS, 2505.02429

Search for jets from Z' -> qpq, containing dark matter particles in a "hidden sector”
decaying to SM after macroscopicflight distance
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https://arxiv.org/pdf/2505.02429

Semi-visible or Anomalous Jets ATLAS, 2505.01634

R, — fraction of jetinvisible

Two-pronged search for jets from Z' -> g,q, containing both SM and
non-interacting DM particles, leading to partially visible jets
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https://arxiv.org/pdf/2505.01634

CWola (Classification Without Labels) ATLAS, 2505.09770

Search for narrow-width resonance decaying to two large-R jets using background Observable Selection
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https://arxiv.org/pdf/2502.09770

Unsupervised 2-body Anomaly Detection

Search for resonancein 2-body jet + X final states using fully unsupervised method
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encoded in rapidity-mass matrix containing:

* Missing transverse energy of event

* Transverse energies

* Pairwise rapidity differences and
invariant masses

Anomaly region boundary defined above
reconstruction loss cutoff value

Bump hunt performed in signal region
(above cutoff) against functional fit derived
from control region (below cutoff)
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Phys. Rev. Lett. 132 (2024) 081801

Limits placed on 9 jet+Xinvariant
masses with no significant excess found
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https://arxiv.org/abs/2307.01612

Neural Simulation-Based Inference (NSBI) Rep. Prog. Phys. 88 (2025) 067801

Method for physics parameter estimation using learned, high-dimensional

8 P Z g 4
likelihood ratios with application to H -> ZZ -> 4] production measurement ' __KV
1207.721 H*
§ : 4 7 8 Z

ATLAS 2011-2012 @it 3
5=7TeV: [Lat- 46481 (2% 1
{5=8ToV: [Ldt=5.859 10"

Standard workflow:
* Reduce data to one-dimensional histograms and perform likelihood
test for value of physics parameter

95% CL Limiton p

NSBI limits shown compared with
traditional binned analysis
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Works well for simple puS + B scenarios (no interference)
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dependence on
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https://arxiv.org/abs/2412.01600
https://arxiv.org/pdf/1207.7214

Summary

o Machine learning is an ever more integral part of ATLAS analyses, with almost every analysis
containing some type of ML component

o Supervisedlearning on labeled data is increasingly joined by unsupervised learning for model-
independent searches, sometimes within the same analysis

o ATLAS continues to incorporate cutting-edge ML methods like Transformers into tools and
analyses with impressive performance results
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Thank you!
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Emerging Jets 2412.01600
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https://arxiv.org/pdf/2412.01600

Neural Simulation-Based Inference (NSBI) 2412.01600

Derivation
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Binned histogram method approaches
Likelihood t, NSBI as Ny, -> oo
L (p, @|D) Hte pxilu, @) — 91 Lean (11, @ (1))
Leet(D) = Pois(Naaaly (11, @)) H Pret(Xi) l—[Gaus(aklak,fSk) ' ! L (ft, @) = o L R VA
- ATLAS Simulation §
. C - Vs=13TeV, 140 fb’ .
With stat. uncertainties N i
L 77 6|~ — Unbinned NSBI _
™~ | ATLAS Simulation AV | ——~- Binned log [ps / p(k =1.0)] 15 bins 1
- Vs=13TeV, 140 fb™! P B +  Binned p(u = Pscan)/p(p =1.0) 15 bins i
- - . i Binned p(y = Yscan)/P( = 1.0) 20 bins |
6~ — — Unbinned NSBI Stat+Syst - Al Binned p(u = Wscan)/p(p = 1.0) 30 bins _
- —— Unbinned NSBI Stat Only ] i e Binned p(y = pscan)/p(p = 1.0) 90 bins 1
" ==--- Binned log [ps/ p(1.0)] Stat Only ] i 1
4__ ------- Binned log [ps / p(1.0)] Stat+Syst B |
i 2.0 2.5
00 05 10 15 20 25 H

v

Nicholas Luongo Argonne & AML Workshop 2025 ATLAS 15

EEEEEEEEEE


https://arxiv.org/pdf/2412.01600

Neural Simulation-Based Inference (NSBI) 2412.01600

SM HH Interference
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https://arxiv.org/pdf/2412.01600

ATLAS

High-energy experiment studying proton-proton collisions of the Large Hadron Collider at CERN
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endcap toroid
magnet
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barrel hadronic calorimeter

New Small Wheel (NSW)
muon chambers

barrel toroid magnet

inner detectors

Tracker:

Inner detector system that measures
tracks — paths of charged particles

endcap calorimeters

barrel electromagnetic calorimeter

Calorimeters:

solenoid magnet
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Captures and measures the energy
of particles through their
electromagnetic and hadronic
interactionswith detector material
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Hyperparameter Optimization (HPO)

Determining which values of network architecture properties (width, depth,
learning rate, activation) produce the most performant trained network

** Most relevant to GN2 successor GN3, can use these results as baseline speedup expectation

¢ First interested in seeing how big we can make the GN3 model without seeing evidence of overtraining
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GN2 Inputs

Jet Input Description

Pr Jet transverse momentum

n Signed jet pseudorapidity

Track Input  Description

q/p Track charge divided by momentum (measure of curvature)

dn Pseudorapidity of the track, relative to the jet n

dep Azimuthal angle of the track, relative (o the jet ¢

dy Closest distance [rom the track (o the PV in the longitudinal plane
zgsind Closest distance from the track to the PV in the transverse plane
alg/p) Uncertainty on g/ p

o(6) Uncertainty on track polar angle 6

a(d) Uncertainty on track azimuthal angle ¢

s(dy) Lifetime signed transverse IP significance

s(zo) Lifetime signed longitudinal IP significance

nPixHits Number of pixel hits

nSCTHits Number of SCT hits

nIBLHits Number of IBL hits

nBLHits Number of B-layer hits

nIBLShared  Number of shared IBL hits

nIBLSplit Number of split IBL hits

nPixShared  Number of shared pixel hits

nPixSplit Number of split pixel hits

nSCTShared Number of shared SCT hits

nPixHoles Number of pixel holes

nSCTHoles ~ Number of SCT holes

leptonlD Indicates if track was used in the reconstruction of an electron or muon (only for GN1 Lep)
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