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ATLAS Experiment
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High-energy experiment studying proton-proton collisions of the Large Hadron Collider at CERN
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General-purpose detector allows for 
wide-ranging physics program of 

Standard Model (SM) measurements 
and Beyond the Standard Model (BSM) 

searches in diverse final states

Luminosity 
recorded to date:
25 fb-1 @ 7,8 TeV
147 fb-1 @ 13 TeV
183 fb-1 @ 13.6 TeV 
(and counting)



Machine Learning at ATLAS
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Past Present Future
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BDT
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Deep Neural 

Networks

ML component now present in most ATLAS analyses (and beyond!)

Growing interest in anomaly 
detection for model-independent 

searches

Labeled methods still extremely 
common

A non-comprehensive selection of 
recent analysis and analysis-

adjacent results presented today
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Flavor Tagging (FTAG)

Classifying a jet according to the particle from 
which it originated
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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

Heavy flavor jets contain 
secondary vertices, additional 
tracks, and higher jet mass 
compared to light jets
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State-of-the-art ATLAS flavor-tagging algorithm with neural network architecture

Jet pT , η + 
19 track 

variables

Max 40 
tracks per 

jet

Flavor prob.
pb , pc , pu , pτ

Auxiliary tasks

Transformer

Improves 
significantly 

over 
previous 

algorithms

21 x 40
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Will improve many analyses 
throughout ATLAS that rely on 

flavor-tagging e.g.
HH -> bbyy ATLAS-CONF-2025-005

GN2 ATLAS, 2306.04415
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Pileup
Fake
Primary
b-hadron
c-hadron
τhad

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2025-005/
https://www.arxiv.org/abs/2306.04415
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Emerging Jets ATLAS, 2505.02429

Transformer 
architecture inspired 
by GN2 used to 
classify jets from SM 
multijet vs Z' -> qDqD
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Search for jets from Z' -> qDqD containing dark matter particles in a "hidden sector" 
decaying to SM after macroscopic flight distance

No excess found, limits placed on production rate 
in plane of mediator mass mZ' and DM particle 

decay length cτ
Improved over parallel cut-based analysis

qD hadronize into πD

Visible signatures 
appear displaced from 
the interaction point as 
dark matter does not 
interact with detector

• 200 tracks per jet
• 1 jet + 14 track inputs

Auxiliary track origin and vertex prediction example

Origin classes:
Pile-up            Prompt (non-πD)        Fake          Displaced (πD)

First search published by ATLAS Exotics group using 13.6 TeV data!

https://arxiv.org/pdf/2505.02429
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Semi-visible or Anomalous Jets

Two-pronged search for jets from Z' -> qDqD containing both SM and 
non-interacting DM particles, leading to partially visible jets

Architecture

Train fully supervised Particle 
Flow Net (PFN) classifier on Z' 
signal and SM multijet events

Selection
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Latent space from PFN used as 
input to VAE for semi-

supervised anomaly detection 
(ANTELOPE) on jets from data

PFN
S-plus-B fit

ANTELOPE
Bump Hunt

Rinv – fraction of jet invisible

Inputs: (pT, η, φ, E, d0, z0) of 80 leading tracks for leading and sub-leading jets

PFN fit allows for setting 
of limits parametrized by 

mZ' and Rinv

Comparison of limits 
between PFN and 

ANTELOPE

ATLAS, 2505.01634

https://arxiv.org/pdf/2505.01634
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CWoLa (Classification Without Labels) ATLAS, 2505.09770

Search for narrow-width resonance decaying to two large-R jets using background 
estimation and weakly-supervised classifier

Analysis procedure:
1. Divide mJJ spectrum into shifting signal-enriched region (SR) and 

signal-depleted sideband (SB) regions
2. Learn background dijet distribution in SR from SBs – SALAD 

(reweighting MC to data) and CURTAINS (interpolation)
3. Train NN classifier to separate populations of data in SR (1) and 

background estimated events (0) derived from SBs in Step 2
4. After cut on NN score, perform bump hunt on remaining events
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No excess found, limits placed for several signal 
models with resonance mass range from 2.6 - 4.5 TeV
• W' -> W''Z''
• A0 -> H''Z''
• V' -> WV

mJJ – Invariant mass of two jets – other VOI

https://arxiv.org/pdf/2502.09770
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Unsupervised 2-body Anomaly Detection Phys. Rev. Lett. 132 (2024) 081801

Search for resonance in 2-body jet + X final states using fully unsupervised method
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Limits placed on 9 jet+X invariant 
masses with no significant excess found

Kinematics of leading jets and leptons 
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)

Autoencoder trained over 
events passing single-lepton 

trigger and offline pT cuts

Loss from data compared against panel of BSM samples

https://arxiv.org/abs/2307.01612
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Neural Simulation-Based Inference (NSBI)

Standard workflow:
• Reduce data to one-dimensional histograms and perform likelihood 

test for value of physics parameter

Works well for simple μS + B scenarios (no interference)

NSBI:
• Construct high-dimensional likelihood ratios, estimated by NNs, 

which preserve full event information

Ideal for scenarios with S/B interference resulting in non-linear 
dependence on μ

Use density ratios inside “search-oriented mixture model”:

Rep. Prog. Phys. 88 (2025) 067801

NSBI limits shown compared with 
traditional binned analysis

Method for physics parameter estimation using learned, high-dimensional 
likelihood ratios with application to H -> ZZ -> 4l production measurement

1207.7214

Estimated using NN classifiers, per-event, then used to calculate 
likelihood and test statistic tμ
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https://arxiv.org/abs/2412.01600
https://arxiv.org/pdf/1207.7214
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Summary

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

o Supervised learning 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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Backup
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Emerging Jets 2412.01600

ML-basedCut-based

https://arxiv.org/pdf/2412.01600
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Neural Simulation-Based Inference (NSBI) 2412.01600

Binned histogram method approaches 
NSBI as Nbin -> ∞

With stat. uncertainties

Derivation

Likelihood tμ

https://arxiv.org/pdf/2412.01600
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Neural Simulation-Based Inference (NSBI) 2412.01600

SM HH Interference

https://arxiv.org/pdf/2412.01600


ATLAS

Nicholas Luongo

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

Tracker:
Inner detector system that measures 
tracks – paths of charged particles 

Calorimeters:
Captures and measures the energy
of particles through their 
electromagnetic and hadronic 
interactions with detector material
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Hyperparameter Optimization (HPO)
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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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Deeper (more layers)

Wider (more neurons per layer)
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GN2 Inputs
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