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Building, Measuring, and Understanding
Hadronic Objects

1. Reconstruct

Build physics objects from
detector signals.

e Topo-Clusters

EM / LCW calibration
e Particle Flow
e Unified Flow Objects
e (Missing pT)

2. Calibrate

Bring them closer to the true
particle-level kinematics and
quantify uncertainties.

In situ measurements
Bootstrap uncertainty
estimation

Specialized calibration
techniques
ML-enhanced
calibration

3. Classify

Identify the particle origin using
jet substructure and ML.

Constituent-level tagging
Transformers

Graph neural networks
Lund jet plane

Precision hadronic physics relies on advances in reconstruction, calibration, and tagging.



| Jet Input Representations in ATLAS

Calorimeter-only
path

Built from calorimeter
measurements only.

Particle-flow path
Combine tracks and calorimeter
information for improved jet
reconstruction, especially at low
pT.

Boosted-object path

Optimized for boosted-object jets

and jet substructure.

EM-scale jets

Cells )

) Topo-clusters —>
(calorimeter only)

LCW (hadronic-scale) jets

Tracks
(inner detector)
+ —» Particle Flow objects — smaIII-R
(PFlow) PFlow jets

Topo-clusters
(calorimeter)

Particle Flow objects
(PFlow)

Unified Flow
* ' Objects (UFO) '

large-R jets /
substructure

Track-Calo Clusters

(TCC)

Tracks provide the best low-pT momentum measurement, while calorimeters perform better at
high pT. PFlow and UFO combine both detector systems for optimal jet reconstruction.



Selected recent developments in the ATLAS jet calibration framework

The standard ATLAS calibration chain brings reconstructed jets as close as possible to the true
particle-level energy and mass while quantifying the remaining uncertainty.

How do we calibrate How certain are we Can ML improve
jets? about the calibration? calibration?
e Standard in-situ: e  Bootstrap replicas e  Cluster calibration (BNN)
n-intercalibration (this talk) e  Uncertainty-aware cluster e Simulation-based kinematics
Z/p+jet and multijet balance calibration regression

Semileptonic tt forward
folding
Direct matching (AR jets)

These selected developments continue to extend and refine the ATLAS jet calibration framework.


https://indico.cern.ch/event/1574970/contributions/7093538/

arXiv:2412.04370

Cluster-level Calibration: Uncertainty-aware calorimeter
calibration

Bayesian Neural Network (BNN): replaces the fixed
LCW with a learned cluster calibration. predictions
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https://arxiv.org/abs/2412.04370
https://indico.cern.ch/event/1574970/contributions/7103178/

ATL-PHYS-PUB-2025-027

In-situ Calibration: p-intercalibration & Bootstrap

Dijets event BOOTSTRAP
balance Determine calibration ° Resamp|e d|Jet events
e S (fgrrxt;?d) constants c(n, pT) that e Recompute all R_jj
‘ . make the jet response e Repeat global fit — c1, c2,.... c1000
- . uniform across n. Preserves event correlations & No Gaussian assumption.
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https://cds.cern.ch/record/2925850

arXiv:2512.17482

In-situ Calibration: Semileptonic tt Forward Folding

Instead of deriving calibration from balancing two objects, build a model of detector response and fit detector-level
distributions. Vary calibration parameters until the prediction matches data.
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OBSERVABLES

* reconstructed m_W/, reconstructed m_top

*Best-fit JES & JER + their uncertainties
* jet kinematics


https://arxiv.org/abs/2512.17482

Alternative-R Jets: Direct-Matching In-Situ Calibration

transfer
EPJC 85 (2025) 791

ATLAS [ Total uncertainty

_ 1 === Absolute in situ JES (R = 0.4)
\[g =13 TeV, 37 b Absolute in situ JES (AR)

Anti-k, R = 0.2 (LCW+JES) Relative in situ JES (R = 0.4)
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Fully calibrated and Full In Situ (Z/y+jet, multijet)

Pile-up
== Punch-through (R = 0.4)
Out-of-cone
=== AR in situ non-closure

Target: Alternative-R Jets (R=0.2 or 0.6)
e AR(AR,R=0.4)<0.2

e MC provides initial calibration. Direct matching
derives the residual data-MC correction.
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https://arxiv.org/pdf/2412.15783

| Precision Calibration: Transformer-Assisted Jet Regression

Why b-jets need extra calibration? Inside a b-jet e

. ' . charged "1\ 5 muon (u)
e Different fragmentation and radiation patterns y tracks "¢ N\
e  About 20% of b-hadron decays are semileptonic / - o ‘o } neutral
(elp+velp+v). /o g . ‘: clusters
e  Standard calibration therefore underestimates some ]
b-jet energies. g
i ," neutrinoi(\,;
~ H (not detected)
~ ol
TRANSFORMER SOLUTION: uses constituent-level information (tracks, clusters, soft ey
leptons) to predict the residual correction calibrated b-jet — true b-jet.
WORKFLOW
Detector signals
NETWORK PREDICTIONS L + J
REGRESSION TARGET € /i Small-R b jets (R = 0.4): Standard ATLAS galibration
pT e \\‘c predict p, correction (pileup, JES, GSC, in situ, ...)
f = ———— (or related kinematic ratio) v :
PT,cal Large-R b jets (R = 1.0): Transformer regression
L . (residual b-jet correction)
predict p; and mass correction *
Improved b-jet kinematics
(closer to truth)




| Transformer-based Jet Regression
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I ATLAS Simulation Preliminary === Nominal Calibration ]
F VS =13 TeV, tt Powheg+Pythia p+PtReco 1
I anti-k; R=0.4 PFlow jets

b b-jet pr,trutn > 20 GeV, |n| < 2.5

[ ATLAS Simulation Preliminary Nominal Calibration
[ VS =13,13.6 TeV, Mixed Jet Sample Muon-in-jet
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https://cds.cern.ch/record/2905688/files/ATL-PHYS-PUB-2024-015.pdf
https://indico.cern.ch/event/1574970/contributions/7093535/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/JETM-2026-02/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/JETM-2026-02/

General topic is given in Maria’s poster.

| Constituent level ML: From calibration to tagging

A common trend across modern ATLAS reconstruction: replacing handcrafted observables with
constituent-level machine learning.

(. .
Traditional Approach Constituent Level Approach
21 P Handcrafted o= . T
D2 ' ! observable: Clusters 8
I . 1%
| Expert-designed
ECFs ! summaries of jet Ak g/l D
Jetmass substructure ; Transformer/GNN /
Paradigm shift LundNet
Machine Learning . . Appll(fatlons .
(BDT, DNN, etc) Callbratloq (b-jet regression),
¥ Jet tagging (Top, q/g, W)
Flavor tagging — Greta Brianti talk
Calibration & Tagging Boosted Hbb tagging — Osama KarkKout talk
(based on summaris)
Improved performance
Better response, resolution & background rejection



https://indico.cern.ch/event/1574970/contributions/7093539/
https://indico.cern.ch/event/1574970/contributions/7093537/
https://indico.cern.ch/event/1574970/contributions/7111904/

arXiv:2512.03949

Transformer-based Quark/Gluon Tagging

Jet constituents — DeParT transformer — qg/g score

DATA-DRIVEN CALIBRATION

True qg/g labels unavailable in data.

Matrix method (MC-based) and Jet Topics extract efficiencies.

The dominant uncertainties arise from parton shower (PS) and Matrix element (ME) modeling.

The new “Jet topic” calibration technique reduces these uncertainties by ~20% by relying less on MC-derived g/g fractions.
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The network has learned a meaningful discriminator.
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Bridging the gap: Scale factor = Data efficiency / MC efficiency


https://arxiv.org/abs/2512.03949
https://indico.cern.ch/event/1574970/contributions/7093541/

ATL-PHYS-PUB-2023-017

LundNet: Performance and Robustness

Challenge Solutions
e Powerful tagger can sculpt the jet mass. e Adversarial training preserves jet-mass
e Performance should remain stable across MC distribution.
generators. e Particle-inspired Lund selections

e Mixed generator training.
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performance decreases, but
robustness improves.
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https://cds.cern.ch/record/2860647/files/ATL-COM-PHYS-2023-444.pdf
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/JETM-2025-02/

JETM-2026-03

Top Tagging: current constituent taggers

Constituent-based taggers distinguish boosted top-quark (Z'—ttbar) jets from light-quark and gluons
(QCD) jets.
All methods shown here use constituent-level inputs.
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ATLAS Simulation Preliminary ParT e Overall the transformer gives the
Vs =13TeV, top tagging LundNet best background rejection.

R=1.0 UFO Soft Drop iEHCAN e ParticleNet and PELICAN are

£ =50%; pr>350GeY, |n| <20 ParticleNet competitive.

e LundNet trades some performance

for physics-inspired representation.
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/JETM-2026-03/

JETM-2026-01

Polarization-aware W tagging with multi-task ParT

—
UFO jet constituents

Standard W taggers identify W jets, but Higgs, VBS and EFT .
searches also need to know whether the boson was longitudinal or Particle Transformer encoder
transverse. Detector smearing makes that hard. Embedding ¢ Particle Attn x 3 « Class Attn — feature vector
Learns jet constituent correlations
i v
0.5 ATLAS Simulation Preliminary
‘/§=- 13 TeV —— W, jets regressed Discrete label Regression Flead
0.4 Arm_kt R=1.0 UFO WL jets reco subjets Iscrete labels Decay kinematics (7 targets)
“*L Soft-Drop CS+SK jets W. et q WL - WT Icos 8
T Jels regresse ZL<qlg subjet pT, n, @

W. jets reco subjets +*
0.3 T e

. i Why regress |cos0|?
02 o ; B e Inthe W rest frame, the decay-quark angle

separates polarizations:
WL — small |cos8| , WT — large |cos0|
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0 calculating |cos@|, the network predicts |cos6|

¢ 0102 03 04 05 06 07 08 039 directly from all jet constituents.
Truth SubJets |cos(0)]



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/JETM-2026-01/

' Summary & Outlook

e ML is improving both calibration and tagging.
e Constituent level representations are very helpful.
e Robustness and uncertainty quantification are becoming as important as raw performance.

This talk presented a broad overview of selected recent ATLAS developments. Detailed studies and
future directions will be covered throughout BOOST2026!

Thank You!

Questions?



