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Big questions

Reveal the Secrets of the 
Higgs Boson

Determine the Nature of 
Dark Matter

Search for Direct Evidence 
of New Particles
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Source: "Particle Physics for Babies", L. Corpe
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Higgs Boson Discovery 
04. Juli 2012

Nobel Price 
 in Physics 2013



Does the Brout-Englert-Higgs mechanism occur in Nature?
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ℒSM ⊃ −
1
4

𝐹𝑎
𝜇𝜈𝐹𝑎,𝜇𝜈 + 𝜓𝑖𝛾𝜇𝐷𝜇

𝑖𝑗𝜓𝑗

+ |𝐷𝜇𝜙 |2 + 𝑦𝑖𝑗𝜓𝑖𝜙𝜓𝑗 − 𝑉(𝜙)

constrained by gauge symmetry, tested to high precision

Higgs potential 
Investigation at (HL)-LHC

Yukawa couplings 
Hierarchy of fermion 
masses and flavour

Discovery of a Higgs boson of mass 125 GeV at the Large Hadron Collider 
(LHC) completed the Standard Model (SM).  
We will further explore the Higgs sector in the next decade.

ATLAS Collaboration. "A detailed map of Higgs boson interactions by the ATLAS 
experiment ten years after the discovery". Nature 607, 52–59 (2022).

Interaction with weak 
gauge bosons

https://www.nature.com/articles/s41586-022-04893-w
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Does the Higgs potential look like a Mexican hat?
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𝑉𝑆𝑀(𝜙) = 𝜇2 |𝜙 |2 − 𝜆 |𝜙 |4 − 𝑉0
Higgs mass term Quartic Higgs coupling 

UV behaviour, vacuum stability
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Source: "Advanced Course on Higgs Physics", J. Braathen 2024

phase transition in early universe
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Direct searches for Higgs boson pair production allow for measuring λHHH. 
Higgs most frequent decay to b-quarks makes flavour tagging essential. 

Higgs branching fractions
Source: CERN Yellow report @ mH=125.11 GeV

https://twiki.cern.ch/twiki/bin/view/LHCPhysics/CERNYellowReportPageBR
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Reveal the Secrets of the Higgs 
Boson

Determine the Nature of Dark 
Matter

Search for Direct Evidence of 
New Particles

Are there additional Higgs bosons?
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Reveal the Secrets of the Higgs 
Boson

Determine the Nature of Dark 
Matter

Search for Direct Evidence of 
New Particles

Beyond the

Standard Model

(BSM)?s h A H H
+ -

extended sector

Are there additional Higgs bosons?



Some open questions
▪ How does the Higgs potential look like? 

▪ What is the origin of the vast range of quark and lepton masses? 

▪ Are there modified interactions to the Higgs boson and known particles? 

▪ What stabilises the Higgs mass versus high-scale new physics? 

▪ Are there new particles close to the mass of the Higgs boson?

10

1. Measuring the Higgs Charm Yukawa Coupling 

2. Direct searches for Higgs boson pair production 

3. Searches for additional Higgs bosons 

▪ Research problems:



The Large Hadron Collider – a discovery machine

11
04.07.24Philipp Gadow | Transforming the investigation of the Higgs potential

High-energy (E) particle collisions enable 
• Probing the structure of matter (resolution ~ 1/E) 
• Discovery of new and massive particles (E = mc2)  
• Investigating the conditions of the early universe (E = kT)

Large Hadron Collider 
• Proton-proton (pp) collisions at 13 TeV (Run 2, large dataset) 

and 13.6 TeV (Run 3, larger dataset), also pA and AA collisions 
• Four large experiments, today focus on ATLAS and CMS

proton proton



Flavour tagging of jets in ATLAS and CMS
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proton proton

Jets 
collimated 
sprays of 
hadrons 
initiated by 
a parton.

ATLAS and CMS  
general purpose  
experiments  
at the LHC.

  experimental technique to select heavy-flavour jets,  
  driving Large Hadron Collider (LHC) exploration of  
  Higgs, Top and Beyond Standard Model physics.



Flavour tagging
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We can distinguish jets produced by heavy quarks 
(b-jets / c-jets) from other jets (light jets) by 
exploiting the distinct properties of b and c 
hadrons. 

• Long lifetime (b: ~1.5ps / c: ~0.6ps) results in 
displaced decays with secondary vertex 
• High mass (compared to other hadrons) 
• High decay multiplicity and hard fragmentation 
• “Soft“ charged leptons in displaced decay
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exploiting the distinct properties of b and c 
hadrons. 

• Long lifetime (b: ~1.5ps / c: ~0.6ps) results in 
displaced decays with secondary vertex 
• High mass (compared to other hadrons) 
• High decay multiplicity and hard fragmentation 
• “Soft“ charged leptons in displaced decay

very strong involvement in ATLAS 
flavour tagging by



Tracking detectors enable flavour tagging
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Displaced decay usually happens in 
beam pipe and results in secondary 
vertex with tracks that have large impact 
parameters. 

Measurement of track impact 
parameters and reconstruction of 
secondary vertices requires excellent 
tracking detectors located close to the 
beam pipe.

2014 Insertable b-
layer at R=33.25 mm 

March 2017 
4 layer pixel 
detector 

Challenge at end of pixel detector lifetime: 
tracking radiation damage can degrade 
flavour tagging performance
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Ingredients: jets and particle flow candidates / tracks
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▪ CMS particle flow event reconstruction: 
holistic approach by correlating basic 
elements from all detector layers.

ATLAS particle flow jets: reconstruction 
of jets based on combination of inner 
tracking detector tracks and 
calorimeter clusters.

Calorimeter 
clusters

Tracks

Neutral 
PFlow 
objects

Particle Flow 
algorithm

Charged 
PFlow 
objects

Jet finding 
algorithm

PFlow jets



How to tag flavour?
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Charged particle tracks 
associated with the jet  
provide features with 
discrimination power 
to "tag" the jet flavour.

Transverse impact parameter d0 

Distance of closest approach of track to 
the primary vertex in transverse plane. 

Signed impact parameters of b-jets (c-jets) 
are mostly large and positive, while light-
flavour jets have values consistent with 
zero within resolution. 

Secondary Vertex (SV)  
The point from where 
the b or c hadron decays.

Track-signed impact parameters 
Track has positive impact parameter 
if the angle between jet axis and the 
line joining primary vertex to point of 
closest approach to the track is < π/
2 and negative otherwise.



Machine learning
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▪ No single property of  heavy-flavour jets can provide optimal performance: 

▪ Track impact parameters 

▪ Reconstructed secondary vertices (flight length, mass, energy fraction, track multiplicity) 

▪ Soft charged leptons produced in decay of b/c hadrons 

▪ Therefore, combine all available information in a multivariate discriminant. 

▪ Use machine learning tools: boosted decision trees, neural networks, transformers.

History of flavour tagging at LEP 
(first report 1991), HERA and 
Tevatron, already using neural 
networks (JETNET 2.0 in F77).

https://iopscience.iop.org/article/10.1088/0954-3899/17/10/024/pdf
https://www.sciencedirect.com/science/article/abs/pii/001046559290099K
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Problem statement

What we have: 
• Jet constructed by anti-kt algorithm (R=0.4 / large radius) 

with kinematics (pt, eta, phi, mass) 
• Collection of tracks and neutral particle flow candidates 

associated with jet: Xi with i = {1, …, n} 
• Each track has features Xi ∈ ℝm 

• Jet has labels from simulation: 
• Y: {b, c, light, (strange)} or {bb, cc, top, QCD}  

What we want: p(Y | X1, …, Xn) 

This way of phrasing the problem is from Nicole Hartmann (TUM)

High dimensional problem: 
 )𝑛  ∙ 𝑚 ~ 𝑂(103

Note: definition of label (“jet flavour”) provides room for discussion. “What is a quark jet?” 
ATLAS / CMS define jet flavour by ghost hadron / parton association



Data and analysis chain

20

Source: "Particle Physics for Babies", L. Corpe

Detector

Theory

Reconstruction & 
Data reduction

Statistical analysis

"Digital twin" 
(Simulation)

selection of collision events

Calibration & alignment

Source: https://build-your-own-particle-detector.org/models/
lhc-micro-models/

Simulation provides high-fidelity labelled  
data for training machine learning algorithms.



History of algorithms
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ATLAS

CMS

Specialised algorithms

Run 1 Run 2 Run 3

JetProb, IPxD, MV1 MV2c20, DL1, DL1r/d GN series

ParticleNet, RobustParT, UParTDeepCSV, DeepJet

BDTs, deep neural networks Graph networks, transformers

CSV



ATLAS DL1 algorithm
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Low-level algorithms with specialised tasks compute inputs for neural network.

Discriminant for b-tagging:

Eur. Phys. J. C 83 (2023) 681

Two stage approach 
Low-level algorithms use properties (e.g. impact parameters) of 
individual tracks or reconstruct secondary vertices.

Their outputs are fed into the high-level taggers 
(deep neural networks) to provide a discriminant.

https://arxiv.org/abs/2211.16345


ATLAS GN algorithms

23

New approach: predict jet flavour 
with no separation between low-level 
and high-level algorithms, directly 
taking as inputs  
▪ jet pT and η 

▪ track parameters, uncertainties, 
impact parameters 

▪ hit information of tracks

DL1 GN



ATLAS GN2
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GN1: 3 layers with 64 nodes 
GN2: 1 layer with 256 nodes

Nature Commun. 17 (2026) 541

GN2 operates on jet + track inputs with a 
transformer model using auxiliary tasks.

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/FTAG-2023-05/


ATLAS GN2 b/c-tagging discriminant
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Similar quality of data/MC agreement 
(before calibration) as DL1 series

FTAG-2023-01

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/


ATLAS GN2 auxiliary tasks
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The GN series simultaneous trains jet 
classification with auxiliary tasks for 
▪ prediction of the underlying physics 

process of each track's origin
ATL-PHYS-PUB-2025-029

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2025-029/


ATLAS GN2 auxiliary tasks

27

The GN series simultaneous trains jet 
classification with auxiliary tasks for 
▪ prediction of the underlying physics 

process of each track's origin, 
▪ grouping of tracks originating from a 

common vertex.

Total loss function is sum of loss 
functions for jet flavour categorisation 
and auxiliary task loss functions.

GN2 vertex reconstruction at least as good 
as dedicated vertex finding algorithm (SV1)

Nature Commun. 17 (2026) 541

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/FTAG-2023-05/


ATLAS GN2 algorithm performance

28

GN2 at 70% b-efficiency charm jet rejection 50

light-flavour jet rejection 1500
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Four-top quark 
production

Very rare processes (SM tttt: ~1800 expected in Run 2 dataset) with challenging complex final states.

Possible applications for GN2
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Introduce Higgs physics here, with Lagrangian? 

Make case for additional Higgs bosons 
Make case for di-Higgs searches

Searches for new particles in events with four or three top quarks.

Possible applications for GN2
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Background in e.g. ttH and tttt measurements from non-prompt leptons 
originating e.g. in semi-leptonic hadron decays. 
Suppression possible with isolation (measure activity around lepton).

ATLAS GN2 for lepton isolation

GN2

PLIT

Prompt lepton 
isolation tagger MUON-2025-01

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/MUON-2025-01/


ATLAS GN2 architecture in four-top heavy Higgs searches

32

21

Signatures
• We have four tops in our final state 


• Each top decays to Wb and the detector signature is defined by:  

• The presence of four b-quarks 


• The decays of the W bosons

t W+

b

l+/q

ν/q̄′ g

g

g

Each top quark decays to Wb,

Threefold improvements from multi-modal and 
multi-task GN2 model: 
1. Improved b-tagging with GN2 results in larger 

b-efficiency at same background rates

Four top quark final state
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Signatures
• We have four tops in our final state 


• Each top decays to Wb and the detector signature is defined by:  

• The presence of four b-quarks 


• The decays of the W bosons
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ν/q̄′ g

g

g • only hadrons (0L) 
• 1 charged lepton (1L) 
• 2 opposite-sign charged leptons 
• 2 same-sign charged leptons 
• 3 or more charged leptons

largest BR but large 
background 

small BR but very clean (most 
sensitive channels) 

resulting in final state with

2. Once PLIT is commissioned, strong reduction of 
non-prompt lepton background

3. Use GN2 architecture for event classification



33New paradigm in ATLAS flavour tagging with astounding results.

https://indico.cern.ch/event/1135177/timetable/


CMS Particle Transformer
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Most recent Unified Particle 
Transformer (UParT) is based on 
Particle Transformer (ParT) 
architecture.

H. Qu, C. Li, S. Qian ICML 2022

"Attention Is All You Need"

additional term U from particle interactions

arXiv:1706.03762 [cs.CL]

particle interactions

https://arxiv.org/abs/2202.03772
https://arxiv.org/pdf/2202.03772
https://arxiv.org/abs/1706.03762


CMS today: Unified Particle Transformer

UParT v2 is a modern version with architecture and training 
improvements and a bigger training dataset w.r.t. the first version.

Unified approach of having a single model 
for classification tasks  
• b/c tagging, quark- gluon tagging, 

strange tagging, tau tagging 
and regression tasks: 
• flavour-aware jet energy correction and 

resolution

CMS-DP-2024/066
CMS-DP-2025/081

UParT

b

c

s

τ

jet 
tagging

flavour-aware jet 
energy regression

"adversarial attack"  
training

UParTv2 at 70% b-efficiency charm jet rejection 120

light-flavour jet rejection 2800

https://cds.cern.ch/record/2904702/files/DP2024_066.pdf
https://cds.cern.ch/record/2948917/files/DP2025_081.pdf


ATLAS GN3 state-of-the-art algorithm

36

ATL-PHYS-PUB-2026-005

new w.r.t. GN2:  adding neutral particle flow and electron inputs, 
jet pt regression, heavy quark charge prediction, track particle ID prediction

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-005/


Evolution of ATLAS/CMS algorithms

37

Comparison should be 
taken with grain of salt: 

Many differences between 
jet definition, datasets for 
evaluation, detectors and 
calibration of algorithms.

2025

GN3 (4000)
UParTv2 (3000)

UParTv1 (1800)

Need for calibration of 
algorithms such that 
simulations match data!

Eur. Phys. J. Spec. Top. (2024)

https://gitlab.cern.ch/atlas-flavor-tagging-tools/algorithms/salt
https://arxiv.org/abs/2404.01071


Calibration of b/c-efficiency and mis-tag rates

38

▪ Performance of flavour-tagging algorithms is 
optimized and evaluated using simulations 
(mostly inclusive ttbar events). 

▪ We cannot expect simulations to describe all 
effects impacting the performance of flavour-
tagging algorithms accurately

▪ We need measurements of the b-/c- and light-jet tagging efficiencies. 
▪ Need to extract samples of jets dominated by a single jet flavour 
▪ Provide results as data-to-simulation scale factors (SF: functions of pt and eta) 
▪ Assumption: SFs are process independent but not simulation independent

DP-2026-022

https://btv-public.docs.cern.ch/DPNotesRun3/DP-2026-022/DP-2026-022/


CMS Calibration results

39

DP-2026-022

b / c / light

Scale factors 
from calibration 
measurements

Performance of algorithm 
with applied corrections

https://btv-public.docs.cern.ch/DPNotesRun3/DP-2026-022/DP-2026-022/


ATLAS Calibration results

40

FTAG-2023-07

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-07/


Current research frontiers

1. Scaling laws 

2.Foundation models  

3.Charge / fragmentation tagging 

4.Continuous calibration

41

Biased selection! Not talking about: strange tagging, 
tagging at the trigger-level, tagging of large-radius jets, 
tagging in datasets with sparse information (TLA/scouting), 
better robustness (adversarial training with MiniFool), 
robust jet labelling (flavoured jet algorithms), …



How to further improve algorithms?

42
from Lukas Heinrich, Foundation Models in Experiments, COMETA General Meeting

https://indico.cern.ch/event/1616526/contributions/7017741/attachments/3286033/5879536/FoundationModels_Cometa.pdf


Scaling laws

43

ATLAS scaling study training dataset 
with up to 7.7 billion jets and 86M 
parameter model 

CMS-DP-2025-081

ATL-SOFT-PUB-2026-002

Newest taggers on both experiments improve 
mainly by training larger models on far more jets.  
(When) will scale become the dominant lever?

https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/
https://cds.cern.ch/record/2953659/files/ATL-SOFT-PUB-2026-002.pdf


Foundation models

44

Nice overview in A. Hallin, Foundation models for high-energy physics

A foundation model is any model that is trained on broad data (generally using self-supervision 
at scale) that can be adapted (e.g., fine-tuned) to a wide range of down-stream tasks.

and more …Sketch from Nicole Hartman / Michael Kagan

https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434


Charge / fragmentation tagging

45

▪ Based on Particle Transformer with extended input 
features and two/three classification tasks 

▪ Potentially opens charge-consistent pairing

Similar development at ATLAS:

CMS-DP-2025-071

New CMS Charge Tagger tags flavour + charge  of jets in one single network

ATL-PHYS-PUB-2026-005

https://cds.cern.ch/record/2945237
https://cds.cern.ch/record/2961896?ln=en


Continuous / optimal-transport calibration

46Eur. Phys. J. C 85 (2025) 1272

Idea: obtain a mapping from pMC
b/c/u to  pdata

b/c/u

▪ Architecture: Normalizing flow with a constraint 
to ensure the transport map is minimal.  

▪ Closure with conventional calibration methods

https://link.springer.com/article/10.1140/epjc/s10052-025-14682-0
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Outlook



Looking ahead: Flavour tagging in Run 4

48
Showing here ATLAS b-tagging ROC curves to give idea of 
improvement w.r.t. Run 3 despite massive increase in pile-up!

Phase-II upgrades for 
Run 4: new inner 
detectors with improved 
granularity and 
extended eta coverage

ATL-PHYS-PUB-2026-002

https://cds.cern.ch/record/2956726/files/ATL-PHYS-PUB-2026-002.pdf


Flavour tagging impact on Higgs searches

ATL-PHYS-PUB-2025-001 ATL-PHYS-PUB-2025-012

Yukawa couplings 
VH, H(cc) searches

Higgs potential 
e.g. HH → bbyy

49

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2025-001/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2025-012/


Machine Learning algorithms: Where next?

50from Francesco Armando Di Bello, ATLAS Higgs-charm & jet tagging, 2nd CMS Higgs Charm Workshop

https://indico.cern.ch/event/1645713/contributions/7018078/


Summary

1. Flavour tagging is the experimental technique to select heavy-flavour jets,  driving the 
LHC exploration of Higgs, Top and Beyond Standard Model physics. 

2. ATLAS (GN2) and CMS (UParT) converged on multitask transformer taggers built on 
constituent/vertex interaction features which can be calibrated at fixed operating points  

3. Frontiers:  
▪ Scaling laws (larger models + more data = better performance) and foundation 

models (self-supervised pretraining + transfer) 
▪ Continuous, multi-dimensional calibration (beyond 1D operating points) 
▪ Jet charge tagging, strange tagging, trigger-level tagging  
▪ HL-LHC upgrades: extended tracking acceptance, better impact-parameter 

resolution, and timing / 4D tracking for ⟨µ⟩≈200

51Thank you! 
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Backup
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Taken from Kateryna Radchenko Serdula talk at 21st LHC Higgs Working Group workshop 
https://indico.cern.ch/event/1389221/contributions/6195713/attachments/2981797/5250371/LHCHWG21_Radchenko.pdf
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The ATLAS and CMS experiments
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ATLAS Detector 
ghj

Source: "Particle Detectors", Kolanoski / Wermes

CMS Detector 
fjgh

Multi-purpose detectors with 4π coverage



Track impact parameters
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Transverse impact parameter d0 

Distance of closest approach of track to 
the primary vertex in transverse plane.

Track-signed impact parameters 
Track has positive impact parameter if the 
angle between jet axis and the line joining 
primary vertex to point of closest approach to 
the track is < π/2 and negative otherwise.

Longitudinal track impact parameter z0 
Distance in z-direction between 
primary vertex and track at point of 
closest approach in x-y plane.

Signed impact parameters of b-jets 
(c-jets) are mostly large and 
positive, while light-flavour jets 
have values consistent with zero 
within resolution. 



Secondary vertices
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Algorithms aim to reconstruct secondary vertices from displaced decays. 

Properties of fitted secondary vertices (mass, flight length) provide 
discrimination for heavy-flavour jet identification.



ATLAS GN2 vertex finding auxiliary task
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ATL-PHYS-PUB-2022-027

Interpretability

19
First track

Primary vertex Two tracks 
from the B 

decay

Three tracks from 
the  decayB → C

GN1 vertex and  
origin prediction 

is perfect

GN1 successfully 
predicts jet flavour

Edge classification as an auxiliary task grouping tracks from 
common vertices helps the jet classification.

cherry-picked example

Efficient vertexing: 

• recall of > 65% of 
tracks in truth vertex 

• purity of > 50% of 
tracks in reco vertex 

The algorithm correctly 
identifies 80% of truth 
vertices inside b-jets.

These metrics quantify the GN1 algorithm. 
Performance for GN2 is better. 

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/


CMS DeepJet algorithm
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JINST 15 (2020) P12012

more inputs than ATLAS CNNs Deep Neural NetworkRNNs

https://doi.org/10.1088/1748-0221/15/12/P12012


UParT robustness: adversarial attacks
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How to improve robustness against Monte-Carlo (MC) simulation mismodeling?
Learn from input feature distortions while keeping 
nominal performance. 

R-NGM (Rectified Normed Gradient Method):  
double forward-backward pass, one to compute the 
adversarial attack, 

one to train on nominal + adversarial samples using a 
TRADES („trade adversarial robustness off against 
accuracy “) loss.

CMS-DP-2025-081

Eur.Phys.J.C 86 (2026) 6, 641

Almost 
identical

performance 
recovered

performance loss

https://cds.cern.ch/record/2948917/files/DP2025_081.pdf
https://arxiv.org/abs/2511.01352


Training with adversarial attacks
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Nominal train Adversarial prediction

1) Data loader loads batch 
2) Feed batch into model 
3) Compute loss 
4) Update weights

1) Data loader loads batch 
2) Feed batch into model 
3) Compute loss 
4) Perform attach to obtain adversaries 

1) update inputs 
2) feed attacked batch into model 
3) Compute loss 

5) Update weights



Jet energy regression in UParT
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CMS DP-2024/066

https://cds.cern.ch/record/2904702/files/DP2024_066.pdf


Differences between UParTv1 and UParTv2
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CMS-DP-2025/081

https://cds.cern.ch/record/2948917/files/DP2025_081.pdf


CMS UParTv2 b-tagging performance
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CMS-DP-2025/081

https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/


CMS UParTv2 c-tagging performance
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CMS-DP-2025/081

https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/


CMS UParTv2 strange-tagging performance
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CMS-DP-2025/081

arXiv:2003.09517 [hep-ph]

https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/
https://arxiv.org/abs/2003.09517


Differences between GN2 and GN3

67

ATLAS-FTAG-2025-01

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


ATLAS GN3 b-tagging performance
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ATL-PHYS-PUB-2026-001

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-001/


ATLAS GN3 c-tagging performance
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ATL-PHYS-PUB-2026-001

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-001/


ATLAS GN3EPCLV01 b-tagging performance
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ATL-PHYS-PUB-2026-005

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-005/


ATLAS GN3EPCLV01 c-tagging performance

71

ATL-PHYS-PUB-2026-005

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-005/


Charge / fragmentation tagging generator dependence
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ATL-PHYS-PUB-2026-005

https://cds.cern.ch/record/2961896?ln=en

