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Introduction
• Hadronic objects are ubiquitous at LHC and are final state

objects of various processes of interest.

• Identification of hadronic objects is essential for many 
physics analyses at the LHC.

• Some recent results on hadronic object identification in
ATLAS are covered:

• Quark/Gluon tagging.

• Boosted W boson tagging.

• Boosted top quark tagging.

• These advances enhance the potential for precise 
measurements of the SM (e.g. VBS, VBF) and discovering 
new physics (e.g. BSM heavy resonance search)
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▪ W boson/top quark with large transverse momentum compared to its mass is 
referred to as boosted W boson/top quark.

https://link.springer.com/article/10.1140/epjc/s10052-020-7608-4


Hadronic objects as jets
• Quark/gluon, W->qq’ and t->qq’b, after showering and 

hadronization, will eventually become collimated sprays 
of particles called jets.

• The sprays of particles are clustered using anti-𝒌𝒕 
algorithm with different jet radius parameter, 𝑅.

• Quark/gluon jets are small-𝑹 (𝑹=0.4) jets.

• Boosted W boson/top quark jets are large-𝑹 (R=1.0) jets.
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https://opendata.atlas.cern/docs/documentation/physic_objects/jets_reco


Jet tagging baselines
• Baseline taggers for quark/gluon, W and top jets are based on    

high-level variables.
• Track multiplicity, jet track width, energy correlation function,                  

N-subjettiness, 𝑘𝑡 splitting scale, etc.

• Baseline quark/gluon taggers:

• Single variable 𝑛trk (number of tracks ghost-associated with the jet) 
q/g tagger. 

• BDT-based tagger: combines 3 jet substructure variables.

• Baseline W-taggers:

• “3-var” cut-based tagger: cut on 𝑚𝐽 (jet mass), 𝐷2 (energy-
correlation function ratio), 𝑛trk.

• DNN-based tagger (𝑍NN): combines 10 jet substructure variables. 

• ANN tagger (𝑍ANN): mass-decorrelated DNN tagger.

• Baseline top-taggers:
• DNN-based tagger: combines 15 jet substructure variables.

• “contained top tagger” and “inclusive top tagger”

3▪ The DNN-based W tagger is mass-correlated, it tends to tag jets with mass around W mass as W jet.
▪ ANN stands for adversarial neural network, a method to realize the mass-decorrelation of the DNN-based W tagger. 
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Jet tagging advances
• Recent jet tagging advances of ATLAS have focused on using 

constituent-level variables as inputs to taggers.

• Richer information than manually defined high-level variables.

• Allows taggers to learn to their best capacity.

• Jet constituents definitions in ATLAS:

• Particle Flow Objects (PFOs) 

• Calorimeter + track 4-vector

• Pileup mitigation using track matched to the primary vertex in jet 
reconstruction → good jet energy resolution at low 𝑝T.

• Used for small-𝑹 jet clustering. 

• Track-CaloClusters (TCCs) 

• Calorimeter energy, track angle.

• Good performance at high 𝑝T.

• Unified Flow Objects (UFOs) 

• Combines desirable aspects of PFO and TCC reconstruction.

• Optimal overall performance across the full kinematic range.

• Used for large-𝑹 jet clustering.
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Particle Flow Objects (PFOs) 

Track-CaloClusters (TCCs)

https://cds.cern.ch/record/2724842/files/ATL-PHYS-SLIDE-2020-238.pdf


Machine learning algorithms for 

constituent-level jet taggers
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Jets as vectors
• Jet constituents are sorted by decreasing 
𝑝T, then flattened into a vector.

• The vector is fed to a simple DNN with a 
few hidden layers.

• No inductive bias.

• Cannot handle the variable number of 
constituents naturally.

• Jets are padded or truncated to have a 
fixed number of constituents.
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https://www.researchgate.net/publication/336131051_Explainable_AI_A_Brief_Survey_on_History_Research_Areas_Approaches_and_Challenges


Jets as images
• Jets are converted into “jet images” by binning each 

constituent’s 𝜂 and 𝜙 coordinates.

• A large-scale CNN - ResNet 50[1] is used.

• Pixel values are the sum of the raw 𝒑𝐓 of the 
constituents within the pixel (bin), normalized by 
the sum of the pixel values over the image, then 
rescaled by log(1 + 100x) to make the lower 
𝑝T patterns in the jet substructure visible.

• Handles variable number of constituents.

• Enforces permutation invariance.
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https://medium.com/data-science/the-annotated-resnet-50-a6c536034758
https://iopscience.iop.org/article/10.1088/1748-0221/19/08/P08018


Jets as point clouds
• Jet represented as a 2D point cloud on constituents’ 𝜂-𝜙

plane.

• ParticleNet[2] is a GNN acting on the 2D point cloud, which 
dynamically construct and updates a graph composed of 
nodes (associated with constituents) and edges.

• Handles variable number of constituents.

• Enforces permutation invariance.

• EdgeConv operation acts on constituent pairs that are 
spatially close to each other, and can be stacked.

• Learning both local and global structures, in a hierarchical way
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https://arxiv.org/pdf/1902.08570
https://arxiv.org/pdf/2202.03772


Jets as Lund jet planes
• Lund jet planes are constructed by iteratively declustering

the jet clustered using Cambridge/Aachen (C/A) algorithm.

• LundNet[3] is a GNN acting on a graph representing the 
sequence of jet emissions, with structure similar to 
ParticleNet.

• Each node has 3 Lund kinematic variables: 𝐥𝐧( Τ𝟏 𝜟𝑹), 
𝒍𝒏(𝒌𝒕), 𝒍𝒏( Τ𝟏 𝒛).

• 𝒏𝐭𝐫𝐤 added as a global feature.
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Jets as sets
• Jet represented as an unordered set of 

constituents.

• Energy Flow Network (EFN) / Particle Flow 
Network (PFN)[4] applies the DeepSet structure.

• EFN uses IRC-safe constituent variables only, 
while PFN allows more input variables.

• ParticleTransformer (ParT)[5] is a Transformer 
designed with physics inspirations.

• Takes advantage of attention mechanism.

• Dynamically Enhanced Particle Transformer 
(DeParT) is an expansion upon ParT.

• Handles variable number of constituents and 
enforces permutation invariance.
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Performance of 

constituent-based jet taggers
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Quark/gluon tagging
• Most constituent-level taggers outperforms baseline 

high-level tagger.

• Baseline FC red. : a DNN with 5 high-level variables as input.

• Transformer-based taggers (ParT, DeParT) provides the 
best performance.

• EFN provides worse performance than baseline high-level 
tagger, as it’s constrained to IRC-safe inputs only.

• Taggers perform better at higher jet 𝑝T.

• similar trends for all taggers.

12ATL-PHYS-PUB-2023-032

B
et

te
r

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2023-032/


Quark/gluon tagging
• Tagger performance varies significantly as the MC 

modeling of Parton-Shower and hadronization changes.

• The differences in gluon rejection between the taggers, 
excluding EFN, are less pronounced than the gluon rejection 
variations of a given tagger.

• Better performance, higher modeling dependence.

• DeParT is the most sensitive one.

• EFN is the least sensitive one, could be the result of its IRC-
safe characteristic, which reduces sensitivity to non-
perturbative effects
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W tagging
• Constituent-level taggers outperforms 

baseline high-level tagger ZNN.

• LundNet becomes the most performant one, 
even better than the sophisticated ParT.

• Similar to quark/gluon tagging, EFN became 
the worst constituent-level tagger, but still 
slightly outperforms baseline high-level 
tagger.

• Taggers perform better at higher jet 𝑝T.

• similar trends for all taggers.
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W tagging
• Tagger performance also tested on 

MC samples with different modeling 
setup.

• Sophisticated ML architectures are 
more likely to show higher model 
dependence.
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Top tagging

• Similar performance ranking of constituent-
level taggers  as the ones seen in quark/gluon 
and W tagging cases.

• LundNet becomes the top performer again.

• Physics-inspired algorithm design has the 
potential to significantly enhance the 
performance.

• Relatively flat tagger performance across the 
whole supporting 𝑝T range.

•  Different from what’s seen in quark/gluon and 
W tagging.
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Top tagging
• Comprehensive study evaluating approximate

bottom-up experimental uncertainties and 
theory uncertainties on top-taggers.

• Positive correlation between performance and 
uncertainty.

• Better taggers have higher uncertainties by 
almost factor 2.

• ResNet50 is an outlier, with high relative 
uncertainty and poor performance.

• Further study needed to addressing the uncertainty 
issue, pushing ideal taggers from dream to life.
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Summary
• Presented recent advances in quark/gluon, boosted 

W boson and top quark tagging with constituent-
based ML algorithms in ATLAS.

• State-of-the-art architectures and access to low-level 
information lead to significant improvements in 
performance, comparing the traditional methods 
using high-level variable.

• With greater performance, comes greater 
uncertainty and MC modeling dependence. 

• Understanding and addressing the uncertainty and 
model dependence is crucial to generalize the 
performance of these taggers.
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Backup
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Quark/gluon tagging

Results and technical information of the different taggers. The total number of parameters is 
given in millions. The time and memory are measured on two NVIDIA Tesla V100 GPU 32GB. 
The inference time corresponds to one batch of size 512. Memory is the maximum GPU 
memory usage during inference of batch with size 512
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W tagging

The performance metrics of the constituent-based taggers evaluated 
on the testing set, along with the number of trainable parameters and 
the inference time. Inference time is measured using an Nvidia Tesla 
V100-SXM2-32GB GPU, taking the average time need by processing 
one jet.
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W tagging

Graphs showing the full jet de-clustering and the 
primary Lund jet plane is shown in red. Different 
panels are shown with the color axis showing the 
values of the Lund variables. 
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Lund jet plane emission density for hadronically decaying boosted 
W bosons and  QCD background jets 



W tagging

Graphs showing the full jet de-clustering and the 
primary Lund jet plane is shown in red. Different 
panels are shown with the color axis showing the 
values of the Lund variables. 
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Normalized jet mass distribution for background jets before 
tagging (black line and dark gray shading), compared with the 
same distributions after tagging to achieve 50% signal 
efficiency.

Adversary network architecture 
used for training mass-decorrelated 
LundNet, LundNetANN.



Top tagging

Background rejection versus signal efficiency curves 
for constituent-based top taggers, along with curve 
for high-level tagger (hlDNN) for comparison.
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The number of trainable parameters and 
inference time for each tagger considered in 
this study. Inference time is defined as the 
amount of time required to run inference for a 
batch of 256 jets on an NVIDIA Tesla V100 GPU.

The performance of each top quark tagger 
is measured with several metrics evaluated 
on the testing set.



Top tagging

The uncertainty in the signal efficiency for the hlDNN tagger

26

A comparison between the total uncertainty derived and the 
scale factor and its uncertainty for the hlDNN tagger.
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