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Deep Learning for jets: 
towards a unified jet algorithm
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1. Jet tagging 101: what is a jet and Deep Learning? 

2. Jet algorithm evolution: from likelihood ratio to Transformer models 

3. Unified Jet approach: everyone joins the tagging battle! 

4. What’s next: towards fully unified world models
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Front.Big Data 4 (2021) 661501

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
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Front.Big Data 4 (2021) 661501

Fast decision (e.g. FPGA ML) 
Object trigger, anomaly detection

Nat Mach Intell 4, 154–161 (2022)

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
https://www.nature.com/articles/s42256-022-00441-3
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Front.Big Data 4 (2021) 661501

Fast decision (e.g. FPGA ML) 
Object trigger, anomaly detection

Generative models (GAN/VAE,  
Diffusion, Norm. Flows)

SciPost Phys. 18, 195 (2025)

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
https://scipost.org/10.21468/SciPostPhys.18.6.195
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Front.Big Data 4 (2021) 661501

Fast decision (e.g. FPGA ML) 
Object trigger, anomaly detection

Generative models (GAN/VAE,  
Diffusion, Norm. Flows)

Statistical/simulation based inferences,  
likelihood estimation, etc

Phys. Rev. Lett. 121, 111801

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.111801
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Front.Big Data 4 (2021) 661501

Fast decision (e.g. FPGA ML) 
Object trigger, anomaly detection

Generative models (GAN/VAE,  
Diffusion, Norm. Flows)

Statistical/simulation based inferences,  
likelihood estimation, etc

Today’s discussion

Jet algorithms, tau  
reconstruction, tracking, 

 vertexing, lepton id., 
Particle-Flow, etc

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
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• Jet: a narrow cone of collimated 
stable particles 

• Jet clustering: agglomeration law 
associating the stable particles 
into a jet (e.g. anti-kT) 

• Jet’s origin : Jet tagging 

• Jet’s properties : jet (energy) 
regression 

Disclaimer: focus on small jet radius, 
but the discussion generalizes to large 
radius one too

CMS-PHO-EVENTS-2024-025

https://doi.org/10.1088/1126-6708/2008/04/063
https://cds.cern.ch/record/2900699
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For quark jet: necessary to define the 
flavor of the originating quark or gluon 

Jet flavor: A long and complex 
discussion (with still no consensus) 

In CMS: defined via ghost hadron/
parton association 

Jet Energy Correction (JEC): correct for 
detector response, pileup effects, and 
other biases.

Jesse Thaler — Report of the Les Houches Quark/Gluon Subgroup 3

What is a Quark Jet?
From lunch/dinner discussions

A quark parton

A Born-level quark parton

The initiating quark parton in a final state shower

An eikonal line with baryon number 1/3 
and carrying triplet color charge

A quark operator appearing in a hard matrix element 
in the context of a factorization theorem

A parton-level jet object that has been quark-tagged 
using a soft-safe flavored jet algorithm (automatically 
collinear safe if you sum constituent flavors)

A phase space region (as defined by an unambiguous 
hadronic fiducial cross section measurement) that yields 
an enriched sample of quarks (as interpreted by some 
suitable, though fundamentally ambiguous, criterion)

Ill-Defined

Well-Defined What we mean

What people 
sometimes 

think we mean

Quark 
as adjective

Quark 
as noun

Les Houches 1-19 June 2015 
JINST 13 (2018) P05011

https://arxiv.org/abs/1605.04692
https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05011
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Heavy flavor (b-c) jets: b (c) hadron with a 
sufficient lifetime, 1.5 (1.0) ps​ 

•Creation of a secondary vertex (SV) ​ 

•Displaced tracks​ 

•20% (10%) of the b (c) jets containing a 
soft lepton from the heavy hadron 
decay

JINST 13 (2018) P05011

jet

jet

heavy-flavour
jet

PV

SV

displaced
tracks

IP

charged
lepton

https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05011
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Strange jet: weaker signatures vs u-d jets​ 

•Neutral composition of the jet and its 
energy​ 

•Charged kaon identification not 
possible at our energy scale for CMS

arXiv:2003.09517
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https://arxiv.org/abs/2003.09517


EPPG seminar25/11/2025

Deep Learning 101: ML

15

"Machine Learning is the science of getting 
computers to act without being explicitly 
programmed." 
- Arthur Samuel, 1959

What is Machine Learning ?  

Key ingredients: 

• Data and an objective: what and in which conditions? 

• Objective (loss) function: mapping the prediction and the 
ground truth 

• Learning strategies: how to adjust the prediction 

• Structure: how to modelize the prediction from the inputs 

Only focus on ML with artificial neural networks (Deep Learning)
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• Supervised learning (task specific model): 

Assigned a task to predict an outcome from labelled 
data(classification or regression) 

• Unsupervised learning (general model): 

Discover patterns and properties from unlabeled data 
(LLMs, anomaly detection, etc) 

• Reinforcement learning (acting model) 

Decision making model, adjusting it’s next move from   
a reward cost function (autonomous driving, Gaming, 
etc)
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• Supervised learning (task specific model): 

Assigned a task to predict an outcome from labelled 
data(classification or regression) 

• Unsupervised learning (general model): 

Discover patterns and properties from unlabeled data 
(LLMs, anomaly detection, etc) 

• Reinforcement learning (acting model) 

Decision making model, adjusting it’s next move from   
a reward cost function (autonomous driving, Gaming, 
etc)

Today we stay in this area
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Core Concept: An iterative optimization algorithm for finding the 
minimum of a function by following the direction of steepest descent 

Physical Analogy: Imagine releasing a ball on a mountainous 
landscape. The ball naturally rolls downhill, following the steepest slope 
at each point, until it reaches a valley—a local minimum 

In gradient descent, the "landscape" is defined by a cost function L, and 
we iteratively update parameters by moving opposite to the gradient:

Key Insight: The learning rate λ controls step size—too 
large and we overshoot; too small and convergence is 
slow. The gradient provides local directional information, 
analogous to measuring the slope beneath the ball.

Foundation paper: Nature 323, 533–536 (1986)

https://www.nature.com/articles/323533a0
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Update of all the layers: Chain rules across the weights matrices 
and functions of the neural network structure - Backpropagation
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Better

Sensitivity (1-Type II error)

Ty
pe

 I 
er

ro
r

Two types of metrics: 

• Working points (WPs): signal efficiency at fixed 
background mis.id. rate 

• Rejection rate: invert of the background mis.id. rate 
at a fixed signal efficiency

CMS-DP-2025-081

https://cds.cern.ch/record/2948917?ln=fr
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• The evolution of algorithms followed how 
we represented our jet inputs. 

• First naïve approach use jet level inputs + 
handcrafted displaced tracks. 

• ML methods used evolved from likelihood 
ratio (JetProbability algorithm) to Boosted 
Decision Tree/Shallow networks (Combined 
Secondary Vertex algorithms - CSVs) 

• First multi-layer DNN arrived at the end of 
this era: DeepCSV JINST 13 (2018) P05011

DeepCSV architecture

CSVv2 architecture

https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05011
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Jet seen as an image made of pixel hits:  

• Jets are ‘sparse’ structures in an 
inhomogeneous medium 

• Pixel representation unadapted to 
the physics meaning 

Based on Convolutional neural 
networks (CNN)

32- -
Generic overview slide

Boosted Boson Type Tagging
Jet ETmiss

SLAC, Stanford University

March 26, 2014

Benjamin Nachman and Ariel Schartzman
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Even more non-linearity: Going Deep

Deep Convolutional Architectures for  
Jet-Images at the Large Hadron Collider

Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  

Jet Image

Convolution Max-Pool Convolution Max-Pool Flatten

Fully  
Connected 
ReLU Unit

ReLU Dropout ReLU Dropout
Local 

Response 
Normalization

W’→ WZ event

Convolutions
Convolved  

Feature Layers

Max-Pooling

Repeat

Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

2D  
Convolutions 
to Jet Images

Understanding Improvements 
Since the selection of physics-driven variables is driven by physical understanding, we want to be 
sure that the representations we learn are more than simple recombinations of basic physical 
variables. We introduce a new method to test this — we derive sample weights to apply such that 

meaning that physical variables have no discrimination power. Then, we apply our learned 
discriminant, and check for improvement in our figure of merit — the ROC curve.

Standard physically motivated 
discriminants — mass (top)  
and n-subjettiness (bottom)

Receiver Operating Characteristic

Notice that removing out the individual effects of 
the physics-related variables leads to a likelihood 
performance equivalent to a random guess, but 
the Deep Convolutional Network retains some 
discriminative power. This indicates that the deep 
network learns beyond theory-driven variables — 
we hypothesize these may have to do with 
density, shape, spread, and other spatially driven 
features.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 

Repeat

Apply deep learning techniques on jet images! [3]

convolutional nets are a standard image 
processing technique; also consider maxout

arXiv:1511.05190 
arXiv:2012.09719

https://arxiv.org/abs/1511.05190
https://arxiv.org/abs/2012.09719
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First turning point of jet algorithms : 

• Exploits the substructure of the jets 
(constituent based approach) 

• Processes constituents one by one 
in order to obtain a sequence-based 
latent space 

• First ‘Deep’ neural networks 

• Parametrization O(100) to O(10,000) 
and inputs O(10) to O(500)

JINST 15 (2020) P06005 
JINST 15 P12012

A complex and hard to train architecture 

https://iopscience.iop.org/article/10.1088/1748-0221/15/06/P06005
https://iopscience.iop.org/article/10.1088/1748-0221/15/12/P12012
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Jet as a sequence: DeepAK8 and DeepJet

25

Widely adopted as the state-of-the-art at the 
end of Run2 at CMS. 

Two models: DeepAK8 for large jet radius and 
DeepJet for small jet radius

JINST 15 (2020) P06005 
JINST 15 P12012

DeepJet architecture

4x better light 
jet rejection
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> 10x better 
QCD rejection

https://iopscience.iop.org/article/10.1088/1748-0221/15/06/P06005
https://iopscience.iop.org/article/10.1088/1748-0221/15/12/P12012
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Sequence based model depends on the ordering: 

• Shuffle your input list and the prediction changes 

• Jets have no hierarchical ordering (not a sentence) 

Need to impose a new representation that is 
permutation equivariant in the latent space

In-1 In-2 In-3 In-4

In-2 In-3 In-1 In-4
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Analogous representation to the Point Cloud 
approach in 3D imaging (such as LIDAR): 

• Each constituent is an element of a cloud in 
spatial coordinates 

• Cloud is processed and represented as a graph 

• Each constituent represent a nodes/‘point’ in 
the feature space, we can connect constituents 
via edges/‘lines’ representing features of a pair 
of nodes

arXiv:1801.07829

https://arxiv.org/abs/1801.07829
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ParticleNet
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ParticleNet: jet tagging via particle clouds 
• Consider the jet from its set of constituents in 

the η — φ coordinates 
• Graph Network structure inherited from the 

Edge Convolution block 
• Build the edges from the k-nearest neighbors of 

each nodes 
• Uses permutation equivariant structure; 

convolutional layers and mean aggregation

arXiv:1801.07829 
Phys. Rev. D 101, 056019

coordinates features

EdgeConv Block
k = 16, C = (64, 64, 64)

EdgeConv Block
k = 16, C = (128, 128, 128)

EdgeConv Block
k = 16, C = (256, 256, 256)

Global Average Pooling

Fully Connected
256, ReLU, Dropout = 0.1

Fully Connected
2

Softmax

Linear

BatchNorm

ReLU

Linear

BatchNorm

ReLU

coordinates features

k-NN

k-NN indices

ReLU

edge features

Linear

BatchNorm

ReLU

Aggregation

40% better bkg rejection

https://arxiv.org/abs/1801.07829
https://doi.org/10.1103/PhysRevD.101.056019
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Protein Structure Prediction 
(e.g. Nature 596 (2021) 583)

Point Cloud segmentation 
(e.g. arXiv:2012.09164)

https://www.nature.com/articles/s41586-021-03819-2
https://arxiv.org/abs/2012.09164
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HQ, C. Li, S. Qian, ICML 2022

Physics inspired pairwise bias (ParT 
is a Graph Transformer model) Up to 3x in bkg rejection for an 

even faster architecture! Faster

Better

https://arxiv.org/abs/2202.03772
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Large radius tagging Small radius tagging

CMS DP -2025/081CMS-PAS-HIG-24-010

Particle Transformer demonstrated 
state-of-the-art performance.  

It is now widely adopted as the 
standard algorithm for jet tasks 

Question: can we beat Transformers ?

https://cds.cern.ch/record/2948917?ln=fr
https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/HIG-24-010/
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Goal: combine the latest efforts for developing a 
unified jet algorithm​ 

• First attempt with ParticleNet 

• Extended classification for s-tagging and 
hadronic tau tagging 

• Include a flavor-aware jet energy regression 
and resolution 

• SOTA architecture: Particle Transformer 

• New inclusive loss function for this purpose​ 

New model: Unified Particle Transformer (UParT)

Tau lepton decay modes
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Goal: combine the latest efforts for developing a 
unified jet algorithm​ 

• First attempt with ParticleNet 

• Extended classification for s-tagging and 
hadronic tau tagging 

• Include a flavor-aware jet energy regression 
and resolution 

• SOTA architecture: Particle Transformer 

• New inclusive loss function for this purpose​ 

New model: Unified Particle Transformer (UParT)



EPPG seminar25/11/2025

New adversarial training
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Targeted perturbations to jet input features to 
fool the network: 

• Standard attacks (FGSM & co) are not ideal 
for heterogeneous jet features. 

• Design jet-specific attacks and training. 

• Adversarial training: improve robustness to 
mismodelling in an agnostic way while 
keeping nominal performance.
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Rectified Normed Gradient Method
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R-NGM: uses full input gradient normalized 

• Adversarial training with these attacks 
preserves nominal performance 

• R‑NGM achieves the best robustness 

• Result: best MC performance with 
minimization of the sensitivity to data/MC 
disagreement

CMS DP -2025/081

https://cds.cern.ch/record/2948917?ln=fr
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UParT: flavor tagging result
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b-tagging c-tagging

About 20-60% 
improvement in bkg 
rejection for b/c tagging 
compared to the 
ParticleNet models

CMS DP -2025/081

https://cds.cern.ch/record/2948917?ln=fr
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UParT: flavor tagging result
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Very first s-tagging model at LHC. We can 
achieve a low efficiency s-tagger. 

Future: work on the calibration of the s-tagging 
node 

Question: Can you do u vs d tagging ?

s-tagging

CMS DP -2025/081

https://cds.cern.ch/record/2948917?ln=fr
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UParT: flavor tagging result

39

Tau performance not fully under control 

High dependence of the pile-up mitigation 
algorithm plus the reconstruction of the tau 

Future: include reconstruction task in the jet 
algorithm
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UParT: jet regression result
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Improved median jet response across model 
versions.  

Observed per year overall sensitivity (small 
HCAL response changes can dramatically 
impact the models)

CMS DP -2025/081

https://cds.cern.ch/record/2948917?ln=fr
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UParT: jet resolution result
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Resolution improved compared to the 
usual JEC by O(10-15%) 

Degradation in UPArT models: problem 
seems to be now fully understood  

• Simulation and training tuning issue

CMS DP -2024 /064

CMS DP -2025/081

https://cds.cern.ch/record/2904700?ln=en
https://cds.cern.ch/record/2948917?ln=fr
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Towards fully unified 
world models

42
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Prelude: scaling laws
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Pavlo Kashko's talk

UParT v2
Sample issues

Linear scaling?

Question: Does it hold at 1B+ jets ?

Scaling laws: the laws extrapolating the 
performance of neural networks at larger 
size (model/datasets) 

We have found scaling laws of flavor 
tagging: 

• Huge room of improvement 

• Challenges: fit the inference in our 
software and stabilize the training 

• To come: even better scaling laws

https://indico.cern.ch/event/1586893/#9-updates-on-upartv2-studies
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Question: Does it hold at 1B+ jets ?

Prelude: scaling law

Warning: this is a first attempt!

W.I.P.

We have extrapolated the scaling laws of 
flavor tagging: 

• Huge room of improvement 

• Challenges: fit the inference in our 
software and stabilize the training 

• To come: even better scaling laws
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Full supervised unification
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We could extend the unification towards 
more tasks: 

• Full object reconstructions such as 
hadronic tau or b/c hadrons 

• Jet charge tagging 

• In-training ML based calibration

gen 𝜏h -  jet matching efficiency

gen 𝜏h -  HPS matching efficiency

Old method (cut based - low efficiency and high fake rates)

New study (huge room of improvement - gen matching only)
Recent VUB+Vanderbilt effort 

https://iopscience.iop.org/article/10.1088/1748-0221/7/01/P01001
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Full supervised unification
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CMS-DP-2025-071

Work by C. Ramón Alvarez et al.  
Now working on calibration method for b and c jet charge tagging

We could extend the unification towards 
more tasks: 

• Full object reconstructions such as 
hadronic tau or b/c hadrons 

• Jet charge tagging 

• In-training ML based calibration

https://cds.cern.ch/record/2945237
https://indico.cern.ch/event/1387239/contributions/6674710/
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Full supervised unification
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DeepSF 
Domain adaptation

We could extend the unification towards 
more tasks: 

• Full object reconstructions such as 
hadronic tau or b/c hadrons 

• Jet charge tagging 

• In-training ML based calibration

Also CMS-DP-2025-053: public 
result on lepton id. calib. 
but will be tested on b-

tagging soon

https://indico.cern.ch/event/1453057/#3-deep-sfs-status
https://indico.cern.ch/event/1570592/#12-studies-on-domain-adaptatio
https://cds.cern.ch/record/2941748
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Front.Big Data 4 (2021) 661501

Can we extend the box to 
contain more and more 

elements? 

Fully supervised model will always be 
focused only on the loss function tasks 

Need to go to unsupervised for self 
discover: 

• Fully understand and discover 
underlying properties 

• One single large model (Jet/CMS GPT) 
you can fine-tune for any downstream 
tasks 

• Probe on data: get rid of most of the 
mismodeling ?

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
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E
nc

od
er

Predictor/World Model

Transformation, Action

Decoder/World Model

Transformation, Action Transformation, Action

JEPA world modelGenerative World model Joint Embedding

Unconditional

Conditional

BYOL, SimSiam

Latent world models, I-JEPA, 
Equivariant SSL, IWM (Ours)

Denoising Autoencoders
Variational Autoencoders

Generative World Models
Masked Image Modeling N/A

Siamese, SimCLR, VICReg, DINO

arXiv:2403.00504

Joint-Embedding Predictive Architecture (JEPA): 

Learn by predicting representations, not raw features 
• Mask jet subregions: predict their latent embeddings from 

remaining context 
• Train with MSE loss in embedding space 

Advantages for HEP: 
• Learns physics-informed representations automatically 
• More robust than constituent-level prediction 

Cons: rely on a predictor bias 
• How can you make this reliable for HEP ? 
• Can you get rid of the bias and avoid human-level 

knowledge intervention

https://arxiv.org/pdf/2403.00504
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Advantages for HEP: 
• Learns physics-informed representations 

automatically 
• No labelling needed: can we achieve a 

training on data? 
• Single pre-trained model: fine-tune for 

multiple tasks 
• More robust than constituent-level 

prediction 

First JEPA attempts in HEP: 2412.05333 and 
2502.03933

Context 
Subjets

Target 
Subjets

Context 
Subjet 

encoder

Target 
Subjet 

encoder

Hints for 
predicting 

target 
reprs

PredictorContext repr.

N

Predicted target repr.

1 2 …
N

1
2

…

Target repr.

N

1
2

…
MSE 
Loss

1
2

…

SEL

SEL

SEL

SEL

SEL

SEL

1
2

…

https://arxiv.org/abs/2412.05333
https://arxiv.org/abs/2502.03933
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Deep learning has revolutionized jet algorithms in HEP: 
• Evolved from handcrafted features to sophisticated DNN 

architectures. 
• Growing field with still a lot to do 

The Unified Particle Transformer (UParT) represents a 
significant milestone, achieving up to a factor 194 improvement 
in background rejection compared to Run 1 taggers 

Key achievements: 
• First s-tagging capability at the LHC 
• Robust adversarial training (R-NGM) attempting to minimized 

data/MC disagreement 
• State-of-the-art performance across most tagging tasks 
• Demonstrated scaling laws with potential for further 

improvement

CMS DP -2025/081

https://cds.cern.ch/record/2948917?ln=fr
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QG tagging
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Process Final state Flavor # of classes

H→WW 
(full-hadronic)

qqqq
0c / 1c / 2c

3

qqq 3

H→WW 
(semi-leptonic)

eνqq

0c / 1c

2

µνqq 2

τeνqq 2

τµνqq 2

τhνqq 2

H→qq

bb 1

cc 1

ss 1

qq (q=u/d) 1

H→ττ
τeτh 1

τµτh 1

τhτh 1

t→bW 
(hadronic)

bqq
1b + 0c / 1c

2

bq 2

t→bW 
(leptonic)

beν

1b

1

bµν 1

bτeν 1

bτµν 1

bτhν 1

QCD

b 1

bb 1

c 1

cc 1

others (light) 1

q
q̄
q
q̄

H q̄
q
q̄

H

q
q̄
ℓ

H
q
q̄
ℓ

H

(τℓν)

H q
q̄

q
q̄
b

t q̄
b

t

b
t ℓ

b
t ℓ

(τℓν)

q

gq g g
g

q (b/c)
q̄ (b̄/c̄)

g

g

q (b/c)

H (τℓ) ℓ
τh

⊗

⊗

⊗

⊗

⊗

CMS-PAS-JME-25-001

https://cds.cern.ch/record/2939451?ln=en
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Consider the jet as a sequence: 

• Create a tokenizer (constituent to 
latent space compression) 

• Try to predict the next token 
(constituent) 

Example: OmniJet-α

https://arxiv.org/abs/2403.05618
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Masked Particle Modeling is similar to 
Masked Autoencoder: 

• No discrete tokenization 

• Assumed Masking and Reconstructing 
the missing patches is possible for a jet  

Example: MPMv1 and MPMv2 Backbone

Transformer

drop

1 4 52 3

1 42

pad

MLP

mask

1 4 52 3

1 42

positional
encoding 

+

TaskN...Task1

Backbone

Latent

Decoder

Encoder

Task1

MPMv1 MPMv2

Task
Heads

encoder

....

....

decoder

input target

Original idea for CV:

https://arxiv.org/abs/2111.06377
https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589
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Front.Big Data 4 (2021) 661501

Can we extend the box to 
contain more and more 

elements? 

Beyond this: could we create a world model from hits to the statistical analysis (including all 
the tracking, calorimetry, PF, vertexing, etc) ? On data and/or simulations ?

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
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Size of 
model

Training 
time

Dataset 
size # of GPUs

ATLAS 
GN2 2.6 M ～ week 300 M 4

CMS 
UParT 2 M 1.5 days 30 M 1

ATLAS 
GN3 12 M ～ 2 weeks 410 M 4

CMS 
UParTv2 5.7 M 3 days 70 M 1

FTAG algorithms in ATLAS

https://indico.cern.ch/event/1387465/contributions/6019553/attachments/2923415/5131448/2024-09-09-FTAGWS-Algorithms-ATLAS.pdf
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Training speed of a default ParT model (3+1 attention 
layers, dim=128 and nhead=8)


