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Object tagging
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Particle Net : 1902.08570 
Huilin Qu, Loukas Gouskos
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https://arxiv.org/search/hep-ph?searchtype=author&query=Qu,+H
https://arxiv.org/search/hep-ph?searchtype=author&query=Gouskos,+L


Jet images & ML4Jets
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Machine learning on sets   
Let  be n pieces of data. This forms a set of cardinality N. x1, x2, …, xN ∈ ℝk

https://geometricdeeplearning.com/lectures/
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How the P.I. is achieved?
Remember the permutation on a set?

hi = ψ(xi)

f(PX) = f(X)

f(X) = ϕ( ⊕i∈V ψ(Xi))

The permutation equivariant operation : 

https://geometricdeeplearning.com/lectures/
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Example of deep-sets in HEP 
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arXiv:1810.05165

https://arxiv.org/abs/1810.05165
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What’s the basic criteria of a GNN?
https://geometricdeeplearning.com/lectures/
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General methods of GNN 
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General methods of GNN 
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The different flavors of MPN

Sanmay Ganguly (IITK) ICTS-2026



11

The general GNN arXiv : 1806.01261
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The general GNN arXiv : 1806.01261

Full GN block MPNN Layer Deep-set layer

Sanmay Ganguly (IITK) ICTS-2026



13

An example GNN in use
https://arxiv.org/pdf/1902.08570
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Object tagging
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Particle Transformer :  
2202.03772
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A modern classifier : ParT
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Physics motivated ML: B-tagging
The causal direction 

b b-hadron

π+

π−

τhad ∼ Λ−1
QCD ∼ 10−24 sec

K+

π−

l

β γ τB ∼ 1/ |Vbc |2

K+

l

π−

⟨τB⟩ ∼ 1.566 ps

⟨τD⟩ ∼ 0.1 − 1 ps

arXiv:1109.6831
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Are all these useful ? 

S. Ganguly et al
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https://link.springer.com/article/10.1140/epjc/s10052-021-09342-y
https://www.nature.com/articles/s41467-025-65059-6
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Set2Graph model within ATLAS FTAG-2023-001

For a c-tagging working point 
~ 30%, a significant gain in  
Rejection rate is obtained.  

Sizable improvement  
over the current DL1r  
algorithm. 

Sanmay Ganguly (IITK) ICTS-2026

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
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Direct physics application of the taggers
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                      68% expected   
                      95% expected   

CMS
 (13 TeV)-1138 fb

Phys. Rev. Lett. 131 (2023) 061801 Eur. Phys. J. C (2022) 82:717

Future direction of tagger improvement:  

1. Explainable taggers on heterogeneous pc 
2. A systematic uncertainty extraction. 
3. How much universal taggers can be 

made across topologies? 

ATLAS bound : |κc | < 8 . 5
CMS bound : 1 . 1 < |κc | < 5 . 5

DL1r based taggers
Future iteration will use GN2
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http://cms-results.web.cern.ch/cms-results/public-results/publications/HIG-21-008/
https://link.springer.com/article/10.1140/epjc/s10052-022-10588-3
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Same architecture in Heavy Ion 
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arXiv:2506.22691 
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Classification performance at EIC
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arXiv:2210.06450



Even more grand : GloParT
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CMS PAS HIG-23-012
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Even more grand : GloParT
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CMS PAS HIG-23-012

One can do both classification & regression tasks
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Particle-Flow  
event reconstruction

f{θ} ( )
Sanmay Ganguly (IITK) ICTS-2026
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Full ML driven PFlow : MLPF

  MLPF 
Eur. Phys. J. C (2021) 81: 381 
J. Pata et. al. 

PF lepton, hadron, photon = FPF (track hits + calo cells)
Sanmay Ganguly (IITK) ICTS-2026
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Combining track + calo for PFlow
  MLPF 
arXiv : 2203.00330 
J. Pata et. al. 
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What’s the core data structure? 
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Truth particles Detector hits + tracks Reconstructed  
PF candidates
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What’s the core data structure? 
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https://www.mdpi.com/2072-4292/9/5/506

Learning Flow is essentially 
learning the incidence matrix of 
a Hypergraph. 
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The hypergraph network
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TSPN-SA    

HG-PF    

Eur. Phys. J. C (2023) 83:596  
SG et al
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Generative models : what are they? 
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Generative models : what are they? 
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https://lilianweng.github.io/posts/
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https://lilianweng.github.io/posts/
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Learn the PDF through bijections 
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How about create some noise & do it?
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Forward diffusion

Reverse diffusion
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Generative models : the popular species 
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Fig from : https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Generative models 
for calorimeter  
simulations

f{θ} ( )
⇒

, z
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Detector simulation using ML
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CaloGAN 1705.02355 
Michela Paganini, Luke de Oliveira, Benjamin Nachman

Generator Discriminator 
Sanmay Ganguly (IITK) ICTS-2026

https://arxiv.org/search/hep-ex?searchtype=author&query=Paganini,+M
https://arxiv.org/search/hep-ex?searchtype=author&query=de+Oliveira,+L
https://arxiv.org/search/hep-ex?searchtype=author&query=Nachman,+B


Detector simulation using ML
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EPiC-GAN : SciPost Phys. 15, 130 (2023) Erik Buhmann, Gregor Kasieczka, Jesse Thaler

MPGAN : 
arXiv : 2106.11535
R. Kansal et al
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2305.10475
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https://arxiv.org/search/hep-ph?searchtype=author&query=Buhmann,+E
https://arxiv.org/search/hep-ph?searchtype=author&query=Kasieczka,+G
https://arxiv.org/search/hep-ph?searchtype=author&query=Thaler,+J


The major gain
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A sure shot motivations to use  
PC generative models  
for HEP used cases

arXiv : 2109.02551
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A generative model for Particle-flow
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Mach. Learn.: Sci. Technol. 4 (2023) 045036 

SG et al
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The task of constrained set generation
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qθ(R |T) ∼ qθ1
(NR |T)qθ2

(R |NR, T)

C-VAE

GNN+SA
Sanmay Ganguly (IITK) ICTS-2026



The task of constrained set generation

39

The cVAE training is done by optimizing 
negative evidence lower bound (ELBO) 
loss :  

For GNN+SA, we try a regular Hungarian loss and also  
MMD (maximum mean discrepancy) :  
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In the direction of interpretation
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arXiv:2412.03673
For leptonic top decay, the attention score is more on lepton. 
For hadronic top decay, the attention score is more on subjets equally.



Fast ML for jets
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The hard part for fast ML
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The hard part for fast ML
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Deploy an ML on FPGA
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CMS-DP-2025-032
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HEP and Jet foundation model? 
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https://blogs.nvidia.com/blog/what-are-foundation-models/



HEP and Jet foundation model? 
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Omnijet - alpha 
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Mach. Learn.: Sci. Technol. 5 (2024) 035031



Omnijet - alpha 
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Omnijet - alpha 

48Sanmay Ganguly (IITK) ICTS-2026

Mach. Learn.: Sci. Technol. 5 (2024) 035031
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Let’s have more fun with ML + Jets

ML is here to stay with HEP.  

When looked through the lens of ML, what’s  are the core questions to answer for these soft signals? 

Interpretability and uncertainty estimation is a corner stone which we should emphasize.  

Future collider program will depend heavily on all the ML methods we discussed + future R&D.  

The collider community should talk with mathematicians/comp-sc and other branches of natural science 
who are using the similar methods and exchange ideas.   

https://iml-wg.github.io/HEPML-LivingReview/

Image: FermiLab
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THANK YOU
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The annual HEP-ML schools 

Sanmay Ganguly (IITK) ICTS-2026

This year the venue is TIFR, Mumbai


