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The collider experimental program 
Simulation based approach : 
Underlying  
theory

Physics  
simulation

Detector level  
observables

Physics 
inference

⇒ ⇒ ⇒

The real experiment : 

The dice that 
nature rolls 

Build the machine & 
do the experiment

Extract the unfolded  
distribution

Statistical 
inference⇒ ⇒ ⇒
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The collider program flow-chain
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Trigger 
Online process

Object rec 
PID + calib

Event rec  
sig/bkg class.

Analysis 
Unfolding/matching

Inference

ME + PS generation 
Detector Simulation
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ML can (and will) play a role at every instance of this flow chain. 
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ML@Colliders : what’s the broad task? 

f{θ} (X)
̂y =

L(y, ̂y) ≡ L({θ})
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ML@Colliders : what’s the broad task? 
1. Decide the right representation  
of the data (images/graphs/trees..)

f{θ} (X)
̂y =

L(y, ̂y) ≡ L({θ})
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ML@Colliders : what’s the broad task? 
1. Decide the right representation  
of the data (images/graphs/trees..)

2. Choose a NN model 
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Looking the problem through ML lens 

InterpretabilityUncertainty

⇒ ⇒
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We have time for a coffee together

https://www.bnl.gov/displays/images/slides/eic-table/SCHED_Bullet1.png

http://lhc-commissioning.web.cern.ch/schedule/LHC-long-term.htm
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We have time for a coffee together

https://www.bnl.gov/displays/images/slides/eic-table/SCHED_Bullet1.png

http://lhc-commissioning.web.cern.ch/schedule/LHC-long-term.htm

There will be a decade of overlap 
between LHC and EIC.   

The probe of strong interaction 
program will have overlapping physics 
goals. 

 Through the ML lens the formulation 
of the problems will be closer. 
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Calorimetery

f{θ} ( )
Image from 1705.02355 



L. De Oliveira et-al JHEP 07 (2016) 069

8

Calorimetry + ML early works  
J. Cogan et-al JHEP 02 (2015) 118

L. De Oliveira et-al NIM-A 951v162879

M. Paganini et-al PRD 97 (2018) 1, 014021
S. Qasim et-al EPJC 79 7 (2019) 608 
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A 3-D view for topoclusters only

The networks in general have good  
noise removal abilities. 

Sanmay Ganguly (IITK) QEICIII-2024

8 X 8 Low Res detector 32 X 32 High Res detector
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When do intrinsic calorimeter sizes  
are limiting factors ?   

< 200 GeV 200 - 350 GeV > 350 GeV 

How to identify two or more 
particles if they all land-up in 
the same cell ? 

The intrinsic detector 
resolution is a blocker 

Sanmay Ganguly (IITK) QEICIII-2024
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An event display for super-res prediction
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The mass distribution

Π0

Invariant mass from  
reconstructed 4-vectors. 

SciPost Phys. 13 (2022) 3, 064

Eur.Phys.J.Plus 137 (2022) 1, 39

JINST 16 (2021) 12, P12036

Nucl.Instrum.Meth.A 1047 (2023) 167866

JINST 17 (2022) 12, P12008
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Pion identification within ATLAS

Cluster Graphs
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(a) GNN Block
(b) GNN Model

Dense
Dense Layer with  
1 output Neuron

Graph Concatenation

Globals Concatenation

∑ Permutation-Invariant 
Aggregation

MLP
3 Dense Layers of  

64 Neurons

Output Neuron

h1

h2

h3

hi

hN

Qi = Θ1(hi)

Ki = Θ2(hi)

Vi = Θ3(hi) Q1 , K1 , V1

Q2 , K2 , V2

Q3 , K3 , V3

Qi , Ki , Vi

QN , KN , VN

Start with a graph G having  N nodes with  
node-features   on the  i-th node.hi

Qj , Kj , Vj

Qi , Ki , Vieij

eij = σ(
Qi ⋅ KT

j

d )eij1 ⋅ Vj1

eij|𝒩(i)| ⋅ Vj|𝒩(i)|

⊕
e′ i = ∑

j∈𝒩(i)
eij ⋅ Vj

j1

j|𝒩(i)|

Vi
h′ i = Φ(Vi, e′ i)

h′ 1

h′ 2

h′ 3

h′ i

h′ N

⇒ ⇒

⇓

⇓
⇓⇓

Form the query, key and value features using  
three MLP. 

Create edge data using  
attention mechanism

Perform the node aggregation through sum pooling 
and compute the new node features  . h′ i

Θ1 , Θ2 , Θ3 , Φ has trainable parameters

A classification & regression task is tested on ATLAS samples.  
The calibrated topocluster cells are used to form images & P.C.  

ATL-PHYS-PUB-2020-040
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Pion identification within ATLAS
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Median response with growing  particle energy

Inclusion of calorimeter + NN overcomes 
energy resolution at higher E
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Electron identification within CMS
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DRN is a dynamic GNN

CMS-DP2022_009
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Electron identification within CMS

Sanmay Ganguly (IITK) QEICIII-2024

DRN is a dynamic GNN

CMS-DP2022_009

Improvement from a  
modern ML algorithm
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Tracking

f{θ} ( )
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Tracking & ML 

An exponentially large edge finding problem
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Tracking & ML 
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Tracking & ML : ATLAS 
ATL-ITK-PROC-2022-006

Sanmay Ganguly (IITK) QEICIII-2024
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Tracking & ML : CMS https://twiki.cern.ch/twiki/bin/view/CMSPublic/TrackingPOGRun3DeepCoreV2
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Particle-Flow  
event reconstruction

f{θ} ( )
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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) QEICIII-2024
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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? 

24

Truth particles Detector hits + tracks Reconstructed  
PF candidates
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What’s the core data structure? 

25

https://www.mdpi.com/2072-4292/9/5/506

Learning Flow is essentially 
learning the incidence matrix of 
a Hypergraph. 

Sanmay Ganguly (IITK) QEICIII-2024



The new networks we tried
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TSPN-SA    

HG-PF    

Sanmay Ganguly (IITK) QEICIII-2024

Eur. Phys. J. C (2023) 83:596  
SG et al



The network flow comparisons
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Design of the performance metrics

28

Set-to-set matching is done using the 
Hungarian distance :  

  cpT
(ΔpT /ptruth

T )2 + CΔR(ΔR)2
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Data complexity & sample output
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HG-PFlow seems to be doing  
 a better job among the compared  
 methods    
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HG-PFlow seems to be doing  
 a better job among the compared  
 methods    
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Bring ML to this from early days
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Jet tagging

The Large Hadron Collider 
Editors: Thomas Schörner-Sadenius

{p1, p2, …, pn}

{j1, j2, …, jk}

Jet Algorithm (for CA, kT, anti-kT)

{p1, p2, …, pn} = F(q)
The forward problem is not  
computable from first principle 

The question of jet tagging is  
how do we define the inverse problem?  

q = F−1({p1, p2, …, pn}) ?

https://link.springer.com/book/10.1007/978-3-319-15001-7#author-1-0


Object tagging
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Particle Net : 1902.08570 
Huilin Qu, Loukas Gouskos

Sanmay Ganguly (IITK) QEICIII-2024

https://arxiv.org/search/hep-ph?searchtype=author&query=Qu,+H
https://arxiv.org/search/hep-ph?searchtype=author&query=Gouskos,+L


Object tagging
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Particle Transformer :  
2202.03772

Sanmay Ganguly (IITK) QEICIII-2024

See talk by Felix Ringer for ML based EIC 

jet tagging
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Anatomy of heavy-quark hadronization
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

Sanmay Ganguly (IITK) QEICIII-2024
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Set2Graph proposal for flavor-tagging 

Sanmay Ganguly (IITK) QEICIII-2024

https://link.springer.com/article/10.1140/epjc/s10052-021-09342-y
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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) QEICIII-2024

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


0 0.2 0.4 0.6 0.8 1
Signal efficiency

3−10

2−10

1−10

1

Ba
ck

gr
ou

nd
 e

ffi
ci

en
cy

 (13 TeV)

CMS
Simulation 

 R = 1.5 jetsTanti-k
| < 2.4η > 300 GeV, |

T
p

DeepAK15
ParticleNet

bb→ vs. Hcc→H
 vs. V+jetscc→H

36

Direct physics application of the taggers

0 20 40 60 80 100

)cVH(c
µ95% CL limit on 

σ 1±
σ 2±

Expected
Observed

ATLAS
-1=13 TeV, 139 fbs

c c→VH, H 

0 lepton
 SM×Exp.= 40 
 SM×Obs.= 35 

1 lepton
 SM×Exp.= 60 
 SM×Obs.= 50 

2 lepton
 SM×Exp.= 51 
 SM×Obs.= 49 

Combination
 SM×Exp.= 31 
 SM×Obs.= 26 

0 5 10 15 20 25 30 35 40

)c c→VH(H 
µ95% CL limit on 

Observed 14.4
Expected 7.60
Combined

Observed 16.9
Expected 8.75
Merged-jet

Observed 13.9
Expected 19.0
Resolved-jet

Observed 18.3
Expected 12.6
0L

Observed 19.1
Expected 11.5
1L

Observed 20.4
Expected 14.3
2L

Observed Median expected
                      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

Sanmay Ganguly (IITK) QEICIII-2024

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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Generative models 
for calorimeter  
simulations

f{θ} ( )
⇒

, z



Detector simulation using ML

38

CaloGAN 1705.02355 
Michela Paganini, Luke de Oliveira, Benjamin Nachman

Generator Discriminator 
Sanmay Ganguly (IITK) QEICIII-2024

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

Sanmay Ganguly (IITK) QEICIII-2024

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

Sanmay Ganguly (IITK) QEICIII-2024



A generative model for Particle-flow

41Sanmay Ganguly (IITK) QEICIII-2024

Mach. Learn.: Sci. Technol. 4 (2023) 045036 

SG et al



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) QEICIII-2024



The task of constrained set generation
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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) :  

Sanmay Ganguly (IITK) QEICIII-2024
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What’s brewing now?
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Major thrust in immediate future : Interpretability 

Interpretability is a key issue and efforts are ongoing to map the NN 
explainability to first principle physics intuition

Sanmay Ganguly (IITK) QEICIII-2024
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Interpretability : an example attempt  
Neur IPS 2021. F. Mokhtar, R. Kansal et al 

Explainability for MLPF

Sanmay Ganguly (IITK) QEICIII-2024

Feature correlation for 
top tagging.

arXiv 2210.04371 
Ayush Khot, Mark S. Neubauer, Avik Roy 

https://arxiv.org/search/hep-ex?searchtype=author&query=Khot,+A
https://arxiv.org/search/hep-ex?searchtype=author&query=Neubauer,+M+S
https://arxiv.org/search/hep-ex?searchtype=author&query=Roy,+A
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Major thrust in immediate future : Uncertainty 

Reliable uncertainty estimation on ML based predictions are crucial for HEP 
Only few Bayesian methods have been tested naively.

Sanmay Ganguly (IITK) QEICIII-2024

Can we decompose and correlate the aleatoric and epistemic uncertainties  
with the underlying physics? 
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Major thrust in immediate future : Uncertainty 
arXiv:2107.03342

Sanmay Ganguly (IITK) QEICIII-2024

https://arxiv.org/abs/2107.03342
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Differential programming in HEP

Sanmay Ganguly (IITK) QEICIII-2024
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Symmetry equivariant networks
arXiv:2203.06153 : SG et al 

Sanmay Ganguly (IITK) QEICIII-2024

https://arxiv.org/abs/2203.06153
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Symmetry equivariant networks
arXiv:2203.06153 : SG et al 

arXiv:2006.04780

arXiv:2006.04780 : A Bogatskiy et al 

 LG equivariant GNN : 
 arXiv 2201.08187

Sanmay Ganguly (IITK) QEICIII-2024

https://arxiv.org/abs/2203.06153
https://arxiv.org/abs/2006.04780
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ML on FPGA

Sanmay Ganguly (IITK) QEICIII-2024

arXiv : 1804.06913

arXiv : 2402.01876
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Take away

ML is here to stay with HEP.  

When looked through the lens of ML, LHC and EIC are not that far.  

Interpretability and uncertainty estimations are two key aspects where  
we the HEP-ML people need to emphasize.  

Need to keep a close connection with the comp-sc/math community with the latest developments and 
contribute if possible. 

 Symmetry equivariance and geometric DL methods might play a key role in this field. 

  Didn’t want to talk about an elephant entering the room : QML ( but should track it ).  

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

Image: FermiLab

Sanmay Ganguly (IITK) QEICIII-2024
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THANK YOU
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The general workflow
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Node 
Encoder 

PFlow 
Inference 

Sanmay Ganguly (IITK) QEICIII-2024
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ML algorithms

The COCOA
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https://cocoa-hep.readthedocs.io/en/latest/

COnfigurable CalOrimeter  simulation for AI 

A complete hermetic geometry with full GEANT simulation.  

PYTHIA-8 based ME/PS & Hadronization 

FASTJET integration is inbuilt.  

Comes with an ATLAS style pPFlow. 

Mach. Learn.: Sci. Technol. 4 035042

Sanmay Ganguly (IITK) QEICIII-2024
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Event construction using NN 

Eur. Phys. J. C 83 (2023) 496
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