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The path we will take

kB , ϵ0 , θQCD , vTHE ROAD MAP

Basic Motivation 

 Why are we doing 
ML?  

 The basic LHC 
operations with 
ML.  

 Synergies through 
eye of ML. 

The anomaly detection saga 

 The outliers & density estimate  

 How to translate this in new 
signals?

The supervised ML 

 Jet tagging : the most 
successful venture. 

 Tracking & 
Calorimetery 

 The Particle-Flow 
algorithm
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Generative models  

 Different paradigms 

 Few physics cases. 

 Interpretable ML & 
uncertainty estimation.
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A broad strategy towards physics inference
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Detector output/Readout 
Produced via hardware

or simulation


Final Particles 
Produced via hadronization

(no first principle analytic 

techniques are available)

The physics at the core: 
driven by the interaction 

between quantum fields, 

computed via perturbative

or lattice techniques.

Guess the Lagrangian
1
ℒ

d2N
dpTdηsolving the inverse problem via ML
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The collider program flow-chain

4

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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The collider program flow-chain

4

Trigger 
Online process

Object rec 
PID + calib

Event rec  
sig/bkg class.

Analysis 
Unfolding/matching

Inference

ME + PS generation 
Detector Simulation

ML can (and will) play a role at every instance of this flow chain. 
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f{θ} ( )

ML@Colliders : what’s the broad task? 

f{θ} (X)
̂y =

L(y, ̂y) ≡ L({θ})
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f{θ} ( )

ML@Colliders : what’s the broad task? 
1. Decide the right representation  
of the data (images/graphs/trees..)

2. Choose a NN model 
(CNN/GNN/)

f{θ} (X)
̂y =

3. With a defined learning task, 
compute the loss function. 

Variation in data

Unsupervised Semi-supervised Weakly-supervised Supervised

No-labels, the task is to 
figure out  from which 
the data is drawn. e.g. VAE

p(x)
Noisy labels. estimate : 

p(s-enriched)/p(s-depleted)

Partial labels. e.g. 
simulating : SM bkg vs 
many NP signals. 

Learning on all the well 
labeled data. 

L(y, ̂y) ≡ L({θ})
Self-supervised
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Looking the problem through ML lens 

InterpretabilityUncertainty

⇒ ⇒
Sanmay Ganguly (IITK)

Figure from : https://atlas-public.web.cern.ch/
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Jet tagging (where it all started)

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}) ?

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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Early jet tagging

9Sanmay Ganguly (IITK)

J. Cogan et-al JHEP 02 (2015) 118

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

The first paper to discuss 

 image pre-processing for jet physics

Similar methods were applied for particle identifications

JET Physics + ML Lecture-4



Different possible representations
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S. Qasim et-al EPJC 79 7 (2019) 608 

Image from 1705.02355 

The energy deposition pattern can be 
thought as multi-layer image. 

Soon point-cloud based methods became more popular.  
Large sparsity in calorimeter shower were more efficient to treat.

JET Physics + ML Lecture-4



Data representation  NN correspondence⇔

11Sanmay Ganguly (IITK)

J = {pμ
1 , pμ

2 , …}
Ordered set 
DNN

Grid 
CNN

Unordered set 
Deepest

Sequential data 
RNN

Tree structure 
Deepset/GNN

Graph 
GNN

JET Physics + ML Lecture-4



Object tagging
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Particle Net : 1902.08570 
Huilin Qu, Loukas Gouskos

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4

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

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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What’s the basic criteria of a GNN?
https://geometricdeeplearning.com/lectures/

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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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
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The general GNN arXiv : 1806.01261
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The general GNN arXiv : 1806.01261

Full GN block MPNN Layer Deep-set layer
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Application of sets & graphs in HEP
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Object tagging

21

Particle Transformer :  
2202.03772

See talk by Felix Ringer for ML based EIC 

jet tagging

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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f{θ} ( )

Different physics : same ML problems 

f{θ} (X)
̂y =

L(y, ̂y) ≡ L({θ})

Sanmay Ganguly (IITK)

arXiv : 2204.13713, Camel’s simulation
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Unsupervised Semi-supervised Weakly-supervised Supervised

No-labels, the task is to 
figure out  from which 
the data is drawn. e.g. VAE

p(x)
Noisy labels. estimate : 

p(s-enriched)/p(s-depleted)

Partial labels. e.g. 
simulating : SM bkg vs 
many NP signals. 

Learning on all the well 
labeled data. 

L(y, ̂y) ≡ L({θ})

Sanmay Ganguly (IITK)

arXiv : 2204.13713, Camel’s simulation
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f{θ} ( )

Different physics : same ML problems 
1. Decide the right representation  
of the data (images/graphs/trees..)

2. Choose a NN model 
(CNN/GNN/)

f{θ} (X)
̂y =

3. With a defined learning task, 
compute the loss function. 

Variation in data

Unsupervised Semi-supervised Weakly-supervised Supervised

No-labels, the task is to 
figure out  from which 
the data is drawn. e.g. VAE

p(x)
Noisy labels. estimate : 

p(s-enriched)/p(s-depleted)

Partial labels. e.g. 
simulating : SM bkg vs 
many NP signals. 

Learning on all the well 
labeled data. 

L(y, ̂y) ≡ L({θ})
Self-supervised

Sanmay Ganguly (IITK)

arXiv : 2204.13713, Camel’s simulation
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Calorimetery

f{θ} ( )
Image from 1705.02355 

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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A 3-D view for topoclusters only

The networks in general have good  
noise removal abilities. 

8 X 8 Low Res detector 32 X 32 High Res detector

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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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) JET Physics + ML Lecture-4
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An event display for super-res prediction

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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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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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

Sanmay Ganguly (IITK)

Let’s think how we can bring this in the collimated object 
business.  
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Pion identification within ATLAS

Cluster Graphs

GNN Block 1

GNN Block 2

GNN Block 3

GNN Block 4

Dense Dense

Dense

Energy

Pion

Globals (U)

Edge MLP

Node MLP

Global MLP

∑

∑

Nodes (V)

Globals (U)

Edges (E)

V'

U'

E'

In
pu

t G
ra

ph

U
pdated G

raph

(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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Pion identification within ATLAS
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Impro
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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
DRN is a dynamic GNN

CMS-DP2022_009

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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Electron identification within CMS
DRN is a dynamic GNN

CMS-DP2022_009

Improvement from a  
modern ML algorithm

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4



Super-resolution  

31Sanmay Ganguly (IITK)
MNRAS 000, 000–000 (2022)

SR model is capable of generating  
merger histories that are solely dependent on  
on time-consistent LR input

JET Physics + ML Lecture-4
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Tracking

f{θ} ( )

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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Tracking & ML 

An exponentially large edge finding problem

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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Tracking & ML 
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Tracking & ML : ATLAS 
ATL-ITK-PROC-2022-006

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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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} ( )
Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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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) JET Physics + ML Lecture-4
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Combining track + calo for PFlow
  MLPF 
arXiv : 2203.00330 
J. Pata et. al. 

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4



What’s the core data structure? 

40

Truth particles Detector hits + tracks Reconstructed  
PF candidates

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4



What’s the core data structure? 

41

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 new networks we tried
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TSPN-SA    

HG-PF    

Eur. Phys. J. C (2023) 83:596  
SG et al
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The network flow comparisons
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βi

xi

 Input set  D  Output set  R
cells & tracks
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class
supervised clustering

condensation 
      points

topoclusters  
   & tracks

en
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r

cardinality

N

tra
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fo
rm

erinitial set

Iai

Object Condensation

TSPN-SA

HGPflow
incidence 

matrix
hyperedges

pT

η, ϕ

class

score, position properties

properties

predicted particles

topological  
clustering

predicted particles

node rep.

global  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energy-weighted 
      sum

∑
cells

message-passing 
node encoder

 Truth set  T

permutation- 
   invariant 
   matching

performance 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truth particles
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Design of the performance metrics

44

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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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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Set2Graph proposal for flavor-tagging 

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4

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) JET Physics + ML Lecture-4
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49

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) JET Physics + ML Lecture-4
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Some other examples of physics injection

Sanmay Ganguly (IITK)

arXiv:2203.06153 : SG et al 

arXiv:2006.04780 : A Bogatskiy et al 

JET Physics + ML Lecture-4

https://arxiv.org/abs/2203.06153
https://arxiv.org/abs/2006.04780
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The path we will take

kB , ϵ0 , θQCD , vTHE ROAD MAP

Basic Motivation 

 Why are we doing 
ML?  

 The basic LHC 
operations with 
ML.  

 Synergies through 
eye of ML. 

The anomaly detection saga 

 The outliers & density estimate  

 How to translate this in new 
signals?

The supervised ML 

 Jet tagging : the most 
successful venture. 

 Tracking & 
Calorimetery 

 The Particle-Flow 
algorithm

Sanmay Ganguly (IITK)

Generative models  

 Different paradigms 

 Few physics cases. 

 Interpretable ML & 
uncertainty estimation.

JET Physics + ML Lecture-4



52

Generative models : what are they? 
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Generative models : what are they? 
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Generative models : what are they? 

Sanmay Ganguly (IITK)

http://www.lherranz.org/2018/08/07/imagetranslation/
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Generative models : what are they? 
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Generative models : what are they? 

Sanmay Ganguly (IITK)

http://www.lherranz.org/2018/08/07/imagetranslation/

https://lilianweng.github.io/posts/

JET Physics + ML Lecture-4
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Learn the PDF through bijections 

Sanmay Ganguly (IITK) JET Physics + ML Lecture-4
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How about create some noise & do it?

Sanmay Ganguly (IITK)

Forward diffusion

Reverse diffusion

JET Physics + ML Lecture-4
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Generative models : the popular species 

Sanmay Ganguly (IITK)
Fig from : https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

JET Physics + ML Lecture-4



56

Generative models 
for calorimeter  
simulations

f{θ} ( )
⇒

, z
Sanmay Ganguly (IITK) JET Physics + ML Lecture-4



Detector simulation using ML

57

CaloGAN 1705.02355 
Michela Paganini, Luke de Oliveira, Benjamin Nachman

Generator Discriminator 
Sanmay Ganguly (IITK) JET Physics + ML Lecture-4

https://arxiv.org/search/hep-ex?searchtype=author&query=Paganini,+M
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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)

2305.10475
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The major gain

59

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

60

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) JET Physics + ML Lecture-4



The task of constrained set generation

62

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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Generating smooth backgrounds
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2019-29/

Can we learn w(x) using a flow method?
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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
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Interpretability : an example attempt  
Neur IPS 2021. F. Mokhtar, R. Kansal et al 

Explainability for MLPF

Feature correlation for 
top tagging.

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

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
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https://arxiv.org/abs/2107.03342
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The path we will take

kB , ϵ0 , θQCD , vTHE ROAD MAP

Basic Motivation 

 Why are we doing 
ML?  

 The basic LHC 
operations with 
ML.  

 Synergies through 
eye of ML. 

Generative models  

 Different paradigms 

 Few physics cases. 

 Interpretable ML & 
uncertainty estimation.

The anomaly detection saga 

 The outliers & density estimate  

 How to translate this in new 
signals?

The supervised ML 

 Jet tagging : the most 
successful venture. 

 Tracking & 
Calorimetery 

 The Particle-Flow 
algorithm
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Anomaly detection : the general types 

Sanmay Ganguly (IITK)
Slide taken from David Shih
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CWoLa : a weakly supervised method 

Sanmay Ganguly (IITK)

arXiv:1708.02949 

arXiv:2005.02983 
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ABCD background estimation with ML
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Find a ML driven way to find the variables f & g

Single DisCo

Double DisCo
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Anomaly detection with density estimation 

Sanmay Ganguly (IITK)

2109.00546

Main goal : find

in the signal region, estimating from SB.

Train two NF separately in SR and SB to  

learn  and  pdata(x |m ∈ SR) pb(x |m ∈ SB)

This is ANODE method. On top of this add 

CWoaLa to create CATHODE.

2307.11157
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Open datasets for testing your idea!

73Sanmay Ganguly (IITK)

https://zenodo.org/records/3547722 

https://lhco2020.github.io/homepage/

LHC Olympics 

Calo Challenge 
https://calochallenge.github.io/homepage/

JET Physics + ML Lecture-4

https://zenodo.org/records/3547722


74

An example of next frontiers 

Sanmay Ganguly (IITK)

https://pyt-team.github.io/toponetx/
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Let’s formulate the questions

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.  

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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