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Institut Pascal
Learning to Discover

19th-29th April 2022

Conference introduction

See also Denis Ullmo Institut Pascal director 
presentation in the agenda Tuesday 20th morning

All slides and 
recordings available

https://indico.ijclab.in2p3.fr/event/5999/contributions/25923/attachments/18682/25069/IPa_2022-04-19-Learning.pdf
https://indico.in2p3.fr/event/30589/
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photo

Mon-Tues @ Jussieu Université Paris-Sorbonne
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AISSAI  
& Institut Pascal

would like to thank you 
for your coming and your participation 

Wed-Thu @ Institut Pascal Université Paris-Saclay
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….. 25 hours of talks…

… just an invitation here…
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Uncertainties in HEP

Wouter Werkerke (NIKHEF)
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Particle physics data analysis in a nutshell

Theory
(“Standard Model”)

Data
(“Events”)

Simulation

Inference

Detector
Model

μ f(x|μ,θ) { x }

L(y|μ,θ)

‘Monte Carlo sampling’

{ y }

{ y }
‘Summary

observables’

μ

W Werkerke



8

Systematical uncertainties: everything 
we don’t know exactly 

Phys.Rev.Lett. 114 (2015)191803
Most complex measurement ever ?

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024

https://arxiv.org/pdf/1503.07589.pdf
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Unfolding in HEP

Vince Croft  (NIKHEF)
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Dr. Vincent Croft Unfolding in High Energy Physics:  Artificial Intelligence and the Uncertainty Challenge in Fundamental Physics November 30th 2023

Counting Experiments in HEP

20

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024

Focus on distributions
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Dr. Vincent Croft Unfolding in High Energy Physics:  Artificial Intelligence and the Uncertainty Challenge in Fundamental Physics November 30th 2023

38

A Summary of Unfolding Methods in RooUnfold
● Common interface to 

multiple methods
● Each with different error 

propagation
● Each with different 

responses to 
distributions

● Each with different 
regularisation 
parameters.

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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Contrastive learning for de-biasing

Radi Radev, CERN
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f

Scale 
Jitter

Contrastive Learning

11

xi

xi

zi

̂ziRotate 
Smear

Pass pairs of augmented events through a neural 
network  to extract vector representations. 


Representations from same event - high similarity 

f

sim(zi, ̂zi) ≈ 1

Scale 
Translatexi

Mask 
Identity

Network Objective

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024

High dimension representation
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f

Scale 
Translate

Contrastive Learning

10

xi

xj

zi

zjMask 
Identity

Pass pairs of augmented events through a neural 
network  to extract vector representations. 

 

Representations from different events - low similarity 

f

sim(zi, zj) ≈ 0
Network Objective

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024

High dimension representation

Application to Dune Lar TPC event reconstruction
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Uncertainty Quantification in 
industry

Vincent Chabridon (EDF Electricité de France)
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Vazquez nonUC#1 – Safety analysis of accidental transients

Figure 7: A typical French pressurized water reactor (source: IRSN).

✰ The 3 safety barriers.
➮ (#1) cladding, (#2) primary circuit, (#3) reactor building

22

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024

UC#2 – Probabilistic fatigue assessment for offshore wind tur-
bines

◆ Context of UC#2

❏ Scenario: reliability analysis of an offshore
wind turbine (OWT)

❏ Computer model: complex computational
chain

Figure 16:
Monopile OWT
diagram [FCMI23].

Figure 17: Computational chain [FCMI23].
33

q Complex/heavy simulators
q èCannot brute-force explore the 

input parameter space
q Correlations in the input parameter 

space for risk evaluation
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OpenTURNS: an open-source library for UQ

Figure 20: OpenTURNS’ webpage.

38
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Simulation Based Inference

Prosper Harrison, Gilles Louppe, Michael Kuusela
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02/12/2023 18:26ssi-2023

Page 19 sur 44https://glouppe.github.io/ssi2023/?p=lecture-aissai.md#1

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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02/12/2023 18:26ssi-2023

Page 24 sur 44https://glouppe.github.io/ssi2023/?p=lecture-aissai.md#1

SBI specific to Fundamental Science
- heavy accurate simulators
- reliable parameter (and Confidence 
Interval) inference
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Uncertainty in Generator Models

Gregor Kasieczka
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Calorimeter Showers

Flow Matching Beyond Kinematics: Generating Jets with Particle-ID and
Trajectory Displacement Information

Joschka Birk,1, ⇤ Erik Buhmann,1 Cedric Ewen,1 Gregor Kasieczka,1, 2 and David Shih3

1
Institute for Experimental Physics, Universität Hamburg

Luruper Chaussee 149, 22761 Hamburg, Germany
2
Center for Data and Computing in Natural Sciences (CDCS),

Universität Hamburg, 22176 Hamburg, Hamburg, Germany
3
New High Energy Theory Center, Rutgers University

Piscataway, New Jersey 08854-8019, USA

(Dated: November 22, 2023)

In this paper, we introduce a method for e�ciently generating jets in the field of High Energy
Physics. Our model is designed to generate ten di↵erent types of jets, expanding the versatility of jet
generation techniques. Beyond the kinematic features of the jet constituents, our model also excels in
generating informative features that provide insight into the types of jet constituents, such as features
that indicate if a constituent is an electron or a photon, o↵ering a more comprehensive understanding
of the generated jets. Furthermore, our model incorporates valuable impact parameter information,
enhancing its potential utility in high-energy physics research.

I. INTRODUCTION

Recently there has been considerable interest and
activity in generative modeling for jet constituents.
While showering and hadronization with standard
programs such as Pythia and Herwig is not a ma-
jor computational bottleneck at the LHC [1] what

about NLO generators?, generative modeling at
the jet constituent level still has potentially far-
reaching applications to anomaly detection [2] and
beyond. More generally it is also an interesting
laboratory for method development. In particular,
it has been fruitful and e↵ective to view the jet
constituents as a high-dimensional point cloud, and
to devise methods for point cloud generative mod-
els that incorporate permutation invariance. This
route has led to a number of state-of-the-art ap-
proaches, recently explored in [3–11], that combine
di↵erent permutation-invariant layers such as trans-
formers [12] and the EPiC layer [4], with state-of-
the-art generative modeling frameworks such as dif-
fusion [13–17] and flow-matching [18–21]. Successful
models developed for jet point clouds can also po-
tentially be adapted to other important point cloud
generative modeling problems such as for fast emu-
lation of GEANT4 calorimeter showers [9, 11].

So far this activity has focused almost exclusively
on the JetNet dataset of [22, 23]. Originally gener-
ated by [24], this dataset was subsequently adopted
in the works of [3] as a useful benchmark dataset
for jet generative modeling. However, the JetNet
dataset has a number of drawbacks that are readily
becoming apparent. First and foremost is the size –
since it is limited in size, there are not enough jets
in JetNet to facilitate the training of state-of-the-art
generative models as well as metrics such as the bi-
nary classifier metric which require additional train-
ing data. Second, JetNet uses small-radius (R = 0.4)
jets, despite saying otherwise in their papers. This

⇤
joschka.birk@uni-hamburg.de

FIG. 1: Schematic overview of the di↵erent jet con-
stituent features available in the JetClass dataset.
The horizontal line at the bottom represents the
beam axis and the circle on this line represents the
primary vertex (PV).

can lead to the problem that the decay products are
not fully contained in the jet, which can be seen e.g.
in distributions such as the jet mass for top quarks,
where there is a prominent secondary mass peak.
Finally, JetNet focuses solely on the kinematics of
the jet constituents, whereas there is a wealth of ad-
ditional information inside the jets that could also
be modeled, such as trajectory displacement, charge,
and particle ID as illustrated in Figure 1.

In this work, we introduce the first jet cloud
modeling on the much larger dataset of JetClass.
Other than demonstrating that existing techniques
scale well to this new dataset, we also tackle new
challenges introduced by the JetClass dataset, in-

Jet Constituents

Fast Geometry-Independent Highly-Granular Calorimeter Simulation 11

Figure 4: Illustration of the reverse di↵usion process. Starting from the initial

noise. The color scale corresponds to the point energy.

on additional quantities beyond multiplicity N and shower energy E.

In principle, one could add additional physically relevant quantities such as

the total visible energy, the center of gravity, or the shower start as explicit

conditioning features. However, such a choice of observables might bias the

generated showers. Instead, we opt for learning an additional global context vector

z to capture any other relevant distributions via an additional encoder.

This encoding is learned by an Equivariant Point Cloud (EPiC) Encoder

using three EPiC layers introduced in Ref. [27] with a hidden dimensionality of

128. The EPiC Encoder is conditioned on E and N and learns to encode the

original Geant4 point cloud into two latent space vectors µ and �. Similar to

the encoder in a VAE, µ and � are regularised towards a Gaussian distribution

with the Kullback-Leibler divergence (KLD) loss and the latent space z is sampled

with the reparametrization trick [44]. The KLD loss is given by:

LKLD = DKL(Z||N (0, 1)) = �
1

2

�
1 + log(�2) � µ2

� �2
�
, (6)

with the latent variables sampled via z ⇠ Z = N (µ,�2). We set the size of z to

256, the default in Ref. [32].

as fixed grid as point cloud 

Simulation targets

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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Overview of generative architectures

→Use generative models trained on 
simulation or data as efficient surrogates


Generative Models
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One-dimensional metrics

Kullback-Leibler 
divergence

Wasserstein 
distance

More robust, well defined 
also for non-overlapping 

distributions

More intuitive for shape-
mismodelling

Metrics

But also multi-dimensional
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Complex Fluids and Complex Flows Group
Dept. Physics & INFN  - University of  Rome ‘Tor Vergata’ 

biferale@roma2.infn.it
https://biferale.web.roma2.infn.it/

Boundary
comditions?

Viscosity? Reynolds number?Rotation rate? Aspect ratio?Forcing properties?

CREDITS: T. LI, M. BUZZICOTTI, F. BONACCORSO, S. CHEN. M. WAN

Machine-learning and equations-informed tools for generation
and augmentation of turbulent data.

Artificial Intelligence and the Uncertainty challenge in Fundamental Physics
Paris 2023

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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Genetics, genomics, transcriptomics, proteomics
DNA: Deoxyribonucleic acid - genetic information 
RNA: Ribonucleic acid - transcribed genetic information 
Protein: Amino acid chains with 3D structure - translated genetic information 
Gene: A sequence of DNA transcribed into a functional RNA - could be protein coding or non-coding 
Genome: Entirety of DNA in an organism - 3 billion base pairs in human genome 

2

Flow of genetic information (Central dogma) 

 ATGCAATGC

 TACGTTACG
 AUGCAAUGC MQC

Structure and function 

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024

Burak Yelmen
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Robustness to Uncertainties in 
ML Applications for Particle 

Physics

Tommaso Dorigo
INFN, Padova

AISSAI – Orsay Nov 28-Dec 1 2023
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AISSAI PhyStat workshop
Machine Learning Assisted Sampling

Application to Physics

Marylou Gabrié (Ecole Polytechnique)
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Assisting sampling with surrogate generative models
No data a priori, only a density of probability          (Bayesian posterior, Boltzamnn distribution)

▷ Architecture strategies: Design generative models to incorporate known symmetries to 
ease the learning of a surrogate                 (e.g. Lattice QCD gauge invariances)

▷ Training strategies:
o Variational inference (VI)
o Adaptive training to create data as you go

12
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Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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Conclusion: how/where has machine learning 
helped?

▷ Autoencoders to learn non-linear dimensionality reductions

▷ Variational principles to solve eigenvalue problems 
& partial differential equations

▷ Normalized generative models to accelerate sampling

▷ Structured generative models to extract/exploit structure from data

13

MoleculesClimate 
Models

Statistical 
Field 

Systems
Protein 

Sequence

Model 
Reduction

Rare Event 
sampling

Structured 
Generative 

Models
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Summary of the AISSAI Causality 
workshop

Alessandro Leite LISN
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Causal inference framework

Slide credit: Jakob Runge

11

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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Causality in HEP
qHEP to use 

causality tools to 
help in analysis 
refinement ?

Summary of AI Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024

Discrepancies 
in data/MC 
distribution

Generators

Detector simulation

Digitisation simulation

Low level 
reconstruction (clusters 
and tracks

High level 
reconstruction (particle 
ID and reco)

Analysis 
selection

Analysis 
BDT/NN
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Fair Universe competition
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Fair Universe: HiggsML Uncertainty Challenge

● Extension of previous HiggsML challenge from 2014, a classification problem 
for Higgs decaying to Tau leptons based on final state 3-momenta and 
derived quantities: l, h, MissingET, up to 2 jets

● Dataset : HiggsML 2014 data set on CERN Open Data portal 

⇒new Fair Universe dataset, with following improvements
● Instead of ATLAS G4 simulation, use Pythia LO + Delphes
● Numbers of events 800.000⇒ >10 millions
● Parametrised systematics (Nuisance Parameters) : 

○ Tau Energy Scale : on had Tau Pt (and correlated MET)
○ Jet Energy Scale (and correlated MET impact)
○ additional randomised Soft MEt
○ background normalisation
○ W background normalisation (a subdominant poorly constrained BKG)

● Task : given a pseudo-experiment with given signal strength, provide a 
Confidence Interval

http://opendata.cern.ch/record/328
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Create pseudo-experimentsTest 
Dataset 

Case 1
{NP}={NP}1

𝜇 = 𝜇1

{x, w}

{x, w1}, w1 = 
Pois (w)

{x, w2}, , w2 = 
Pois (w)

{x, wN}, , wN = 
Pois (w)

Case 2
{NP}={NP}2

𝜇 = 𝜇2

Case N
{NP}={NP}N

𝜇 = 𝜇N
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Coverage evaluation

sd

Coverage 
penalisation function

68
.2

6%

Coverage

score : <CI length> x coverage penalisation 
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sd

sd
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Fair Universe Plans

● We’re running a second prototype competition as part of 
ACAT 2024 conference next week

● You’re welcome to participate (check Whaid Bhimji’s talk on 
Tuesday)

● We’re aiming to run the large scale competition June-Sep 
2024, as an official NeurIPS 2024 competition (if accepted)

https://indico.cern.ch/event/1330797/timetable/?view=standard

