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Wouter Werkerke (NIKHEF)



Particle physics data analysis in a nutshell \YY Werkerke

| ‘Summary
‘Monte Carlo sampling’ observables’

p — fX|p,8) =—={x}—{y}

Simulation

L(ylp.) - Y

u -

Inference
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Phys.Rev.Lett. 114 (2015)191803

Combined Measurement of the Higgs Boson Mass in pp
Collisions at /s = 7 and 8 TeV with the ATLAS and CMS
Experiments

(ATLAS Collaboration)T

(CMS Collaboration)*
(Received 25 March 2015; published 14 May 2015)

A measurement of the Higgs boson mass is presented based on the combined data samples of the ATLAS
and CMS experiments at the CERN LHC in the H — yy and H — ZZ — 4¢ decay channels. The results
are obtained from a simultaneous fit to the reconstructed invariant mass peaks in the two channels and
for the two experiments. The measured masses from the individual channels and the two experiments
are found to be consistent ..=n;.- emselves. The combined measured mass of the Higgs boson is

my = 125.09 + 0.21 (stat)
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https://arxiv.org/pdf/1503.07589.pdf

Vince Croft (NIKHEF)



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

T — =
A Summary of Unfolding Methods in RooUnfold |

° Common interface to
multiple methods 1000—
° Each with different error

T

True distribution
—— Measured distribution

propagation | ——— Unfolded binbybin
e  Each with different 800— - Unfolded bayes
responses to B ———— Unfolded tunfold
B ——— Unfolded svd

distributions =

e  Each with different 600—
regularisation B
parameters. 2

400—
200—
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Radi Radev, CERN
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Co ntra Stive Lea rn i n g High dimension representation

Scale Z
Translate

l sim(z;, ;) ~ 1

Network Objective

4
Identity

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

Representations from same event - high similarity

"
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Co ntra Stive Lea rn i n g High dimension representation

i
Translate
i sim(z;, z;) = 0

Identity — ‘D Network Objective

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

Representations from different events - low similarity

10

Application to Dune Lar TPC event reconstruction
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industry

Vincent Chabridon (EDF Electricité de France)
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UC#1 - Safety analysis of accidental transients

Reactor building Engine room
(nuclear zone) (non-nuclear zone)
Steam
generator

-

Pressurizer

Reactor
vessel

Secondary circuit Cooling circuit

Primary circuit

Turbine

Tower

Work —

platform

Sea level

External

J tube \

Blade

| — Boat landing

l——— Transition
Piece

| __ Grouted
connection

Seabed

I

Complex/heavy simulators

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

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

=» Cannot brute-force explore the
input parameter space

Correlations in the input parameter

pace for risk evaluation

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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OpenTURNS: an open-source library for UQ

U
‘OJ Home Getit Documentation -~ Forum Chat Modules Code

JaenTURNS

en source initiative for the Treatment
af Uncertainties, Risks'N Statistics

Data analysis Probabilistic modeling Meta modeling
Parametric estimation of the copula, n = 500 Composelestnbutlon Uniform, Normal, Gamma Kriging, n=7

107

ol %P
000 025 050 075 100 00 25 50 75 100 125
u X X

Distributions purpose
Copulas y | chaos

Stochastic processes Krlglng metamodel
Fields metamodels

Manage data and samples

Sample analysis

Distribution fitting

Statistical hypothesis testing
Estimate dependency and copulas

Figure 20: OpenTURNS’ webpage.

38
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Prosper Harrison, Gilles Louppe, Michael Kuusela

18



Parameters 0 —_— Simulator _— Observables x

Latent 2

>
Prediction: e Well-motivated mechanistic, causal model
e Simulator can generate samples x ~ p(z|6)
<€
Inference: ¢ Interactions between low-level components lead to

challenging inverse problems
e Likelihood p(z|0) = /(12 p(z, z|0) is intractable

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024 19



Data A
dimensionality Learn summary ReCENT DEVELOPMENTS
statistics

Neural
likelihood ratio “Gold mining”

Neural posterior

SBI specific to Fundamental Science
Neural likelihood - heavy accurate simulators

- reliable parameter (and Confidence

Interval) inference

. . Sequential
pproximate methods
Bayesian
Computation
“Histograms”
TRADITIONAL METHODS >

Computational cost of
running simulator

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024 20



Gregor Kasieczka
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Simulation targets

Calorimeter Showers Jet Constituents

Passive absorber Particle-ID and charge :
Shower of secondary particles isElectron, isPhoton, ..

Kinematics :
P> @ muon
A
!
> electron

_——» charged hadron

Incoming particle

g 5
Detectors (1 4T\ . :
d. d. >
as fixed grid as point cloud {_ maectors siacomnt:
d,y : closest approach to PV in xy-plane
d, : z position where d, is evaluated
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Generative Models

—Use generative models trained on

simulation or data as efficient surrogates

GAN: Adversarial </
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Discriminator

D(x)

Generator

G(2)

Flow __43_} Inverse
f(x) (=)

o K

[ po(x|z)

X0

e - - -

L
Nl |

Overview of generative architectures

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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Metrics

le—-3
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132

Wasserstein
distance

More robust, well defined
also for non-overlapping
distributions

Kullback-Leibler
divergence

More intuitive for shape-
mismodelling

But also multi-dimensional
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biferale@roma2.infn.it

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

[
RICERCA IN ITALIA

Rotation rate? Viscosity? Reynolds number? Boundary Forcing properties? Aspect ratio?
comditions?
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FIG. 1: INSTANTANEOS WORLDWIDE DISTRIBUTION OF DRIFTERS FROM THE GLOBAL DRIFTER MAP
PROGRAM [www0]. WE HIGHLIGTHED IN RED TWO POTENTIAL TARGETS: (1) KEEP THE PROBES INSIDE A
GIVEN REGION OR (2) MINIMISING THE NAVIGATION TIME AMONG TWO END-POINTS (ZERMELO PROBLEM).
INSET: A SKETCH OF THE DRIFTER WITH THE LONG DROUGE AT 15M DEPTH.

Machine-learning and equations-informed tools for generation
and augmentation of turbulent data.
Artificial Intelligence and the Uncertainty challenge in Fundamental Physics
Paris 2023

CREDITS: T. LI, M. BUZZICOTTI, F. BONACCORSO, S. CHEN. M. WAN
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Complex Fluids and Complex Flows Group
Dept. Physics & INFN - University of Rome “Tor Vergata’ A< \'TIVATE
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—— Genetics, genomics, transcriptomics, proteomics

DNA: Deoxyribonucleic acid - genetic information Burak Yelmen
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

|+

Flow of genetic information (Central dogma)

DNA l ) RNA —) Protein —} Structure and function

ﬂ-?ﬁ:?ﬂ-?? AUGCAAUGC MQC

TACGTTACG

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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___AIS2AT

m Al for science, science for Al

Robustness to Uncertainties in
ML Applications for Particle
Physics
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AISSAI PhyStat workshop
Machine Learning Assisted Sampling
Appllcatlon to Physu:s

Marylou Gabrié (Ecole Polytechnique)
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Assisting sampling with surrogate generative models 12
No data a priori, only a density of probability ox(x) (Bayesian posterior, Boltzamnn distribution)

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

D> Training strategies: MCMC convergence

o Variational inference (VI) garantees!
o Adaptive training to create data as you go )
Adaptive MCMC:
Target distribution VI: mein Dk (pell+) mein Dk (px1le)
5.0 . b 50 50
o 0.0 b 004 ‘ 4 LR .
-7.5 p* (X) 1 -754 pg(X) B 75 pg(X) i

T T T T T T T 1-
-100 -75 -50 -25 00 25 50 75 10.0
x| x 0 x 0

Learning a well covering generative model requires minimum knowledge
of modes before-hand

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024
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. . . 13
Conclusion: how/where has machine learning

R~ = helped?

Climate Molecules Stat'istical
Models Protein Field
Sequence Systems

Model Rare Event Structured
Reduction sampling Generative
Models

> 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

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024 30



Summary of the AISSAI Causality
workshop

Alessandro Leite LISN
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Causal inference framework

Two types of questions: ‘ Environmental
factors

1. Assume qualitative causal graph to quantify causal effects: / \
:/ |

Aerosols Clouds
2. Make general assumptions to learn causal graph:

Slide credit: Jakob Runge

11

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024 32



Causallty ‘ HE

HEP to use
causality tools to
help in analysis

refinement ?

Summary of Al Uncertainties workshop, David Rousseau, Anomaly Detection , March 2024 33
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Falr Umverse- nggsML Uncertamty Challenge

Extension of previous HiggsML challenge from 2014, a classification problem H‘”E[ the Higgﬂtgbpg!jgpgg
for Higgs decaying to Tau leptons based on final state 3-momenta and A
derived quantities: |, 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) R nLLENGE In FUNBANENTA o
Task : given a pseudo-experiment with given signal strength, provide a | 3
Confidence Interval

Fair Universe, David Rousseau, IML, CERN, Jan 2023 35
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psuedo-experiments

: i = TEE
mu distribution - Set 0

100 + S—— | - - True IJ 100 - CE—
e
—_— e
— =T
: —_——
80 —— 80 4 B ——— =l:
— e
e m— —
_ " e I —
] 2 t
—_— —
i ——— @ ] —_—
60 € 60 _—'—.
| T N
= g =1
X
— : 9 —
—_— T o —
40 ~ —— T 91 —
i — ——
T §- — 1
# Ll
—_— —
= N
20 - p—— 20 -
— s L3
- ————— ——
e — e — I
i — —_—
0 - 1 0 - —_—1
2.4 2.6 2.8 3.0 3.2 0.2 0.4 0.6 0.8
mu mu

score : <CI length> x coverage penalisation

Fair Universe, David Rousseau, IML, CERN, Jan 2023
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Method Name

Histogram_10

One_bin NLL

cheat?7

cheat7
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cheat4
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tes_finder
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Higgs Uncertainty Challenge
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We're running a second prototype competition as part of
ACAT 2024 conference next week

You're welcome to participate (check Whaid Bhimiji’s talk on
Tuesday)

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

Fair Universe, David Rousseau, IML, CERN, Jan 2023 39
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