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Partlcle-level mference

Partlcles |dent|f|ed (pattern)
And measured : 3D direction and
energy, origin
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Particle level inference
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Experiment level inference
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Modellsatlon et Inference

Parton-level Theor

Observables  Detector Shower y
interactions splittings momenta parameters

v R4 €— g *— Zp «— f

[F. Krauss]

Evolution

Inférence
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Train on Signal and Background Monte-Carlo
=>learn the separation between S and B distribution
Optimize a score from most background

like to most signal like.
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Donnees Tabulalres

Sepal.Length Sepal.Width Petal.Length Petal.Width Species

1 5.1 3.5 1.4 8.2 setosa

2| 4.9 3.0 1.4 e.2 setosa

S 4.7 3.2 1.3 8.2 setosa
df = pd.read_csv('assets/train.csv')
df.head()

Passengerld | Survived | Pclass | Name Sex |Age |SibSp | Parch |Ticket
0f1 0 3 Braund, Mr. Owen Harris male |22.0(1 0 A/5 2117
1l2 1 1 Cl{mings, Mrs. John Bradley (Florence temale |38.0|1 0 PC 1759¢

Briggs Th...
I . . STON/OzZ
2|3 1 3 Heikkinen, Miss. Laina female |26.0 |0 0 3101282
3|4 1 1 Futrelle, Mrs. Jacques Heath (Lily May temale |35.0 1 0 113803
Peel)
415 0 3 Allen. Mr. William Henrv male [35.010 0 373450
dijet_invmass dijet_deltaeta jet_pt 0 jet_pt_ 1 eta_zepp_ZZ min_dR_jZ
39 502.338409 3.694098 140.582153 43.095196 1.5629987 1.799823
76 166.194427 0.426846 171.107452 81.588737 0.663560 1.020612
97 269.543396 2.568801 81.123795 64.938507 0.404464 0.050431
107 130.786301 0.119691 171.627014 31.095165 1.329497 0.539539
129 139.976868 2.145803 37. 323059 3.293238 0.423458

51.31 2862
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Qq dlzalnes de varlables
(=colonnes)

Arbre de Décision
Boosté (BDT) pour
apprendre une ou
plusieurs colonnes a
partir des autres

= fonctionne tres bien



Four-momentum final state : H tautau
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Four Momentum fmal state

ASCII csv f|Ie with mixture of nggs to tautau signal Primitive 3-vectors allowing to compute the conf

GEANT4 ATLAS simulation

16 independent variables:

i : - PRI_tau_pt
WelgohntI ;)nd signal/background (for training dataset PRI tau_eta
weight (fully normalised) ES‘ES‘EP'
label : « s» or « b » _lep_
Event features PRI_|eD_et§

DER_mass_MMC PRI_lep_phi
DER_mass_transverse_met_lep PRI_met _
PRI_met_phi

DER_mass_vis
DER_pt_h
DER_deltaeta_jet_jet

PRI_met_sumet
PRI_jet_num (0,1,2,3, capped at 3)

DER_prodeta_jet_jet Sighature —Jet_leading_eta VBF
PRI_jet_leading_phi

DER_deltar_tau_lep SRl et supjend , Sionature

DER_pt_tot PRI_1_et_sublead!ng_pt g

DER_sum_pt _jet_subleading_eta

PRI_jet_subleading_phi

DER_pt_ratio_lep_tau .
PRI_jet_all_pt

DER_met_phi_centrality
DER_lep_eta_centrality
IA for Physics, David Rousseau, February 2026, AG IA IJCLab 10



Classmer

BDT using ~dozen of hlgh level variables

1 04 . TiepThad VBF —¢— Data

= (s=8TeV, 20.3 fb" — Zg gg; Eﬁ:} i4)

- ATLAS B Z- 1t
I Others

I Fake t
7 Uncert.

Events / 0.17

Higgs evidence

N IIIIIII|

-1 -0.5 0 0.5 1
BDT output
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% iggs Phy5|cs

At LHC, Machine Learning used almost since first data taking (2010) for reconstruction and analysis

For example, impact on Higgs boson sensitivity at LHC:

51%

CMS Hyy 2011-2012 e

85%
ATLAS Hrt 2011-2012 -

73%
ATLAS VHbb 2011-2012 —
15%
ATLAS VHbb 2015-2016 —_—
125%
CMS VHbb 2011-2012 —_——
From Nature 560, 41-48 (2018) |
0.0 0.5 1.0 1.5 2.0 25 3.0 35 4.0
sensitivity 0}

=>~50% gain on LHC running

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 12
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gauss signal on  °FED T e

exponential
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_ _ Contour lines of
For selecting Signal vs Background and density ratio

underlying distributions are known, nothing
beats density ratio! (often called “Bayesian
limit™):
pdfs(x)/pdfg(x)
OK but quite often Lg L; are unknown ;
+ X is n-dimensional

ML starts to be interesting when there is no

ML (nor Artificial Intelligence) does not do any
miracles

,
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e BDT (100 est.) ROC curve (area = 0.97)
" ——P — Ratio ROC curve (area = 0.97)
R4 —— BDT (10 est.) ROC curve (area = 0.96)
JRe —— BDT (10 leaf nodes, 100 est.) ROC curve (area = 0.97)
Re —— BDT (1 est,, 10 leaf nodes) ROC curve (area = 0.79)
4 BDT (1 est., 100 leaf nodes) ROC curve (area = 0.79)
. . ’
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False Positive Rate



1402.4735 Baldi, Sadowski, Whiteson

%%”g:\ﬁ g

b

MSSM at LHC : H9=>WWbb vs tt=>WWbb
Low level variables:

4-momentum vector
High level variables:

Pairwise invariant masses

Deep NN outperforms NN, and does not need high
level variables

DNN learns the physics ?

Gros probleme : 10 Millions d’événements pour
entrainer, 100 x ce qui est disponible d’habitude

IA for Physics, David Rousseau, Februa

Background Rejection

Deep Iearnmg for analy5|s
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https://arxiv.org/abs/1402.4735

Neural Network sur des |mages




Réseau convolutionnel




nal Neural Network

Convoluti

2012

http://arxiv.org/abs/1112.6209
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http://arxiv.org/abs/1112.6209
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Feed-forward NN

—

/,C %ﬂ’/@}\t /;3‘3/’\ Rétropropagation du gradient

John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THEROYAVISWEDISEIAIC ADEMYTD ESLIENCES

Press release
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https://www.nobelprize.org/prizes/physics/2024/press-release/

YOSHUA BENGIO,
25 GEOFFREY E. HINTON
) ’3 AND YANN LECUN

-
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For conceptual and engineering
breakthroughs that have made
deep neural networks a critical

component of computing
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Appllcatlons mnombrables NN Convolutlonnels

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 20



Jet Images

m arXiv 1511.05190 de Oliveira, Kagan, Mackey, Nachman, Schwartzman
Distinguish boosted W jets from QCD

. . . o eesoancecmcyer  mages moyennes
Particle level simulation L s 0 =
, : 2
Reseau convolutionnel 3
, 2
l ‘ / VL \..‘ - B g
! - N 8 y Iﬁ QO
i O a % icz
_ - B | o
o
m 1

[Translated] Pseudorapidity (n)

> - 77 i 3 |
b f ¢ d
LA oL Bl -7~
B - P— 240 < pT/(kV <260 GeV, 65 < mass/GeV <95
Pythia 8, QCD dijets, ¢ =13 TeV

[Translated] Azimuthal Angle (¢)

QCD

Pas de suite,
approche trop naive

05
[Translated] Pseudorapidity (n)

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 71


http://arxiv.org/pdf/1511.05190v2.pdf

Les donneées scientifiques ne sont
souvent pas des images
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amplitude

Typical Samplmg frequency 44.1kHz
44.1k / 1 s

9 Pouillot de Bonelli Pouillot oriental
8
7 |

6 i Pouillot / .
sl R R id , des Aresquiers elmages

| WL \H[\HN\

https://environnement.ijclab.in2p3.f1/2024/0
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ATLAS

EXPERIMENT

Candidate Event:
ppaH(ai;'u) + W(-pv)
Ru 33¢ 2Nt 35¢ 3 3




Une image, pas les donnees

T T -

Structure de
I’hémoglobine

Par Deposition authors: Fermi, G., Perutz, M.F.;

visualization author: User:Astrojan —
https://www.rcsb.org/structure/3hhb,

CCBY-SA 4.0,
https://commons.wikimedia.org/w/index.php?curid=48714519

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 25



Architectures speéecialisées




S|mplest Neural Networks

Slmple dense NN a structure Iess vector or matrlx iS transformed from Iayer to
layer (Convolution NN : use neighbouring information)

) hidden layer 1 hidden laver 2 hidden laye : :
input layer

fan = O W,o(b; + W, x))

output layer

, o

—>
© Tim Gerstner

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 27



Graph Neural Networks‘(GNN)

Now some structure
V; : hodes
e, . edges
u : global

Nodes: bodies
Edges: gravitational forces

Global : potential energy

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 28



from 2007.13681

S @é , « Construction du graphe en
2 - \
gic SN fonction du probléme
(a)
S * Nouvelle évolution Transformers
o”‘ ’..:.so.fzo..° y .
’ﬂ.%*j, : corrélations entre les
4 objets=P» construction du graphe

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 29


https://arxiv.org/abs/2007.13681

Track Seedmg W|th GNN
e - e BT RS )

Seeding efficiency
) o o

Build edges between neighbour

Then GNN trained to classify double and
triplet

High efficiency reached with subsecond
computing time (also very parallelisabled)

=»can be used as a filtering stage before
traditional Kalman filter

ics, David Rousseau, February 2026, AG IA IJCLab 30


https://arxiv.org/abs/2007.00149

Intermede




Aparte on ML in Phy5|cs hlstory

et B R
l Computer Physics Communications 49 (1988) 429-448
North-Holland, Amsterdam

NEURAL NETWORKS AND CELLULAR AUTOMATA
IN EXPERIMENTAL HIGH ENERGY PHYSICS

B. DENBY

Laboratoire de I’Accélérateur Linéaire, Orsay, France

Received 20 September 1987; in revised form 28 December 1987

1987 Very first known paper on Neural Net in High Energy Physics

op Wlwmtroduc“ Erierey. b\
.meworfdfm p P ALfgr:a’;“fgyears ago-

5/2@::5::;{ content of the article

TT::S’;p wnhework he aaiek came to be
o B. Denby seminar i

at ex-LAL in 2023 o
IA for Physics, David Rousseau, February 2026, . ﬁ”e’?y 59 { 32
eration T-0571



NN interpolation




Interpolatlon Vs Extrapolatlon |
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Number of requests

Interpolation 1s easier than extrapolation

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 34



Parameterised learning
T ' 1601.07913 Baldi, Cranmer, Faucett, Sadowksi, Whiteson /& /&

| [E=w=r | Typical case: looking for
=n-w | a particle of unknown

=3 my -1 mass
| 1E.g. here tt decay

Fraction of events/50 GeV

° 0000 IS0 00 00300, Eebrary 2026, AG IA IJCLab 15


http://arxiv.org/abs/1601.07913
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AUC

i <0y I OE
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x2 \

7 &’
6—6 P g} Sx1.x2.6)
: ok i
o Jo(xi,x2)
x O O/

- / 4 S(x1,x2,0)
07§ )/ %2 |
/
/
— »—x Parameterized NN (mass is a feature) |
P x--x Network trained on all masses
( % % Network trained at mass=1000 only
o'goo 750 1000 1250 1500
H T Mass of signal T 5
. test here
train here and here rary 2026,

Parameterised Iearnmg (2) |

Train on 28 features plus true
mass

Parameterised NN as good as
single mass training

=»clean interpolation
(mass just an example)

Used by CMS bblvl v search
https://arxiv.org/pdf/1708.04188.pdf

Nowadays commonly used in searches



https://arxiv.org/pdf/1708.04188.pdf

Interpolation Vs Extrapolatlon

20 40 60 80 100 120 140 160 180 200

Interpolation/Extrapolation already ill-defined in 2D, what about large dimensions ?

IA for Physics, David Rousseau, February 2026, AG IA IJCLab
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Modeles substitutifs

Quand I'TA ne fait pas mieux mais beaucoup plus vite



Théoreme d’un

Théoreme mathématique 1991 !

https://en.wikipedia.org/wiki/Universal_approximation_theorem X

Toute fonction continue R"=»RP

... peut étre approximée suffisamment
bien

... avec un NN a une couche cachée avec
un nombre suffisant de neurones

Y . O 0%
(Ne dit rien sur I_a constructl‘orl) PESAHA
=»on peut entrainer un NN a émuler un

a
4
YNV 1177
| S\ /.
calculateur existant complexe .m\§.//
=>gains en vitesse x10... x100000 It e
(mais précision... mais excursion...)

IA for Physics, David Rousseau, February 2026, AG IA IJCLab
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Umversal Theorem at work

Universal approximation

We can approximate any f € € ([a, b], R) with a linear combination
of translated/scaled ReLU functions

eV

relu(x) = x if x>0 & 0 otherwise

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 40



Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

oV,
\K N

IA for Physics, David Rousseau, February 2026, AG IA IJCLab




Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

-

IA for Physics, David Rousseau, February 2026, AG IA IJCLab



Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

\/\ N =

IA for Physics, David Rousseau, February 2026, AG IA IJCLab



Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

/]
AR VERRRS

IA for Physics, David Rousseau, February 2026, AG IA IJCLab




Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

A A
SRS

IA for Physics, David Rousseau, February 2026, AG IA IJCLab




Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

[

N -

IA for Physics, David Rousseau, February 2026, AG IA IJCLab



Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

Y

N N

IA for Physics, David Rousseau, February 2026, AG IA IJCLab



Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

S

N

IA for Physics, David Rousseau, February 2026, AG IA IJCLab



Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

VoV,
N \\/

IA for Physics, David Rousseau, February 2026, AG IA IJCLab




Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

VoV,
DEREREANN

IA for Physics, David Rousseau, February 2026, AG IA IJCLab




Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

VoV,
b N

IA for Physics, David Rousseau, February 2026, AG IA IJCLab




Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

N/
\<

N
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Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

VoV,

/
N N

IA for Physics, David Rousseau, February 2026, AG IA IJCLab



Umversal Theorem at work

Universal approximation

We can approximate any f € €([a, b], R) with a linear combination
of translated/scaled ReLU functions

A\

N N

Y = ZRelu(ai X X + by)

R — R generalised to R" — R?

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 54



Slmple NNas a math functlon

Beware: superscript
are layer indices!

Now with dimensions

h(z(2)) = a(bfy) + W3 a0 (bizy + Wi T(2)))

IA for Physics, David Rousseau, February 2026, AG IA IJCLab
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r chirur
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Frangoise Bouvet
IJCLab

Photodétecteur

L b M - -40-
evenberg ar%ua Keras — 256 40&%

hrate & slow curate & fast

Barycentre[naccurate &

------------
.....

..........

-----------
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Eléments finis




Techniq
Précision limitée par taille de maille
maille / 2 =» ressources x 16

(mémoire, temps de calcul)

Au lieu de réduire la maille, entrainer
un réseau de neurone a reproduire
un modele a petite maille

N
N

mlics, David Rousseau, February 2026, AG IA [JCLab
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ication océeanographie



https://www.whoi.edu/know-your-ocean/ocean-topics/how-the-ocean-works/ocean-circulation/currents-gyres-eddies/

n‘est pas
calculable,
entrainer un
réseau de
neurones sur des
données
experimentales
pour I'émuler

Luc Petizon Ex: étude vague
scélérate
Hoknsai

IA for Physics, David Rousseau, February 2026, AG IA IJCLab
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hCast Deepmind

= | mns

| TR N

e |\ ‘l\““:
i TN\ NANNNART

=

=T

777 AN

Prédiction a 10 jours en qq minutes, plus fiables que mode¢les traditionnels
(mais pas d’ »assimilation »)

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 61



Intermezzo on
Adversarial examples




Adversarlal examples

Brittany spaniel
score: 0.99363

.

Trombone
score 0. 99998

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 63



Adversarlal examples (2)1

T the verge 2019/04/23 (see also video) o

Extraneous object

=>more worrying, for HEP it would be e.g. a glitch in the data
which is not simulated

IA for Physics, David Rousseau, February 2026, AG IA 1JCLab 64


https://www.theverge.com/2019/4/23/18512472/fool-ai-surveillance-adversarial-example-yolov2-person-detection

Adversarlal examples

L|ke an optlcal |IIu5|on for a NN
Tuned for a specific known NN =» can still fool other NN (share a
common behavior)

Dangerous for physics if we rely more and more on NN ?

Definition : « inputs that are specifically designed to cause the
target model to produce erroneous outputs »

we could not think of a case a detector or physics glitch would
fulfill the definition above

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 65



Modeles géneratifs
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Generatlve Adversarlal Network

SEEY . EEEIE
CEATEN«ESe
Eml E ¥ O
FEYHSERE P
S~ SRS
ST Y e S/

SEESEVSANE

CCEEGETE

AT P |

JEGEE=ESHa0 IA for Physic Rousseau, February 2026, AG IA IJCLab
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Text to image this small bird has a pink  this magnificent fellow is
breast and crown, and black almost all black with a red
primaries and secondaries. crest, and white cheek patch.

the flower has petals that this white and yellow flower
are bright pinkish purple have thin white petals and a
with white stigma round yellow stamen

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 68



H

n direction {mm]

GAN showers

(just cell energies)

Hadronic shower

it (MK, p,n,.)

L i)
100 50 0

e L
50 100 150 2
Depth from Calorimeter Center [mm

Physics, David Rousseau,

LAr hadronic
end-cap (HEC)

LAr electromagnetic &
end-cap (EMEC) ———

February 2026, AG IA 1JCLab
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ATLS calo silation

‘; By = E f iy ATLAS Collaboration, arXiv:1712.10321 =00 7?

With major contribution
from Gilles Louppe U Li¢ge
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https://arxiv.org/abs/1712.10321

Results
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So much progress smce 2016

¥ See nice introduction #DaII -e Diffusion oS

Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw

score functlon

dx=[ t)[V log p: ( i]dt+g

Reverse SDE (noise — data)

GAN becoming obsolete, can
we do something (serious)
with diffusion model ?
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https://www.superannotate.com/blog/diffusion-models

Slmulatlon W|th dlfquIOI‘l model

Mlkuh Nachman

On CanChaIIenge dataset
=»seems to work, claim it is easier to train
However inference (=generation) slower
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https://arxiv.org/pdf/2206.11898.pdf

For text or |mage generatlon subJectlve human evaluatlon « by eye »

How to evaluate a generatlve model

For science we should be more quantitative:

train a classifier to distinguish the generative model from reference=truth :

AUC : Area Under the (ROC) Curve

1

0 01 02 03 04 05 06 07 08 09 1

mis-modelled
feature

reference eff.

w =

Pgen

Dtruth

107!+

1073+

105+

Z + 2§

Gen

Truth

"4

10°2 10 102
w(x)
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missed
feature
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CanChallenge results

I A5 EES : S ca T
C. Krause et al, CaloChallenge 2022 final paper arXiv: 2410 21611

Pareto front: shower generation time on a GPU vs. multiclass log-posterior, dataset 3
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Fast Machine Learning




ML for DAQltrlgge

I ] o ryy —3
e = I - "'r’. ; e "
T B =B S

Growmg use of L in trlgger/readout |
Classifiers (BDT or NN) maybe long to train but evaluation is very fast
Can be implemented on GPU or FPGA

GBDT on FPGA
NN on FPGA : his4ML (arXiv:1804.06913)

Manpower efficient, few experts can code directly for GPU or FPGA. However experts are
still better (see CPPM work for ATLAS LArg arXiv:2510.11469)

Keras
TensorFlow

PyTorch

¥.. Co-processing kernel
- -~ hils 4 ml

compressed

model HLS -
conversion

Custom firmware

design

Usual machine learning Jf

software workflow
tune configuration
precision
reuse/pipeline
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https://arxiv.org/abs/1804.06913
https://arxiv.org/pdf/2510.11469

Experiment design




ATLAS experlment
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Currently : we are developping Al techniques to analyse
the data of current/near future experiments

Future : use Al to design new experiments

IA for Physics, David Rousseau, February 2026, AG IA IJCLab 30



Topologlcal DeS|gn Optlmlsatlon

BMW

Whole field of industry, boosted by 3D-printing capabilities, and by Al
Given geometrical, stiffness and feasability constraints, how to optimise cost ?
=>future experiments will be designed with Al, cf MODE collaboration
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https://mode-collaboration.github.io/

Incertitudes




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 among themselves. The combined measured mass of the Higgs boson is
my = 125.09 £ 0.21 (stat) £ 0.11 (syst) GeV.
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https://arxiv.org/pdf/1503.07589.pdf

Red. d’mcertltude par entramement adversalre

Inspired from 1505.07818 Ganin et al :

L,
26,

Signal vs Background

L, = cross,entropy(
targetsignal, predicted signal)

Feature extractor }
A

r \
S S
PRelLU PRelLU PRelLU PReLU i i
o i ssifier
Dense Dense Dense Dense Dropout r \
(size=70) (size=35) (size=20) (size=10) (p=0.09) g
< peleise = = S Softmax Ly = —cross,entropy(
—_— target domain,predicted domain)
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d [ size=25 ] [ size=10 } [ size=2 j
Loz ) | teemto) )1 cee Pyth1a vs Herwig

Gradient
Reversal Layer
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Les |deess ples ne marchent pas

Without Decorrelation

Estimated Uncertainty

Next year’s
generator

Contraintes par 70 ans de données de
Physique des particules

IA for Physics, David Rousseau, February 2026, AG IA IJCLab

Ghosh & Nachman EPJ C 82 46 (2022)

With Decorrelation

Estimated Uncertainty

Clairement
N.aturg trop petite !
Pythia

Next year’s
generator

Loi de Goodhart ”Quand un indicateur devient un objectif,
ce n’est plus un bon indicateur.”
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https://link.springer.com/article/10.1140/epjc/s10052-022-10012-w

Fair Universe

Une competition pour un
m Od é I e éva I u a nt u n I nte rva I Ie # Participant Entries Date of last entry Method Name Quantile Score  Interval Coverage Detailed Results

d C f- ragansu 30 2024-01-22 Histogram_10 1.45 0.226 0.57 ®
® s 30 2024-01-22 One_bin NLL 1.07 0.333 0.57 ®
https://fair-universe.lbl.go
-—
PS. U 1DI.J0oV
[ — laurensslu 20 2023-12-01 cheat7 0.68 0.504 0.63 ®
=i
@ euenssiu 20 2023-12-01 cheat7 0.61 0.544 0.68 ®
mu distribution - Set 0 —
laurensslu 20 2023-12-01 cheat4 0.31 0.732 0.61 ®
100 A === True u 9
6 laurensslu 20 2023-12-01 cheat4 0.16 0.852 0.71 ®
R ——
80 — 7 laurensslu 20 2023-12-01 Cheat2 -0.44 1.55 0.62 ®
—_—
—
‘:_, 1 8 laurensslu 20 2023-12-01 Cheat2 -0.74 1.375 0.55 @
—_—
£ 60 o —
g — 9 ragansu 30 2024-01-22 tes_finder -0.95 1.124 0.54 ®
g =
é 10 laurensslu 20 2023-12-01 Cheat2 -1.59 1.325 0.53 ®
¥ ——
S 40 :
1 —
g L 11 lhsan Ullah 4 2024-01-18 Sascha sys aware 8 -2.69 0.329 0.47 ®
a '
—— 12 Rafat Masetek 10 2023-12-01 1binNLL -2.9 1.233 0.5 ®
—_—
20 A ——
e 13 ihsanchalearn 16 2023-12-18 1 bin NLL -2.9 1.233 0.5 ®
o e—
———
b — 14 Rafat Masetek 10 2023-12-01 1binNLL -2.9 1.233 0.5 @
e ————
0 —
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https://fair-universe.lbl.gov/

IA peut étre tres simple




Impact 1A »simple »
-

Francois Caud
(Dataia), Marie
Andri, Martin
Chauvin, Arkadiusz
Dawiec (SOLEIL)

2 Photon Countin

Total
4
Threshold +1 +1 +1
- No correction
~~~~~~~ Gain correction
Dispersion of inflection points at 9.9 keV I :
2500 ; . . IDration
Point d’lﬂﬂ@XlOl?OO_ no correction Calib a_t 0
1 2000 o « classique » :1
with correction

g 05 80 sigma: 4.293 OU rnée
o 1500 O ]
Q © 60

1000 § w0 Random forest :

500 - 20- 1/ 2h
AT R
0 T : 0 i r# r\t‘ﬁm_,.
200 250 300 350 400 -100 -50 0 50 100

Threshold [DACu] sics, Dan Inflection point deviation [a.u.] 38
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