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GNNs: 

¥ Development of detector calibration and graph neural network-based selection and reconstruction algorithms for the measurement of oscillation parameters 
with KM3NeT/ORCA (D. Guderian, PhD Thesis) 

¥ Data reconstruction and classification with graph neural networks in KM3NeT/ARCA6-8 (F. Filippini et al., PoS(ICRC2023)1194) 
¥ Cosmic ray composition measurement using Graph Neural Networks for KM3NeT/ORCA (S. Reck, PhD Thesis) 

¥ Optimisation of energy regression with sample weights for GNNs in KM3NeT/ORCA (B.Setter, MSc Thesis)
¥ Tau neutrino identification with Graph Neural Networks in KM3NeT/ORCA (L. Hennig, MSc Thesis) 


CNNs: 

¥ Event reconstruction for KM3NeT/ORCA using convolutional neural networks (M. Moser, JINST 15 P10005)

Fully-connected NNs: 

¥ Deep Neural Networks for combined neutrino energy estimate with KM3NeT/ORCA6 (S. Pe–a Mart’nez, PoS(ICRC2023)103) 

and several Machine Learning-based projects (e.g. BDTs, RFs) as part of online and offline physics analyses !

Machine and Deep Learning Projects in KM3NeT  (non exhaustive list)
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The Landscape of Unfolding with 
Machine Learning 

1

N. Huetsch , J. Mari–o Villadamigo, A. Shmakov, S. Diefenbacher, 
V. Mikuni, T. Heimel, M. Fenton, K. Greif, B. Nachman, D. Whiteson, A. Butter, T. Plehn

arXiv: 2404.XXXX

EuCAIF 2024



Inverting the LHC Simulation Chain

2

!
Theory Shower EventsHard process Hadronization Detectors

Forward

Inverse

Machine learning methods allow for unbinned, high-dimensional unfolding 



ML-based Unfolding

3

Reweighting based:
Omnifold

pgen ! punfold

Distribution Mapping

pdata ! punfold

Conditional Generative Unfolding

p(xpart ! xreco)

pgen
unfolding inference
!"""""""""# punfold ( xpart)

simulation

!
!
!
"

#
!
!
! unfolding

psim
forward inference

!"""""""""# pdata( xreco)



Results I: Unfolding to pre-detector
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Unfolding Delphes !  



Results II: Unfolding to partons
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Unfolding Pythia !  



More with less: sparse kernel methods with dictionary learning 
Expressive, regularized and interpretable models for statistical anomaly detection

Gaia Grosso , Demba Ba , Phil Harris

NSF Institute for Arti ficial Intelligence and Fundamental Interaction (IAIFI)
School of Engineering and Applied Sciences, Harvard University, Cambridge, MA MIT Laboratory for Nuclear Science, Cambridge, MA 
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GOAL
Signal-agnostic statistical detection of new physical processes 
Maximum-likelihood-ratio goodness-of- fit test:

PROBLEM 

How to design    to capture

rare and unexpected subtle perturbations 
on top of  the known physics?

f! (x)

Loss function:
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n(x|Data)
n(x|Reference)
n(x|Reference) ! ef! (x)

f! ,w

wi k(x; ! i, " i)

ev
en

ts

f" ,w(x) =
M

!
i=1

wi k(x; ! i, " i)

k(x; ! i, " i) = A exp
[

"
! ! x " ! i ! !2

2" 2
i ]

Sparse model ( ) 
competition between data points to attract the 
kernels

M # N

Smooth model ( )
Physics constraints (e.g. experimental resolution).
What is the scale of New Physics?

" 2 = " 2
exp+ " 2

X

Adaptive model (learnable )
directing attention to anomalous features

!

Local interpretability 
Active kernels highlight anomalous regions

Sparse linear combination of Gaussian Kernels (SGK)
SOLUTION
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          Model      #par                                                         time       Ref.
ÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑ-ÑÑÑÑÑÑÑÑÑÑÑÑÑÑ
            NN            96                                                       ~ 4.5 h        [1]
            GK*          10k   (M=10k, random int. )     ~ 40 s         [2]
            SGK*       600   (M=100, learnable )         ~ 1.5 h    NEW!
ÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑÑ-
*  : median of pair-wise distance between points

{ ! i}
{ ! i}

" = q50%

[1] ÒLearning multivariate new physicsÓ Eur. Phys. J. C 81, 89 (2021)        
[2] ÒLearning new physics efficiently with nonparametric methodsÓ Eur. Phys. J. C, 82(10)   

RESULTS

more with less

Same or improved sensitivity to signal benchmarks!

IMPLICATIONS
Resource efficient representation of anomalies

 Interpretability
 Data compression?

$
$

Peak in the bulk of 

Peak in the tail 
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Want to know more?

Drop by LOC 8 
on Wednesday 

for the poster session


