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Executive Summary
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Powerful new technologies & 
methodologies

 

    But also new ways to produce 
 new ideas

Executive Summary



04 Disclaimer:

ÅImpossible to do a thorough 
review of all interesting 
techniques & results

ÅFocus on newer methods to 
show breadth of applications & 
future directions
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Reconstruction
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IceCube Neutrino Observatory: 

ÅReconstruction algorithms 
limited by sparsity of optical modules 
for detection of photons

 
ÅML interpolates photon path 

and calculates hypothetical 
Ƙƛǘǎ ŀǎǎǳƳƛƴƎ άǾƛǊǘǳŀƭέ ƻǇǘƛŎŀƭ 
modules 

Neutrino reconstruction
PhysRevD.111.L041301
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Neutrino reconstruction
PhysRevD.111.L041301
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Particle Tracking
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Particle Tracking:  The Problem

ÅTrack reconstruction is a clustering problem: 
start with a (large) number 
of 3D points, identify set of points belonging 
to a common trajectory

ÅCombinatorial Kalman Filter considers 
all combinations of hits: 

o Excellent efficiency & purity
o CPU performance scales very badly with 

increasing # of hits 
o Solutions for LHC (1k hits per event) 

not applicable later (HL-LHC, FCC) 
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Particle Tracking: connecting the dotsC
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Particle Tracking:  Nearest Neighbour SearchC
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Particle Tracking:  Nearest Neighbour Search

credit
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https://erikbern.com/2015/10/01/nearest-neighbors-and-vector-models-part-2-how-to-search-in-high-dimensional-spaces.html
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Å GNN converts collection of hits into a graph: nodes correspond to hits, 
edges to probability that hits belong to same track

credit

IDTR-2023-06

Particle Tracking:  Graph Neural Networks
ATL-ITK-PROC-2022-006
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https://indico.cern.ch/event/1252748/timetable/?view=standard


14 Particle Tracking:  Recurrent Neural Networks

RNN
Å Designed to handle sequential data
Å Suited for tasks where the order and context of data points are crucial
Å Represent a significant leap in our ability to model sequences in data

arXiv:2212.02348
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15 Particle Tracking:  Recurrent Neural Networks
arXiv:2212.02348
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Classification 
flavour-tagging & event classification
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Flavour Tagging: Convolutional/Recurrent NN
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Flavour Tagging: Graphical Neural Networks

x10 performance improvement in 9-10 yearscredit

EPJ C 82 646 (2022)
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https://indico.in2p3.fr/event/32629/contributions/142636/attachments/87453/132031/241009-stag-ecfaws-suehara.pdf
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Event Classification: GNN vs DNN

Event classification for BSM searches

ΧǘƘŜ ǉǳŜǎǘ ŦƻǊ ǘƘŜ ōŜǎǘ ŀƭƎƻǊƛǘƘƳ 
continues

arXiv:2411.06487
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Simulation
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Simulation: Deep Neural Networks

credit

ÅOne large sample of simulated data is produced with 
detailed detector simulation (very CPU expensive) using a 
given physics model (e.g. NLO)
ÅAdditional, smaller samples are produced based on 

different models (e.g. NNLO) in order to train the ML 
algorithm w/o detailed detector simulation and event 
reconstruction
ÅML computes weights for each simulated event, applies 

them on large simulated sample
ÅUpdate existing simulation using new theoretical progress 

(or a systematic effect) fast & reliably 

Using DNN for tuning and reweighting simulated samples 
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https://cds.cern.ch/record/2904938


Simulation: Generative Adversarial Networks

ÅάCŀƪŜέ ŜǾŜƴǘ ŎǊŜŀǘŜŘ ōȅ D!bΣ 
compare with simulated event
ÅDiscriminator tries to guess if event is 

real or not
ÅDiscriminator guessing correctly 

pushes GAN to adjust generation 
strategy (e.g. sampling of features) to 
ƛƳǇǊƻǾŜ άŘŜŎŜǇǘƛƻƴέ
ÅRepeat till discriminator can no longer 

tell difference 

GAN: emulate interaction of particles with high-granularity calorimeter22

arXiv:2109.07388
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Simulation: Generative Adversarial Networks

Can you guess which 

of these images

are synthetic and 
which ones are real?
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Showers generated by GAN present accuracy 
within 10% of Monte Carlo for a diverse range 
of physics features, with three orders of 
magnitude speedup

GAN: emulate interaction of particles with high-granularity calorimeter

Simulation: Generative Adversarial Networks
arXiv:2109.07388
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Simulation: Normalizing Flows

End-to-end simulation of collision events

arXiv:2402.13684

C
H

R
IS

T
O

S
 L

E
O

N
ID

O
P

O
U

L
O

S


