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“ Toto, I've a feeling we're not in
Kansas anymore.”

THE WIZARD OF OZ, (1939)

Executive Summary
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Powerful new technologies &
methodologies

But also new ways to produce
new ideas

Executive Summary
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Disclaimer:

A Impossible to do a thorough
review of all interesting
techniques & results

A Focus on newer methods to
show breadth of applications &
future directions
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YU, KAMP, and ARGUELLES PHYS. REV. D 111, 1L.041301 (2025)
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FIG. 1. Eventdisplays, showing the masked, superresolved, and unmasked event. The unmasked and masked events are obtained from
simulation, representing ideal and realistic detector configurations, while the superresolution network attempts to enhance the masked
event into the unmasked. The top plot shows the photon arrival time series from the superresolution network and the pretrained VAE on
two particular virtual OMs in the superresolved event.

Neutrino reconstruction

PhysRevD.111.L.041301

lceCubeNeutrino Observatory:

A Reconstruction algorithms
limited by sparsity of optical modules
for detection of photons

A ML interpolates photon path
and calculates hypothetical

KAGOa
modules
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\. .- = — Jdeal (Unmasked) Enhancing events in neutrino telescopes through
510! - e deep-learning-driven superresolution

Felix J. Yu ,1’2’* Nicholas Kamp ,2’T and Carlos A. Argiielles b2t

"The NSF Al Institute for Artificial Intelligence and Fundamental Interactions
2J_’)epartment of Physics and Laboratory for Particle Physics and Cosmology, Harvard University,
Cambridge, Massachusetts 02138, USA

® (Received 3 September 2024; accepted 6 January 2025; published 5 February 2025)

Recent discoveries by neutrino telescopes, such as the IceCube Neutrino Observatory, relied extensively
on machine learning (ML) tools to infer physical quantities from the raw photon hits detected. Neutrino
) telescope reconstruction algorithms are limited by the sparse sampling of photons by the optical modules
A due to the relatively large spacing (10-100 m) between them. In this Letter, we propose a novel technique
that learns photon transport through the detector medium through the use of deep-learning-driven
superresolution of data events. These “improved” events can then be reconstructed using traditional or ML
- techniques, resulting in improved resolution. Our strategy arranges additional “virtual” optical modules
oo within an existing detector geometry and trains a convolutional neural network to predict the hits on these
virtual optical modules. We show that this technique improves the angular reconstruction of muons in a
100 generic ice-based neutrino telescope. Our results readily extend to water-based neutrino telescopes and

102 103 104 10° other event morphologies.
True Neutrino Energy (GeV) DOIL: 10.1103/PhysRevD.111.L041301

Angular Resolution (°

FIG. 4. Log-scale angular resolution. The median lines are
drawn in solid color as a function of the true neutrino energy,

produced by a baseline SSCNN method. The 20 and 80 percen-
tiles are denoted by the dashed lines and shaded regions.

Neutrino reconstruction

PhysRevD.111.L.041301
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Particle Tracking
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Particle Tracking:

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

A Combinatorial Kalman Filter considers
all combinations of hits:

0 Excellent efficiency & purity

o CPU performance scales very badly with
iIncreasing # of hits

o0 Solutions for LHC (1k hits per event)
not applicable later (HLHC, FCC)

The Problem
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Connecting The Dots 2023

10 Oct 2023, 09:00 — 13 Oct 2023, 18:00 Europe/Zurich

Q@ Toulouse

Description - 8th |nternational Connecting The Dots Workshop

The Connecting The Dots workshop series brings together experts on track reconstruction and other problems involving pattern recognition in
sparsely sampled data. While the main focus will be on High Energy Physics (HEP) detectors, the Connecting The Dots workshop is intended to be
inclusive across other scientific disciplines wherever similar problems or solutions arise.

The 2023 edition will be hosted in Toulouse (France). It is the 8th in the series after: Berkeley 2015, Vienna 2016, Orsay 2017, Seattle 2018, Valencia
2019, virtual in 2020 and Princeton 2022.

The workshop is plenary sessions only, with a mix of invited talks and submitted contributions. There will also be a Poster session.
CTD 2023 is organised as an in-person conference and no remote presentation is foreseen. We expect all presenters to register.

The last day, Friday 13 October, is dedicated to a satellite mini-workshop on Real time Tracking : triggering events with tracks, see the dedicated
indico page. Registration to the mini-workshop are free and independent of the main CTD conference (and if you register to CTD, you are not
automatically registered to the mini-workshop).

Important dates

Abstract submission: 26 May - 36June 14 July 2023 (The call for abstracts is now closed)
Registration deadlines : Early-bird 1st September, otherwise 22 September 2023.

Fees

- Standard 350€

- Early Bird (up to 01/09/2023) 315€
- Students 220€

This fee covers local support, morning and afternoon coffee breaks, lunches, the welcome reception and workshop dinner.

Institut national T Université UNIVERSITE
de physique nucléaire , cle Toulouse TOULOUSE I

et de physique des particules PauL SABATIER

Particle Tracking: connecting the dots
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Particle Tracking: Nearest Neighbour Search
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Particle Tracking: Nearest Neighbour Search


https://erikbern.com/2015/10/01/nearest-neighbors-and-vector-models-part-2-how-to-search-in-high-dimensional-spaces.html

# | Particle Tracking: Graph Neural Networks

ATLEITKPRO022006
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A GNN converts collection of hits into a graph: nodes correspond to hits,
edges to probabillity that hits belong to same track


https://indico.cern.ch/event/1252748/timetable/?view=standard

“ 1 Particle Tracking: Recurrent Neural Networks

arXiv:2212.02348
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Figure 2. The predicted hit coordinates output by an RNN where the preceding three true hits 1 10 102

are used as input, are overlaid on the ACTS detector. Tracks are required to have at least 8 hits p. [GeV]
within the barrel. T

RNN

A Designed to handle sequential data

A Suited for tasks where the order and context of data points are crucial
A Represent a significant leap in our ability to model sequences in data
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Particle Tracking: Recurrent Neural Networks

arXiv:2212.02348
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Figure 2. The predicted hit coordinates output by an RNN where the preceding three true hits

are used as input, are overlaid on the ACTS detector. Tracks are required to have at least 8 hits

within the barrel.

Charged Particle Tracking with Machine Learning
on FPGAs

H. Abidi,* A. Boveia,’ V. Cavaliere,® D. Furletov,® A. Gekow,” C. W. Kalderon,® S.
Yoo

¢ Brookhaven National Laboratory

b Ohio State University

¢ William and Mary
E-mail: sabidi@bnl.gov, antonio.boveia@cern.ch, vcavaliere@bnl.gov,
denis.furletov@gmail.com, gekow.1@osu.edu, william.kalderon@cern.ch,
sjyoo@bnl.gov

ABSTRACT: The determination of charged particle trajectories (tracking) in collisions at
the CERN Large Hadron Collider (LHC) is one of the most important aspects for event
reconstruction at hadron colliders. This is especially true in the high conditions expected
during the future high-luminosity phase of the LHC (HL-LHC) where the number of in-
teractions per beam crossing will increase by a factor of five. Deep learning algorithms
have been successfully applied to this task for offline applications. However, their study
in hardware-based trigger applications has been limited . In this paper, we study different
algorithms for two different steps of tracking and show that such algorithms can be run on
field-programmable gate arrays (FPGAs).
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Classification

flavour-tagging & event classification
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Review of a decade [CMS]

= Enormous progress over the last few years:

The early days:
Human — inspired
high-level variables
+

Cut-based selection

Early Run 2:
Human — inspired
high-level variables
+

Simple ML

The “Game changer”:
Inputs: low-level info
[as particle sequences]
+

Advanced ML (CNN, RNN)

e.g., b-tagging

Pushing limits further:
Inputs: low-level info

[as unordered sets]
+

Graph Neural Nets

Runl Run 2 Run 3

. | »
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[Disclaimer: Focus on CMS results; similar methods developed by the other LHC experiments]
FCC Physics Workshop, Krakow 2023 24

Loukas Gouskos

Flavour Tagging: Convolutional/Recurrent NN
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Flavor tagging for Higgs factories

LCFIPlus performance plots

Jet flavor tagging is essentially important

for Higgs studies (including self coupllng) (:) T e o] 7
LCFIPIlus (published 2013) was long g 10, P I g 10
used for flavor tagging S ek
= All physics performance in ILD/SiD/CLIC 3 10 ﬂf 3 10—
are based on LCFIPlus = 1040,,,052}@5;:“06 1] = b
FCCee reported >10x better rejection b tagging ofciency i e?ﬂ?:.er?c? |

using ParticleNet (GNN) in 2022

— Delphes is used for simulation

We studied DNN-based flavor tag
with ILD full simulation to confirm it

— Using latest algorithm: Particle Transformer
(ParT)

ParticleNet@FCCee: b/c tagging
c-tagging

N

jet misid. probability
jet misid. probability

-3
107,

0.4 06 08 1
jet tagging efficiency

Taikan Suehara et al., 3" ECFA WS on Higgs/Top/Electroweak Factories, 9 Oct. 2024, page 2

0.4 0.6 038 1
jet tagging efficiency

credit x10 performance improvement in20 years

Flavour Tagging: Graphical Neural Networks

EPJ C 82 646 (2022)



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

arxiv:2411.06487
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Simulation
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Using DNN for tuning and reweighting simulated samples

CMS simulation Preliminary

(13 TeV)

— T | o ]
L POWHEG pp—tt + PYTHIA -
3 — NNLO (MiNNLO) |
— 408 —=' NLO (hvq) E
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©
D
= 10 3
105 ] E
I | | ! ] ] | ] L L l '__'_'__
200 400 600 800
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Q11 T E
Z —
~
S |
I J
E ’ — NNLO (MiNNLO)
o == NLO (hvq) ]
0.9 | RewsighedNNLO
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A One large sample of simulated data is produced with
detailed detector simulation (very CPU expensive) using a
given physics model (e.g. NLO)

A Additional, 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

A ML computes weights for each simulated event, applies
them on large simulated sample

A Update existing simulation using new theoretical progress
(or a systematic effect) fast & reliably

credit

Simulation: Deep Neural Networks



https://cds.cern.ch/record/2904938
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GAN: emulate interaction of particles with highanularity calorimeter

Weight
kernel Batch

F. X, Y,z normalization

Latent L A
vector ¢

AN

— | |9x9x8x8 8,6,6,8

e Resha e 9Ix36X72x72);". -
P€ Upsampling ~ Convi

E. | 6.6.6) /.
- Generator

Discrimi

3-5 are
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COWO'U“O" |

Ver N
Pooling :
O 3%y My " “'. 1': ‘/ "

Zero
padding

Generated
Image

.................................................................... | Oe

-------------------------------------------------------------------- » O

sum
€ ' OGAN
Average N

P

Flattening

Pz
£

nator

AdCl 1S¢é¢ SOSYyu ONSBI
compare with simulated event

A Discriminator tries to guess if event is
real or not

A Discriminator guessing correctly
pushes GAN to adjust generation
strategy (e.g. sampling of features) to
AYLINEPS GRSOSLIIAZ

A Repeat till discriminator can no longer

tell difference

Simulation: Generative Adversarial Networks

arXiv:2109.07388
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Can you guess which
of these Images

are synthetic and
which ones are real?
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Simulation: Generative Adversarial Networks
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|
GAN: emulate interaction of particles with highanularity calorimeter

Neutral pions with E_ = 97.72 GeV 6 = 62.16° E_=202.78 GeV and 6 = 91.12°
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Simulation: Generative Adversarial Networks

arXiv:2109.07388




25 Endto-end simulation of collision events
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Simulation: Normalizing Flows

arXiv:2402.13684




