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Neutrino telescopes

Big arrays of photo-sensors placed in large volumes of water or ice
1) Neutrino interactions are very rare — Needs to maximize sensitivity
2) Detect Cherenkov radiation from outgoing charged particles

3) Sensitivity to oscillation parameters and squared mass differences
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Reconstruction in neutrino telescopes

Likelihood-fit based methods
1) Define hypothesis of what’s observed
2) Maximize the likelihood given the hypothesis

d h
c(xlo) = [ | Aihle) - (]‘[ pi(r,-w))
i=1 j=1

Dependence on photons (h) and Optical Modules (d)
Main problem: complexity of neutrino interactions

. Track-like event representation i

Track-like reconstruction

* Fit to Cherenkov propagation

* Continuous energy loss

* Good directionality

* Problem: stochastic energy losses and containment

Cascade-like reconstruction

* Calorimeter approach

* Better energy measurement and event containment
* Problem: bias from invisible energy
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ApsTrRACT. Neutrino telescopes are large-scale detectors designed to observe Cherenkov radiation
produced from neutrino interactions in water or ice. They exist to identify extraterrestrial neutrino
sources and to probe fundamental questions pertaining to the elusive neutrino itself. A central
challenge common across neutrino telescopes is to solve a series of inverse problems known as event
reconstruction, which seeks to resolve properties of the incident neutrino, based on the detected
Cherenkov light. In recent times, significant efforts have been made in adapting advances from
deep learning research to event reconstruction, as such techniques provide several benefits over
traditional methods. While a large degree of similarity in reconstruction needs and low-level data
exists, cross-experimental collaboration has been hindered by a lack of diverse open-source datasets
for comparing methods.

https://iopscience.iop.org/article/10.1088/1748-0221/21/05/T05001

What did we want to achieve?

We would like to write a paper that compares deep learning
based reconstruction and classification algorithms on a
series of physics tasks that are of general interest to the
community (@GraphNeT workshop)

What is needed?

1) Neutrino telescope simulation: PROMETHEUS
2) Deep Learning models

3) Common software: GraphNeT

4) Benchmarking and discussion

NuBench team: Rasmus, Stephan, Jeffrey, Jorge, Aske,
Phillip, Arturo and myself


https://indico.ph.tum.de/event/7589/sessions/1637/
https://arxiv.org/abs/2304.14526
https://github.com/graphnet-team/graphnet
https://iopscience.iop.org/article/10.1088/1748-0221/21/05/T05001

NuBench datasets

7 datasets generated with PROMETHEUS corresponding to ~130M neutrino events
Inspiration taken from 6 real neutrino telescopes: different sparsity and size

Energies ranked from 10 GeV to 100 TeV
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Figure 3. Top-down view of the 6 different detector geometries: Flower S,Flower L,Flower XL,Triangle,
Cluster, and Hexagon. Approximate length scales are annotated for comparison.

Table 1. Overview of datasets processed for this work. A total of over 129.7 million events were distributed
across 7 datasets with geometries similar to existing or proposed neutrino telescopes. Datasets marked with *
are simulated in ice, whereas the remainder is simulated in water.

Dataset Events Inspiration v$¢/v}C  Strings/DOMs Energy Range

(millions) (%) (GeV)
Triangle 23.1 P-ONE 35/65 3/60 10-10°
Cluster 229 GVD 49/51 8/288 10-10°
Flower S 20.5 ORCA 40/60 150/3300 10-10°
Flower L 24.0 ARCA 35/65 115/2070 10-10°
Flower XL 10.1 TRIDENT 88/12 1211724220 10-10°
Hexagon 20.5 IceCube 48/52 86/5160 10-10°
Hexagon Ice LE* 8.6 IceCube 57/43 86/5160 10-103
Total: 129.7



https://arxiv.org/abs/2304.14526

NuBench datasets

7 datasets generated with PROMETHEUS corresponding to ~130M neutrino events
Inspiration taken from 6 real neutrino telescopes: different sparsity and size

Energies ranked from 10 GeV to 100 TeV
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Figure 7. Distributions of neutrino energy, zenith, visible inelasticity, and interaction vertex in the seven
NuBench datasets. Note that Hexagon Ice LE is omitted from the visible inelasticity disiribution as that

dataset does not cover the full numerical range.
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Figure 6. Quantification of pulse-level information in the test set of each dataset in table 1. Left: distribution
of pulse arrival time. Middle: distribution of pulse charge. Right: the cumulative percentage of events with
respect to the number of signal pulses.

Use low-level information, i.e. individual pulses with
position, time and charge information, to reconstruct
neutrino  energies, direction, interaction  vertices,
inelasticy and event topology (track or cascade).



https://arxiv.org/abs/2304.14526

Simulation and detector response

Datasets generated using open software PROMETHEUS Detector response
From neutrinos and their interactions to light propagation * Individual photon arrival times are linearly shifted into a
and detector response trigger window of at least 5 ps around the mean arrival

time
* Noise is artificially injected around the trigger window
* Pulse: photon-noise merging based on TTS
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Considerations:
1) No directional information from multi-PMTs OMs

G n 2) Effective OMs with increased photo-detection rate
3) Ice/Water propagation: different OMs angular acceptance
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https://arxiv.org/abs/2304.14526

Deep Learning Models

4 different deep learning models considered: ParticleNeT, DynEdge, GRIT and Deeplce

2 GNNs, 1 transformer and 1 hybrid GNN-transformer
From 300k up to 114M parameters
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https://arxiv.org/abs/1902.08570
https://arxiv.org/abs/2209.03042
https://arxiv.org/abs/2305.17589
https://arxiv.org/abs/2310.15674

Results

o

Our goals and questions (we wanted to compare apples to apples)
1) Is there any model that performs better across all tasks?

2) Is there any model that performs better across all detectors?

3) What is the best DL architecture? GNNs or transformers?

* GraphNeT

Deep Learning for Neutrino Telescopes

)
(@)
O
(o]

Benchmarking strategy

. . . Usage Development
* Inject the different DL models into GraphNeT E—
* Define the telescope geometries
* Use GraphNeT for training and evaluation
R
Why GraphNeT? 2 e comace 1SN

Open software for deep learning in neutrino telescopes
Several models already available

. : L GraphNeT is an open-source Python framework aimed at providing high quality, user friendly, end-to-end
Inputs deteCtor geometrY’ dataset’ lnpl’It and mOdel deﬁnltlon functionality to perform reconstruction tasks at neutrino telescopes using deep learning (DL). GraphNeT makes

it fast and easy to train complex models that can provide event reconstruction with state-of-the-art
performance, for arbitrary detector configurations, with inference times that are orders of magnitude faster
than traditional reconstruction techniques.

%’ About
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https://github.com/graphnet-team/graphnet

Energy reconstruction

Why is it useful to reconstruct the energy?
1) Characterization of cosmic rays and neutrino fluxes.
2) Measurement of neutrino oscillations.

Benchmarking metric: energy resolution (true vs reco)

Findings:
1) Better resolution for CC-interactions
2) More spreading of NC-interactions

Difficulties: non-visible energy from non-charged
particles in NC-interactions, lack of resolution at low
energies, saturation at high energy:.
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Direction reconstruction
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Why is it useful to reconstruct the direction?
1) Astrophysical searches.
2) Measurement of neutrino oscillations.
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Benchmarking metrics: opening angle
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Vertex reconstruction

Why is it useful to reconstruct the interaction vertex?
1) Event containment.
2) Improvement of neutrino selection.

Benchmarking metrics: euclidean distance
Findings:
1) Better precision is small and less sparse telescopes

2) Similar performance for CC and NC interactions

Difficulties: low energies
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Inelasticity reconstruction
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Findings:
1) Different behaviour below and above 100 GeV
2) Models minimize globally across all energies

Triangle

Difficulties: extremely difficult below 100 GeV, spatial
separation from the leptonic and hadronic components
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Track cascade classification

Why is it useful to classify events?
Tracks: good directionality — astrophysical searches
Cascades: better energy reconstruction and containment

Benchmarking metrics: ROC curve
Findings:
1) Improved separation with increasing energies

2) Better separation at low energies for dense telescopes

Difficulties: high dependence on energy range (event
grouping)
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Conclusions

NuBench questions and answers

e Is there a gold model? Not at all. All models are good and competitive

e Is there a model that performs better for a given task? Not really. Only Deeplce excels in direction
reconstruction but it has a high computational cost in training

* GNN or transformers? Both show competitive results. Transformers suffer from the sequence length size
and the dot-product attention focuses more on local relationships, as opposite to GNNs

NuBench message

* Great benchmarking strategy across 6 different geometries with 4 different models
* Collaboration team from different experiments
* Not intended to be a realistic neutrino interaction simulation, but to compare apples to apple

Have a look for yourself! https://iopscience.iop.org/article/10.1088/1748-0221/21/05/T05001
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https://iopscience.iop.org/article/10.1088/1748-0221/21/05/T05001

Thank you for your attention!
Many thanks to NuBench team and
collaborators
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Noise injection

Detector response

Individual photon arrival times are linearly shifted into a
trigger window of at least 5 ps around the mean arrival

time

Noise is artificially injected around the trigger window

Pulse: photon-noise merging based on TTS
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Considerations:

1) No directional information from multi-PMTs OMs
2) Effective OMs with increased photo-detection rate
3) Ice/Water propagation: different OMs angular acceptance

The expected total number of noise pulses in the event is
calculated via

ROM * Iwindow
Nmtal — 106 . NOMS

where
* Rom= Npmt X Ryoise — Noise rate per OM

twindow = 5'-15
Nt OMs positions are randomly sampled for injecting the
noise pulses.

The noise arrival times are sampled from a uniform
distribution from Ons to tmax

I window if max(t) < T'window
Imax = .
max(7) otherwise
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