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Using transformers for
angular reconstruction
with lceCube

Luc Voorend




The lceCube observatory

e Neutrino detector at the South Pole

50 m lceTop— = — = =— - ——

Amundsen—Stt South

o < : rrl I 't d 201 O : Pole Station, Antarctica
O p e e I n IceCube Laboratory HHiHIEE qUTIONE, A National Science Foundation-

set 125 meters apart s
Data is collected here and P managed research facility.

sent by satellite to the data

warehouse at UW-Madison T
60 DOMs
on

« 5160 DOMs on 86 vertical strings 1450 ! “

e Single PMT DOMs |

Digital Optical

* Dense low-energy region called Module {DOM)
DeepCore

2450 m |
| N
A

» Surface array Icelop to veto cosmic
ray air showers

* |nstalling IceCube Upgrade this
winter with 7 additional strings
inside DeepCore
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Neutrino events

e DOMSs record waveforms and send them to
the surface

* |In-ice ‘quality’ check is done to check if a
neighboring DOM also recorded some charge | 5 128
» HLC: full waveform send to surface 3 3
» SLC: reduced waveform around peak send 3 °| . S
to surface NN E IR
- If one of the event triggers is met, the surface =~ gg‘;si',gggf%%g =i

lab combines all waveforms in a time window =« — w0
Into a event Time ()

 First reduction: waveform unfolded into a
pulse map
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Reconstructing neutrino track direction

* [raditional reconstruction algorithms
e Line-fit
* Likelihood optimization of time residuals (SplineMPE)
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 Machine learning reconstruction algorithms
 GraphNeT

e Transformers
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Qutput

Tr an Sf ormer Probabilities

* Designhed for machine translation

.
 Jakes a sequence as input Feed

Forward

* | earning based on the attention mechanism

Add & Norm

Add & Norm
== Multi-Head
. . Attention
 Highly parallelizable —
Nix TR - Add & Norm |

Masked

Multi-Head Multi-Head

Attention Attention

W U
Positio.nal " o B ,‘ Positional
Encoding Lt Encoding

Embedding Embedding

Inputs Qutputs

(shifted right)
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Transtormer

* Designhed for machine translation

 [akes a seguence as input

Attention is all you need
A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017 - proceedings.neurips.cc

Qutput
Probabilities

... o attend to all positions in the decoder up to and including that position. We need to prevent
ed dot-product attention by masking out (setting to —=) ...

... We implement this ins
77 Opslaan 99 Citeren

* | earning based on the attention mechanism

» Highly parallelizable
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17/11/2025

ide of scz
Geciteerd door 203920

Add & Norm
Feed
Forward

Add & Norm

Multi-Head
Attention

Fositional
Encoding e &

Input
Embedding

Inputs

N x

erwante artikelen Alle 70 versies 29

Feed
Forward

Add & Norm

Multi-Head
Attention

Add & Norm

Masked
Multi-Head
Attention

N x

Positional
& e Encoding

Output
Embedding

Outputs
(shifted right)



Qutput

Tr an Sf ormer Probabilities

* Designhed for machine translation

.
 Jakes a sequence as input Feed

Forward

* | earning based on the attention mechanism

Add & Norm

' Add & Norm |
== Multi-Head
ce -
. . Attention
» Highly parallelizable —
_Add & Norm _
Nix TR Add & Norm
Masked
Multi-Head Multi-Head
Attention Attention
R U
Positional A‘ Positional
| o ,‘ ositiona
Encoding ‘v & ‘v Encoding
Embedding Embedding
Inputs Qutputs

(shifted right)
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Transtormer

* Designhed for machine translation

 [akes a seguence as input

* | earning based on the attention mechanism

Add & Norm
Feed
Forward

Add & Norm

Multi-Head
Attention

» Highly parallelizable

N x

* Only interested in the encoder

Fositional
Encoding

Qg:
Input

INnputs
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Transtormer

Prediction

Aggregation

Add & Norm
Feed
Forward

Add & Norm

Multi-Head
Attention

* Designhed for machine translation

 [akes a seguence as input

* | earning based on the attention mechanism

» Highly parallelizable

N x

* Only interested in the encoder

Fositional

* Add aggregation and regression layer Encoding

Qg:
Input

INnputs
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PMT-fication

* [raining on ~4 million simulated neutrino events with energy between
100 GeV and 100 PeV

* Problem: highest energy events can have over 100k pulses

 Way too long sequence to be computationally feasible for a
transformer
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PMT-fication

* [raining on ~4 million simulated neutrino events with energy between
100 GeV and 100 PeV

* Problem: highest energy events can have over 100k pulses

 Way too long sequence to be computationally feasible for a
transformer

e Solution: PMT-fication

 Summarize pulses per PMT (DOM) using summary features
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PMT-fication
* Using 32 summary features per PMT

* Reducing input to sequences of at most length 5160

PMT.=(x,y,z,x _rel,y_rel, z_rel, t1, g1, hlc1, ..., t5, 95, hlcb5, Q25, Q75, Qtot, 110, 150, Tstd, rde, sat, ...)

Dom position (6) First 5 pulses (715) Quantiles (6) Quality flags (5)
.. 0.02 —
Photons hit DOM % 001 : TT"’%
0 50%
0.00 - |
E S Q25ns
B
@ 50 | PLOT wn Q5
= 7/ :
O
Figure credit: 0 T ¥ | T T T T r
Thorsten Gliisenkamp 0 25 50 75 100 125 150 175 200
Time relative to reference [ns]

|
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PMT-fication

* Using 32 summary features per PMT

* Reducing input to sequences of at most length 5160

PMT.=(x,y,z,x _rel,y_rel, z_rel, t1, q1, hlc1, ..., t5, 95, hlcd, Q25, Q75, Qtot, 110, 150, Tstd, rde, sat, ...)

Dom position (6) First 5 pulses (15) Quantiles (6) Quality flags (5)
> 0.02
Photons hit DOM | £

o ©
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Figure credit: 0 T 1 |

Thorsten Gliisenkamp 0 25 50 75 100 125 150 175 200
Time relative to reference [ns]
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Training

* Most training done on single NVIDIA GeForce RTX3090 GPU

* Trained small scale models for development
* Limited model size and training set size

 Up to 2 days of training time

e Large scale final model
e 27.0 million trainable parameters
* 3.9 million training events
* ~3 weeks of training

 |nference at ~1000 events/s
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A selection of results

Effectiveness of PMT-fication as a reduction method:

* Opening angle of pulse models
explode for events with more
than 256 pulses

 Reconstruction of PMT-fied
model keep improving for high-
pulse events

e No “loss of iInformation” for
low-pulse events
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* Transformer not outperforming SplineMPE for through-going tracks

Comparing performance to SplineMPE:

A selection of results
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* Jransformer does improve for starting tracks with track length < 700m
e ~71% of all starting tracks
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A selection of results

108

Performance ratio (through-going tracks)

107 +

Energy (GeV)

102

0.98

(733)

0.94

(680)

Detector contained track Length (m)

(N) = Number of events in the bin
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1.66 241 2.76

(789) (758) (850)

1.53 1.96 2.83

(792) (723) (832) (1008)

1.27 1.71 2.04 2.82

(5894) (6467) (7863) (10599)  (11578)

1.02 1.26 1.51 1.75 1.99 2.29

(8923)  (10545)  (14088)  (20509)  (21051) (3137)

1.14 1.32 1.39 1.45 1.56 1.61

(5150) (6791) (9124) (13131)  (13505) (2203)

1.10 1.21 1.25 1.27 1.33 1.30
(3924) (5414) (6845) (9146) (9912) (1680)
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108

107

10°

10°

10°

102

Performance ratio =

Median opening angle transformer

Median opening angle SplineMPE

Performance ratio (starting tracks)

1.32 2.12 3.18

(131) (92) (65)

1.46 2.02 2.92

(126) (101) (75)

0.97 sl 2.34

(1542) (1260) (884)

0.72 1.07 1.46 1.76 2.33

(3323) (2798) (1950) (709) (98)
0.62 0.83 1.01 1.17 1.29 1.27
""" (3475) (3031) (2093) (619) (58)
0.98 1.06 1.18 1.20 1.26 1.36
(7714) (10939)  (10456) (7390) (2529) (290)

200 400 600 800 1000 1200 1400

Detector contained track Length (m)

Spline MPE
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Interesting findings
* High-energy neutrino events can be made suitable for transformers
* The transformer can reconstruct events fast

* The transformer can learn detector/event geometries without
explicitly defining these

* The transformer generalizes better in ranges where assumptions of
statistical models break

* More training = Better performance

* Unpublished results show a transformer architecture matching/outperforming
SplineMPE for all track types for all energies”

*using normalizing flows for likelihood free posterior prediction
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