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Summary

© © ©

I. Introduction I1. Hit tagging II1. Track fitting

Overview of such Task of tagging the hits Task of fitting the
experiment in SFGD trajectory points

£l

IV. Vertex activity V. Conclusion

Task of decomposing Key takeaways of the
the vertex activity projects

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com



mailto:m.mayeul.aubin@gmail.com

[. &
Introduction

Overview of such experiment
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&> LA Case study: SFGD

Composition E
Plastic scintillator cubes
with 3 axis optical fibres
¢
T2K Near Detector o &
upgrade : reduce
systematic uncertainties
in search for CP violation SFGD readout principle
. * 184x56x192 cubes
( ) [ J /- ! e 1x1x1 cm3
Mt Noguchi-Goro ¢ 56.384 read-out channels
Mt. |I|:§gg—;ama i SFGD overview

<+—4 L

Neutrino beam
> 295 km

T2K devices location
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&> B Simulated data
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) Simulated CCQE event display

Simulated CCDIS event display
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&> I.C Strategy for our ML tools

Track fitling

g B

Vertex activily

Simulated “particle bomb" event

AT
_All particles |

)
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IIL.&
Hit tageing

Identify the vertex hits with multiple
particles, separate noise hits

Y
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@ II.A Definition of the tags

Vertex activity hit Track hit Noise hit

Energy contribution to A non vertex activity hit A hit with no particle
the hit from two with a particle crossing crossing it

different primary it

particles + adjacent hits

. — .. . . 8
Mayeul Aubin @ Gpar— ETHzlrich: m.maveul.aubin@gmail.com Simulated CCDIS event display viewed from below
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@ IL.B Architecture chosen: Sparse CNN U-net
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Convolution on a dense Tensor Convolution on a sparse Tensor
Example of U-net

Very sparse data: Lots of memory and speed gains with sparse convolutions!
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@ [1.C Results of hit tagging

Definition of the relevant metrics

Precision Recall F1-score
How precise is the model in Does the model retrieves all Combination of precision
its predictions? true labels? and recall
Out of the predicted labels Out of true labels X, how Harmonic mean of
X, how many are true label many are also predicted as precision and recall
X label X
Precisi _ True Positivey Recall, = True Positivey 1y = 1
recistony = True Positivey + False Positivey Ay = True Positivey + False Negativey flx = 1 i

Precisiony 3 Recally
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[1.C Results of hit tagging

Comparison between a baseline cut, a decision tree and a Sparse CNN

Metric Precision Recall
Support

Model Fixed volume Decision tree Fixed volume Decision tree
Vertex Activity 0.35 0.39 0.63 0.54 0.56 0.67 1.65%
Tracks 0.83 0.89 0.89 0.89 34.5%

. 0.99 0.98

Noise 0.95 0.94 0.01 0.94 63.9%
Macro average 0.67 0.73 0.82 0.76 0.78 0.83 100%

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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@ [1.C Results of hit tagging

The model identifies the vertex activity hils

Mayeul Aubin @ Gpa— ETHzUrich:

Truth all

Y
Example of a simulated CCQE event

m.maveul.aubin@gmail.com
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@ I Hit tagging
Key takeaway

Metric Fi-score
Model Fixed volume Decision tree Sparse CNN
Macro average 0.71 0.75 0.83

Sparse CNN outperforms traditional methods in hit tagging
and identifies precisely the vertex activity
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Given the hits of a particle,
how Lo reconstruct its trajectory path ¢

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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IIRG,
Track fitting

Reconstruct the precise trajectory of
particles inside the detector

Original paper:
Artificial intelligence for improved fitting of trajectories of elementary particles in dense materials immersed in a magnetic field,
https://www.nature.com/articles/s42005-023-01239-4

Y
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(#) HIA Tracks inside SFGD

| i
I | |
What is the task ? || |
From the hits of a T -, _ |
particle, find back its e a Jr
precise trajectory. . A _|_|_ s
o

= Predict the closest - .

trajectory point of each ; Positron hit.s..

hit. |

Hits and track of a simulated positron

“Particle gun” dataset generated with Geanty

) Agnostic of Neutrino interaction simulation
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(#) HIA Tracks inside SFGD

Long and short tracks

Hits and track of a simulated muon

)
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Hits and track of a simulated proton
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@ II1.B Models and results

Transformers!

a[fluffy|blue|creature|roamed|the[verdant/ forest

Lol

-

E; ﬁ(s ﬁ? Eg

The attention mechanism explained: an accelerated extract from 3Blue1Brown

Youtube video

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com

Example of a pion track
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@ I11.B Models and results

Our model is twice better than a traditional Bayesian filter

Maodel
[ Bayesian filter

w Euclidian distance

Bayesian Filter | 2.04 mm | 256 mm | 5.69 mm

Number of hits

68% quantile, mean and 95% quantile of the distributions of
Euclidian distances between the true and predicted points for our
0.0 25 50 75 10.0 125 15.0 175 200 transformer model and a traditional Bayesian filter

Euclidian distance (mm}

Distributions of the Euclidian 3D distances between the true and
predicted points for our transformer model (blue) and a traditional

) Bayesian filter (orange)

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com 19
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@ I11.B Models and results

Slight improvement in the direction estimation

| w
o, ‘ Angular distance
| / Wrong
s Model direction
*8 ‘
L
L ]
'-:' Bayesian Filter 1.89° 5.56° 2.15%
. w |
»
L ] . ‘
° .l
. - Angular distance between the reconstructed and true direction
L] - | . . ) . )
. — from predicted trajectory points. Wrong direction corresponds to
] s S reconstructed direction with opposite sign
. * + Bayesian filter +  Pred track— 1 Mu+

Example of predicted points for a muon track

)
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@ I11.C¢ Apllication: Charge identification

Estimate direction and curvature

1. Consider a point

Direction estimation from predicted trajectory points

)

Mayeul Aubin @ Gpa— ETH ziirich:

m.maveul.aubin@gmail.com

1. Consider a point and the directions

Curvature estimation from estimated directions

21
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@ I11.C¢ Apllication: Charge identification

Slight improvement with the transformer model

Average accuracy of charge identification compared to projected trajectory length for all particles

Res u lts —8— From true trajectory points
~&- Transformer model traj points.

—#— Bayesian filter traj points

The accuracy depends
strongly on the trajectory
length

bt
@
&

o
@
-]

The maximum accuracy is
limited even with the true
trajectory points

0.65
B
TraJeCtory pOInts afﬁ/li:a n --
0.60

Fl-score 0.71 0.75 0.8

Average accuracy of the charge identification
o o
5
3 b

050

\X/elg hted fl—SCOre over al[ partiCLeS Of the test set o 100 200 300 400 500 600 700 800 900 1000 moo 1200 1300 %00 1500

Projected trajectory length (mm) in the plane orthogonal to the magnstic field

Charge identification accuracy from true trajectory points (green), transformer
) model predicted points (orange) and Bayesian filter points (blue) compared to the

trajectory length orthogonal to the magnetic field.

Mayeul Aubin @ dpa— ETHzirich: m.maveul.aubin@gmail.com 22
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~ @ 11l Track fitting
Key takeaway

Distance to true points

Model Bayesian filter | Transformer

o:=68% 2.04 mm 0.97 mm

Machine Learning models are twice more precise than a Bavesian filter for fitting
the trajectory of particles from their hits
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Given the vertex activity hits,
how lo reconstruct the particles involved ¢

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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1V.

Vertex activity

Find back the particles involved in the
vertex activity region

Original paper:
Deep-learning-based decomposition of overlapping-sparse images: application at the vertex of simulated neutrino interactions
https://www.nature.com/articles/s42005-024-01669-8

Y

25
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251 1V.A Context of the problem

Vertex activity region

Superposition of multiple
particles _—

= Difficulties to reconstruct
the energy

“Unbiased” dataset

Simulated CC Pi 0 event with a muon and two proton.
The vertex position is shown with a red dot

“Particle bomb” dataset generated with Geanly

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com <
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251 1V.A Context of the problem

Traditional approach

Approximation formula of ) 1

the reconstructed energy VisEreco[MeV] = — Cp E. al
based on the energy
deposition and proton
length.

: Ec:ah’

e Cp: Birks coefficient, equal to 0.0126 cm/MeV.

Doesn’'t account for e F_qi: represents a relation equal to ‘E’“’%";cl, where

number, kinetic energy and Elossip.c is the total deposited energy (in photo-

type of particles electrons), and ¢, is a calibration factor equal to
100 p.e./MeV.

e AX: approximate length of the longest proton, in
millimetres.

Energy reconstruction approximation formula

Mayeul Aubin @ Gpa— ETHziirich: m.maveul.aubin@gmail.com
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Differences with
current study

« Different simulation
environment

« Lower cross talk rate
* No neutrons (only protons)

« Lower energy range (0-60
MeV instead of 0-100 MeV)

Mayeul Aubin @ Gpa— ETHziirich: m.maveul.aubin@gmail.com

251 1V.A Context of the problem

Current study in progress

28
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IV.B Architecture chosen

[~ vertex activity region | region reco. vertex KH\I!\ region| aggregate
\ muon klnematlcs I

voxel values
verify [1.1(? (7)
decomposition =
(3)
—_—— T =

| H“(@; > Global -

2- TranSfOI‘mer DeCOder to features. (8)
(1) » Image 1 features. ——| generator

prOduce a Sequence Of ~ >;ani§1;1g](£nd‘iuun: false. -

pa rtICIeS » Image 2 features. —»w
> Ending condition: false.

> Image N features. #bw*
*» Ending condition: true.
e s R e

decomposing particle features GAN reconstructed
transformer (type and kinematics) generator images

input event

Transformers! \q\e*
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1. Transformer Encoder to B
analyse the event [ reconstructed )

J

00
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Decoder

3. GAN to compare the
prediction and refine it

I
|
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I
|
|
|
(

Pipeline for an example neutrino interaction

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com



mailto:m.mayeul.aubin@gmail.com

target kinematics

transformer pred.
50 random pred.
gradient-descent step

oS
(=]

KEpr()t.(m. [I\/IGV]

20 1

10 ¥ T T T 1
10 20 30 40 50 60
KE proton, [I\Iev]
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2551 1V.B Building the likelihood

Likelihood fit

Summing extremely fast simulations of
single-particles each one obtained with the
GAN:

+ Validate on beam test data
* Fully differentiable, so easy to maximise

* Propagate statistics-meaningful
systematics in a traditional manner

= Not possible without ML

30
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2551 IV.C Previous results

Energy resolution in the vertex activity region: ~8% belter than formula

Vertex activity energy resolution (RMS)

Number of Approximation
Transformer
protons formula

33% 27% 26%

22% 17% 13%
19% 1% 8%
21% 1% 9%

Energy resolution of the vertex activity region, depending on the number of protons of the event, for
the approximation, the transformer only and the transformer coupled with the GAN refinement,
tested on NEUT events.

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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2551 1V.C Previous results

Good vertex position and particles directions resolutions

[ N=24989)

e p=1.75, c=1.38

N = 388086 L

b

wm O N—24923
| .—'...m, p— p=1.86, o=1.44

N—24784

)_._hm , p=1.68, 0=1.27
N—25057

|H.: p=1.58, o=1.14

T

L3V

w
L

p/eventy e

density (arb. unit)

A
~
b2
S
.

[T N=25247

B ——————em 5 }—.—4--:0 . p=1.50, 0—1.04

0 5 10 15 20 25 30 00 25 50 75 100 125 150
particle length,,, [mm] 3D vertex dist. eco — trye [IMM)]

Angular resolution distribution depending on the
particle trajectory length

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com

Vertex resolution distribution depending on the
number of protons in the event
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- & [V Vertex activity
Key takeaway

Energy resolution
improvement by ~8%

Also precise resolution of the vertex position and particles directions.
The GAN helps improving the precision, especially for some hard outliers.
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Conclusion

Will Machine Learning help the data
analysis of SFG detector ?

Y

34
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Key take aways An “unbiased” strategy to reconstruct neutrino

)

Mayeul Aubin @ pa— ETHziirich:

interactions with Deep Learning

@—» Hit tageging — Sparse CNN models surpass _, F7score:

traditional methods 0.83 VS 0.75

e Point resolution:
@ > Track flttll’lg —» Transformers outperform — e

Bayesian filter

jé!% > Vertex actiVity __, Transformers + GAN outdo _, Energy resolution:

approximation formula 25% VS 32%

Machine Learning improves data analysis !

m.maveul.aubin@gmail.com
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Key

limitations

€}

L. Hit tagging _» Relies on the vertex reconstruction. Relies on
Neutrino interaction simulator (NEUT, ...)

g

> Track fitting —» Relies on the track segmentation. True points
unsufficient for charge identification.

£l

> Vertex actiVity —» Unknown real data distribution. Limited

improvement.

Data itself poses an upper bound to performances.

Mayeul Aubin @ {pp—

ETH:z(rich: mmaveul.aubin@gmail.com
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What'’s next?

Integrate the models in
03 the collaboration pipeline

Y

Test the three models on
real data

Y

02

Complete vertex activity
task on new dataset

o1

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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Thanks!

Do you have any questions?

Mayeul Aubin: m.mayeul.aubin@gmail.com

Saul Alonso-Monsalve: saul.alonso.monsalve@cern.ch

Davide Sgalaberna: davide.sgalaberna@cern.ch

\4

CREDITS: This presentation template was created by Slidesgo, and
includes icons by Flaticon, and infographics & images by Freepik

Please keep this slide for attribution
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Q Appendix ILA : Hit tagging dataset

Events generated Training set: Validation set: Test set:
with NEUT 135k events 32k events 50k events

Interaction CCQE CC p pi+ CC Multi pi 2p2h CC DIS NC elastic CC n pi+ CC n pi0 NC p pi0 Other

Fraction of
events

38.06% 13.51% 6.06% 5.97% 5.59% 5.38% 4.14% 3.91% 2.29% 15.1%

Main interaction types of the hit tagging dataset generated with NEUT sorted by decreasing fraction of events.

Mayeul Aubin @ Gpa— ETHziirich: m.maveul.aubin@gmail.com
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Q Appendix ILB : Hit tag decision tree

Tertes ditance <= 110756
i = (1458

samples = 7362700
vahue = (186985, 4695442, 2690873]
class = Single P

gni=043 gini=0.571 gmi=0418 gini=0.430
samples = 1955131 sampls = 2047631 samples = 5515069 samples = T34
wvale = [61472, 1083233, 1308426) vale = [181001, 820200, 1046340 valne =[5384, 3873131, 1634333 vale = [493209, 247050, 33143]
chiss = Nose class = Noize chss = Sngle P chiss = Vertex activity

Structure and values of the optimal decision tree for hit tagging with a maximum depth of 3, and with input features hit charge and distance to the

reconstructed vertex position. Purple represent noise tag, green track tag and orange vertex activity tag.

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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Q Appendix ILB : Optimal volume cut

10 Precision and Recall of reference classifier depending on the cut radius in cubes

—&— Precision
= Recall
—a— Flscore -y
——
e

— -

Cut radius (in cubes)

Evolution of precision, recall and fi-score for a fixed volume classifier with the cut on the distance to the vertex

41
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Appendix II.C : Performance vs hit charge

Performances depending on the hit charge and on the labels

Vertex activity hits single P hits Noise hits.
1w ~=- Efficiency
e
e
oz
3
E]
s
2 e
)
aien
—
Support
0 o
B
manen
_
2
¥ }
g
2
£
eacea
]
w 1w w0 10° -

e Ohage

Recall and precision (red, left y-axis) for true and predicted labels (rows) by tag (columns) depending on the hit
charge (x-axis), with hit charge distribution (blue, right y-axis)

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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QAppendiX [1.C : Performance vs vertex distance

Performances depending on the hit distance to the vertex and on the labels

Wertex activity hits Single P hits Noise hits

o Erfciency

s
o

True label

w
Distance to verte (mes) Distance o vertex i)

Predicted label

Lo o
w 1w w
Distance to veres (mas) Distanece t vertex g

Recall and precision (red, left y-axis) for true and predicted labels (rows) by tag (columns) depending on the
distance to the vertex (x-axis), with the distance to the vertex distribution (blue, right y-axis)

Mayeul Aubin @ Gpa— ETHzirich: m.maveul.aubin@gmail.com
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Q Appendix IILA : Track fitting dataset

Events generated Training set: Validation set: Test set:
with Geant4 235k particles 56k particles 56k particles

Interaction et e- gamma mu-+ mu- n o} pi+ pi-

Fraction of
events

12.5% 12.5% 12.5% 12.5% 12.5% 12.5% 12.5% 12.5% 12.5%

Fraction of hits 15.3% 15.2% 0.02% 17.1% 16.8% 0.07% 13.6% 11.0% 10.9%

Energy range 0-3.5 GeV 0-3.5 GeV 0-1.5 GeV 0-2.5 GeV 0-2.5 GeV 0-1.5 GeV 0-1.5 GeV 0-1.5 GeV 0-1.5 GeV

Particles used in the track fitting dataset

Mayeul Aubin @ Gpa— ETHziirich: m.maveul.aubin@gmail.com
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Appendix II1.C : All results

Primary tracks only All data
Best models
Mean 68% 95% Mean 68% 95%
Trajectory points offset only 1.21 mm 0.97 mm 3.15 mm 3.02 mm 2.38 mm 9.47 mm
Points 1.46 mm 1.50 mm 3.71 mm 3.14 mm 2.52 mm 9.62 mm
Trajectory points
and direction
Direction 0.192 rad 0.10 rad 0.98 rad 0.401 rad 0.23 rad 2.07 rad
Points 2.56 mm 2.04 mm 5.69 mm 7.10 mm 3.81 mm 14.62 mm
Bayesian Filter
Direction 0.147 rad 0.03 rad 0.81 rad 0.393 rad 0.18 rad 2.30 rad

Table of all best models. We have best models for primary tracks only, or for all data (include secondary tracks and
vertices), we have models predicting only the trajectory points, or also the trajectory directions

Mayeul Aubin @ pa— ETHziirich:

m.maveul.aubin@gmail.com
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