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From Big to Huge

Super Hyper

: Kamiokande
Kamiokande
71m
40 m
40m  68m
1996 - today (and beyond) 2028 - (and beyond)
ID PMTs ~11k ~20k
Inner Volume / Fiducial Mass 32 kton / 22.5 kton 217 kton / 188 kton
Photo Coverage 40% 20% (x2 efficiency)

Neutrino Physics and Machine Learning 2025 | ILANCE / Laboratoire Leprince-Ringuet | Erwan Le Blévec






Detection Principle

Cherenkov light

Neutrino
Charged

particle
in water

wwee sewew
0000OGOGOO

[

-
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Detection Principle

Cherenkov light

Neutrino

—J
Charged

particle
in water

Photosensors ™ ._0'_._..:‘
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Detection Principle

Cherenkov light

Neutrino
= L
=
Charged '
particle *e
in water H4
Photosensors

One PMT Features

« Geometry » « Event »
< Position < Charge
*»» Orientation * Time
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Reconstruction Algorithms & Their Evolutions

1983 -1998
. 1996 - ~ m 2028 - ~
Kamiokande E=x) Super Kamiokande Hyper Kamiokande

(Low trigger rate / day) l l

. Maximum
Fit by hand i
y Likelihood - based Maximum L. ?
Fit Deep Neural Networks ?
Other..?
One fit per

« candidate » ring

APFit :1997 ~ now
fiTQun : 2012 ~ now
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Designing
Neural
Networks

14



Deep Neural Networks For Reco. In HK : Main Architectures

Convolutional
Neural Networks

q
‘_,1, L'.“ 1] w t

i

II]III {.'J -I-i'rﬂll. L .f','i F =
N 1 |_||||J / E [ 1
AN < |
(CNNS) |[|,||{|l]r .j [IJI] :lr? 1 : : i
WY "r' L:I'-Lllllj | ;//
1 '|’-" [ 4 ﬁ""\ - >
& 1x1 pixel convolution over | [V & features
the mPMT channels e b &
image
depth
0] n

o ¢ 0 ‘ ]
Graph . 2 )
Neural Networks | oo m)

£

(GNNs) J ’

\ Y J meuT

tion as 1D
# Of vector)
convolutional
Christine Quach, LLR layers

] repeat

|'|| ﬂ;i;‘f.-‘/{z’{/
{1|'f.l'|’f1’f.!f/

3. Fully connected l'
neural network

OUTPUT

l NEURONS NEURONSJ

|
# of

hidden
layers

Neutrino Physics and Machine Learning 2025 | ILANCE / Laboratoire Leprince-Ringuet | Erwan Le Blévec



Convolutional Neural Networks for Hyper-K

2. Convolutions & down-samples

1. Convolution over mPMTs

Convolutional & repeat v
Neural Networks £ ”

o 3. Fu
(CN NS) ED connect»;d

'g layer

Ple*)| /|P(r)

Initial convolution over
the mPMT channels

&

features

re--——r-
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Recipe to Make a Graph

Step 1 :
Point Cloud

Point Cloud for free !

One Hit PMT = One Node

PMT \ |
1

~|
\
)
\ & /
- a
PN
/
\
|
4
AN /]

PMT PI\3/IT
2

* Hit coordinates

» Charge (Q)
* Hittime (1)

C

(x,y, 2)
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Recipe to Make a Graph

Step 2 :

Metric Space for edges :
Edges : =
g High Freedom A

»  Physical proximity ? — W L]
> .7 . Q[ L

L[ T T ]

I(T>||
.

| Ibl
| QI |
| IQ
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Recipe to Make a Graph

Step 2 :

Edges

C_ Link spatially

L close -

Metric Space for edges :

High Freedom

Link all
»  Physical proximity ?
» Time?
»  Charge ?

L I ]

=

LT T 1 ]

LT T
LT

|
L[ 1T |

3
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Recipe to Make a Graph

Link all

Tackle many challenges

Rings segmentation, Noise
filtering L]
- Node-level tasks -

Rings counting, kinematics
reconstruction
= Graph-level tasks

Link spatially
close

Metric Space for edges :

High Freedom
»  Physical proximity ?
» Time?
»  Charge ?
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Graph Neural Networks for Hyper-K

0O

=0.511 MeV/c?
-1

v

= - Direction
~—~— «Energy

o0 o mEp

* Vertex

{36006600D

|

Graph Layers

Process data using G = (v, §) {g 22’5555 Make the prediction

graph convolution l from the readout

Rn
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Graph Neural Networks for Hyper-K

0O

=0.511 MeV/c?
—1

v

= - Direction
~—~— «Energy

o0 o |-

’/
,. “‘0
VL L L L)L) L)

* Vertex

{36006600D

|

Graph Layers

Process data using G = 8 {g ;g’;;;; Make the prediction

graph convolution l from the readout

Rn
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Graph Neural Networks for Hyper-K

0O

=0.511 MeV/c?
-1

v

= - Direction
~—~— «Energy

= o0 o g -

* Vertex

{36006600D

|

Graph Layers

Process data using G = (V, 8 {g ﬁ??ﬁj Make the prediction

graph convolution l from the readout

Rn
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Training GNNSs for Hyper K : Pipeline

* Supervised setting

H@ Cﬁ OHOE « Downstream task

~105.66 MeV/c? i N

@

muon [4] .
N .

.\: Re { 50 _‘_.‘ § E > f /. Direction >. ReconStrUCtEd
> c/( / - | © . Energy data

[3] : GNN k J - * Vertex
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Training GNNSs for Hyper K : Pipeline

[1] : Point Cloud

[2] : Graph

~105.66 MeV/c?

' T o p > [4]:
S TS S O Lok aaecton Reconstructed
g * Energy
3]: : : s
[38]: | | . Vertex data
GNN
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Challenges
for
Graph-level
Tasks

26



What Could Go Wrong ?

Metric space : Long slls

: Many nodes
spatial proximity dependenues y

» Limits the number of edges / PMT

s00] 0 Min 0 | Max : 3620
.= ~4k nodes / event;
1 for e- [100 - 130_"]3{/1 2l

Plot : 500 MeV e-

Y

0 500 1000 1500 2000
Number of hits

2500 3000 3500

Neutrino Physics and Machine Learning 2025 | ILANCE / Laboratoire Leprince-Ringuet | Erwan Le Blévec




What Could Go Wrong ?

Long range ~4k nodes / event

: Many n
Metric space : dependenmes any odes for e- [100 — 1300] MeV
spatial proximity

(Harder to train)
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What Could Go Wrong ?

Long range ~4k nodes / event
. : Many nodes
Metric space : dependencies for e- [100 — 1300] MeV

spatial proximity /

Over squashing

Info. not/propagating

(Harder to train)
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What Could Go Wrong ?

Long range ~4k nodes / event
. : Many nodes
Metric space : dependencies for e- [100 — 1300] MeV

spatial proximity /

Over squashing

Loss of discriminative

' power
(Harder to train)

Over smoothing
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What Could Go Wrong ?

Long range ~4k nodes / event
. : Many nodes
Metric space : dependencies for e- [100 — 1300] MeV

spatial proximity /

Over squashing

propagating

Increase Node

Embedding
Loss of discriminative Usually ~ 50-100
(Harder to train) power features / node

Over smoothing
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What Could Go Wrong ?

Long range ~4k nodes / event
. g g. Many nodes
Metric space : dependencies

spatial proximity / Graoh-level task
rapn-ievei tas

Over squashing

fore- [100 — 1300] MeV

4
propesEne To 0(10/2)

Increase Node %

Embedding 1

Loss of discriminative Usually ~ 50-100 <

(Harder to train) power features / node g'“
Over smoothing |

N

Neutrino Physics and Machine Learning 2025 | ILANCE / Laboratoire Leprince-Ringuet | Erwan Le Blévec

Readout Bottleneck

4k * 50 = O(10/5)




Reconstruction Tasks to Monitor Challenges

E? = m%c* + cz(p,% + pﬁ + pg)

Integrated over all the dimensions
— Don’t rely much on the event topology
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Reconstruction Tasks to Monitor Challenges

E? = m%c* + cz(p,% + pﬁ + pg)

Integrated over all the dimensions
— Don’t rely much on the event topology

~ Pernode-charge sum

Long range Readout
depéndencies Bottleneck
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Reconstruction Tasks to Monitor Challenges

E? = m%c* + cz(p,% + p, + pg) x, v, z}

Integrated over all the dimensions ~ Highly rely on the event topology

— Don’t rely much on the event topology

Ring position & shape in

~ Pernode-charge sum the detector
Long range Readout
depéndencies Bottleneck
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Reconstruction Tasks to Monitor Challenges

E? = m%c* + cz(p,% + p, + pg) x, v, z}

Integrated over all the dimensions ~ Highly rely on the event topology

— Don’t rely much on the event topology

Ring position & shape in

~ Pernode-charge sum the detector
Long range Readout Long range Readout
depéndencies Bottleneck dependencies Bottleneck

Neutrino Physics and Machine Learning 2025 | ILANCE / Laboratoire Leprince-Ringuet | Erwan Le Blévec



38

10N

Reconstruct
Status



Energy Reconstruction

Graph Convolutional
WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [_5&-1)3283/([:?“\/]] | Tr100k, V20k Te60k ;
R Network

pr— 3 -

4 Energy Resolution for e- event (GCN)
E —o— GCN h3

¥ 40- € fitQun
~~

O

E 351 | hl

e ha
1 301
k5

= 297 h2

g L
b 20 h5
Q)
é 151

=

Q 101
o]

e
% - | & Over smoothing

&

e 0 200 400 600 800 1000 1200 Same

True Energy (MeV) weights
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Energy Reconstruction

N
o

w
(€)

N
o1

Resolution (%) [(pred - true )/true]

‘WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ;
[CUT Dwall > 200cm Nhits > 400cm]

Energy Resolution for e- event

w
o

N
o

—_
6]

—_
o

6]

V'S
v

200 400 600 800 1000 1200

True Energy (MeV)

Graph Attention neTwork

(GAT)

h3
_( hl w23

w21 h4
w24
h2
L w25
h5

w22

Sarre

- Different weights,
computed using an attention
mecanism
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Energy Reconstruction

WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ;
[CUT Dwall > 200cm Nhits > 400cm]

D i Energy Resolution for e- event (/' %
E —o— GCN LaSt
- GAT \
- 0 —e— Readout-GAT layer
) € fitQun
2 Graph Layers
=]
1 301
= Q
® s A

Q =@
2.|20- / @ —O
-~ @z a —O —>
s o
o v N
,.8 10- Ny

O

2 » Increased last representation
e ° 200 400 600 800 1000 1200 before readout

True Energy (MeV)
X_final = MLP(X_last)
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Energy Reconstruction

WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ;
[CUT Dwall > 200cm Nhits > 400cm]

Energy Resolution for e- event

O 45 L
E —e— GCN - -
£ 40 GAT |
— —e— Readout-GAT |
(D) —e— MM-EXP-GAT L
E35 ¢ fitQun
5 Or
1 301 — L
= L |
D )5 B — _
2 B — L
e ye:
~ — o
S 151 B B
-
@ 10
05
% 51 W GAT + Virtual Nodes connected
/)]
0 | | | | | | | to all nodes
m 200 400 600 800 1000 1200
True Energy (MeV) as memory modules
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Energy and Vertex Reconstruction

WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ; ‘WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k

[CUT Dwall > 200cm Nhits > 400cm]

2 10 Energy Resolution for e- event 5 100 Vertex Resolution for e- event

E —e— GCN — —¢— GCN

L~ GAT - GAT

’\\ 25 GCN T —8— Readout-GAT g 350 GCN —e— Readout-GAT

Q —o— MM-EXP-GAT E —o— MM-EXP-GAT

E € fitQun @ 300 X fitQun

o =3

1 20+ =

= " 250

<D =]

- (=)

Q151 = 200

-~ ~

—_ =

X © 1501

< 10 -~

= o

g ® 100

5 ° 2 5l

=] P ———o—— o o

7

@ O T T T T T T é O T T T T T T

o' 200 400 600 800 1000 1200 200 400 600 800 1000 1200
True Energy (MeV) True Energy (MeV)

» Improvements with GCN - GAT > Improvements with GCN = GAT

> Improvements with GAT + UpSampling » No improvements with GAT + UpSampling

> No improvments with Virtual Node » Huge improvement with Virtual Node
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Final States & Prospects

« Reconstruction status

- Achieves better/equal performances to fiTQun at single ring reco. tasks

m Still room for improvement

- Excellent improvement in computational time

CPU time / lringe/p 1 ring Energy & vertex
event PID e/mo PID reco.
fiTQun 30s 50s Simulatenous to PII§
CAVERNS 0.09s 0.07s 0.05s
« Prospects

~ 2 order of
magnitude faster

- Multi rings fitting : To be started soon
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Main limitations of current algorithms

Super-Kamiokande IV

Run 999999 Sub 2 Event 7

e Multi rings events e o e, 0
(mainly from very energetic neutrinos) S e
C}:arge(pe) Q
Q dwall cut e e
el et A
Dwall \Q;,% 0.2 0.7
} Y [ ] [ ]
s, * Fiducial Volume
Towa)/ | Limited performances close to the edges
e => Limited statistics
Dwall 1 g s 500 1000 1500 2000
: 2 Times (ns)
>Z Fiducial V. cuts m T2K (cm) * ComPUtatlonal Time
Fiducial volume Dwall > 80
S— . > 170 / event in Super K

M. Jiang D. Thesis,  T2K, TN465 v1.1, ~1:30 minute /event in Hyper K
Atmospheric v, 2019 2024 (for e-)
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Deep Neural Networks For Reco. In HK : Main architectures

[ oﬁ Pigd

Graph . i D
Neural Networks

[ N
; o
(GNN) ‘ / )

J 0.2
OUTPUT

\ NEURONS’

# of
convolutional
Christine Quach, LLR Iayers
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Graph Convolutional Networks

= Ty forallv € V.

Node v's ... Is just node v's
initial original features.
embedding.

and fork =1,2,... upto K:

> Al
weN(v)
— . = . forallv e V.

: N ()]

Node v's Mean of v's Node v's

embedding at neighbour's embedding at

step k. embeddings at stepk — 1.
stepk — 1.

Color Codes:

Embedding of node v.
B Embedding of a neighbour of node v.

(Potentially) Learnable parameters.

https://openreview.net/forum?id=SJU4ayYgl
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Graph Attention neTwork

= T8y forallv € V.

One convolution step

Node v's ... Is just node v's

initial original features.

(single head) s

andfork =1,2,...upto K:

k—1 k—1 k—1
= . E C\{iu )hgx ) alx C\égv ) forallv e V.
ueN (v)
Node v's Weighted mean of v Node v's
. . embedding at 's neighbour's embedding at
MUItI head Attentlon Case step k. embeddings at step stepk — 1.
k—1.
where the attention weights al®) are generated by an attention mechanism , normalized such that the sum over all neighbours of each node v is 1:

CI- (o, ha”) _
concat/avg /~, Qo - ) forall (v,u) € E.
-~> h!l Z ( y Py )
weN (v)

Color Codes:

Embedding of node v.
B Embedding of a neighbour of node v.

(Potentially) Learnable parameters.

https://openreview.net/forum?id=rJXMpikCZ
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Performance Comparison | PID - ROC Curves

1. Roc Curves 2. Energy 3. Dwall 4. N digi hits

Efficiency : Rec. Positive True Positive  / Total true positive = ——>  (capacity to find the true class)
Acceptance : Rec. Positive True Negative / Total true negative
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Performance Comparison | PID - ROC Curves

Efficiency
Acceptance : Rec. Positive True Negative / Total true negative

Electron efficiency

0.96 1

0.95

1. Roc Curves 2. Energy 3. Dwall 4. N digi hits

: Rec. Positive True Positive  / Total true positive =~ ——>  (capacity to find the true class)

e
©
©

0.981

0.97 1

o T e N e

Electron
& Muon

= GAT, AUC :1.00
fiTQun, AUC: 0.999
--- 99.5% signal efficiency
----- 0.5% background acceptance

0.001

001 01 1

Muon acceptance
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Performance Comparison | PID - ROC Curves

1. Roc Curves 2. Energy 3. Dwall 4. N digi hits

Efficiency : Rec. Positive True Positive  / Total true positive = ——>  (capacity to find the true class)
Acceptance : Rec. Positive True Negative / Total true negative

Perfect algorithm
— ]
1 —
2‘0.99
kS Electron
3]
quj) 0.98 & Muon
c
o
& 0.97
¥}
9
1T] - GAT, AUC :1.00

fiTQun, AUC: 0.999
--- 99.5% signal efficiency
----- 0.5% background acceptance

0.96

0.95 ' - ——r : — ‘ — —
0.001 0.01 0.1 1

Muon acceptance
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Performance Comparison | PID - ROC Curves

1. Roc Curves 2. Energy 3. Dwall 4. N digi hits

Efficiency : Rec. Positive True Positive  / Total true positive = ——>  (capacity to find the true class)
Acceptance : Rec. Positive True Negative / Total true negative

i Perfect algorithm

g
2‘0.99
o) Electron
(@]
% 0.98- & MUOH
c
o
& (0.97-
()
9
m, —— GAT AUC :1.00

fiTQun, AUC: 0.999
--- 99.5% signal efficiency
----- 0.5% background acceptance

0.96-

0.95- . : —— AR S 1
0.001 0.01 0.1 1
Muon acceptance
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Performance Comparison | PID - ROC Curves

1. Roc Curves 2. Energy 3. Dwall 4. N digi hits

Efficiency : Rec. Positive True Positive  / Total true positive = ——>  (capacity to find the true class)
Acceptance : Rec. Positive True Negative / Total true negative

Perfect algorithm
| Perfect algorithm 1 5
1 | — 0.995 F==============-- |
e e |
: >, 0.98 i
2‘0.99 5 g |
o : Electron | ¢ i
g ; % M S ,q| Electron |
& . | uon o !
€098 i D & ¢ i
5 | 5 |
5 0.97- i s 091 |
3] ! v :
o | o '
w | —— GAT, AUC :1.00 w | —— GAT, AUC :0.94
0.96- i fiTQun, AUC: 0.999 0.92 ; fiTQun, AUC: 0.932
i --- 99.5% signal efficiency i --- 99.5% signal efficiency
A N 0.5% background acceptance / T 20%% acceptance
0.95- . S EEEEE e e 0.9 | ‘ . ———————
0.001 0.01 0.1 1 0.1 0.2 0.3 04 05 06 0.7 0809 1
Muon acceptance nt® acceptance
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Performance Comparison | PID - Dwall

1. Roc Curves 2. Dwall 3. Towall Monitor Fiducial
Volume cut impact

Electron & Muon Electron & m°

1.00 e e e, e 1.00 1

h_.\.— /._—f\./.\k’.._

0.98 0.95 / aJ
%) T~ &

0.9¢ % |
g Dwall ¢ Sy g (90
el Large towall % 9
9 %, 3|
& 009 Sy =

0.83
M Towayy -
Small towall ®
Dwall
0.92
0.80
~_ 7/  —ecarT —e— GAT
0.90 - FiTQun FitQun
0 500 1000 1500 2000 250 0753 500 1000 1500 2000 2500
Dwall (cm) Dwall (cm)
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Performance Comparison

Electron & Muon ]

Electron & mi©

T
.

%,
Dwall Q*,(-)

Large towall

Towayy

Small towall ®
Dwall

~_

1. Roc Curves

K. Energy
100 - 400 MeV

. Dwall

3. Towall

K. Energy
400 - 700 MeV peak)

(T2K production

4. Towall & Energy

K. Energy
700 - 1000 MeV

- i =
0.9 F £
] [
i !
0.8 1 M /
I [
I i
I [
0.7 1 * 7
*
0.6 1
0.5 1
0.4 1
GAT —e— GAT —e— GAT
0.3 1 - | | :
fiTQun -+~ fiTQun -+~ fiTQun
0.2 - r .
1.00 A | —&— GAT
-¥- fiTQun
0.95 E P x-"'
PR —3-
I’x’.
’t
0.90 !
Py
’I
’/
0.85 - 5w’
0.80
0.75 GAT { —e— GAT
fiTQun -3¢~ fiTQun
0.70 T r T T T T T T T T T T
0 500 1000 1500 2000 2500 O 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500

Towall (cm)

Towall (cm)

Towall (cm)
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Data flow In
GNNs ‘

Investigating the forward process ~ ™ 2" :

Work started by N. Moreau B O . T

Neutrino Physics and Machine Learning 2025 | ILANCE / Laboratoire Leprince-
Ringuet | Erwan Le Blévec ‘
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Display Setti ngs 32 px (vary with the graph)

Making a spiral, sorted by the

pmt hit time.
One pixel = one node (PMT)

32 px

Center = low pmt hit time -

Border = high pmt hit time
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First results

E- 100 -1000MeV
After training for e- / mu- classification

Path to see what is the model « looking » at !

Purple = low importance
Yellow = high

Encoded graph
representation fed to
MLP —
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Challenges
for GNNSs
V%
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