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From Big to Huge

~8 x

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)

Super 
Kamiokande

Hyper
Kamiokande

40 m

40 m

71 m

68 m

3

Fid. Mass



DetectionPrinciple
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DetectionPrinciple
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DetectionPrinciple
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DetectionPrinciple
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« Event »

× Charge 
× Time

One PMT Features

« Geometry »

× Position
× Orientation
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Reconstruction Algorithms& TheirEvolutions
Fiducial
M.

Fit by hand Maximum L. ? 
DeepNeural Networks ? 
Other .. ?

Kamiokande

(Low trigger rate / day)

Super Kamiokande

One fit per 
« candidate» ring

APFit : 1997 ~ now
fiTQun: 2012 ~ now

Maximum 
Likelihood- based

Fit

30 x Hyper Kamiokande
8 x
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1996 - ~ 2028 - ~
1983  - 1998



Designing
Neural 
Networks
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Convolutional
Neural Networks
(CNNs)

Graph
Neural Networks
(GNNs)

Christine Quach, LLR

DeepNeural Networks For Reco. In HK : Main Architectures
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Convolutional
Neural Networks
(CNNs)

ConvolutionalNeural Networks for Hyper-K

Unfolding
Transform

im
a

g
e

 h
e

ig
h
t

image 
depth

features

repeat
...

P(ɛ±)P(e±) P(́ 0) P(ɔ)

1. Convolution over mPMTs 2. Convolutions & down-samples

3. Fully 
connected 

layer

Initial convolution over 
the mPMT channels
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Step 1 : 
Point Cloud 

Point Cloud for free !

One Hit PMT = One Node

17

PMT 
1

PMT 
2

PMT 
3

Recipeto Make a Graph
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Metric Spacefor edges:       

High Freedom
ü Physical proximity? 
ü .. ?
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Step 2 : 
Edges

Recipeto Make a Graph
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..

..

..

..

Metric Spacefor edges:       

High Freedom
ü Physical proximity? 
ü Time ?
ü Charge ? 

Link all 

Link spatially
close  
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Step 2 : 
Edges

Recipeto Make a Graph
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Recipeto Make a Graph

..

..

..

..

Metric Spacefor edges:       

High Freedom
ü Physical proximity? 
ü Time ?
ü Charge ? Tacklemanychallenges

Rings segmentation, Noise 
filtering
ĄNode-level tasks

Rings counting, kinematics
reconstruction 
ĄGraph-level tasks

20

Link spatially
close  

Link all 
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Graph Neural Networks for Hyper-K

Fully Connected NetworkGraph Layers Readout

Make the prediction
from the readout

21

Process data using 
graph convolution
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Graph Neural Networks for Hyper-K

Fully Connected NetworkGraph Layers Readout

Make the prediction
from the readout
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Process data using 
graph convolution
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Graph Neural Networks for Hyper-K

Fully Connected NetworkGraph Layers Readout

Process data using 
graph convolution

Make the prediction
from the readout
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Training GNNsfor Hyper K : Pipeline

[4] : 
Reconstructed
data

[3] : GNN

[1] : Point Cloud

[2] : Graph

24

ÅDownstreamtask
ÅSupervisedsetting
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Training GNNsfor Hyper K : Pipeline

[4] : 
Reconstructed
data[3] :

GNN

[1] : Point Cloud

[2] : Graph
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Challenges 
for 
Graph-level
Tasks
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~4k nodes/ event 

for e- [100 ς1300] MeV
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What Could Go Wrong?

Long range 
dependencies Many nodesMetric space: 

spatial proximity

üLimits the numberof edges/ PMT

Plot : 500 MeV e-

27
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What Could Go Wrong?

Metric space: 
spatial proximity

~4k nodes/ event 

for e- [100 ς1300] MeV

Stack multiple layers

(Harder to train)

28

Long range 
dependencies

Many nodes
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What Could Go Wrong?

Metric space: 
spatial proximity

Over squashing

Info. not    propagating

~4k nodes/ event 

for e- [100 ς1300] MeV

Stack multiple layers

(Harder to train)
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Long range 
dependencies

Many nodes
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What Could Go Wrong?

Metric space: 
spatial proximity

Over squashing

Info. not    propagating

~4k nodes/ event 

for e- [100 ς1300] MeV

Stack multiple layers

(Harder to train)

Over smoothing

Lossof discriminative 
power

30

Long range 
dependencies

Many nodes
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What Could Go Wrong?

Metric space: 
spatial proximity

Over squashing

Info. not    propagating

~4k nodes/ event 

for e- [100 ς1300] MeV

Stack multiple layers

(Harder to train)

Over smoothing

IncreaseNode 
Embedding

Usually~ 50-100  

features/ node

31

Long range 
dependencies

Many nodes

Lossof discriminative 
power
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What Could Go Wrong?

Metric space: 
spatial proximity

Over squashing

Info. not    propagating

~4k nodes/ event 

for e- [100 ς1300] MeV

Stack multiple layers

(Harder to train)

Over smoothing

Lossof discriminative 
power

IncreaseNode 
Embedding

Usually~ 50-100  

features/ node

ReadoutBottleneck

4k * 50 = O(10^5)
ToO(10^2)
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Graph-leveltask

Long range 
dependencies

Many nodes
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Reconstruction Tasksto Monitor Challenges

Energy

33

Integrated over all the dimensions
Ą5ƻƴΩǘ rely muchon the event topology
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Reconstruction Tasksto Monitor Challenges

Energy

Integrated over all the dimensions
Ą5ƻƴΩǘ rely muchon the event topology

Long range 
dependencies

Readout
Bottleneck

35

å Per -node-charge sum
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Reconstruction Tasksto Monitor Challenges

Energy

Long range 
dependencies

Readout
Bottleneck

Vertex 

Ą Highlyrely on the event topology

Ring position & shapein 
the detector 

36

Integrated over all the dimensions
Ą5ƻƴΩǘ rely muchon the event topology

å Per -node-charge sum
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Reconstruction Tasksto Monitor Challenges

Energy

Long range 
dependencies

Readout
Bottleneck

Vertex 

Ą Highlyrely on the event topology

Ring position & shapein 
the detector 

Long range 
dependencies

Readout
Bottleneck
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Integrated over all the dimensions
Ą5ƻƴΩǘ rely muchon the event topology

å Per -node-charge sum



Reconstruction
status

38
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Energy Reconstruction

Same 
weights

Over smoothing

Graph Convolutional
Network

(GCN)

h5

h4

h3

h1

h2
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Energy Reconstruction

Same  
ĄDifferent weights, 
computedusing an attention 
mecanism

Graph Attention neTwork
(GAT)
Graph Attention neTwork
(GAT)
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Energy Reconstruction

üGAT + 
ü Increasedlast representation

before readout

X_final=  MLP(X_last)

Graph Layers

R
e

a
d

o
u

t

Last 
layer



GAT + Virtual Nodesconnected

to all nodes

as memory modules
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Energy Reconstruction



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

Energy and Vertex Reconstruction 

GCN

43

ü Improvementswith GCN ĄGAT 

ü Improvementswith GAT + UpSampling

ü No improvmentswith Virtual Node

ü Improvementswith GCN ĄGAT 

ü No improvementswith GAT + UpSampling

ü Hugeimprovementwith Virtual Node

GCN



ǒ Reconstruction status

ƺ Achievesbetter/equalperformances to fiTQunat single ring reco. tasks

ƴ Still room for improvement

ƺ Excellent improvementin computationaltime

ǒ Prospects 

ƺ Multi rings fitting : To bestarted soon

Final States & Prospects

~ 2 order of 
magnitude faster
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Thank you !



ǒ Multi rings events  
(mainlyfrom veryenergeticneutrinos)
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Main limitations of currentalgorithms

ÅFiducial Volume
Limited performances close to the edges
=>  Limited statistics

Fiducial V. cuts Super K (cm) T2K (cm)

Dwall > 50 > 80

Towall X > 170

Å ComputationalTime 

~30 seconds    / event in Super K
~1:30 minute / event in Hyper KM. Jiang D. Thesis, 

Atmosphericɜ, 2019
T2K, TN465 v1.1,
2024 (for e-)

dwall cut

Fiducial volume
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Data Acquisition
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Graph
Neural Networks
(GNN)

Christine Quach, LLR
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DeepNeural Networks For Reco. In HK : Main architectures

Point Cloud
Graph
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Graph ConvolutionalNetworks

https://openreview.net/forum?id=SJU4ayYgl
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One convolution step
(single head)
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Graph Attention neTwork

Multi headAttention case

https://openreview.net/forum?id=rJXMpikCZ
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