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TOYAMA

Hyper-Kamiokande

FAR DETECTOR

280m850m

Accelerator 𝝂

Broad & ambitious program
covering many 𝝂 sources,
proton decay, DM search, …

IWCD NDs

TOKYO
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See Talk by 
Christophe 
BRONNER
Latest status and
Prospect of HK

https://ilance.cnrs.fr/
https://indico.neutrino.or.kr/event/514/contributions/2214/
https://indico.neutrino.or.kr/event/514/contributions/2214/


Hyper-Kamiokande Far detector
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 m

69 m

21 m

260 kt (FV 188 kt ~8 x SK)

20 000 PMT 50cm + ~800 mPMT

5

1600 m w.e. → 50Hz cosmic 𝝁

• Shallower than SK (2700 m w.e., 2Hz cosmic 𝜇 )
• After OD cut, in ID: ~3.8 μ/day, ~80 atm. ν/day
• [1m from wall] cut → 𝜇 contamination x10-3

• HK expects spallation per unit volume ~6-13x SK  

See Talk by Robert KRALIK
HK detector techologies for next gen 𝜈 physics 

• LowE trigger rate ~10 kHz 
• Algo. scale with # PMT & FV

HK builds upon the success of SK and T2K

֜ ↗ algo performance
for best CPU/GPU usage

֜ Need improved vertex reco. to reduce 𝝁
& correlate with remaining spallation

https://ilance.cnrs.fr/
https://indico.neutrino.or.kr/event/514/contributions/2209/


Hyper-Kamiokande Reconstructed variables
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PMT output: {𝒓,t,q}

Cuts
(e.g. FV, angle, …)

Subsamples
for Oscillation
Analysis

•Vertex

•Direction

•Limited perf. 
near wall

•Limited perf. 
low towall

Variables of interest for ν physics

•Energy

•# of rings

•PID
•𝑒 / 𝜇 / 𝜋

•1R / MR

•Sub/Multi GeV

FV cut SK

>50cm

sample
dependant

T2K

>80cm

>170cm

dwall

towall

HK

>200cm
default

not yet
defined

*Values above are provided for illustrative purpose, the final FV cut
can vary depending on the considered analysis

https://ilance.cnrs.fr/
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Likelihood algorithms BONSAI/LEAF principle (LowE)

• Time residuals tPMT - tvtx – TOF

• L (vtx) = −σPMT ln 𝑃𝐷𝐹 𝑡𝑟𝑒𝑠
• Single particle topology

SK

ln
𝑃
𝐷
𝐹
𝑡 𝑃
𝑀
𝑇
−
𝑡 𝑣
𝑡𝑥
−
𝑇
𝑂
𝐹

𝑡𝑃𝑀𝑇 − 𝑡𝑣𝑡𝑥 − 𝑇𝑂𝐹 [𝑛𝑠]

𝒆−

• Dark noise impact 
• Trigger rate limitation
• L reco far from true

Prefit vertex → L (vtx) → L (dir) → Energy

BONSAI / LEAF

O(1 s) per event
CPU-time

https://ilance.cnrs.fr/
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Likelihood algorithms fiTQun/CORAL principle (HighE)

• .

• Likelihood fit over x (7 par.) using all PMTs (hit q,t & unhit)

• L (x) interpolates MC-based tuning tables at run time

• Sequential fit 𝑒/𝜇/𝜋+ and incremental # of rings

• L (x) ratios to determine PID & 1R/MR topology

FITQUN / CORAL
1R𝝁 1R𝒆 MR𝝅𝟎 𝜋0

Prefit vertex → Subeventing → 1R fits L (x) → MR fits

L (x) = ෑ𝑃(unhit|x) ෑ𝑃 ℎ𝑖𝑡 x 𝑓𝑞 𝑞 x 𝑓𝑡(𝑡|x)

unhit hit

O(1 min) per event
CPU-time

https://ilance.cnrs.fr/
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Likelihood algorithms Strategies to improve performances

• BONSAI, fiTQun → excellent reconstruction in SK for 20+ years
• fiTQun 𝑒−/𝜇− separation mis-ID < 1%   &   momentum resolution <4 % for 𝑒−

• Nominal version ported to HK as reference C++ algorithms

# 
o

f 
ev

en
ts

G
P

U
 /

 C
P

U

𝜋0 reconstructed mass  [MeV]

֜ Currently ready for day 1 analysis

SPEEDING-UP LIKELIHOOD ALGORITHMS

• Unmodified physics performances
• 1R and MR fits succesfully ported
• GPU process time ≥ 100x CPU

fiTQun on GPU, by N. Calabria

3 strategies to speed-up process time

https://ilance.cnrs.fr/


Likelihood algorithms Strategies to improve performances

SPEEDING-UP LIKELIHOOD ALGORITHMS

Prefit search, by C. Sammons

fiTQun prefit
• Current: grid 6x6x6x40 = 8640 steps

• Process time ~1s
• New: grid 4x4x4 then subgrid best quadrant, 

repeat 8 times = 512 steps in total
• Prefit time cut by 94%, similar resolution

Distance to true vs 
prefit iteration

fiTQun/CORAL
• CORAL = fiTQun ported to python

• Just-In-Time compilation speed-up
• fiTQun’s L (x) uses all hit & unhit PMTs

• Only 20% unhit contribute to 100% L (x)

• Full fit time cut by 87%, similar resolution

Unhit PMTs, by B. Carew

σ
∆

N
LL

/ 
N

LL
n

o
m
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al

Top n% PMTs (ranked by ∆NLL)

Unhit PMT contribution to L (x)
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Machine Learning Key principles of HK models (CNN)

• Image → N patches
• 1 token per patch
• Learnable position embedding on tokens
• Tokens → transformer encoder

Shuoyu Chen

ViT

Andrew Atta

ResNet-1

Nick Prouse

ResNet-2

CONVOLUTIONAL NEURAL NETWORKS (CNN)

Kernel optimization

PMT := 2 channel (q,t) pixel

1R

UNFOLD

TRANSFORM

Boundary condition

PREDICTIONS

PATCHING

CNN + Transformer CNN

https://ilance.cnrs.fr/
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Machine Learning Key principles of HK models (GNN)

GRAPH NEURAL NETWORKS (GNN)
PMT → 5D nodes (Ԧ𝑟,q,t)

1R
POINT
CLOUD
FOR FREE

GENERATE
EDGES

PREDICTIONS

Node proximity
(Ԧ𝑟,t,kD projection,…)

GNN + Transformer

Naomi Foster

CheRP
Lorenzo Perisse

CLSGAT
Erwan Le Blevec

GAT

• N tokens per event to aggregate node info
• Tokens → transformer encoder

Machine learning based inference techniques greatly improved in last decades
1M events → fiTQun +10k CPU hours /   ML 100 CPU hours or 10 GPU minutes

https://ilance.cnrs.fr/


CheRP
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Machine Learning Vertex regression for 1R

∆𝒓 CI 68%

VERTEX RESOLUTION

fiTQun*
CLSGAT
CheRP

ResNet-1
ResNet-2
ViT

-57%

HighE

LEAF
CLSGAT
CheRP

ResNet-1
ResNet-2
ViT

-35%

LowE

ResNet-1
ResNet-2
fiTQun*

-55%

HighE
1R𝒆1R𝝁

*fiTQun results presented
here are preliminary. 

https://ilance.cnrs.fr/
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Machine Learning Direction regression for 1R

θ CI 68%

DIRECTION RESOLUTION

-62%

1R𝒆1R𝝁

LEAF
CLSGAT
CheRP

ResNet-1
ResNet-2
ViT

LowE

fiTQun*
CheRP

ResNet-1
ResNet-2
ViT

-47%

HighEResNet-1
ResNet-2
fiTQun*

HighE

*fiTQun results presented
here are preliminary. 

CheRP

https://ilance.cnrs.fr/
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Machine Learning Energy regression for 1R

|∆𝑬|/𝑬 CI 68%

ENERGY RESOLUTION

1R𝒆1R𝝁

LEAF
CheRP

ResNet-1
ResNet-2
ViT

-31%

LowE

ResNet-1
ResNet-2
fiTQun**

HighE
fiTQun*
CheRP

ResNet-1
ResNet-2
ViT

-46%

HighE

*fiTQun results presented
here are preliminary.

**fiTQun results for Super-K

CheRP

https://ilance.cnrs.fr/
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Machine Learning PID classification

֜ ML performances ≫ likelihood for all regression tasks (1R) & classification
Can ML be used to fully segment MR event → set of 1R events ?

PARTICLE CLASSIFICATION

Background Mis-ID Rate
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Andrew Atta

ResNet-1
Erwan Le Blevec

GAT
Naomi Foster

CheRP

https://ilance.cnrs.fr/


Machine Learning Segmentation of MR

• Predict per-PMT ring-contribution propa

RING SEGMENTATION

19֜ ML segmentation improves 1R reconstruction with fiTQun/CORAL

Vertex – single vtx fit
CI68%  [cm]

MR fit duration

Momentum residual fraction
CI68%  [%]

Ring found

Momentum residual
CI68%  [MeV]

Direction
CI68%  [deg]

TRUTH PREDICTION

Ring Seg. CORAL

Mathias El Baz

Ring Seg.
• 10k events
• 1R to 4R
• Mix 𝑒−/𝜇−

19
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CONCLUSION & PERSPECTIVE

21

Very active ML development in HK with excellent performances
• CNN & GNN >> NLL methods for all tested tasks & metrics, up to 60% improvement !
• x100 faster on CPU, x100k faster on GPU → <1 sec/event at HighE
• Trade-off = multiplicity of ML models VS 2 likelihood algorithms

• Hyper-Kamiokande = next generation neutrino detector with massively increased statistics (x8)

• Traditional likelihood-based fitter pipeline ported from SK to HK (BONSAI/LEAF & fiTQun/CORAL) 

Robust and precise, ready for seamless start of physics analysis on day 1
• Increased neutrino interaction rate → developing strategies to speed-up process time
• Better reconstruction → improve statistical σ (e.g. increase FV close to the wall)

→ improve systematic σ (e.g. improve multi-ring event discrimination)

• Short term : speed-up NLL ; perform all tasks with every models
• Mid term : ring segmentation for modular NLL/ML pipeline
• Long term : Differentiable Detector Sim (CIDeR-ML/LUCiD)

Stay tuned

a. Close to the edges of FV 
b. Regarding to multi

https://ilance.cnrs.fr/
https://www.cnrs.fr/en
https://www.u-tokyo.ac.jp/en/
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BACKUP CIDeR-ML / LUCiD, beyond reconstruction

• Many detector params: geometry, Cherenkov physics, water properties, PMT and 
wall reflectivity, residual magnetic fields, PMT and electronic response, …

֜ Cannot reasonably optimize all parameters with conventional MC analysis

Differentiable
Detector Simulation (DDSim)

• Detector condition       Calibration       MC       Eval detector systematics using particle control sample
Tune reconstruction algorithms

֜ Not convenient and takes time: regular iteration, high human power & CPU cost

𝜸 gen + propag + PMT detect

Light-based Unified Calibration & 
trackIng Differentiable simulation

Expectation
mode

Stochastic
MC mode

DDSim:

All MC remade analytic/differentiable

23

https://ilance.cnrs.fr/
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BACKUP fiTQun algorithm

track parameters

https://ilance.cnrs.fr/


25

BACKUP Strategies to improve performances

• Prefit search → final likelihood minimization in a box around best vertex candidate(s)
• Currently prefit search ~750-800 ms

֜

Prefit optimized search, by L. Perisse & C. Sammons

SPEEDING-UP LIKELIHOOD ALGORITHMS

LEAF prefit (LowE)
• Coarse grid search with fewer candidates
• Minimize worst case distance vtx candidate ↔ true
• ∆𝑡~10 ns for direct PMT hits to count in NLL
• Resolution with new grid ~ former grid

365 positions

300 cm

145 positions

Z=0
Z=a/2

465 cm

fiTQun prefit (HighE)
• Current: grid 6x6x6x40 = 8640 steps
• New: grid 4x4x4 then subgrid best quadrant, 

repeat 8 times = 512 steps in total
• Prefit resolution similar with both grids

Distance to true vs 
prefit iteration

https://ilance.cnrs.fr/


Performance CORAL vs fiTQun
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BACKUP Strategies to improve performances

• CORAL = fiTQun ported to python
• Just-In-Time compilation speed-up

• fiTQun’s L (x) uses all hit & unhit PMTs
• Only 20% unhit contribute to 100% L (x)

SPEEDING-UP LIKELIHOOD ALGORITHMS

Studying the impact of unhit PMTs with CORAL, by B. Carew

CORAL / fiTQun
CORAL 
better

fiTQun 
better

𝝁−

𝒆−

PID

MR

vtx

dir

mom

vtx

dir

mom

𝝁 mis-ID

𝝁 subevent miscount

Ring miscount

MR accuracy

σ
∆

N
LL

/ 
N

LL
n

o
m

in
al

Top n% PMTs (ranked by ∆NLL)

Unhit PMT contribution to L (x)

https://ilance.cnrs.fr/


Cylindrical pattern 
(z=0, t=0, LEAF built-in)

341 pos

Cartesian pattern (z=0, t=0)

365 pos
Body center cubic (z=0, t=0)

145 pos

Z=0 (145#)
Z=a/2 (156#)

465 cm
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BACK Speed-up LEAF’s prefit vertex

LEAF GRID SEARCH Coarse grid search: Scores all candidates tres ∈ [−3,+4] ns, refines top 20

• Final vertex fit reach ±600 cm, ±28 ns from any candidate

• Ranking of candidate is the pitfall → nearest candidate not making top 20

• +1m away from nearest candidate → ~4.6 ns of tres smearing, missing peak

• Quality of a grid = how far true vertex sits from nearest candidate for a given 
number of candidates, considering typical and worst cases

→ Coarse grid search = most of process time 

• Prefit vertex ~80% of O(1s)/event in HK

Cylindrical 7502 149 cm 224 cm 257 cm

Cartesian 7665 148 cm 227 cm 258 cm

BCC (step 300) 4359 182 cm 244 cm 259 cm

BCC (step 250) 7213 152 cm 203 cm 216 cm

Pattern Candidate Median 99% Worst dist

Rings don’t line up, uneven spacing → less optimized case

Uniform spacing, cost ~cylindrical, weak spot at cube center

Less candidt, same worst-case, higher median → weakens ranking

Cost ~cartesian, minimizes worst distance from true to candidate

Distance true vtx to nearest candidate in inner volume (>300m from wall)

https://ilance.cnrs.fr/


RoPE
Su et al. 
2023

FiLM
Perez et 
al. 2017
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BACKUP Chronology of CNN, GNN & Transformer

2012 2015 2017 20212018 2020

Graph Convolutional
Networks
Kipf & Welling 2016

Comprehensive Survey on GNNs
Wu et al. 2020

ResNet
He at al. 2015

AlexNet
Krizhevsky et al. 2012

BERT
Devlin et al. 2018

Attention is All You Need
Vaswani et al. 2017

2023

Vision Transfomer
Dosovitskiy et al. 2021

Very active development in Hyper-K for HighE and LowE

https://ilance.cnrs.fr/
https://arxiv.org/abs/1609.02907
https://ieeexplore.ieee.org/document/9046288
https://arxiv.org/pdf/1512.03385
https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/2010.11929


Felix
Cormier

SK

Mathieu
Ferey

WCTE

Viet
Nguyen

WCTE

Alberto
Saborido

WCTEIWCD
Gilberto
Rodriguez

Kieren
Joseph

WCTE

John
Nugent

WCTE

29

BACKUP WatChMaL / CAVERNS

Machine learning based inference techniques greatly improved in last decades
1M events → fiTQun +10k CPU hours /   ML 100 CPU hours or 10 GPU minutes

Transformer

WatChMaL
Water Cherenkov Machine Learning

CNN oriented

Shuoyu
Chen

HK

Nick 
Prouse

HK

Andrew 
Atta

HK

CAVERNS
CP Asymmetry discovery with an Enhanced Reconstruction 
algorithm for Neurinos in Super and Hyper-Kamiokande

GNN oriented

Zhuojun
Hu

HK

Lorenzo 
Périssé

HK

Naomi
Foster

HK

Mathias
El Baz

HK

Erwan
Le Blévec

HK

LowE

HighE

https://ilance.cnrs.fr/
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BACKUP Attention mechanism

https://ilance.cnrs.fr/
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BACKUP Attention vs Convolution

https://ilance.cnrs.fr/
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BACKUP CNN summary

RESNET MODELS

• Simulate HK using Geant4-based tool WCSim 
• Interaction processes + Cherenkov light 

• 40M events = 10M 𝑒− + 10M 𝜇− + 10M 𝛾 + 10M 𝜋0

• Uniform vertex distribution in the tank 
• Isotropic direction distribution
• Uniform 0-2 GeV kinetic energy distribution

• Above Cherenkov threshold for each particle
• Only fully contained (FC) events are kept
• Muon decay disabled
• 7 models are trained: 6 regression, single 4-class classifier
• Regession loss function: Huber (relative for momentum)
• ResNet-152 architecture
• 190x189 input images 

• 2 channels: PMT hit time and charge
• Trained on 4 A100 GPUs

• 20 epochs for regression
• 8 epochs for classification
• 512 batch size
• AdamW optimiser
• Learning rate from 1e-3 to 1e-6 (cosine annealing LR every 2.5 epochs)

https://ilance.cnrs.fr/
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BACKUP CNN summary

ViT ARCHITECTURE

https://ilance.cnrs.fr/
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BACKUP GNN summary

CLSGAT ARCHITECTURE

• CLSGAT: CLS token + Graph Attention Transformer
• CLS (classification) token: global node added to a 

graph's node sequence to aggregate overall
network information, function equivalently to a 
virtual node, and serve as the final embedding for 
whole-graph prediction tasks

CLS token

Electrons up to 60 MeV
• WCSim 1.12.29
• Uniform in ID, isotropic
• 4.2 kHz dark noise 
• 400ns time window maximizing nhits
• Train: 400k events
• Val:    100k events
• Test:  500k events

Electrons up to 20 MeV
• WCSim 1.12.16
• Uniform in ID, isotropic
• 4.2 kHz dark noise
• 400ns time window maximizing nhits
• Train: 460k events
• Val:    110k events
• Test:  350k events

https://ilance.cnrs.fr/
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BACKUP GNN summary

CheRP ARCHITECTURE

• CheRP : Cherenkov Ring Perceiver
• Directly works with pointcloud

• Graph edges not needed

CLS token

https://ilance.cnrs.fr/
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BACKUP Ring Segmentation summary

RING SEGMENTATION ARCHITECTURE

Dice per PID

https://ilance.cnrs.fr/


BACKUP Segmentation of MR

• Model = Sparse U-Net encoder                                                            
+ Attention head

• Input = Pointcloud of hit PMTs

• Output = per-PMT ring-contribution                       
propability

TRUTH PREDICTION

RING SEGMENTATION

37

FIT PID
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-15

֜ ML segmentation improves
PID reconstruction

OUTPUT Ring #1 Ring #2 Ring #3 Ring #4 Bkgd

PMT #1 p11 p12 p13 p14 p15

PMT #2 p21 p22 p23 p24 p25

… … … … … …

Mathias El Baz

Ring Seg.

97
+2

93
+9

86
+10

3
-6

11
-2

4
-1

11
-5

50
-4
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-7

3

4
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1

-1
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FIT RINGS
0 1 2 3 4

1

2

3

4

-2

-2

-2

+20

https://ilance.cnrs.fr/


38

BACKUP Segmentation of MR

• Dataset multi-ring
• 10k MR events

• 1R / 2R / 3R / 4R
• Mix of 𝑒− and 𝜇− (50/50)

• Segment 10k MR → 25k 1R

• Apply CORAL on same dataset

Ring Seg. CORAL

Mathias El Baz

Ring Seg.

RING SEGMENTATION

Vertex – single vtx fit
CI68%  [cm]

MR fit duration

Momentum residual fraction
CI68%  [%]

Ring found

Momentum residual
CI68%  [MeV]

Direction
CI68%  [deg]

https://ilance.cnrs.fr/
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BACKUP Key principles of HK models

• 2 channel image → patches → token
• Learnable position embedding on tokens
• Tokens → transformer encoder

• Point cloud: 5D nodes (Ԧr,q,t) 
• Edge = node proximity
• Loss function

• Attention token/node
• Hit quality classification
• Tokens → transformer encoder

• Based on ResNet-152
• 2 channel PMT input (q,t)
• Double cover transform
• Loss function Shuoyu Chen

ViT

Andrew Atta

ResNet-1

Nick Prouse

ResNet-2

CNN

GNN

1R

Naomi Foster

CheRP

Lorenzo Perisse

CLSGAT

Erwan Le Blevec

GAT

https://ilance.cnrs.fr/


BACKUP Vertex regression ML LowE

VERTEX RESOLUTION
∆𝒓 CI 68%

40

Events with GoF>0.3Vertex resolution
110cm @2 MeV 
44cm @10 MeV

HQGF

Bias identified
& removed
with GoF cut

Reco vtx biased toward (r,z)=(0,0)

GoF=
σhits𝑤0𝑤1

σhits𝑤1

99.9% of event are kept >6 MeV with GoF>0.3

https://ilance.cnrs.fr/


BACKUP Vertex regression ML LowE

TOWALL DEPENDENCY

41

E<6MeV E>6MeV

99.9% of event are kept >6 MeV with GoF>0.3

֜ Up to 60cm improvement for E<6MeV with GoF>0.3

https://ilance.cnrs.fr/
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BACKUP Direction regression for 1R

θ CI 95%

DIRECTION @CL95%

*fiTQun results presented
here are preliminary. 

1R𝒆1R𝝁 fiTQun
CheRP

ResNet-1
ResNet-2
ViT

ResNet-1
ResNet-2

LEAF
CLSGAT
CheRP

ResNet-1
ResNet-2
ViT

֜ ResNet-2 better for direction reconstruction of electron events when looking at CI95% 

LowE

HighE HighE

https://ilance.cnrs.fr/
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BACKUP Direction regression ML LowE

DIRECTION RESOLUTION

HQGF

θ CI 68%

֜ Reconstruction improved ∀E
GoF cut keeps 70% of events @2 MeV

v1

UNFOLD

Direction resolution
35° @2 MeV 
19° @10 MeV

Equal-area projection

https://ilance.cnrs.fr/
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BACKUP Towall dependency ML LowE

E>6MeVE<6MeV

TOWALL DEPENDENCY

֜ Up to 10° improvement for E<6MeV with GoF>0.3

99.9% of event are kept >6 MeV with GoF>0.3

https://ilance.cnrs.fr/
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BACKUP Energy regression for 1R

∆𝑬/𝑬 mean

ENERGY BIAS

*fiTQun results presented
here are preliminary.

1R𝒆1R𝝁
CheRP

ResNet-1
ResNet-2

fiTQun* ViTResNet-1
ResNet-2

LEAF
CheRP

ResNet-1
ResNet-2
ViT

֜ ResNet-1 & 2 better for momentum reconstruction when looking at remaining bias

https://ilance.cnrs.fr/


46

BACKUP PID classification

PARTICLE CLASSIFICATION Erwan Le Blevec

GAT

https://ilance.cnrs.fr/
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BACKUP

*Complementary approaches in IWCD and ND280.
IWCD relies on flux model in linear combination 
method, but minimizes Xsec model dependence. 
ND280 fits transverse variables to constrain Xsec model. 

*Energy scale in detectors must be calibrated to 0.5% 
to achieve this level

֜ IWCD is critical to control many 
important systematic σ in HK 

HYPER-K SYSTEMATIC REQUIREMENT

֜ HK total CPV syst. σ should be
reduced <3%

https://ilance.cnrs.fr/

