
AI Research in Neutrinos 
in Japan

Yoshitaka Itow, RCCN, ICRR, University of Tokyo
FAIRS-Japan @ KMI

October 5, 2026



Overview
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● Reconstruction

● Surrogate Models

● Simulation

● Domain Adaptation

Past workshops on Neutrino 

Physics Machine Learning (NPML):

2020 (Remote), 

2023 (Tufts), 

2024 (Zurich)

Highlighting progress since 
FAIRS 2024:

NPML: 

2025 (UTokyo-IPMU), 

2026 (UC Irvine)

[2027 June 14-18 (Valencia)]

This time focusing on Japanese 

program-relevant efforts and 

their integration into a complete 

AI/ML analysis (with some bias 

towards Hyper-K).

https://indico.slac.stanford.edu/event/371/timetable/
https://indico.slac.stanford.edu/event/8028/
https://indico.phys.ethz.ch/event/113/
https://indico.kmi.nagoya-u.ac.jp/event/9/contributions/125/
https://indico.ipmu.jp/event/462
https://indico.slac.stanford.edu/event/10387


23 countries
104 institutes
~660 people

Hyper-Kamiokande Neutrino Experiment Overview
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Operation start 
in JFY2028
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Systematics Limited - Approaching Precision Physics
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Error Source % Error
Flux and interactions 3.0

Other interactions 5.0
Detector modeling 1.5

Total 6.0

Hyper-K target: systematic uncertainty <3%
→ improving sensitivity to CP-violation discovery

Domain shift: Difference between data and simulation 
(systematic uncertainty caused by imperfections in detector modeling)

→ AI-based neutrino event simulation & reconstruction
How can systematic uncertainties arising from domain 
shift be estimated and reduced?

Data MC

Simulation or 
true values

Real data, 
reconstructed 
observables

Error Level Time to 5σ 
Discovery

Current baseline 10 years

Target Improvement 5 years

Physical Quantity

x = (x, y, z, t, p, θ, φ)
position, time,
momentum,
direction

~2k - 20k pixels 
2 channels



● Potential source of matter-antimatter asymmetry in the universe (leptogenesis)

Latest T2K Result
To HK

● Hyper-K: 10 years to reach 5σ 
discovery potential at current 
systematic error understanding

A Critical Physics Target: CP Violation (𝛿CP) in Neutrinos
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5𝝈 discovery potential 
in half the time !

● Systematic errors must be improved
➢ New and upgraded near detectors
➢ Improved analysis tools (AI/ML)



Analysis Overview
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Task A

Task B

Task C

Task D

Task E

Event Reconstruction
(Backwards Inference) 

Physics, e.g.:

Detector (Forward) Simulation

Discovery of CP violation, proton decay, 
0νββ, astrophysical neutrinos

Lepton

Neutrino

Hadrons

Nucleus
Nucleon(s)

Particle Events

Calibration Sources

Laser
Isotropic

Input Event Hypotheses
Source
Neutrino Flavor
Interaction Topology
Multiplicity
Particle kinematics
           …

● Building a cycle-consistent analysis framework to train on 
real data, while respecting the detector model 

● Systematics-aware, robust training + quantitative 
measurement of final physics uncertainties

Real 
Detector 

Data



Analysis Overview
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Task A

Task B

Task C

Task D

Task E

Output Heads
General Representation 

(reusable features)
Feature encoder

e.g. Foundation Model (FM) for Inference

Differentiable Detector Simulation (DDSim)

Analytic physics plus constrained neural surrogates

Physics, e.g.:

Detector Data

Lepton

Neutrino

Hadrons

Nucleus
Nucleon(s)

Particle Events

Calibration Sources

Laser
Isotropic

Input Event Hypotheses
Source
Neutrino Flavor
Interaction Topology
Multiplicity
Particle kinematics
           …

Discovery of CP violation, proton decay, 
0νββ, astrophysical neutrinos

● Building a cycle-consistent analysis framework to train on 
real data, while respecting the detector model 

● Systematics-aware, robust training + quantitative 
measurement of final physics uncertainties



Event Reconstruction

8



Event Reconstruction References
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Model zoo of AI/ML efforts for Japan:

● Hyper-K: ICHEP2026 - ResNet (CNN), (CLS)GAT (GNN), ViT, Transformer, U-Net

● Super-K: NPML2026 cosmic μ, arXiv:2609.25681 proton decay - CNN
○ *arXiv:2609.00611 - “Panda” Hierarchical Attention + Self-Distillation (SSL)

● T2K (SuperFGD): NPML2025 - Transformer (SSL)

● KamLAND: NPML2025 - ViT

● IceCube: NPML2025 - Transformer

(Apologies if anyone missed; please contact if so!)

*KEK-DOE U.S.-Japan Science and Technology Cooperation Program in High Energy Physics

https://indico.cern.ch/event/1522800/contributions/6985967/attachments/3322389/5948685/ICHEP_HK_MLreconstruction_LorenzoPerisse.pdf
https://indico.slac.stanford.edu/event/10387/contributions/15114/attachments/6571/16447/t2ksk_npml_15062026.pdf
https://arxiv.org/abs/2609.25681
https://arxiv.org/abs/2609.00611
https://indico.ipmu.jp/event/462/contributions/8697/attachments/5177/7057/Kiseeva_NPML_10.27.2025%20(1).pdf
https://indico.ipmu.jp/event/462/contributions/8722/attachments/5191/7075/npml_251028_Nakane.pdf
https://indico.ipmu.jp/event/462/contributions/8718/attachments/5187/7071/Aske_Rosted_NPML_2025%20(1).pdf


CNNs and Vision Transformers (ViT)

Explored in Super-K, Hyper-K, and KamLAND

Fig. credit: L. Perisse
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https://indico.ipmu.jp/event/462/contributions/8722/attachments/5191/7075/npml_251028_Nakane.pdf
https://indico.cern.ch/event/1522800/contributions/6985967/attachments/3322389/5948685/ICHEP_HK_MLreconstruction_LorenzoPerisse.pdf


Recent Super-K Data Applications with CNN

Begun confronting past ~8 years of model development with real data

Cosmic ray muons (NPML2026)

● Muon/electron 
classification and 
regression from 
supervised CNN showing 
shift from data

○ Simulation used for 
training likely not 
perfectly tuned to 
this detector period

Proton Decay Search (arXiv:2609.25681)

● Signal/background 
classifier

● CNN re-trained 
across detector 
periods obtains 
good data/MC 
agreement

Trinucleon decay: 16O(ppp) → 13Cπ+π+e+
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https://indico.slac.stanford.edu/event/10387/contributions/15114/attachments/6571/16447/t2ksk_npml_15062026.pdf
https://arxiv.org/abs/2609.25681


+GNNs and Hyper-K Benchmarks

● Benchmarking regression performance from 
many independently developed models on a 
common dataset

○ Previously scattered effort across multiple 
groups producing own datasets

○ *fiTQun traditional likelihood-based fitter 
still with preliminary tuning for Hyper-K 
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Direction Position Energy

(ICHEP2026)

https://indico.cern.ch/event/1522800/contributions/6985967/attachments/3322389/5948685/ICHEP_HK_MLreconstruction_LorenzoPerisse.pdf


Transformers
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Hyper-K 
(ICHEP2026)

“CheRP” on prev. slide

IceCube 
(NPML2025)

T2K SuperFGD 
(NPML2025) 

Panda 
(for Water Cherenkov) 

(arXiv:2609.00611) 

Input Unordered hit PMTs DOM pulse 
summaries

Ordered reconstructed track 
nodes 

3D detector points 

Architecture Perceiver / latent Set 
Transformer

Global multi-task 
Transformer

Dense sequence 
Transformer

Hierarchical Point 
Transformer

https://indico.cern.ch/event/1522800/contributions/6985967/attachments/3322389/5948685/ICHEP_HK_MLreconstruction_LorenzoPerisse.pdf
https://indico.ipmu.jp/event/462/contributions/8718/attachments/5187/7071/Aske_Rosted_NPML_2025%20(1).pdf
https://indico.ipmu.jp/event/462/contributions/8697/attachments/5177/7057/Kiseeva_NPML_10.27.2025%20(1).pdf
https://arxiv.org/abs/2609.00611


IceCube: ATtention for High-Energy Neutrino Alerts (ATHENA)
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(NPML2025)

https://indico.ipmu.jp/event/462/contributions/8718/attachments/5187/7071/Aske_Rosted_NPML_2025%20(1).pdf


Transformers with Self-Supervision (SSL)
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Hyper-K 
(ICHEP2026)

“CheRP” on prev. slide

IceCube 
(NPML2025)

T2K SuperFGD 
(NPML2025) 

Panda 
(for Water Cherenkov) 

(arXiv:2609.00611) 

Input Unordered hit PMTs DOM pulse 
summaries

Ordered reconstructed track 
nodes 

3D detector points 

Architecture Perceiver / latent Set 
Transformer

Global multi-task 
Transformer

Dense sequence 
Transformer

Hierarchical Point 
Transformer

Training Supervised Supervised multi-task Masked-feature SSL → PID Self-distillation SSL → 
downstream tasks

Pre-training on real detector data 
to mitigate domain shift and 
establish automation of 
continuous learning from sensors

https://indico.cern.ch/event/1522800/contributions/6985967/attachments/3322389/5948685/ICHEP_HK_MLreconstruction_LorenzoPerisse.pdf
https://indico.ipmu.jp/event/462/contributions/8718/attachments/5187/7071/Aske_Rosted_NPML_2025%20(1).pdf
https://indico.ipmu.jp/event/462/contributions/8697/attachments/5177/7057/Kiseeva_NPML_10.27.2025%20(1).pdf
https://arxiv.org/abs/2609.00611


Foundation Model
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Panda 
(for Water Cherenkov) 

(arXiv:2609.00611) 

3D detector points 

Hierarchical Point 
Transformer

Self-distillation SSL → 
downstream tasks

FM
(feature encoder)

General
Representations

(reusable features)
Data

Clustering in representation space shows something 
physical after pre-training without truth labels 

t-SNE-1

t-
SN

E-
2

https://arxiv.org/abs/2609.00611


Foundation Model → Fine-Tuning

FAIRS-Japan, Oct. 5, 2026                                       AI/ML in Neutrino                                                 17

FM
(feature encoder)

General
Representations

(reusable features)
Data

Particle type

Momentum

Direction

Position

Multiple fine-tune task heads

Performance 
approaching 
previous 
supervised 
benchmarks 

Very preliminary Work-in-Progress



Particle Instance Identification (Ring Counting)
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fiTQun on fully contained atmospherics
(not apples to apples) (arXiv:1901.03230)

Panda (arXiv:2609.00611) 
Sparse U-Net encoder + 

Attention head (ICHEP2026)

● Multi-ring separation and reconstruction major remaining challenge

● Very preliminary fine-tuned head of Panda FM already 
comparable to collaboration tools

○ Plus the reconstruction of each ring with ML

Warning: each tested on different data sets

Very preliminary Work-in-Progress

https://arxiv.org/abs/1901.03230
https://arxiv.org/abs/2609.00611
https://indico.cern.ch/event/1522800/contributions/6985967/attachments/3322389/5948685/ICHEP_HK_MLreconstruction_LorenzoPerisse.pdf


Simulation

19



Differentiable Detector Simulator (DDSim)
• Write detector simulation with differentiable models for each physics process

• Exploring two methods: neural surrogates & analytical auto-differentiable programming

• Enables end-to-end pipeline that allows gradient-based optimization with ML tools

• Developed through CIDeR-ML
collaboration, a KEK-DOE US-Japan 
project

20

Detector simulation



Neural Surrogate Model
• Write detector simulation with differentiable models for each physics process

WCTE CM

21

Detector simulation

 SIREN
Sinusoidal Representation Network

Can better represent underlying 
distributions and their derivative 
compared to other networks

# 
of

 s
am

pl
ed

 b
in

s

Cherenkov Light Profiles
# 

ph
ot

on
s, 

N
ph

• Replace lookup tables 
with surrogate model

• Cherenkov light 
production

• Optical photon 
propagation and 
detection

(NPML 2025)

https://arxiv.org/abs/2006.09661
https://indico.ipmu.jp/event/462/contributions/8700/attachments/5171/7059/cider_KaMingTsui%20(1).pdf


Neural Surrogate Model
• Write detector simulation with differentiable models for each physics process

WCTE CM
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Detector simulation

 SIREN
Sinusoidal Representation Network

Can better represent underlying 
distributions and their derivative 
compared to other networks

• Replace lookup tables 
with surrogate model

• Cherenkov light 
production

• Optical photon 
propagation and 
detection

SIREN prediction 
of example photon 
shotgun at center 
pointing down

# 
of

 p
os

iti
on

s 
⨉ 

di
re

ct
io

ns

vis(x, d)

Pre-tune MC photon gun Surrogate modeling goodness

(NPML 2025)

https://arxiv.org/abs/2006.09661
https://indico.ipmu.jp/event/462/contributions/8700/attachments/5171/7059/cider_KaMingTsui%20(1).pdf


• Enabled end-to-end pipeline that allows gradient-based optimization with ML tools

• Calibration = Optimization (fine-tuning) of DDSim parameters, θ
• Example loss reduction with fine-tuning using WCTE cosmic muon MC (real data coming soon)

Calibration with Neural Surrogates

WCTE CM
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DDSim(χcontrol, θ)

Detector 
output

Cosmic μ

Calibration
Input (χcontrol)

(NPML 2025)

Cosmic muon

Po
is

so
n 

Lo
ss

PMT ID

https://indico.ipmu.jp/event/462/contributions/8700/attachments/5171/7059/cider_KaMingTsui%20(1).pdf


• Enabled end-to-end pipeline that allows gradient-based optimization with ML tools

• Reconstruction = Optimization of input particle track parameters, θ
• Example with WCTE cosmic muon MC

Reconstruction with Neural Surrogates

24

Cosmic μ

(NPML 2025)

DDSim(χ(θ))

Detector 
output

Particle 
Input (χ

(θ))

2.7% momentum resolution (assuming fixed position & 
direction, bias-corrected, but charge only)
Comparable to previous benchmarks

Work-in-Progress

https://indico.ipmu.jp/event/462/contributions/8700/attachments/5171/7059/cider_KaMingTsui%20(1).pdf


Analytical DDSim

WCTE CM

25

Detector simulation

• Write detector simulation with differentiable models for each physics process

(arXiv:2602.24129)

Light-based Unified 
Calibration and trackIng 
Differentiable simulation

• Alternatively, re-write 
physical 
processes/models in 
automatic-differentiable 
language

Gradients of 
detector 
parameters and 
track parameters 
well-behaved

https://arxiv.org/abs/2602.24129


Analytical DDSim: Calib & Reco
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• Enabled end-to-end pipeline that allows gradient-based optimization with ML tools

• Demonstrated calibration of water Cherenkov detector parameters 
using multiple calibration sources, including correlations

• Demonstrated single track reconstruction and detector 
optimization, with performance comparable to 
previous benchmarks

(arXiv:2602.24129)

*KEK-DOE U.S.-Japan Science 
and Technology Cooperation 
Program in High Energy Physics 
& Ozaki Exchange Program

https://arxiv.org/abs/2602.24129


Cycle-Consistency
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Fine-tuning w/o Labels: Differentiable Detector Simulator
Input Data

Inferred Data

FM
(encoder)

Reconstruction
● Vertex,
● Particle type,
● Direction,
● Momentum, ….

LUCiD
Differentiable 

Water Cherenkov 
Detector Simulator

Loss
Data/Sim

Difference

Cycle-Consistency
(Gradient-based optimization)

28

https://github.com/CIDeR-ML/LUCiD/


Fine-tuning w/o Labels: Vertex Reconstruction @ WC
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Work Credit:
O.  Alterkait (Tufts)

Cycle-consistency path

Very preliminary Work-in-Progress



30

Fine-tuning w/o Labels: Direction Reconstruction @ WC

Work Credit:
O.  Alterkait (Tufts)

Cycle-consistency path

Very preliminary Work-in-Progress



Physics Analysis
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ML in Physics Analysis
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Task A

Task B

Task C

Task D

Task E

Event Reconstruction
(Backwards Inference) 

Physics, e.g.:

Detector (Forward) Simulation

Discovery of CP violation, proton decay, 
0νββ, astrophysical neutrinos

Lepton

Neutrino

Hadrons

Nucleus
Nucleon(s)

Particle Events

Calibration Sources
Laser

Isotropic

Input Event Hypotheses
Source
Neutrino Flavor
Interaction Topology
Multiplicity
Particle kinematics
           …

Efforts also to improve 
physics (e.g. neutrino 
oscillation) analysis 
with ML, which can 
reduce information 
bottleneck and couple 
directly to FM output

Detector 
Data



Normalizing Flows (NFs) as Likelihood Surrogates
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Modeling neutrino flux and interaction 
systematics from long-baseline near 
detector fit (arXiv:2607.03477)

Modeling PDF of reconstructed 
observables given true neutrino 
energy (NPML2026)

*

*Note: Joint likelihood with NFs not yet implemented

ND/IWCD
Fit

FD Fit

ND/IWCD

FD FD

ND/IWCD

https://arxiv.org/abs/2607.03477
https://indico.slac.stanford.edu/event/10387/contributions/15107/attachments/6647/16699/NPML%20Flow%20Project%20Presentation.pdf


Future: Cross-Modal Foundation Model
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ND/IWCD

FD FD

ND/IWCD

ND/IWCD
Fit

FD 
Fit

Oscillation 
Analysis

Joint 
Encoder

Unified 
Embedding

Ref. K. Terao

Minimize detector-specific 
mismatches, strengthen near–far 

cancellation and systematic 
consistency



Community
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DORAEMON
Development Of Resilient AI EcosysteM for Oscillating Neutrinos (another US-Japan project)
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Researchers
Participating in OpenDC

AI “Model Zoo”
(trained model repository)

AI
Models

WatChMaL 
fiTQun

Challenge Datasets

Evaluation

Training

AI
Models

AI
Models

AI
Models

Open Data Challenge
(OpenDC)

Annual Workshop

●  Comparative AI 
models review

●  Proposals for 
new challenges

Knowledge Database

Consolidate + Summarize
AI model practices

Neutrino+AI/ML Conferences (e.g. NPML)

Incentives:
Invited talks and 
MIRAI awards

Knowledge Hub
(KHub)

Community
Engagement (CE)

Lectures made from 
knowledge database

Projects with datasets 
and trained AI models 

Schools/Workshops
(AI-ready workforce training)

Trained AI-ready researchers

Community input: 
inter-experimental 
challenge topics

Experiments can adopt trained 
AI models for applications

Technical support for 
AI app incubation

See more detail in K. Terao talk on Wednesday

https://indico.kmi.nagoya-u.ac.jp/event/19/contributions/364/


• Lots of work in simulation, reconstruction, domain adaptation, and 
analysis

• Deep learning and foundation models with self-supervision, neural 
surrogates and differentiable simulation

• Growing applications to real data

• Building a new open ecosystem for AI/ML research in neutrino

Summary
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Appendix
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Systematics Limited - Approaching Precision Physics
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Error Source % Error for 
CPV search

φ + σ (ND constrained) 2.7
φ + σ (ND unconstrained) 1.2
Nucleon removal energy 3.6

π re-interactions 1.6
σ(νe), σ(νe̅) 3.0

NC γ + other 1.5
Far detector 1.5

Total 6.0

● New near detectors (NDs) 
aim to mitigate most flux 
and interaction systematics

Need to reduce to <3% for Hyper-K

“T2K 2021 syst.”: Phys. Rev. D 103, 112008

● Then, efficiently and effectively 
mitigating detector systematics 
(of NDs too) become critical to 
quickly achieve target physics 
sensitivity

~4
2 

m

OAA = ~1.6°

Hyper-K
Intermediate
Water 
Cherenkov
Detector

Ve
rti

ca
l m

ov
in

g

ND280

https://doi.org/10.1103/PhysRevD.103.112008

