
César JESÚS-VALLS
cesar.jesus@cern.ch

NPML, UC Irvine 2nd June 2026

Introducing WAND: a Water-cherenkov 
Annotated Neutrino Dataset

Among a few other things...

mailto:cesarjesusvalls@gmail.com


The Science: Neutrinos in HEP
Why do we care about them in the first place?
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A FEW NEUTRINO OSC ‘HIGHLIGHTS’
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SNO SOLVES SOLAR ‘ANOMALY’SK DEMONSTRATES ATM OSC KAMLAND IDENTIFIES ‘LMA’

K2K FIRST OBS OF ACC  OSCν DAYA BAY  DISAPPEARANCEνe T2K HINTS OF CP VIOLATION JUNO STARTS PRECISION ERA
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A FEW NEUTRINO ASTRO ‘HIGHLIGHTS’
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KAMIOKANDE SN 1987A BOREXINO SOLAR SPECTROSCOPY ICECUBE EXTRATERRESTRIAL  FLUXν

ICECUBE MULTIMESSENGER ASSOCIATATION KM3NET DETECTS 220 PeV

ICECUBE GALACTIC PLANE  FLUXν

BONUS-I: Geo-neutrinos in 
KAMLAND/BOREXINO

BONUS-II: ICECUBE EARTH TOMOGRAPHY



What do all these highlights have in common?
Other than neutrinos...
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OPTICAL PARTICLE DETECTORS

6

KAMLAND BOREXINO

SUPER-K HYPER-K SNO

JUNO (~   )  

And many others experiments & demos (Double Chooz, LSND, MiniBooNE, ANNIE, WCTE, IWCD, EOS)…

NEUTRINO PHYSICS HEAVILY RELIES  IN THIS  TYPE OF DETECTOR TECHNOLOGY

K

ICECUBE KM3NET

DAYA-BAY



Fighting black-box modelling



C.  JESÚS-VALLS                                                                                                 NPML 2026

HEP AS AN INVERSE PROBLEM

8

A BASIC CS EXAMPLE

Let’s consider MNIST For a given label “3”, we 
can construct cases asking 
people to write the label

3 3

Solving the inverse problem

f (y) → x g(x) → y
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A BASIC CS EXAMPLE

Let’s consider MNIST For a given label “3”, we 
can construct cases asking 
people to write the label

3 3

Solving the inverse problem

f (y) → x g(x) → y

EXPERIMENTAL HIGH-ENERGY PHYSICS (HEP)  AS AN INVERSE PROBLEM

Q information T information

f ⃗θ(y) → x Inferred Initial 
State (y’)

g ⃗θ(x) → yInitial State (y)

Final State

Black Box reconstruction is NOT enough in HEP! Often we care about intermediate parameters !θ
What is : Properties of a given material (e.g. transparency) or sensor (e.g. detection efficiency) or detector (e.g. electric field), etc.⃗θ
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A DIFF  S IM MINIMAL EXAMPLE
What is a differentiable physics simulation?
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A DIFF  S IM MINIMAL EXAMPLE

Let’s first calculate trajectory taking many small steps forward 

Then lets calculate how far is the closest point in the 
trajectory to the target, and define the loss  ℒ

FORWARDWhat is a differentiable physics simulation?
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A DIFF  S IM MINIMAL EXAMPLE

Let’s first calculate trajectory taking many small steps forward 

Then lets calculate how far is the closest point in the 
trajectory to the target, and define the loss  ℒ

FORWARDWhat is a differentiable physics simulation?

BACKWARD

Take home message: We define the forward operation, we 
tune parameters leveraging AD!



Diff Sim Tutorials

https://github.com/cesarjesusvalls/Physics_DiffSim_Tutorial

https://github.com/cesarjesusvalls/differentiable-sampling

https://github.com/cesarjesusvalls/Physics_DiffSim_Tutorial
https://github.com/cesarjesusvalls/differentiable-sampling


C.  JESÚS-VALLS                                                                                                 NPML 2026

PROJECT IN 2024

11

NPML 2024 Talk

Proof-of-concept in 2024

2024 Conclusions

https://indico.phys.ethz.ch/event/113/contributions/835/attachments/526/1127/2024_NPML_CJV.pdf


C.  JESÚS-VALLS                                                                                                 NPML 2026

PROJECT IN 2024

11

NPML 2024 Talk

Proof-of-concept in 2024

2024 Conclusions

Well will see about that...

https://indico.phys.ethz.ch/event/113/contributions/835/attachments/526/1127/2024_NPML_CJV.pdf
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PROJECT IN 2025

12

Reconstruction θreco

E, x, ω, t0

Calibration θcalib
λs, λa, R

QE per sensor (~104 params)

Differentiable simulation

Loss

∂ℒ
 / 
∂θ
re
co

∂ℒ
 / ∂θ

calib

Forward pass Backward pass (autograd)

Predicted 
Event

Data 
Event
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AN E2E DIFFERENTIABLE S IMULATION

13

NPML 2025 Talk from Omar
Added full-stochasticity

https://indico.ipmu.jp/event/462/contributions/8687/
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AN E2E DIFFERENTIABLE S IMULATION
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NPML 2025 Talk from Omar
Added full-stochasticity

Demonstrated calibration capabilities

https://indico.ipmu.jp/event/462/contributions/8687/


C.  JESÚS-VALLS                                                                                                 NPML 2026

AN E2E DIFFERENTIABLE S IMULATION

13

NPML 2025 Talk from Omar
Added full-stochasticity

Abstracted geometry awayDemonstrated calibration capabilities

https://indico.ipmu.jp/event/462/contributions/8687/
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AN E2E DIFFERENTIABLE S IMULATION
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LUCiD

Project consolidation 
LUCiD: a Light-based Unified Calibration and trackIng Differentiable simulation

https://arxiv.org/abs/2602.24129
https://github.com/CIDeR-ML/LUCiD/

O. Alterkait  
(U. Tufts/IAIFI)

C. Jesús-Valls 
(CERN)

Still under heavy development. We keep refining and adding tools.

https://arxiv.org/abs/2602.24129
https://github.com/CIDeR-ML/LUCiD/
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2026 MARCH

15

Initialisation (coarse grid search, no gradients)

0. energy scan (10 values)

1. hierarchical position + t0 grid

2. direction cone search

3. refined energy scan

Track parameters θ (7 DOF, all updated simultaneously)

x, y, z · θ, φ · E · t0

Gradient-based optimisation (Adam, ~100–300 iterations)

minimise ℒtracking · ∂ℒ / ∂θ from differentiable simulation

Performance (1 GeV muon, SK-like)

Vertex Direction Momentum Time / event

LUCiD 15.6 cm 1.1° 1.5% ~10 s

fiTQun 15.8 cm 1.0° 2.3% ~30 s

How does this compare to SK reconstruction software?

*Approximate comparison using very similar dataset

https://arxiv.org/abs/2602.24129

Calibration Tests Track reconstruction tests

https://arxiv.org/abs/2602.24129
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NPML 2026

16

Differentiable prediction for WbLS Improving our optimisation landscape

Learning heterogenous medium properties

Optimisation moved to both Q and T likelihood loss.
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NPML 2026

16

Differentiable prediction for WbLS Improving our optimisation landscape

Learning heterogenous medium properties

Optimisation moved to both Q and T likelihood loss.

Work from Omar

Work from Omar

Work from Omar



The power of scientific datasets
Learning from a different field
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LEARNING FROM CASP

18

[e−λS /Li,1 − e−λS /Li]

A CHANGE OF PARADIGM: DATA >  DOMAIN KNOWLEDGE

• In other domains, AI-tools have shown that, if good 
datasets exist, one can enable transformative 
performance boosts. 

• HEP is uniquely poised to generate massive datasets 
of exceptional quality. 

• HEP communities are often closed: Software and 
data are private  Surprising absence of good 
datasets/ benchmarks

→

What can we do about it?
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[e−λS /Li,1 − e−λS /Li]

COMMUNITY PROBLEMS

“Understandable” but significant roadblock in the era of AI/ML

DATA IS  OWNED BY COLLABORATIONS

Common benchmarks and community challenges are CRITICAL to solve existing problems

Until we “fix” the data problem we should, at least, have common simulated benchmarks.

How do we change this?!

Experiment simulations are also often “private”. How do we generate realistic simulations?

Who has time for that?!

A success example

PILArNet released 6 years ago https://arxiv.org/abs/2006.01993

What about the rest of detector technologies?

Well we can’t do everything but we could do “all” optical detectors with LUCiD...

https://arxiv.org/abs/2006.01993
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[e−λS /Li,1 − e−λS /Li]

HOW DOES THE P IPEL INE WORK?

S T E P  1 S T E P  2 S T E P  3

Run GEANT4 Load into LUCiD Ray trace photons

Cherenkov inject photon-by-photon 
Scintillation create photons from G4 segments Edep.

Propagate G4-level information into hits
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A SNEAK PEEK

This was a video
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[e−λS /Li,1 − e−λS /Li]

LABELS AS DERIVED VIEWS

What is the right way to define ‘particle labels’?

A)

B)

C)

There is no obvious answer!
Our dataset allow to define labels as derived views

If in the future we decide we need more/less granularity we can 
redefine the labels without having to re-generate the events
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[e−λS /Li,1 − e−λS /Li]

INTRODUCING DORAEMON

https://www.deeplearnphysics.org/doraemon_site/ Site under construction!

A NEW APPROACH

• A site to coordinate distribution of datasets, publication of challenges and evaluation of benchmarks.

See the new talk from Kazu!

https://www.deeplearnphysics.org/doraemon_site/
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[e−λS /Li,1 − e−λS /Li]

WAND -  CHALLENGES

➡ Flavour ID:  µ vs e.    MIP PID:  µ vs charge .    EM PID:  e vs .π± π0

What things do we care about in water Cherenkov detectors?

DATASETS ARE USELESS UNLESS THEY TARGET A COMMUNITY CHALLENGE

Two environments: 1) How well can we do this in single particle events Defines ‘ultimate 
possible performance’

2) How well can we do this in multi-particle events The thing we actually care about
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possible performance’
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➡ Regression Tasks (Particle energy and direction) for leptons and hadrons.

Same datasets as above. Same data, different goal.
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How well can we separate pile-up?
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WAND -  CHALLENGES

➡ Flavour ID:  µ vs e.    MIP PID:  µ vs charge .    EM PID:  e vs .π± π0

What things do we care about in water Cherenkov detectors?

DATASETS ARE USELESS UNLESS THEY TARGET A COMMUNITY CHALLENGE

Two environments: 1) How well can we do this in single particle events Defines ‘ultimate 
possible performance’

2) How well can we do this in multi-particle events The thing we actually care about

➡ Regression Tasks (Particle energy and direction) for leptons and hadrons.

Same datasets as above. Same data, different goal.

➡ Pile-up: Relevant for near detectors (e.g. IWCD @HK).

How well can we separate pile-up?

➡    &  flavour ID in high-energy neutrino interactionsν ↔ particles

Can we learn how to identify ? Single shot to flavor? Find exclusive final-states? 

Can we learn robust observables that inform about the incident neutrino kinematics?

ντ

Ongoing discussion! We must be EXTREMELY careful to be robust to modelling biases
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[e−λS /Li,1 − e−λS /Li]

WAND -  CHALLENGES

➡ Calibration?

What things do we care about in water Cherenkov detectors?

DATASETS ARE USELESS UNLESS THEY TARGET A COMMUNITY CHALLENGE

Currently not thought to be part of WAND, but discussions are also ongoing...

➡ Data-Sim shifts?

The challenge is to think of what shifts present meaningful challenges and what are 
useful performance metrics.

We can generate calibration samples (using various calibration sources) and make a challenge to 
determine various calibration parameters (e.g. properties of the optical medium, sensor efficiency... etc)

We can introduce intentional “unknown” shifts in datasets A, B
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[e−λS /Li,1 − e−λS /Li]

WAND CONFIGURATIONS

will probably stay as 
they are

might only be used as 
evaluation datasets

will likely extend to other 
generators / models

likely only 16 & 18 will 
be kept

Currently using SK-like geometry for all, it might change (HK-like, IWCD)

Our intention is to release baseline benchmarks for all challenges
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[e−λS /Li,1 − e−λS /Li]

EARLY ADOPTION AND SUPPORT

• Sam Young (see his Talk!) is already using config 18 and showed very promising results yesterday.

https://indico.slac.stanford.edu/event/10387/contributions/15118/attachments/6603/16499/youngsam_2026_npml_fm-4.pdf
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[e−λS /Li,1 − e−λS /Li]

EARLY ADOPTION AND SUPPORT

• Sam Young (see his Talk!) is already using config 18 and showed very promising results yesterday.

Important!
• If you have in mind a challenge you want to choose and think we could generate it with LUCiD get in touch 
with us, we are very interested in supporting you!

cesar.jesus@cern.ch omar.alterkait@tufts.edu

https://indico.slac.stanford.edu/event/10387/contributions/15118/attachments/6603/16499/youngsam_2026_npml_fm-4.pdf
mailto:cesar.jesus@cern.ch
mailto:omar.alterkait@tufts.edu


Conclusions
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CONCLUSIONS & OUTLOOK
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[e−λS /Li,1 − e−λS /Li]

Were are we now?

➡ LUCiD (differentiability): Consolidated as a flexible & robust end-to-end differentiable tool 
capable of optimising calibration parameters and model Cherenkov and scintillation light across 
most common detector geometries in the field. 

ToDo (ongoing): Demonstrate differentiability for scintillation parameters (calibration task). 
Demonstrate how to learn heterogeneous medium properties. Move away from FitQun-like 
parametrization (straight-track assumption). Extend to full physics differentiable chain.  

Challenge: Add differentiable GEANT4 & neutrino interaction generator :) 

➡ LUCiD (pseudo-data): Now fully supporting generation of pseudo-data (WAND-like) but also of 
WbLS and Scintillation detectors across arbitrary geometries. 

ToDo: Decide on final size and configurations of WAND. Upload them to DORAEMON. Improve 
scalability for light-propagation for telescopes. 

Challenge: Provide baseline benchmarks for WAND. Release other data challenges. 
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Extra Slides
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[e−λS /Li,1 − e−λS /Li]

DATA FORMAT
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DETECTOR GEOMETRY

35

CURRENTLY SUPPORTS MOST COMMON DETECTOR GEOMETRIES:  CYLINDERS,  SPHERES AND BOXES

A base Detector class defines abstract methods one needs to fill to create a new detector. 

One propagator, shared across geometries, orchestrates the ray-tracing calculation. A detector geometry consists of an array 
of sensors in 3D space + boundary description + custom propagator primitives.

KEY ASPECTS
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DETECTOR GEOMETRY

35

CURRENTLY SUPPORTS MOST COMMON DETECTOR GEOMETRIES:  CYLINDERS,  SPHERES AND BOXES

A base Detector class defines abstract methods one needs to fill to create a new detector. 

One propagator, shared across geometries, orchestrates the ray-tracing calculation. A detector geometry consists of an array 
of sensors in 3D space + boundary description + custom propagator primitives.

KEY ASPECTS

We have templates and examples, it is modular and 
easy to adapt to individual needs. 

Talking to community is critical at this stage, we look 
for interested partners across ALL experiments.
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The ray generation step consists in describing the list of the initial ray properties (photon initial positions, times, 
directions, etc).

RAY GENERATION (CALIBRATION)

Calibration sources are generally straightforward, e.g. a a point source has all rays with common position, and random 
isotropic direction. A laser has also common position and the direction distribution depends on assumptions.

Example point 
source

Example vertical 
laser
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RAY GENERATION (TRACKS)

37

LET’S  USE GEANT4

An example 878 MeV muon in water 
generated with PhotonSim 

GEANT4 is not differentiable, but can be used to generate inputs to create a differentiable surrogate. 
For this purpose, in the context of this project, I created PhotonSim.

Modelling ray generation in tracks is more challenging: We need to model a distribution that incorporates all the 
microphysics, stochasticity, etc.  Goal was to mimic FitQun, SK reconstruction algorithm, so we parametrised the ‘average’ 
ray emission for a given track.

→

https://github.com/cesarjesusvalls/PhotonSim
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37

LET’S  USE GEANT4

An example 878 MeV muon in water 
generated with PhotonSim 

GEANT4 is not differentiable, but can be used to generate inputs to create a differentiable surrogate. 
For this purpose, in the context of this project, I created PhotonSim.

Table slice for 600 MeV

We model the distribution of opening angles vs the distance to the track origin as a function of the track energy averaging 
10k mono-energetic initial particles. We store the outcome in a 3D table:

Modelling ray generation in tracks is more challenging: We need to model a distribution that incorporates all the 
microphysics, stochasticity, etc.  Goal was to mimic FitQun, SK reconstruction algorithm, so we parametrised the ‘average’ 
ray emission for a given track.

→

https://github.com/cesarjesusvalls/PhotonSim
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We model the 3D look-up table using a neural network. 
In particular we use SIREN (SInusoidal REpresentation Network).

SIREN is essentially an MLP that uses periodic (sinusoidal) activation functions. SIRENs are great for representing continuous 
signals with fine detail and smooth derivatives, and are therefore well suited as implicit neural representations of images, audio 
and similar high-frequency targets. It is also a clean fit for tasks where the gradient of the network is also part of the pipeline.

HOW DOES IT  WORK?

RAY GENERATION (TRACKS)

https://arxiv.org/pdf/2006.09661

https://arxiv.org/pdf/2006.09661
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We model the 3D look-up table using a neural network. 
In particular we use SIREN (SInusoidal REpresentation Network).

SIREN is essentially an MLP that uses periodic (sinusoidal) activation functions. SIRENs are great for representing continuous 
signals with fine detail and smooth derivatives, and are therefore well suited as implicit neural representations of images, audio 
and similar high-frequency targets. It is also a clean fit for tasks where the gradient of the network is also part of the pipeline.

HOW DOES IT  WORK?

Learned Intensity distributions with SIREN

RAY GENERATION (TRACKS)

https://arxiv.org/pdf/2006.09661

https://arxiv.org/pdf/2006.09661
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RAY PROPAGATION

39

Each iteration, a ray traverses some distance to its next interaction: either a scatter point in the medium or a wall/sensor surface, and then either 
scatters, reflects, or contributes to detection at a sensor. Absorption acts over the path length traversed in that iteration.

implicit capture

straight through estimator

gaussian relaxation

Legend

TWO 
PROPAGATION 

MODES
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HIT MAKING

40

HOW DO WE CREATE HITS FROM RAYS?

CANDIDATE RAYS

From the propagator, each
candidate carries:

• a weight
• which sensor it hits
• arrival time

M = K × max_sensors × n_rays
entries in total

QE DETECTION

Each candidate is kept with
a per-sensor probability:

p = QE × QE_corr[sensor]

keep ~ Bernoulli(p)

Hard 0/1 decision —
what a real sensor does.

AGGREGATE PER SENSOR

Group surviving rays by
target sensor and reduce:

charge[sensor] = Σ weights

time[sensor] = min(times)

Total charge and first-
arrival time per sensor.

DETECTOR SMEARING

Apply SK-like resolution
to mimic real electronics:

• Gaussian jitter on times (TTS)
• Gain smearing on charges

Matches the resolution
of the real detector.

OUTPUT — per sensor

measured_charge total integrated charge (PE-like units)

measured_time first-arrival time in ns (0 if no hit)

When working in ‘data mode’:
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AGGREGATE PER SENSOR

Group surviving rays by
target sensor and reduce:

charge[sensor] = Σ weights

time[sensor] = min(times)

Total charge and first-
arrival time per sensor.

DETECTOR SMEARING

Apply SK-like resolution
to mimic real electronics:

• Gaussian jitter on times (TTS)
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of the real detector.
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measured_charge total integrated charge (PE-like units)

measured_time first-arrival time in ns (0 if no hit)

When working in ‘data mode’:

CANDIDATE RAYS

From the propagator, each
candidate carries:

• a weight
• which sensor it hits
• arrival time

M = K × max_sensors × n_rays
entries in total

QE WEIGHTING

Same per-sensor probability
as data mode — applied as
a continuous weight:

p = QE × QE_corr[sensor]

weight ← weight × p

Continuous — keeps the
pipeline differentiable.

AGGREGATE PER SENSOR

Reduce only the charge —
per-ray list stays intact:

charge[sensor] = Σ weights

(times, sensor_id → kept)

Likelihood consumes the
full per-ray list directly.

DETECTOR SMEARING

Skipped — the likelihood
uses the raw per-ray list:

• no TTS jitter
• no gain smearing

Smearing would break
differentiability.

OUTPUT

log_weight (M,) per-ray log-weight (invalid → −∞)

arrival_time (M,) per-ray arrival time (ns)

sensor_id (M,) per-ray destination sensor

total_charge (N,) per-sensor expected charge

When working in ‘prediction mode’:

Summed charged weights correspond directly to charge expectation per sensor. 
Full list of arrival times is used to calculate first time of arrival likelihood in the loss.

time likelihood example for one sensor

pf irst (t ) = N ⋅ f (t ) ⋅ (1 − λ (t ))(N−1)
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Observed Q

Predicted Q

ℒcharge = ∑
i

[npred
i − nobs

i log npred
i + log(nobs

i !)]



C.  JESÚS-VALLS                                                                                                 NPML 2026

THE LOSS

41

Observed Q

Predicted Q

ℒcharge = ∑
i

[npred
i − nobs

i log npred
i + log(nobs

i !)]

Observed T

Predicted T

ℒtime = ∑ i ∈ H − log p(i)
first

(tobs
i ) H = i : nobs

i > 0



C.  JESÚS-VALLS                                                                                                 NPML 2026

PERFORMANCE
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[e−λS /Li,1 − e−λS /Li]

CALCULATIONS USING NVIDIA A100

➡ The combination of JAX, JIT compiled kernels and modern GPUs allows generating accurate predictions in O(ms). 
➡ Gradient calculation adds a small overhead. 

➡ We play some tricks to minimise JIT overhead  Rays are padded in fixed-sized buckets, we ignore padded rays.→

K is the number of bounces
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EXAMPLES
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[e−λS /Li,1 − e−λS /Li]
Position Error: 5.8 cm 
Direction Error: 0.2  
Energy Error: 3.0%

∘

Hits with at least 3 p.e.

All hits
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EXAMPLES
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[e−λS /Li,1 − e−λS /Li]
Position Error: 30.2cm 
Direction Error: 1.4  
Energy Error: 0.7%

∘

All hits

Hits with at least 3 p.e.


