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Monolithic Water Cherenkov Neutrino detectors are crucial for understanding neutrino astro-
physics and oscillations. Traditional calibration involves analyzing calibration data sequentially,
which may overlook parameter correlations and necessitates frequent retuning of reconstruc-
tion algorithms. This leads to duplicated efforts and increased detector-related uncertainties in
next-generation experiments like Hyper-Kamiokande. To address this, we propose a machine
learning-based approach using a differentiable model of a water Cherenkov simulation for calibra-
tion and event reconstruction. We demonstrate how this method allows simultaneous optimization
of calibration and reconstruction parameters through gradient descent within a unified framework.
Furthermore, we discuss its potential to surpass existing calibration and event reconstruction
methods in the near future.
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1. Introduction

Water Cherenkov detectors have been playing critical roles in neutrino physics over the past
decades, and will continue to do so in the future. For next-generation experiments, such as Hyper-
Kamiokande, to succeed decreasing the error budget associated to the detector model systematic
uncertainties is paramount. In water Cherenkov experiments the physics of traversing particles are
inferred from their Cherenkov light emission, which is measured by photo-multiplier tubes (PMTs)
mounted on the detector wall. Accordingly, the detector uncertainty mainly consists of two parts:
those effects associated to the modeling of the photon propagation and those related to the modeling
of the photo-sensors. The former includes uncertainties on the photon attenuation, scattering and
reflection, which are affected by, for instance, the water temperature and its transparency, that
oftentimes vary across the detector volume. The latter is affected by the description of each PMTs’
signal current and time smearing, including PMT-to-PMT variations.

In a standard analysis workflow, as that of the Super-Kamiokande experiment [1], the detector
uncertainties are constrained by careful calibration. The results of the dedicated studies are then fed
to the detector simulation and reconstruction frameworks, that are run sequentially before reaching
the physics analyses stage, as shown in Fig. 1.
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Figure 1: Schematic view of a standard analysis workflow.

Such methodology imposes limitations affecting the modeling of detector effects and translates
into data-model disagreements that are covered by detector systematic uncertainties. In particular:

» Sequential operation prevents to account for the correlation among different detector effects.

* Every workflow piece is developed and maintained independently. The burden of running
existing analysis pipelines oftentimes prevents researchers from developing further refined
models requiring a more granular treatment.

This work aims to solve these challenges in the future by replacing existing workflows with analytical
differentiable physics models.

2. Differentiable Physics Model

In general, the transformation from particle physics domain to the experimental observables
via the detector can be simplified as a function f acting on a vector space 6. Here, 8 encapsulates
all relevant parameters, including initial particle characteristics and detector simulation variables.

y=7f 6) : physics — experiment observable 1)
while the broad meaning of reconstruction is to find the inverse process of f (5) in eq. 1 such that

£71(3) : experiment observable — physics 2)
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The inverse process f ! is essential for experiments, as it is used to reconstruct the parameters of
interest from experimental observables. This process is usually too complicated to be encapsulated
in an analytical form so that the mainstream solution is to utilize specific likelihood functions as
surrogates for f~!. This approach requires extensive simulations to cover the parameter space,
and needs to be recomputed every time that detector parameters change or a new calibration is
required. Gradient-based methods can address these challenges of inverse process computation and
likelihood recalculation. These methods are effective for optimizing the high-dimensional f~!, with
automatic differentiation tools like autograd [2] providing exact, efficient gradients over numerical
approximations. A direct approach involves integrating autograd with the detector simulation. By
reimplementing the simulation in a programming language with built-in autograd capabilities, we
can simultaneously compute exact gradients for all parameters, including detector variables, without
approximation. Given the differentiable model f( 5), a typical likelihood for this case is an L2 loss:

L@ =[Forie - 1@ G)

where y,,,. represents the true experimental observables. While more complex loss functions can
be employed, the fundamental approach remains consistent. Given this loss, we can do gradient
descent using

6= 6,1 = AV5.L(G,-1) )

where A is a hyperparameter that controls the convergence speed.

3. Analytical Toy Models of Ray Tracing

3.1 Detector simulation

Our simulation models the propagation of a light ring from a particle through a detector
medium. The input parameters can be categorized into two groups: particle properties and detector
parameters. Particle properties include vertex position, direction, cone opening angle, and overall
normalization. Detector parameters consist of the attenuation length of light in the medium (water).

The simulation process follows these steps: First, a cone of photons is generated based on the
particle’s properties, particularly the opening angle. Then, each photon is propagated through the
medium until it either collides with a detector on the wall or is attenuated. Finally, the number
of photons reaching each detector and their travel times are recorded. To evaluate the model, we
compare its output to a reference dataset, which is generated by running the simulation once with
known parameters and saving the output.

Based on the discrepancy between the simulated and reference data using the equation 4,
we can leverage automatic differentiation to perform gradient descent. This approach allows
us to reconstruct both the particle properties and the detector parameters (e.g., attenuation length)
concurrently, demonstrating the power and flexibility of the differentiable detector simulation model.

3.2 Cubic Detector

The Taichi programming language was initially used to write the detector simulation described
above. As a proof of principle, we started with a cubic detector with square PMTs along the wall.
The results of this training can be seen in Figure 2.
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Figure 2: Training results with the taichi differentiable simulation

3.3 Cylindrical Detector in JAX

To leverage the advanced automatic differentiation capabilities and enhanced performance of
JAX, we transitioned our implementation from Taichi. A more realistic cylindrical detector was
employed with spherical PMTs on the walls and caps. The model is capable of optimizing to the

true parameters as seen in Figure 3.
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Figure 3: JAX simulation. Left: Event display. Right: Optimization results.

4. Conclusion

We have successfully developed a proof-of-concept model of a unified water Cherenkov cal-
ibration, simulation and reconstruction framework based on an analytical differentiable physics
model. The system is able to optimize calibration and reconstruction parameters simultaneously

using automatic differentiation.
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