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Abstract

We introduce Jaxion, a simple and extensible simulation library built on JAX for
numerical experiments in astrophysics and scientific machine learning. Jaxion
enables multiphysics simulations of fuzzy dark matter, stars, and gas, combining
spectral methods, particle-mesh, and finite volume schemes. Leveraging JAX’s
automatic differentiation and hardware acceleration, Jaxion provides a flexible
platform for rapid prototyping and differentiable simulations. This differentiability
allows gradients to be computed through entire simulation pipelines, enabling
seamless integration with optimization, inference, and machine learning workflows.
As a result, users can efficiently run simulations on GPUs and treat them as black-
box differentiable functions for inverse problems or hybrid physics-ML modeling.

1 Introduction

Astrophysics has long relied on sophisticated numerical simulation codes to model the complex, multi-
scale processes that govern the Universe. Established codes such as ATHENA++ [14], AREPO [13]],
FLASH [3], and RAMSES [[15]] have enabled detailed studies of gas dynamics, star formation,
and cosmological structure formation. These tools typically employ a combination of grid-based,
particle-based, and spectral methods to solve the governing equations of hydrodynamics, gravity, and
additional physics.

Despite their success, traditional astrophysics codes are often limited in their ability to interface with
modern machine learning (ML) techniques and to support differentiable programming paradigms. As
the field moves toward integrating ML for tasks such as parameter inference, model discovery, and
hybrid physics-ML modeling, there is a growing need for simulation frameworks that are both flexible
and differentiable. The future of astrophysical simulation lies in platforms that can leverage automatic
differentiation, hardware acceleration, and seamless integration with ML workflows, enabling new
approaches to scientific discovery and data-driven modeling. Recent developments of differentiable
astrophysics code for various applications ranging from hydrodynamical simulations to modeling
gravitational waves include the works of [7, 9, [16].

In this paper, we introduce Jaxion, a differentiable simulation library designed for studying fuzzy
dark matter (FDM) coupled to baryons (stars and gas). FDM is a plausible dark matter candidate,
modeled as a quantum wave-like field, governed by the Schrodinger-Poisson equations, and exhibits
unique phenomena such as solitonic cores and granular interference patterns on kiloparsec scales [§].
It is evolved in time via a spectral method in our code. Gas is modeled with the compressible Euler
equations solved with a finite volume method. Stars are evolved according to gravity (collisionless)
using a particle-mesh scheme. All three components are coupled through the gravitational potential.
Classical codes developed to model such FDM systems include PYULTRALIGHT [4] (spectral method
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in Python), GAMER-2 [[12] (GPU-accelerated simulations with adaptive mesh refinement), and
AREPO [11] (spectral method coupled to a moving Voronoi mesh for the gas).

Jaxion is built on JAX [1]], and leverages its capabilities for automatic differentiation and just-in-time
compilation to deploy code on GPUs and TPUs. Autodiff opens new avenues for scientific discovery,
such as gradient-based parameter inference, optimization, and hybrid physics-ML modeling.

This paper is organized as follows: in Section 2] we describe the coupled astrophysical equations
that Jaxion solves, in Section 3] we describe our second-order numerical method, in Section ] we
describe the concept, advantages, and limitations of end-to-end differentiable physics simulations, in
Section[5] we demonstrate the simulation code and application to inverse problems, and in Section [6]
we offer concluding remarks.

2 Physical Equations

FDM is represented by the wave function, 1/, normalized such that its density is pqm = [1/|?. The
field has a boson mass of m and is evolved according to the Schrodinger-Poisson equations:
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where the gravitational potential V' is sourced by the total density of matter: piot = Pdm +Pgas +Pstarss
and p, ., is the mean density in our periodic box.

For the gas, we consider the compressible isothermal Euler equations, with density pgas = p, velocity
v, and (fixed) sound-speed c:
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Finally, star particles (position x5, velocity v, mass ms) evolve according to the collisionless

Boltzmann equation:
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3 Numerical Method

The numerical solver is based on earlier works, re-written in JAX. We employ a second-order (‘kick-
drift-kick”) pseudo-spectral solver for the Schrodinger and Poisson equations in a periodic box [10].
For the hydrodynamics, we use a second-order unsplit Godunov scheme finite volume scheme with
local Lax-Friedrichs flux on a uniform mesh, as described in [13]]. Finally, for gravitational particles
(stars) we employ a second-order particle-mesh method with cloud-in-cell transfer operators [3].

The dark matter, stars, and gas are coupled gravitationally. In each ‘kick’ half time-step, the gravita-
tional potential is updated by depositing all matter onto the grid to obtain the total density source and
solving the Poisson equation (spectrally). Accelerations are then applied to the wavefunction, gas,
and particles.

Jaxion is open-source and available at https://github.com/JaxionProject/jaxion,

4 Differentiable Simulations

Fig. []illustrates the conceptual parallel between differentiable multiphysics simulation codes and
neural networks. In traditional neural network training, model weights are optimized by minimizing
a loss function with respect to training data, leveraging gradient information for efficient learning.
Similarly, differentiable simulation frameworks enable inverse design, where optimal initial conditions
or parameters of a physical system are learned by minimizing an objective function defined on
the simulation output. In both scenarios, access to gradients through the computational graph is
essential for scalable and efficient optimization, highlighting the transformative role of differentiable
programming in both Al and scientific modeling.
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Figure 1: Conceptual parallels between differentiable multiphysics simulation codes and neural
networks. Both rely on differentiable frameworks. Finding training model weights in an ML model is
analogous to finding optimal initial conditions/parameters of a physical system in an inverse problem.

dark matter

Figure 2: An example of a multiphysics simulation of FDM fluctuations coupling to interstellar gas
gravitationally and exciting turbulence. Shown also is the computational scaling of the code as a
function of simulation resolution.
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The computational cost of gradient computation in differentiable simulations is similar to that of
the forward simulation, thanks to reverse-mode automatic differentiation [6]]. This efficient scaling
enables practical use of gradient-based optimization and inference in scientific workflows without
significant overhead. The main price to pay is in the memory overhead needed for the computational
graph for automatic differentiation. Checkpointing is a technique to reduce memory usage [6].

5 Numerical Examples

We briefly present an example of a multiphysics simulation and computational scaling, as well as an
inverse-problem solved with Jaxion. More examples and code can be found at the code repository
https://github.com/JaxionProject/jaxion.

5.1 Gas Heating from Fuzzy Dark Matter Fluctuations

Fig. [5.I]demonstrates a multiphysics simulation of FDM and gas. The simulation captures a patch of
a dark matter halo + galaxy, where interference fluctuations in the FDM density field gravitationally
heat the gas [2], leading to the development of small-scale structure and turbulence. The simulation
is initialized with dark matter (FDM boson mass m = 10~22 eV) having a fixed velocity dispersion,
plus a uniform gas density representative of the interstellar medium. The simulation reveals an
interesting phenomenon that FDM can induce turbulence in the gas, which may have implications for
star formation and galaxy evolution, and merits further study. A plot demonstrating the timings of
running the simulation code is also presented, where it can be seen that running the code on GPUs
can be over 100x faster than on CPUs.
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Figure 3: Inverse-problem: in a system with initially uniform dark matter and stars, what initial
velocities for the stars will cause the dark matter to evolve into the shape of the letter ‘J° (target)
in a given amount of time? The bottom right shows the result of a discovered solution after 100
gradient descent-type steps applied to our differentiable physics simulation, found in 511 seconds on
an Nvidia H100.

5.2 Logo Inverse-Problem

Fig. [5.2] shows an example of an inverse-problem solved with Jaxion. In a system with initially
uniform dark matter and stars, what initial velocities for the star particles (64 x 3 unknowns) lead
to the dark matter (323 grid) to evolve into the shape of the letter ‘J° (projected density) after 300
timesteps? The bottom right shows the result of a discovered solution after 100 Limited-memory
BFGS optimization steps (using the optax library [3]]) applied to our differentiable physics simulation,
found in 511 seconds on an Nvidia H100 GPU.

This example showcases the potential of differentiable simulations for solving inverse problems in
astrophysics to efficiently navigate the complex landscape of high-dimensional parameter spaces to
achieve desired outcomes in the simulation.

6 Concluding Remarks

The Jaxion code is in its first release phase to introduce a simple, flexible differentiable astrophysics
code to the community. Lots of future features are in store, including adding cosmological co-
moving factors, sub-grid physics including ML-tuned closure models, multiple axion fields, and
scaling of the code to multiple GPUs. Future enhancements may include adaptive mesh refinement
(an open area of research for differentiable codes), support for additional physics modules (e.g.,
magnetohydrodynamics, radiative transfer), improved I/O and visualization tools, integration with
probabilistic programming frameworks, and user-friendly APIs for custom model development.

The modern ML Python ecosystem has matured to the point where developing high-performance,
feature-rich simulation codes requires 10 times less code than in previous decades. As a result, new
ideas can be rapidly prototyped and deployed, accelerating progress in scientific computing. The core
of Jaxion is only around 1000 lines of code.

Jaxion showcases the potential of differentiable programming for astrophysical simulations, combin-
ing end-to-end differentiability, hardware acceleration, and modular multiphysics. This open-source
platform enables new approaches to scientific discovery in astrophysics. We invite the community to
explore and build upon the open-source project.
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