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Abstract
Calculating N-body simulations has been an extremely time and resource consuming process for researchers. There have been many schemes trying to approximate
the correct positions of celestial objects of simulations. In this paper, we propose
using Neural Networks in the physical and in the Fourier domain in order to correct
a Particle Mesh scheme, primarily in the smaller scales i.e., the smaller details of
the N-body simulations. In addition, we used a recently proposed in the literature
technique to train our models i.e. through an Ordinary Differential Equations
(ODE) solver. We present our promising results of the different types of Neural
Networks that we experimented with.

1

Introduction

An N-body simulation simulates the motion of celestial objects, that interact with each other via
physical forces. Since the universe is mostly consisted of dark matter and dark energy, we focused
primarily on dark matter N-body simulations from CAMELS [13]. For the simulations which are
periodic, we used a Particle Mesh (PM) scheme, which provides fast but not that accurate results
in the smaller scales. The N-body problem is one of the most famous ones in astrophysics. In this
problem, N particles interact with each other with gravitational forces. When the number of particles
is fairly small, the prediction of their positions even by a CPU is straightforward. Is the time also
trivial when we need to calculate a system of hundred of thousand or even millions celestial objects?
Obviously not, trying to brute force a system like that could even take up to 5 ∗ 104 hours in CPU
time, which is about 6 years [4].
Therefore, researchers have turned to Deep and Machine Learning techniques in order to solve
the N-body problem through predicting the positions of the particles, instead of calculating every
position for every time step for every particle. There is a number of machine learning methods that
can simulate computationally expensive N-body simulations. Specifically, He et al. in [5] developed
a deep neural network to learn the nonlinear mapping from first order perturbation theory linear
displacements to the displacement field of Fast Particle Mesh simulations. By training a generative
model to super-resolve the particle displacement field, Li et al. in [10] showed how to improve the
resolution of a low-cost approximate N-body. These methods depend on large Deep Convolutional
Networks to learn an efficient mapping that produces the necessary outputs even if they use particle
displacements as inputs and outputs of their modeling.
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In order to shorten the computation time and produce low-cost realizations of the large-scale
structure, quasi N-body numerical methods have been devised. These methods include the Fast
Particle Mesh (FastPM) N-body solver proposed by Feng et al. in [14] and the Potential Gradient
Descent (PGD) proposed by Dai et al. in [3]. The PGD method is a gradient based method to
correct the PM approximation in FastPM and improve the modeling of the matter distribution
within halos. Very recently, Lanzieri et al. in [9] presented an alternative to the PGD correction
scheme for a quasi N-body PM solver, based on Neural Network implemented as a Fourier-space filter.
The goal of this work is to improve the precision of N-body simulations snapshots from a Particle
Mesh scheme. To achieve this, we employed and compared various Deep Neural Networks to learn
effectively corrections to the differential equations solved by the PM solver to recover the correct
behaviour on small scales.

2

Process

This work was implemented in JAX [1]. The code1 ran in an NVIDIA RTX A6000 GPU.
We used 10 data points for training and one for testing. Each data point of our dataset
needed about 15GB of storage. Having completed setting up our data and the prepossessing
part, we used an ODE solver from JAX as a black box and calculated the gradients with the
adjoint sensitivity method [12]. In this way we get an approximation of the positions and
the velocities of the particles. The Particle Mesh scheme creates a density field in 3D and the
ODE solver solves it in the Fourier Domain. The way the approximation is calculated is the following:
The Particle Mesh scheme gets the positions of the particles in the 3 dimensions (#of P articles3 ,3)
and produces the density field delta (N, N, N ). Afterwards, with the help of Fast Fourier Transformation, it calculates the gravitational potential with dimensions (N, N, N2 + 1) and finally with
the inverse Fast Fourier Transformation the gravitational forces on the particles (#of particles3 ,3).
From the forces and velocities, the new positions and velocities are computed. Unfortunately, this
scheme is not capable of approximating the smaller scales (small details) accurately, but only the
larger scales. Thus, the use of a Neural Network is considered necessary in order to model the smaller
scales that are not correct. Our Neural Networks correct either on the Gravitational Potential or on
the Gravitational Forces. To be more precise, the ODE for correcting the Gravitational Potential and
the Gravitational Forces are:
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For the gravitational potential, we have implemented the parametric function Fθ , hybrid between a
physical model and neural network:
Fθ (input) =


3Ωm 
∇ ϕP M (x) ∗ F −1 (1 + fθ (input))
2

(2)

For the gravitational forces, we have implemented the parametric function Fθ , a hybrid between the
physical model and a neural network:
Fθ (input) = F orces + fθ (input)

(3)

where x are the positions and v the velocities of the particles, F −1 is the inverse Fourier Transform,
ϕP M is the approximated gravitational potential (which we correct), F orces are the approximated
gravitational Forces (which we correct) and derive from ϕP M which is the approximated gravitational
potential, α is the cosmological scale factor and fθ is one of the networks that we present at section 3
with their input.
1
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For the loss function we are trying to fix the positions of the particles and use as a regularizer the
power spectrum.
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where i represents a snapshot, x is the positions of the particles, λ is the regularization rate (hyper
parameter), while P represents the Power spectrum for each snapshot.
Finally, we chose the Adam optimizer from Optax[7] to train the following Neural Networks and use
a learning rate of 0.005.
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Neural Network Architectures and Results

In this work, we used several Neural Network Architectures, some simple ones and some Deeper and
more complicated ones which either correct the Gravitational Potential or directly the Gravitational
Forces.
3.1
3.1.1

Residual on the Gravitational Potential
SpectralConv3d / Simple Fourier

Our first attempt was a Fourier layer (SpectralConv3d) from [11]. This layer implements a convolution
in Fourier space as a trainable weight map that gets multiplied with the Fourier Transform of the
input signal. This procedure does not happen in the Euclidean space (N, N, N ), but in the Fourier
Space (N, N, N2 + 1) which we transitioned to through the Fast Fourier Transformation. The output
of the model is also an array of dimensions (N, N, N2 + 1).
3.1.2

Fourier B-spline

This Neural Network was proposed by [9] and it is defined as the previous one in the Fourier
Domain, but instead of parameterising the Fourier convolution by an N × N × N/2 weight map, it
parameterises the filter in terms of an isotropic 1d transfer function.
3.2

Residual on the Gravitational Forces

This task is a bit more difficult than the previous one and thus we need more complex neural
networks which need even 10 times more training time than the previous Neural Networks. The
following networks are different from the previous ones as they calculate directly the correction on
the gravitational forces of each particle in the 3D space. So, as an input we use the positions of
the particles shapes (N, N, N ) and also we use the time as a plane to the input. There was major
improvement when the time dependence was added to the "equation". In both of the following
networks, the wrap padding was used for Convolutional layers. This "tool" was absolutely necessary
to ensure the periodicity of the simulation volume.
3.2.1

Fourier Space and CNNs with skip connections

This is the FN03d Neural Network proposed by [11] with some small improvements. It combines
SpectralConv3d and Convolution layers. We added some skip connections and the CNNs have kernel
3 and not just 1, which is just a multiplication.
There are 4 layers of SpectralConv3d and 4 layers of CNNs also. Each SpectralConv3d is added
to one CNN and the previous input (skip connection). The activation function GELU [6] was used
for both Fourier and "Real" space. Crucial for the efficiency of the network was the ’wrap’ padding
that was added at the CNNs in the physical space. Finally, the number of output filters is 10 for the
FN03d.
3

3.2.2

MobileNet

This is the only Neural Network that does not involve Fourier space and the correction happens only
in physical space. For this particular Neural Network, we added as an input the velocities of the
particles which improved the model’s efficiency, in contrast to the previous one. This network was
the slowest to compute in comparison to the previous ones.
Since their conception MobileNets have been extremely useful in computer vision[8], but also have
other applications such as in the game of Go[2]. The network is consisted of 6 blocks that are
similar to MobileNet Blocks. Each block is consisted of one Convolution3D layer, followed by a
DepthwiseConvolution3D layer and finally a Convolution3D layer. In every case we used a 3 × 3 × 3
kernel and GELU[6] activation function. Also, padding was 6 at each side of the cube for each
Convolution layer that we had with mode ’wrap’. The number of channels used in the Convolution
layers is 20 for the MobileNet. At the end, there is one Convolution3D layer 1 × 1 × 1 just to bring
our data in the dimension (N, N, N, 3), so the neural ODE function can use them to create the forces
for all particles.
3.2.3

All-in-one Power Spectra

Figure 1: Power Spectrum Comparison
The power spectrum was used as an evaluation method for the Neural Networks. In Figure 1, the
orange line is what the Particle Mesh scheme provides us with and the blue line is the true power
spectrum. We use the Neural Networks in order to diminish as much as possible this gap. We can
conclude that the models that have the best Power Spectrum, are the B-spline and the MobileNet.
Even though the B-spline has better smaller scales, which means it is more accurate in the small
details than the other models, it "over corrects" (it is above the blue line) in the larger scales. The
FNO3d follows closely the latter two Networks and has similar results.
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Conclusions

In this work, we tested many different and unique Neural Networks in order to correct a PM scheme
through an ODE solver and get as close as possible to the N-body simulations. Most of the models
involved the symmetrical Fourier space, while the MobileNet was exclusively in the physical space.
Also, we experimented with correcting the gravitational potential and the gravitational forces. For the
power spectrum correction, the B-spline and the MobileNet seemed to have had the best results.
For future work, it would be really interesting to experiment with a combination of the B-spline and a
MobileNet correcting at the same time the gravitational potential and the gravitational forces. In this
way, we will try to achieve to fix the over correction of the larger scales of the B-spline model, but
also improve the smaller scales in which the MobileNet is under performing in comparison to the
B-spline.
4

Impact statement
These models allow us to solve the N-body problem better than just the Particle Mesh scheme. The
more complex models that we improved and implemented, are capable of taking as an input the
density field and the velocities of the particles. Also, in future work, they will allow us with the use
of a latent variable to map other types of particles such as gas particles.
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