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Abstract

The n-body problem, fundamental to astrophysics, simulates the motion of n bodies
acting under the effect of their own mutual gravitational interactions. Traditional
machine learning models that are used for predicting and forecasting trajectories are
often data-intensive "black box" models, which ignore the physical laws, thereby
lacking interpretability. Whereas Scientific Machine Learning ( Scientific ML )
directly embeds the known physical laws into the machine learning framework.
Through robust modelling in the Julia programming language, our method uses
the Scientific ML frameworks: Neural ordinary differential equations (NODE:5)
and Universal differential equations (UDEs) to predict and forecast the system’s
dynamics. In addition, an essential component of our analysis involves determin-
ing the "forecasting breakdown point", which is the smallest possible amount of
training data our models need to predict future, unseen data accurately. We employ
synthetically created noisy data to simulate real-world observational limitations.
Our findings indicate that the UDE model is much more data efficient, needing
only 20% of data for a correct forecast, whereas the Neural ODE requires 90%.

1 Introduction

Scientific Machine Learning ( Scientific ML ) has emerged as a powerful paradigm where we shift
our objective from just simulating a known physical model to discovering or correcting the governing
equations directly from observational data. Scientific ML combines the expressive power of neural
networks with the interpretability of differential equations. This approach has been successfully
implemented in various scientific disciplines like fluid mechanics, circuit modelling, optics, gene
expression, quantum circuits, and epidemiology [Baker et al.| [2019], [Dandekar et al.| [2020bla],
Abhijit Dandekar| [2022]], [Ji et al.|[2022], Bills et al.|[2020], Lai et al.| [2021]], Nieves et al.|[2024],
‘Wang et al.|[2023]], Ramadhan| [2024]], Rackauckas et al., |Aboelyazeed et al.|[2023]].

Primarily, the progress in Scientific ML is driven by the following two frameworks: Neural Ordinary
Differential Equations (NeuralODEs) |Chen et al.| [2018]], [Dupont et al.| [2019]], [Massaroli et al.
[2020], |Yan et al.[[2019], which learns the entire system dynamics through Neural Networks from
data, and Universal Differential Equations (UDEs)Rackauckas et al. [2020], Bolibar et al.| [2023],
Teshima et al.| [2020], Bournez and Pouly| [2020], which blends in the known physical laws with
neural networks to learn only the unknown/unmodelled dynamics from data. While these frameworks
are being used in astrophysics (Gupta et al.|[2022], Branca and Pallottini [2023|], |Origer and [zzo
[2024], a thorough comparative analysis of their effectiveness in solving problems is yet to be
determined. In this study, we try to understand the effectiveness and limitations of these two Scientific
ML frameworks.

This study aims to answer several key questions: whether the UDE framework can be used to learn
and recover the pairwise gravitational interaction term by replacing it with a neural network; how
the predictive accuracy of NeuralODEs compares to that of UDEs when modelling the trajectories;
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whether both NeuralODEs and UDEs can be used to forecast the system’s trajectories in the long
term; and finally, if UDEs, by incorporating known physics, offer superior performance in forecasting
over purely data-driven NeuralODEs.

2 Methodology

The foundation of our study uses the classical Newtonian formulation of the gravitational N-body
problem. For a system of n-bodies, the state evolution of the system is described by their positions
ri(t) € R3 and velocities v;(t) € R? of each body 4. The state evolution form a system of ordinary

differential equations ( ODEs ) given by, 4% = v; > i M ﬁ Where G is the

dt
gravitational constant and m; is the mass of body j. This system of equations is used for generating
ground truth data and as the structural prior for the UDE model.

Dataset generation A 3-body system ( random initial condition ) was simulated with Runge—Kutta
by Tsitouras’ numerical integrator in the Julia Programming language for no-noise dataset generation.
For the purpose of this simulation, we set the gravitational constant G = 1 and the masses of the
three bodies to my = mg = m3 = 1. The simulation was run for 7 seconds, the domain ¢ € [0, 7]
was discretised into 70 equally spaced time points. Additionally, 2 more datasets were generated
from no-noise dataset to simulate real-world observational dataset: moderate noise (7% Gaussian std.
dev.), and high noise (35% Gaussian std. dev.)

2.1 Neural Ordinary Differential Equation (NODE)

In this approach, we define the dynamics of the system’s hidden state vector h(¢) with the help of an
ordinary differential equation, 4 = f(h(t),t,6), where the function describing the change is a neural
network f parameterised by 6. Here, we perform backpropagation through the neural network aug-
mented ODE. In doing so, we find the optimal values of the neural network parameters. In our appli-
cation to the n-body problem, we consider the state vector h(t) € R3" which is just the concatenation
of the position vectors and the velocity vectors of all the n-bodies h(t) = [r1,v1,7r2,V2,. .., s, Un].
Here, the Neural ODE framework replaces all the dynamics (Equations (??)) of the n-body system

with a neural network.

2.2 Universal Differential Equations (UDEs)

In the context of the n-body problem, a UDE is formed by retaining the knowledge that the total
acceleration of a body is the sum of pairwise interactions with all other bodies. In addition, we
replace the interaction term itself with a neural network. This allows the neural network to discover
the underlying gravitational interaction between the objects from the data. The UDE is therefore
defined as &t = v; dus — Z?ZM# NN(r;, 75, m;, m;,6). Where 6 denotes the parameters of
the Neural Network (NN), the input to the network is the states (positions ;, r;, and masses 1, M)
of the two interacting bodies ¢ and j. In this configuration, we assume the kinematic relationship and
summation structure are already known physical laws.

3 Results

We have considered a total of 5 cases with different dataset percentages, evaluating each of them
under the following three noise levels: no noise, moderate noise(7% standard deviation), and high
noise (35% standard deviation). The main paper presents the results from training the Neural ODE
and UDE models on the complete dataset (Case 1) and on the datasubsets of 80% (Case 3), 20%
(Case 5).For brevity, only the results for body 1 are presented in the main text; the corresponding
figures for body 2 and body 3 are available in the Appendix. Here, we also include the analysis of the
forecasting breakdown point. Results for the remaining three cases, which utilized 90% (Case 2), and
40% (Case 4) of the data for training, are located in Appendix.
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Figure 1: Combined results for Case 1 (100% training). Top row (a-c) shows Neural ODE results;
bottom row (d-f) shows UDE results across different noise levels for body 1.

3.1 Case 1: Training on complete dataset

From Figure/[T] it is evident that the Neural ODE effectively learns the n-body dynamics throughout the
entire time span and across different noise conditions. When trained on noise-free data, its forecasts
for the position and velocity of each body closely align with the actual trajectories. As noise is
introduced, the model persists in generating smooth and physically plausible trajectories, successfully
filtering out a majority of the random fluctuations inherent in the training data. Notably, this level of
performance is maintained even as noise intensifies, with the model reliably producing accurate and
stable trajectories. These findings underscore the NeuralODE’s considerable robustness to noise,
ensuring long-term accuracy even in scenarios with significant data corruption.

From Figure[l] the UDE, which is trained on the entire dataset, performs remarkably well in predicting
the 3-body trajectories in all the noise levels. When the dataset is noise-free, throughout the duration
of the simulation, the model’s trajectory perfectly aligns with the ground truth data. Even under the
moderate noise, the UDE produces clean and accurate predictions following the underlying dynamics.
Even though under high noise, the data points have become significantly scattered, the model’s
predictions remain smooth and physically plausible. While minor deviations from the true path may
appear, the overall shape and evolution of the trajectories are preserved. These results demonstrate
that when given access to the full dataset, the UDE is highly effective at learning the correct
system dynamics and robust to substantial noise.

3.2 Case 3: Training on 80% of the dataset and forecasting

As depicted in Figure 2| wherein the Neural ODE is trained on 80% of the temporal domain and
subsequently predicts the remaining 20%, a notable disparity in forecasting accuracy is observed
between position and velocity. In the absence of noise, the predicted position trajectories align
closely with the ground truth within both training and forecasting domains; conversely, the velocity
predictions exhibit early signs of divergence. Under moderate noise conditions, the model continues
to produce smooth and physically plausible position trajectories that adhere to the central trends of
the noisy data; however, the accuracy of the velocity forecast deteriorates significantly, revealing
considerable error. In scenarios with high noise levels, the training data becomes considerably more
dispersed, and while the position forecasts from the Neural ODE maintain a degree of smoothness,
the velocity forecasts completely fail. Ultimately, these findings highlight that the NeuralODE’s
ability to generate reliable forecasts is compromised when it is trained using only 80% of the
available data.
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Figure 2: Combined results for Case 3 (80% training). Top row (a-c) shows Neural ODE results;
bottom row (d-f) shows UDE results for body 1. The grey shaded region denotes the forecast domain.

In Figure 2] we have UDE trained on 80% of the dataset and forecasted on the rest. We can see
it performs strongly across all noise levels. When the data is noise-free, its predictions for each
body’s trajectory stay very close to the actual path, both during training and the short forecast
interval, indicating excellent generalization. Under moderate noise, where the training points are a bit
dispersed, the UDEs prediction remains smooth and follows the underlying dynamics very well. Under
high noise, the UDE:s still produce a clean forecast that stays close to the true trajectory. Threfore,

these findings hihglight that UDE’s ability to forecast is intact when trained with 80% of the
dataset

3.3 Case 5: Training on 20% of the dataset and forecasting
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Figure 3: Combined results for Case 5 (20% training). Top row (a-c) shows Neural ODE results;
bottom row (d-f) shows UDE results for body 1. The grey shaded region denotes the forecast domain.



From Figure 3] when the Neural ODE is trained on only 20% of the domain, its ability to forecast
the remaining 80% is significantly challenged. In the no-noise case, the predictions match the true
paths well within the small training area, but the forecasted trajectories show clear and growing
deviations over time. With moderate noise, the model captures the general trends within the limited
training region; however, forecasting errors increase substantially, leading to predicted paths that
diverge significantly from the ground truth. Under high noise, the model’s forecasted trajectories lose
coherence and show poor long-term predictive accuracy, failing to generalize from the sparse, noisy
data. These findings about NODE’s inablility to forecast stays consistent with the result that we
have got from case 3.

In Figure[3] the UDE is trained on 20% of the dataset and forecasted on the rest. Under a noise-free
dataset, the UDE’s prediction for each body’s trajectory follows the true path almost exactly, not only
within the limited training region but also far into the extended forecast area, demonstrating robust
generalization from a small data subset.Even With moderate & high noise, the model still produces a
reliable trajectory. These findings highlight UDE’s ability to perform exceptionally well in data
scrace and noisy environment.

3.4 Forecasting Breakdown Point Analysis

To further explore the model’s long-range forecasting capabilities, we progressively reduced the
amount of training data to identify their forecasting breakdown points. This point is defined as the
smallest percentage of training data below which the model fails to produce a physically plausible
forecast of the unseen trajectory. For the no-noise dataset, the Neural ODE required at least 90% of
the data, failing to forecast the future trajectory when trained on smaller subsets. In contrast, the UDE
model demonstrated superior data efficiency, providing a reliable forecast even when trained with as
little as 20% of the available data. However, the UDE also failed when the training data was reduced
to just 10%. It is important to note that for the noisy datasets (moderate and high), UDE requried
40% of the dataset for reliable forecast, meanwhile, Neural ODE requried 95% of the dataset.

4 Discussion and Conclusion

The paper here offers a comparative analysis between Neural Ordinary Differential Equations (Neural
ODESs) and Universal Differential Equations (UDESs) for forecasting trajectories related to the gravity
n-body problem under various data and noise setting. Neural ODEs had a strong ability to understand
the system’s dynamics when trained on the complete dataset. However, their forecasting success was
highly dependent on data availability with more than 90% dataset. Compared to this, UDEs were
much more data-efficient, with low forecasting errors for models trained on as few as 20% of the
dataset. This data-robustness underscores the benefit of hardcoding known physical laws—the form
of gravitational interactions in this example—into models. With only unknown or unmodeled factors
to learn, the UDE formulation provides a more trustworthy route to generalization with few-data sets.

That being said, a few of its limitations hold for both models as well. For the 7-second simulation
window, this work’s concern lies with showing proof-of-concept recovery and short-term forecasting
accuracy, not long-horizon stability. Numerous UDE and Neural ODE benchmarks employ shorter
time intervals initially to guarantee local dynamics accuracy before moving to larger trajectories.
Furthermore, this study was conducted using a single set of initial conditions, and the models’ ability
to learn the dynamics from different set of initial conditions haven’t been explored. Finally, the
analysis is confined to a 3-body system, leaving its scalability to systems with more bodies as an
open question.

These results are in agreement with the large-scale experience in the SciML community. For noisy,
data-lean sitations, physics-informed models such as UDEs exhibit stronger generalizability compared
to black-box models such as Neural ODEs. With the preserved structure of governing equations,
UDE:s exhibit increased interpretability, since learned neural components may be investigated for
explaining discrepancies or unmodeled effects—an important benefit for scientific exploration. Future
work will shift towards the long-term forecasting as well as generalizing the framework towards
more complex gravity systems, for instance, with non-gravity forces or relativistic effects. The
ultimate goal is to apply these Scientific ML models to real observational data, perhaps revealing
new information about celestial mechanics and expanding beyond the reaches of our current physical
models.
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A Appendix

A Hyperparameter Details

This appendix provides the detailed hyperparameters used for training the Neural ODE and UDE
models, corresponding to the initial no-noise, full-dataset training runs.

Table 1: Neural ODE range of hyperparameters on training data (no-noise).

Hyperparameter Values Search Range

Time Span 0.0, 7.0) 0,7.0) - (0, 10.0)
Activation Function  tanh ReLU, tanh, swish
Optimization Solver =~ Adam & BFGS Adam, AdamW, BFGS
Learning Rate Adam: 0.001 le-4, 1e-3, 1e-2

Hidden Layers/Units 3 hidden layers, 64 units 16, 32, 64, 128 units
Number of Epochs Adam: 200, BFGS: 200 100 - 1000

Table 2: UDE range of hyperparameters on training data (no-noise).

Hyperparameter Values Search Range

Time Span 0.0, 7.0) 0,7.0) - (0, 10.0)
Activation Function  swish ReLU, tanh, swish
Optimization Solver ~ AdamW Adam, AdamW, BFGS
Learning Rate 0.001 le-4, 1e-3, 1le-2
Hidden Layers/Units 1 hidden layer, 32 units 16, 32, 64, 128 units
Number of Epochs 700 100 - 1000

B Supplementary Material

This appendix presents the two additional cases (90% and 40% training coverage) omitted from the

main text for brevity. Both follow the same experimental setup and evaluation protocol described in
Section 2.

B.1 Case 2: Training on 90% of dataset and forecasting

From Figure ] the Neural ODE’s predictions align well with the true trajectories in the no-noise
scenario for both the training and the short 10% forecast window. When noise is introduced, the



model effectively filters it within the training region. However, minor deviations begin to appear in
the forecast region, especially under high noise.

From Figure[d] the UDE performs exceptionally well, as expected. With 90% of the data, the model’s
predictions are virtually indistinguishable from the ground truth across all noise levels. It produces
a clean, accurate forecast that perfectly captures the system’s dynamics, showcasing its superior
robustness and reliability when given ample data.
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Figure 4: Combined results for Case 2 (90% training). Top row (a-c) shows Neural ODE results;
bottom row (d-f) shows UDE results across different noise levels for body 1. The grey shaded region
denotes the forecast domain.

B.2 Case 4: Training on 40% of dataset and forecasting

As shown in Figure 5] the Neural ODE fails to generalize. While it fits the 40% training data, its
forecasted trajectory diverges significantly from the ground truth almost immediately, regardless
of the noise level. The predicted paths become physically implausible, confirming that 40% data
coverage is insufficient for the purely data-driven model.

In contrast, Figure [5]demonstrates the UDE’s continued robustness. The model provides a stable and
accurate long-range forecast in the no-noise and moderate-noise conditions. Under high noise, some
minor errors accumulate over the 60% forecast window, but the overall trajectory remains physically
plausible and closely follows the underlying dynamics. This starkly contrasts with the Neural ODE’s
failure, highlighting the critical advantage of incorporating physical dynamics.

C Additional Figures

This section provides the full 3-body trajectory plots for each case, comparing the Neural ODE and
UDE models. Dotted lines represent the training data, while the dashed line represents the model’s
prediction (in the training region) or forecast (in the grey shaded forecast region).
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Figure 5: Combined results for Case 4 (40% training). Top row (a-c) shows Neural ODE results;
bottom row (d-f) shows UDE results across different noise levels for body 1. The grey shaded region
denotes the forecast domain.

Neural ODE Training Results (3-Body)
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Figure 6: Neural ODE full trajectory plot for 100% training.



UDE Training Results
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Figure 7: UDE full trajectory plot for 100% training.

Neural ODE Training and Forecast Results
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UDE Training and Forecast Results
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Figure 9: UDE full trajectory plot for 90% training and 10% forecasting. The grey region denotes the
forecast domain.

Neural ODE Training and Forecast Results
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Figure 10: Neural ODE full trajectory plot for 80% training and 20% forecasting. The grey region
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UDE Training and Forecast Results
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Figure 11: UDE full trajectory plot for 80% training and 20% forecasting. The grey region denotes
the forecast domain.
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Figure 12: Neural ODE full trajectory plot for 40% training and 60% forecasting. The grey region
denotes the forecast domain.
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Figure 13: UDE full trajectory plot for 40% training and 60% forecasting. The grey region denotes
the forecast domain.
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Figure 14: Neural ODE full trajectory plot for 20% training and 80% forecasting. The grey region
denotes the forecast domain.

13



UDE Training and Forecast Results

Body 1 Position Body 1 Velocity
05 Sl it
T _—__h..“"‘m :
E 21 _‘_M___,_,--,'r'}’ RN
= M = E
3t E
=l — 2
g by] ) » é —05
& 79 [ | Forenst = —LO F [ Forecast
G || ® Tre ™ - ® True
= Prodicted S _15 | |—Predicted
0 2 1 [ 0 i 1 [
Time (s) Time (s)
Body 2 Position Body 2 Veloeity
Fi Fi i
i Drecast L orecast -
= W ® Lo o~ h0 ® Too .
= el —— Predicted _E, =53 = Prodicted
=1 e
- £ 08 [
2T 2 ‘\‘“
= ) £ -09 - -
—6
. —12 e
il 2 1 [ [} z 1 i
Time (s} Time (s)
Body 3 Position Body 3 Velocity
U e e 00
—gk
7 6H
4 b Forecnst I Foreciast
® Toue £s . ® Trun
— Prodicted === i e — Predicted
8 i i =15 [ i i I
0 2 1 i} [} 2 1 G

Time (s) Time (s)

Figure 15: UDE full trajectory plot for 20% training and 80% forecasting. The grey region denotes
the forecast domain.
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