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Introduction: The final phase of the planet
formation process is often dominated by large-
scale collisions of up to planet-sized bodies,
which also shape the characteristics of final plan-
ets – especially their bulk composition, rota-
tion state, and inventory of volatiles. There-
fore, predicting the outcome of major collisions
between planet-sized bodies plays an important
role in understanding planetary systems. His-
torically, collision treatment was handled ana-
lytically via perfectly inelastic merging (PIM).
Various (semi-) analytical and simulation-based
approaches were proposed to improve the pre-
diction accuracy [1–9]. Due to the inherent com-
plexity of collision processes, both fast and ac-
curate collision treatment remains a challenging
task. Several works demonstrated the usefulness
of machine learning (ML) for planetary collision
treatment [10–14]. Often, Feed-Forward neu-
ral networks (FFN) [15] regressors for predict-
ing collision outcomes rank amongst the best-
performing ML methods. We introduce a more
general dataset of planetary collisions which al-
lows studying water transport in planetary sys-
tems. We use the dataset to employ a simple,
but problem adapted ML model for predicting
collision outcomes. Presented methods and re-
sults are preliminary.

Methods Usingmiluphcuda [16; 17], we per-
formed 10164 SPH simulations of pairwise plan-
etary collisions which represent our ML dataset.
We train a residual neural network [18] in a su-
pervised fashion to predict masses, material frac-
tions, positions, and velocities of the two largest
post-collision remnants and the remaining de-
bris. We formulate the ML task as a multi-task
regression problem. Our model incorporates an
inductive bias that helps modeling temporal dy-
namics by evolving system states in an autore-
gressive manner, closely resembling the data-
generating process. It allows for flexible pre-
diction of post-collision states at different times,
and can be employed as a drop-in replacement
for collision treatment methods that are used
within existing n-body frameworks.

Results and Outlook Our dataset is freely
available1 and qualitatively consistent with [19]

and [5] in identifying three major outcome
regimes: erosion, accretion, and hit-and-run.
We demonstrate that our ML model outper-
forms the PIM and FFN baselines in predic-
tion accuracy and out-of-distribution generaliza-
tion. We verify that our regression-approach is
suited to perform classification of different col-
lision scenarios as a post-processing step, avoid-
ing the need for two-step classification-regression
approaches which are commonly used in the lit-
erature. Our ML model is approximately 104

times faster compared to the corresponding SPH
simulations (both running on a single GPU),
lending itself to be used in large-scale plane-
tary evolution simulations. Future directions in-
clude more extensive simulation datasets that
will allow to investigate ML methods that are
more specifically tailored to dynamical systems.
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