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Abstract

Giant impacts heavily influenced the final configura-
tion and geochemistry of the terrestrial planets. In this
study we use machine learning to explore a rich da-
taset of giant impact simulations in a supervised fash-
ion. This new methodology produces mappings of gi-
ant impact outcomes in an N-Dimensional (N-D) pa-
rameter space, e.g., mass of target, target-projectile
mass ratio, impact velocity and impact angle. We dis-
cuss the physical insights emerging from this initial
analysis and future work.

1. Introduction

Bombardment by large projectiles played a key role in
the formation of the inner planets through accumula-
tion of rocky planetesimals. Our group uses
Smoothed-Particle Hydrodynamics (SPH) to model
giant impacts on planetary bodies such as the Moon,
Mercury and Mars (e.g. [3,5,6]). As of today, our da-
taset is composed of over 1,500 simulations spanning
a wide range of parameters (composition, size, mass
ratio, impact angle, impact velocity). Each SPH out-
come is a complex N-D state (consolidated planets,
clumps, unconsolidated ejecta, and their characteris-
tics including thermodynamic states, etc.) that requires
detailed analysis.

In this regard, state-of-the-art machine learning tech-
niques allow for several advantages: 1) they can
streamline the generation of data sets to most effi-
ciently explore regions of interest in a large parameter
space; and 2) they can perform accurate mappings of
initial conditions and end-states, with associated prob-
abilities, taking into account a high-dimensional pa-
rameter space. This is in contrast to human operators
that are often limited to a mostly 2-D understanding of
the data. Modern machine learning schemes take ad-
vantage of this big data problem to spot new and some-
times unexpected correlations.

In this pilot study, we trained, tested and validated an
algorithm able to map strictly the pre-impact condi-
tions to the accretion efficiency (defined as the frac-
tion of the projectile mass M. acquired by the target
M:). The adopted scheme is supervised: the machine
learns the correlation between input and output using
labelled data: {xi; yi}, where xi is an array of four input
parameters (predictors): M (mass of the target), Mj.
(mass of the impactor), 0 (impact angle) and the ratio
between the impact velocity and the escape velocity;
and i is the corresponding response. Efficiency, accu-
racy, and predictive power will be discussed.

2. Classification model

In SPH, the continuous fluid is represented as a La-
grangian set of particles that move with the flow; this
allows easy visualization and supports analytical de-
ductions ([4] and references therein). We designed a
naive Bayesian classifier [7] based on a visual classi-
fication of simulation outcomes. Fig. 1 shows an ex-
ample of a posteriori classification probability for 4
distinct impact outcomes defined and discussed in
[1,4,8]: Hit & Run, Graze & Merge, Merge, Disrup-
tion. Each of these collisional regimes can be thought
of as a ‘phase’ in which collisional behaviour is simi-
lar, that is, a scaling law can be expected to apply. The
topology reveals relatively narrow transition regions
between the different collisional regimes, in which the
collisional outcome associated with a combination of
parameters is probabilistic. The classifier can be
adopted as a guideline to distinguish “interesting” re-
gions of phase-space to be followed up with further
simulations.

3. Surrogate model

While a classifier is able to handle discrete, qualitative
responses, a surrogate model is an algorithm able to
mimic the SPH physics and to predict continuous
(floating point) outputs given the input parameters
(predictors). Running the surrogate model drastically
reduces the computational time with respect to full
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Figure 2. Example of a posteriori probability
distribution for the 4 outcome categories
(Mt = 0.1MEarth and v = Mp/Mc= 0.7).

SPH simulations (from hours to seconds). The surro-
gate model forecasts accretion efficiency at several
times the gravitational timescale, after pressure gradi-
ent forces are no longer acting. The accretion effi-
ciency map, Fig. 2, is richer in terms of collisional out-
comes with respect to the Bayesian classifier. We note
that a significant fraction of the projectile mass M, can
be acquired by the target M in ‘Hit & Run’ collisions
too, without a complete merging of the projectile with
the target. Conversely, ‘Graze & Merge’ collisions at
low velocity and high impact angle can somewhat be
inefficient, implying that a significant fraction of mass
ends up forming unbounded remnants.

4. Conclusions and future work

This study shows the potentialities of machine learn-
ing in: 1) processing large planetary formation da-
tasets without a heavy involvement/bias from the user;
2) identifying “strange” or interesting regions in the
parameter space requiring further study; 3) providing
a statistical description to phase boundaries as op-
posed to the hardline boundaries of traditional scaling
laws. One long-term scientific goal is to obtain sys-
tematic guidance to solutions of complex problems
such as Earth-Moon system formation and Mercury
formation [6, 3] that may exist on phase boundaries in
outcomes of giant impacts.

In future work we will create a complete surrogate
SPH model that can enable additional
outputs such as masses, velocities and spin states of
the largest remnants. We will also apply this approach

Accretion Efficiency

0 20 40 60 80
0imp [degrees]

Figure 2. Example of prediction for accretion
efficiency using the designed surrogate model
(Mt = 0.1MEarth and y = My/M: = 0.7).

to the transition from gravity- to friction-dominated
collisions. The surrogate model could be subsequently
used as input in N-body simulations for post-colli-
sional dynamical studies. Being an invertible function,
we can apply the surrogate model to gain a better un-
derstanding of the relative likelihoods of any specific
giant impact scenario.
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