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The use of machine learning interatomic potentials (MLIP) in molecular dynamics (MD) has

become a hot topic in recent years to reproduce complex atomic-scale processes, and has a

central role in the materials discovery process. Density functional theory (DFT) codes, particu-

larly plane-wave codes (e.g., VASP), are used to generate a detailed dataset of atomic structures

to train the interatomic potential through a ML algorithm. Typically, these datasets contain a

wide range of atomic configurations to cover with high accuracy many processes, obtaining a

complete reproduction of the material behavior. However, in many cases, the MLIP needed to

explore a certain property of a material does not need a high accuracy in all the properties. The

use of open-source DFT code SIESTA (LCAO), which allows full control of parameters, such

as the basis set, in a computationally efficient way, can be used to generate MLIPs in a relatively

unsupervised manner.

The computational prediction of materials behavior under extreme conditions remains a main

challenge in materials science, particularly for applications in sustainable energy technologies

such as nuclear fusion. While traditional ab initio methods provide accurate descriptions of

atomic-scale processes, their computational cost limits the accessible time and length scales

needed to capture complex surface-subsurface phenomena. We present a flexible computational

framework that leverages open-source density functional theory implementations to generate

targeted datasets for machine learning interatomic potentials (MLIPs). Our approach explores

case-oriented accuracy over universal transferability, allowing efficient exploration of specific

material properties through strategically designed training protocols.

We show a robust methodology by investigating different processes in metallic systems ex-

posed to extreme environments, such as those found in nuclear fusion.
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