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ML-SAPIE: An Autonomous Workflow
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The discovery of stable molecule—surface interfaces
is a key bottleneck in heterogeneous catalysis,

energy storage, and electronic materials design. Accelerating Materials Discovery with Machine Learning
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reliable atomic-scale accuracy, the exhaustive
exploration of surface—adsorbate configurational DFT
space remains computationally challenging, limiting o .
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learning. Built on the AiiDA WorkGraph
framework[3], ML-SAPIE establishes an
autonomous pipeline that integrates bulk
optimization, surface construction[4], adsorption
configuration generation, and large-scale DFT
relaxations using VASP. The resulting database is
explored and analysed in order to store physics- and
chemistry- based descriptors that capture local
atomic environments and electronic fingerprints to
link it to the global stability of each systems. The
extracted descriptors are then used to train machine
learning models for predictive stability assessment,
enabling rapid screening and energetic predictions
of new surface-molecule systems with DFT
accuracy. Beyond property prediction, ML-SAPIE
supports reverse interface engineering by
generatively exploring chemical space and
proposing stable configurations prior to explicit
quantum evaluation. As a proof of concept, we
investigate cysteine adsorption on gold surfaces.
The framework autonomously recovers known
stable binding modes[5] while identifying previously
unreported minima, demonstrating its capacity for
both validation and discovery. By combining
automated quantum simulations, data-driven
modelling, and scalable machine learning
algorithms, ML-SAPIE contributes to the
development of intelligent materials workflows and
advances machine learning-enabled materials
discovery for catalytic and energy applications.

Figure 1. Computational pipeline of the ML-SAPIE code:
From bulk optimization to ML-based energy prediction.



