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Content:
Over the past decade, machine learning has revolutionized atomistic modeling: interatomic potentials
now learn to reproduce ab initio energy surfaces with remarkable accuracy while enabling large-scale
simulations [1–5]. However, this evolution raises numerous questions. Which physical principles
remain essential to embed in these models? How should we balance mathematical structure
(equivariance, symmetry, conservation laws) against empirical efficiency? How can we ensure the
reliability and transferability of potentials trained on finite datasets? Meanwhile, the emergence of
foundation models and large language models (LLMs) for materials, alongside the creation of massive
databases, is redefining the roles of knowledge, computation, and interpretation in materials physics.
This symposium invites researchers to discuss these open questions, present methodological or
conceptual approaches, and explore the intersections of learning, data, and atomistic physics.Topics Covered:• Development of machine-learning interatomic potentials (GAP, ACE, NequIP, MACE,Allegro, etc.)• Equivariant neural architectures and integration of physical symmetries• Active learning strategies, robustness, and extrapolation• Ab initio databases and FAIR infrastructures for atomistic modeling• Validation, interpretability, and reproducibility of models• Foundation models and LLMs applied to chemistry and materials science• Hybrid approaches combining machine learning and explicit physical laws• Theoretical, methodological, and epistemological perspectives on data-drivenmodeling
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