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ML-augmented semi-empirical method[4,5]

Training the quantum inverse mapping (QIM) model Enhanced density functional tight-binding method

Predicting properties of non-covalent systems
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Flexibility when searching for a single molecule with a desired pair of quantum-
mechanical (QM) properties or distinct molecules with a targeted set of QM properties.
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Eint = Edimer � Emon1 � Emon2

Equivariant D3 many-body potentials have been trained to improve the performance
of DFTB3 method, targeting PBE0 level of theory. We have considered state-of-the-art
equivariant neural networks such as SpookyNet (SP), MACE (MC), and Allegro (AG).

Performance of D3 potentials in predicting the
interaction energy Eint and atomic forces of
molecular dimers in the S66x8 dataset.
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The QIM model was developed using a VAE architecture that employs Coulomb
matrices as molecular representations along with the corresponding quantum-
mechanical properties.
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loss = DKL[q�(z|x)||p(z)]� Eq� [log(p✓(x|z))]� Eq� [log(p (z|y))]
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