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Introduction

* Predicting molecular properties in drug design requires a numerical
representation of small organic molecules.

« Conventional cheminformatics fingerprints encode selected features
(e.g. presence of specific functional groups).

» Machine Learning Interatomic Potentials learn accurate
representation of local atomic neighbourhoods to model potential
energy surface. REM3DI aggregates descriptors into one physically-
motivated and transferable representation across tasks and
molecular chemistries.
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« REM3DI learns attention based aggregation of invariant

MLIP features into one fixed size vector.

« Construct pseudoscalar features
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* Interaction/ relevance of atoms depend on their distance.

Add pair bias term to attention logits.

* Encode distances either as 3D pairwise distances, or via

Encoder

Encoder Pretraining

2D molecular graph random walks.
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* Training ML regression models
(ridge/ random forest) on
pharmaceutical properties (ADMET/
activity) outperforms ECFP
fingerprint in 12/12 properties.

* Representation transferable to wide
range of tasks, and chemical
systems. Does not require
expensive finetuning.
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Summary

« REM3DI is a physics-informed and conformation-aware representation generalizing
across tasks and systems from small organics to transition-metal complexes.

« We enable accurate property prediction outperforming conventional cheminformatics
descriptors and practical drug discovery workflows.
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2 o Left: Clustering of transition metal
compound tmQM dataset by
geometry, ligands, metal center.

« Clusters chemically and
configurationally similar systems
closely together.
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Outlook

*Scale the REM3DI architecture to larger models and pretraining datasets to improve
performance.

«Apply REMSDI in other atomistic domains (e.g. periodic systems) and tasks (virtual
screening, MD trajectory clustering etc.)
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