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Motivation
Most previous approaches use graph neural networks (GNNs) to only learn the structure information However, publicly available biochemical knowlegde bases
In molecules, to predict molecule’s property (e.g., BBBP, toxicity). remained largely unused (e.g., PubChem, PrimeKG) for this task.
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“Can we leverage the available biochemical knowledge for molecular property prediction?”
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Results across 11 Molecular Property Prediction Tasks: Visualization
Classification (Higher is Better) Regression (Lower is Better) GROVER GROVER + KANO Coda
Dataset BBBP SIDER ClinTox BACE Tox21 ToxCast FreeSolv ESOL Lipophilicity QM7 QMS MolKG (KGE) (w/ Element KG) (w/ MolKG)
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— Gode achieves state-of-the-art performance on 10/11 tasks, outperforming all the previous The learned Gode embedding has the most distinct
baselines (including KANO, which leverages chemical element knowledge) clusters for different scaffolds (shown as different colors).
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— We conduct extensive ablation studies to show the effectiveness of each component in Gode. Code: https://github.com/pat-jj/Gode
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