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Table 1: Evaluation of our self-supervised framework denoted by (SSL). For each architecture the
baseline results correspond to training from randomly initialized weights. Two SOTA methods
have been included for comparison. fdenotes experiments where the reduced set of input features
were used. Shaded results indicate best between baseline and SSL while bold results indicates best
performance overall. For GROVER, GROVER-GIN and Hu et al.| results were taken from [18].

Self-supervised framework

To apply GNNs, molecules are first converted into graphs where nodes

represent atoms while edges represent chemical bonds between For each experiment, the dataset was splitted into 80%/10%/10%

train, validation and test sets using scaffold splitting. We measured the

Input molecule Atom and molecule level task Fragment level task

atoms.
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Molecule output Atom output

Pairwise comparison

multi-label classification task where the model is taught to
recognize which fragments, from a predefined list of 2000
molecular fragments, are present in the molecule.

e Fragment level: Some properties, such as toxicity, are especially related to the presence of certain functional groups and therefore best
understood on the molecular fragment level. The fragment level pretext task is based on decomposing the molecules into fragments of
random sizes and removing the edges between distinct fragments, then training the model to recognize which fragments originate from the
same molecules. This is cast as a binary classification problems where the logits are obtained by dot product comparison of pairs of feature
representations.

e Atom level: The core of GNNs is to extract node level representations from which graph level representations can then be obtained, it is
therefore critical to also pretrain the GNN at the node level to ensure useful graph level representations. The atom level pretext task is defined
as a classification problem to recognize which fragment each atom belongs to. Using the same 2000 fragments as in the molecule level task,
each atom is labeled as the largest fragment it belongs to and the model is trained on this classification task.

performance of GNNs for molecular property prediction, especially in
low data regime. However, our framework was not able to improve the
performance consistently across datasets and architectures. Another
important finding highlighted is the importance of the choice of input
features for self-supervision. When using a very limited set of input
features, the gain in performance obtained by applying self-supervision
increased significantly and was consistent across all datasets and GNN
architectures tested.
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