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We propose Graph Adversarial Collaboration
(GraphAC) — a conceptually novel, principled,

Method Results
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The two GNNs collaborate by predicting each other's output
graph embeddings, and compete adversarially to prevent the
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2) exploit task-specific properties of the graphs, which cannot
be transferred to other domains;

« GraphAC addresses both of the above issues, by having
GNNs directly compete against each other on the same
unlabelled graphs, in a contrastive self-supervised manner.

It then ensures that more expressive GNNs can always win by

also become the more important features = further regularize
training by ordering the features by importance

3. Overall Framework

Combine the Competitive Barlow Twins losses with the VICReg
(Bardes et al., 2022) covariance regularization loss:

Loss differences of the conducted experiments on the ogbg-molpcba dataset. Negative
value means GNN, wins the game, and positive value means GNNg wins the game.
Greater absolute value indicates larger gap in expressiveness determined by GraphAC.
The consistent gradient from bottom left to upper right clearly indicates that GraphAC
genuinely favors more expressive GNNSs.

Task-Agnosticism

GraphAC can be successfully
generalised to various distinct
domains, without using labels
or augmentations

Link with GNN Performance

GraphAC’s expressiveness
rankings on GNNs also
correlate strongly with GNNs’
actual task performances
(see plots in the left figure)
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