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Graph Positional Autoencoders as Self-supervised Learners

Yang Liu", Deyu Bo®, Wenxuan Cao, Yuan Fang, Yawen Li, Chuan Shi'

» Motivation » GraphPAE uses a dual-path architecture to separately reconstruct node features

> Background and positions, overcoming the expressivity and ambiguity challenges.

Masked Graph Autoencoders (GAEs) follow a corruption-reconstruction framework,
which learns graph representations by recovering the missing information of the
incomplete mnput graphs. .

cornftion

* Feature Path: Integrates positional encodings to enhance message-passing
expressivity for improved feature reconstruction.

Position Path: Leverages node representations to refine positional encodings,

reconstruction
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enabling the model to learn diverse frequency information.
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: * Reconstruction Strategy: Reconstructs relative node distances as a surrogate
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