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and generates soft labels using high-order relationships.

on the absence of contrastive learning
(lack of CL) and with contrastive learning
(DistillHGNN), focusing on accuracy
across four datasets.

* TinyGCN captures direct neighborhoods relations in graphs. The soft labels guide the student model via a KL
divergence term and are also used to generate labels for datasets with insufficient ground truth annotations.

Accuracy (%)

* Both models are trained using a combination of supervised loss and contrastive loss to align their embeddings,
enabling efficient knowledge distillation from teacher to student.Rr
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