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> Propose a new knowledge distillation method to transfer the instance-wise
structural knowledge.

> Establish a comprehensive benchmark on three image classification datasets

> Demonstrate the superiority of our model under a variety of evaluation setups.

> Modeling the instance-instance correlations
> Transferring the graph structural knowledge
> Use self-supervised knowledge

Model Overview
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(a) Graph construction of teacher graph and student graph (b) Embedding Graph Alignment
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> Evaluation on different network architectures > Evaluation on supervised model > Evaluation on different dataset
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