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Problem Statement
Are the existing graph lottery ticket (GLT) identification techniques

Adversarially Robust Graph Sparsification

capable of generating adversarially robust GLTs? The proposed technique performs unified graph—GNN sparsification such that:
] ) * Promotes feature smoothness
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Unified graph sparsification (UGS) iteratively removes edges and weights from the graph and GNN, respectively.
Image courtesy: T. Chen et al., "A Unified Lottery Tickets Hypothesis for Graph Neural Networks,” ICML 2021 \ /
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« A graph lottery ticket (GLT) consists of: masks
A sparse graph neural network (GNN) Experimental Results
A sparse input graph adjacency matrix P
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While UGS removes edges from the perturbed adjacency matrix, it does not Cora (GIN)
effectively remove the adversarial edges.
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Attacks tend to connect nodes with significant attribute e e e e e
feature differences.
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Adjacency matrix of Cora attacked by
MetaAttack (10%). Blue dots - Clean edges,

Red dots — Adversarial edges, Green dotted line
- Boundary of train and test nodes.
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