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Memorization, wherein models learn to recall specific training examples, has been extensively studied in
deep neural networks (DNNs) [1], but remains under-explored in the context of graph neural networks (GNNs).
In this work, we propose the first framework to study memorization in semi-supervised node classification. We
show that the memorization rate is inversely proportional to graph homophily, the tendency of similar nodes
to connect, as illustrated in Figure 1. Furthermore, by analysing the training dynamics of a GCN [2], we
demonstrate that the implicit bias of GNNs toward exploiting graph structure, even when it is uninformative
for the task, directly induces memorization (Figure 2). Our findings advance the understanding of GNN learning
dynamics and have implications for more privacy-preserving GNN deployment.
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Figure 1: We show results for GCN trained on the syn-cora dataset. As the graph homophily increases, the
memorization rate decreases significantly.
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Figure 2: (a) Memorization rate is increasing during training, and it is higher for lower homophily graphs. (b)
The kernel-graph alignment A4(®y, A) improves during training regardless of the graph homophily level. (c)
The kernel-target alignment A(®¢, ®*) is poor for low-homophilic graphs.
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