Staleness-based Subgraph Sampling
for Training GNNs on Large-Scale Graphs
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TL; DR: Design a simple yet effective subgraph sampling method for GNNs with historical embeddings [1][2][3]

e Based on theoretical analysis of the approximation error caused by using historical embeddings for out-of-batch neighbors

e Better performance compared to the default sampling method (as in Cluster-GCNI4])

e Do not bring additional computation overhead due to efficient staleness score calculation, improved re-sampling strategy,
and faster training converge

Background - Training GNNs on large-scale graphs

* Mini-batch training is necessary

« Sampling-based methods are commonly used (our focus in this paper),
basically we sample a subgraph as a mini-batch
* There may (e.g. node/layer-wise sampling) or may not (e.qg.

cluster-based) be overlapping nodes between different subgraphs

« Another line of work is treating each node as an training example and do
mini-batch training with fixed batch size, but each node is attached with
fixed-dimensional information [5] (e.g. top-k ppr neighbors, top-k hop
aggregated embeddings)

Background - GNNs with historical embeddings
« Use historical embeddings for the unsampled neighbors
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In the experimental results part

Method - Staleness-based subgraph sampling

« Minimize the appromization error from using historical embeddings
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« Equivalent to graph partitioning objective [6] (to the right)

Experimental results
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