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How can we analyze the inherent trade-off between expressiveness and ?



Quantifying Graph Variety
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This is very constraining. In this work, we explore what happens beyond edge independence.
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Node Independent
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Empirical Contributions

We further explore empirical implications of our theoretical work:

» We motivate evaluation of graph generative models using not only error on matching
graph statistics, but also overlap.

» We introduce three simple baselines inspired by {edge/node/graph} activation.

» We compare our baselines against modern deep-learning based models, and we find
they are often competitive at matching graph statistics at the same levels of overlap.
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