On the trade-off between expressivity & privacy
in graph representation learning
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But what's good? Depends on who you ask
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i dedge(G17G2) =1 = p(G1) = ¢p(G2)

Similar representations for edge-adjacent graphs
Patrick
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Result 2. More expressive pattern classes often require
more noise to be added to guarantee privacy.
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How?

We count homomorphisms from sampled pattern graphs F; to G

We add noise to the normalized counts to be differentially private
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Tamara Patrick
Both moderately happy




