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On highly homophilous graphs On many heterophilous graphs
— GNNs obtain strong performance — GNN performance degrades
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Static Homophily: h° = P(y(i) = y(j) | j € N(i))
GCON Layer [ : 2"V (i) = AcereEGATEY ({2 (5) : j € N(i)})

Homophily has been crucial in advancing the study of GNNs. However, current analyses are limited

to static graphs. We analyze homophily in dynamic settings.

Theoretical Framework

Assumptions: binary labels y, (i) € {—1, +1}, gaussian features z,°(i) € N (y,(i) - u, o), linear GCN.
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Insight: class separation decays exponentially in l atthe  Insight: Variance lower bounds allow us to upper bound
rate h + hf — 1 — oversmoothing occurs at the rate of ~ AUC — the best GNN AUC for different homophily levels

homophily levels are achieved by different GNN layers
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Dynamic homophily accurately correlates with GNN discriminative performance
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We show popular GNNs struggle under low dynamic homophily, motivating new

GNNs for dynamic graphs. Our work further lays a foundation for future dynamic GNNs
by characterizing GNN discriminative power in dynamic settings
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