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Motivation: Density Estimation on Graphs The Proposed LGKDE Framework Theoretical Guarantees
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around p = 0.5 does not have Figure 3: Spectral perturbations visualization of the MUTAG 1st sample graph. The default (7, 75) = (0.50,0.75) produces controlled, topology-preserving add /remove variants instead of random

Node Count

nuisance variation in graph size. noise. The right two histograms show the edge change ratio of spectral perturbation across the whole MUTAG datasets with (71, 72) = (0.50,0.75).
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