A Comprehensive Benchmark on Spectral GNNs:
The Impact on Efficiency, Memory, and Effectiveness
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Spectral GNN Filter Category
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* Filter: LP = Low-pass, HP = High-pass, ID = Identity. ' Model: T = Iterative architecture, D = Decoupled architecture.
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Efficiency » Scalability bottleneck - faster graph operations
Small scale: network-dominant
Large scale: graph-dominant

Time: Feature Transformation — Graph operation
Memory: Network Parameters — Graph features 3
« Effectiveness — understand graph pattern

Suitable filter: graph-specific improvement
Variable params: benefit generality
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» Effectiveness vs Efficiency — not mutually exclusive

Simple filters: can excel in common tasks
Complicated designs: need to consider overhead
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