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Motivation and Contributions

Expressivity Hierarchy

Spectral Formulation

Classical spectral GNNs apply univariate filters over
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a tensorial decomposition, where the filter is implemented as
a sum of tensor products of classical graph convolution
modules. The rank (S) controls the expressivity-scalability
trade-off.

Signal Domain Lifted:

Expressive Heterophilic Graph Learning

Scalability Validations

Heterophilic graph learning is inherently a second-order problem: we
show that, for heterophilic graph learning, the optimal convolutions
cannot be represented by classical spectral filters g (L), but can be
captured by full-spectrum filters g(L ® 1,1 Q L).

FSpecGNNs achieve lower time and memory overhead than

spatial second-order models in substructure-counting tasks.
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FSpecGNNSs achieve time and memory costs comparable to
Embed . 1
> classical spectral models on heterophilic graph benchmarks.
Average runtime per run in seconds on heterophilic datasets. “—” indicates out-of-memory.
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