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Findings

We prove that linear GCNs areWL-expressive, but they

do not perform on par with SOTA GNNs on their own.

However, equally performing solutions exist. We can

find them with knowledge distillation (KD).

GNNs do not win because of expressiveness, but be-

cause they impose better inductive biases.

Diagnostic: KD as model selection

Linear student with labels ytrain and teacher logits z:

L = Llabel(ŷtrain, ytrain) + λ Lteacher(ŷ, z),

If the student matches the teacher, KD has selected a

solution already expressible by the linear model class.

Empirical observations

• LGCN-KD matches teachers. Training from scratch (LGCN) or without depth (MLP-KD) underperform.

• Concat (LGCN-C-KD) helps trainability. Long-range tasks (e.g. Paris) require more width and longer training.

LGCN-C-KD matches SOTA teachers from benchmarks: Luo et al. (2024), GraphLand (2025), City-Networks (2026).

Linear GCNs (with nonlinear prediction
heads) can express the right solutions;

we find themwith knowledge distillation.

Theory: Linear GCNs areWL-expressive

For separable node representations, a linear map can

send clustered features to near one-hot codes.

X(l) = TC ⇒ M(l) = [C+, 0]

Sum aggregation acts as counting, preserving neighbor-

hood multisets for WL-level message passing.
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Architectures

• Teachers are well-tuned GCN, GAT, or GraphSAGE.

• Linear GCN: no ReLUs before the prediction head.

• -C: Concat all layer-wise embeddings to the head.

Progress in graph learning should target
implicit bias, trainability, and model

selection, not only expressive capacity.


