Learning Curves of GNNs vs. MLP vs. Tikhonov
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1 Why this matters 5 Homophily: structure wins — until features do
*GNNs fuse node features + graph topology for semi- Q: Does graph structure help on smooth (£ < 0.4) graphs? e
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- need explicit topological priors, catches the GNN at higher budgets. » A GNN already smooths in the forward pass = an explicit
 or become redundant / harmful? A: prior is algorithmically redundant.
» Core lens: implicit topology (forward-pass message pass- » Cora (weak bag-of-words): GNN > MLP at almost every budget (Welch t=34.6,
—4 . T _ g
ing) vs. explicit topology (a backward-pass smoothness p<10 [6])., Tikhonov already matches the neural nets at n;=5. 8 Take-aways for pI‘aCtltI oners
penalty). « PubMed (rich TF-IDF features): MLP ~ GNN (= 0.84 macro-F1) — the feature-
dominance effect. when features are descriptive, structure adds little.
3 Five information regimes » Topology helps most when features are weak and labels are scarce. 1.5carce labels + smooth graph — cheap Tikhonov /

Laplacian-MLP as a structural anchor.
2. Rich node features — a plain MLP; skip message passing.

6 Heterophily: the topological trap

3. Dense heterophily — avoid analytic solvers; a well-tuned MLP
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Diagnostic — Dirichlet energy of labels (smoothness):
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ularisers for heterophily, energy-aware constraint toggling.
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