imier  SiIGMA: Learning under Graph-Level Heterogeneity RelC

@ Kempner .t h G t d M P © d B tt t. CONFERENCE
Raphael Pellegrin®  Lukas Fesser® Melanie Weber
Punchline Operator & depth preferences Theory

e Different graphs within the same dataset vary 1n prediction Table 1: % of graphs preferring cach MP. PI’OpOSitiOH (EXpI‘eSSiVity). SIGMA is at least as expressive
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template (same depth, same Message Passing (MP)

Define the Dirichlet energy Eq(H) = ¥ j)er [ — hy|l5.
opera,tor) to every graph, Table 2: % of graphs preferring each GCN depth.
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: . . : . ayers MUTAG ENZYMES PROT. IMDB COLLAB REDDIT
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Attention): a gated hybrid architecture that mixes MP and : o - o . o s by itself force Dirichlet-energy collapse / oversmoothing (gated

attention heads in each layer. ' ’ ' ' ' ' idual undat

No single MP operator or depth is uniformly preferred. residual updates)
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Heterogeneity Design principle. Any mix of MP and attention heads per Table 3: Test performance (mean+s.d.). Acc. in %; ZINC is MAE; COCO-SP
layer; each head is sigmoid-gated. s 1. Highlighted: 1st, 2nd, 3rd.

Definition. We build heterogeneity profiles from repeated
held-out predictions: repeatedly sample 50/25/25 splits, train,
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Let H* = [h!,..., h!]" be the node features at layer ¢, and
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e Keep a strong GNN baseline; add multiple MP copies and
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EE S r— ) e A simple. effective recipe for flexible GNN architectures.
Figure 1: Heterogeneity profiles on MUTAG for GCN. Positional é \ ‘ — - : o .
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Zren epd s / Ecg —1101 oiatomlxlei. 11stmo ivates src tlh ec trflres { | with attention leads to flexible GNN
that can adapt their computational template per graph rather than Figure 2. SIGMA layer. Gated MP /attention heads are concatenated, architectures.

committing to a single fixed operator and depth. projected. and residual-updated.
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