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Abstract

Graph Transformers apply attention to unordered graphs by using node positional encodings (Laplacian or random walk based)
and injecting edge biases (distance, centrality, relational). However, existing models remain node centric and fail to capture global
topology, while edge representations are limited to simple connectivity or distance features, making it difficult to quantify each
edge’s impact on the graph’s spectral structure. To overcome these limitations, we propose Spectral Edge Encoding (SEE), which
combines spectral decomposition of the graph Laplacian with the Rayleigh quotient from perturbation theory to compute how each
edge perturbs low frequency eigenvalues and convert these changes into global edge sensitivity embeddings. We observe
improved AUROC on MoleculeNet datasets —including BBBP, ClinTox, and SIDER —demonstrating that the graph transformer
effectively learns global structural information.
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Table 1. MoleculeNet benchmark classification tasks (Area Under the Receiver Operating Characteristic
curve, AUROC; higher values indicate better performance). The best and second-best results are high-

lighted in bold and underlined, respectively

Dataset BBBP ClinTox SIDER MUV Tox21
Method AUROC AUROC AUROC AUROC AUROC
GEM(2022)"8 72.4 90.1 67.2 - 78.1
Uni-mol(2023)!"" 715 84.1 57.7 72.6 78.9
Unicorn(2024)/"® 74.2 92.1 64.0 82.6 79.3
Moleco(2024)" 92.9 95.0 68.8 81.3 83.4
MoiréGT(2024) 73.3 89.9 79.1 78.4 79.3
MoiréGT+bond 90.5 94.5 79.6 80.3 78.4
MoiréGT+SEE(ours) 91.0 95.7 79.9 82.1 84.8
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