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Figure 2: Ablation study of different GNN modules in the Cascade architecture

@ Cascade-GATE

o

o

IS}
Test MAE

Test AUROC
S o

S}

o

e Heterogeneous Datasets: These datasets consist of diverse data types and
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routes showed potential as we advanced: using a monolithic attention Figure 3: Explored Positional Encodings on driver-dnf, left LE, right RW

e Transformer Expressivity: Transformers can enhance model expressivity, mechanism across all node types or using attention on a node-type

particularly through their global attention mechanism, allowing the model to basis. Applying a monolithic attention mechanism CONCLUSION DISCUSSION
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Table 2: Entity regression results (MAE, lower is better). Relative gains to RDL. Best

Figure 1: This figure illustrates three different schemes for combining Graph Neural Network (GNN)
values are highlighted AFFILIATIONS AND THANKS

layers (GConv) and Transformer layers (TLayer) in Graph Transformer (GT) architectures [2]
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