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1. Abstract HEE D IEIE

[EN] Relational Deep Learning (RDL) is a promising approach (3233 ER] AEE LA R eh, HUEER D BUE 25Kk B RExA 55
for building state-of-the-art predictive models on multi-table KRB (LBMAFR. T8k, EEFER) . AW, WENEREX
relational data by representing it as a heterogeneous temporal AR, BENIER T ZiRKKIZX AN EELE...
graph. However, commonly used Graph Neural Network models

suffer from fundamental limitations in capturing complex

structural patterns and long-range dependencies...

[EN] RelGT employs a novel multi-element tokenization [z 3F8B] RelGT ABR T —Fh “I{RBMIEERR”, B MEUET
strategy that decomposes each node into five components R 5 MEEFRR (BEREY. BTWKREKX. BEA/ LB,
(features, type, hop distance, time, and local structure)... Our KRERE., AEREZMAE) . BILEMTRRSHMAEN
architecture combines local attention over sampled subgraphs Mk, BANNERABESRALTTAEIN DEIL (B
with global attention to learnable centroids. D) TEREE,

2. B RHIE 5 [RER#FHT (Figure 1 in Paper)
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Figure 1: Overview of the RELGT architecture. First, the input relational entity graph (REG) is
converted into tokens where each training seed node (such as the customer node in this example)
gets a fixed number of neighboring nodes, which are encoded with a multi-element tokenization
strategy. These tokens are then passed through a Transformer network that builds both local and
global representations, which are then fed to downstream prediction layers.

2019) and restricted long-range modeling capabilities (Alon & Yahav, 2020). For example, consider
an e-commerce database with three tables: customers, transactions, and products, which can be
represented as a relational entity graph as in Figure 1. In a standard GNN, transactions are always two
hops away from each other, connected only through shared customers. This creates an information
bottleneck: fransaction-to-transaction patterns require multiple layers of message passing, while
product relationships remain entirely indirect in shallow networks. Furthermore, products would
never directly interact in a two-layer GNN (Robinson et al., 2024), as their messages must pass
through both a transaction and a customer, highlighting the inherent structural constraints of GNN
architectures that restrict capturing long-range dependencies.

Graph Transformers (GTs) have emerged as more expressive models for graph learning, utilizing
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