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Micro-F1 Macro-F1 | Micro-F1 Macro-F1 | Micro-F1 Macro-F1 | Micro-Fl1 Macro-F1
RGCN 92.07+0.50  91.52+0.50 | 62.05+0.15 58.85+0.26 | 91.41+£0.75 91.55+0.74 | 60.82+1.23  59.08+1.44
HAN 92.05£0.62  91.67+0.49 | 64.63+0.58 57.74+0.96 | 90.79+0.43  90.89+0.43 | 61.42+3.56 57.05+2.06
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*+ PHGT demonstrates superior performance in most scenarios, outperforming other baselines.
¢ PHGT consistently outperforms homogeneous graph transformers (ANS-GT and NodeFormer).
s+ PHGT surpasses all the message passing-based HGNN baselines in almost all cases.

Challenges:

C1: How do we integrate the complex semantics on a heterogeneous graph into transformers?
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Ablation Study
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Overall Framework

The proposed poly-tokenization mechanism
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