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1. Abstract IBEEF DB IES TR

[EN] Transformers for graph data are increasingly widely [#3z3388] B Transformer £MEEEEMSE A, BR“FNIR
studied and successful in numerous learning tasks. Graph B (EFEIR/ARAN) REXE, ZRINGEEEEHRD
inductive biases are crucial for Graph Transformers, and EIEER CEHEER) " NEITEiRE”.

previous works incorporate them using message-passing
modules and/or positional encodings.

EEABIEEIE: FTIBMY Inductive Bias MZEERIR! LEUERETBAIABIIABL TRE, 12584k, HEIEFBAN,
ERSRFE“ESINARENS", EEREGRN—FMNTREE.,

[EN] However, Graph Transformers that use message-passing [F33ER] B2, |FBRMEE NEERMETEREZER (&
inherit known issues of message-passing, and differ TELR, mEEWRARL) ; MURAEE, B Transformer
significantly from Transformers used in other domains... On the = fE/NHIELXRINE (BAEZAKRE, ERERIENE) .
other hand, Graph Transformers without message-passing often

perform poorly on smaller datasets.
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BRT ONERBRITEINT” (FEFR) . ENARMFRER R AN

[EN] To bridge this gap, we propose the Graph Inductive bias [Pl A TR FE, BIMRET GRIT: —fTER

Transformer (GRIT) -- a new Graph Transformer that FABEENETZEN, BE=ZKREIE: B WINEERER (B
incorporates graph inductive biases without using message ELDEEME) "BAMRXERELE. LA (TR) "5RIE
passing... including: learned relative positional encodings (14) "—EEAFROREEING . URESEEN R
initialized with random walk probabilities, a flexible attention K% (BE) "HiEE,

mechanism that updates node and node-pair representations,

and injection of degree information.
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Figure 1. RRWP visualization for the fluorescein molecule, up to the 4th power. Thicker and darker edges indicate higher edge weight.
Probabilities for longer random walks reveal higher-order structures (e.g., the cliques evident in 3-RW and the star patterns in 4-RW).

Figure 2. RRWP visualization for a sample from a stochastic block model with 2 communities, up to the 4th power. Probabilities for
longer random walks better highlight the community structure and reduce bottlenecks.
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