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FBISk-237-10 | 0219 0337 | 0248 0398 0274 0433 | 0254 0411 0260 0416
FBISK-237-20 | 0.247 0391 | 0272 0436 0285 0454 | 0274 0445 0284 0456
FBISk-237-50 | 0293 0458 | 0324 0526 0329 0520 | 0325 0528 0324 0499 > P R T T Y U S Y Q@
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WINIERR 0551 0.666 | 0480 0614 0455 0527 ) 0480 D614 0536 0637 Supervised SOTA = ULTRA pre-train @ ULTRA finetune * KG-ICL pre-train @ KG-ICL finetune
YAGO3-10 0563 0708 | 0451 0615 0352 0503 | 0557 0710 0545 (688
Average | 0351 0493 | 039 0557 0442 0606 | 0421 0590 0473 0.638
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e [AAAI’23] Yuanning Cui, Yuxin Wang, Zequn Sun, Wenqiang Liu, Yigiao Jiang, Kexin Han, Wei Hu*.

Lifelong embedding learning and transfer for growing knowledge graphs.

e [KDD’23] Zequn Sun, Jiacheng Huang, Jinghao Lin, Xiaozhou Xu, Qijin Chen, Wei Hu*.

Joint pre-training and local re-training: Transferable representation learning on multi-source knowledge graphs.

* [NeurlPS ’24] Yuanning Cui, Zequn Sun, Wei Hu*.

A prompt-based knowledge graph foundation model for universal in-context reasoning.

e [Submitted] Yuanning Cui, Zequn Sun, Wei Hu, Zhangjie Fu*.
KGFR: A foundation retriever for generalized knowledge graph question answering.
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