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* Abrand new task for editing language model-based KG embeddings. We build datasets on two datasets FB15k-237 and WN18RR.
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e The main result of the EDIT sub-task on E-FB15k237 and E-WN18RR. PT-KGE FT-KGE
The ER,,. score on different KGE The RK,,. score on different KGE
Method  Params E-FB15k237 E-WN18RR o o
Time | Succ@1 1t Succ@3 1T ER,ocT RK@31T RK,o.| Time | Succ@1 71T Succ@3 1 ER,oc T RK@31T RK,ocl 7
No Model Edit

KGEFT 121M 0.103 0.472 0.746 0.998 0.543 0.977 0.109  0.758 0.863 0.998 0.847 0.746
KGEZSL OM 0.000 0.000 0.000 - 1.000 0.000 0.000  0.000 0.000 - 1.000 0.000
K-Adapter 32.5M 0.056  0.329 0.348 0.926 0.001 0.999 0.061 0.638 0.752 0.992 0.009 0.999
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CALINET 09M 0257  0.328 0.348 0937 0353 0997 0238  0.538 0.649 0991 0446  0.994 A§ §
KE 88.OM 0.368  0.702 0.969 0999 0912 0685 0.38  0.599 0.682 0978 0935  0.041 0.0 T
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KGEditor 389M 0.226 0.866 0.986 0999 0874 0.635 0232 0.833 0.844 0991 0956  0.256 N Vi & N i &“’
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e The main result of the ADD sub-task on A-FB135k237 and A-WN18RR. Number of Edited Knowledge
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Method Params A-FB15k237 A-WNI18RR The Succ@] score changes with the n edits The RK(@3 score changes with the n edits
Time | Succ@1 1T Succ@3 1t ER,ocT RK@3 1T RK,o.l Time ]| Succ@1 1T Succ@3 1T ER,ocT RK@31T RK, ol 1.0 1.0
No Model Edit *
e, - ) ,
KGEFT 12IM 0.100 0.906 0.976 0.999 0.223 0.997 0.108 0.997 0.999 0.999 0.554 0.996 08 7 K\ 0.9 e, et P ek
KGEZSL OM  0.000 0.000 0.000 - 1.000 0.000 0.000 0.000 0.000 - 1.000 0.000 - B Wy R . N
K-Adapter 32.5M 0.055 0.871 0.981 0.999 0.000 0.999 0.061 0.898 0.978 0.999 0.002 0.999 u\ \ )
Model Edit Method 5 " % o
CALINET 09SM 0.261 0.714 0.870 0.997 0.034 0.999 0.275 0.832 0.913 0.995 0.511 0.989 \'\,
KE 88.9M 0.362 0.648 0.884 0.997 0.926 0.971 0.384 0.986 0.996 0.999 0.975 0.090 04 \.* 0.7
MEND 59.1IM 0.400 0.517 0.745 0.991 0.499 0.977 0.350 0.999 1.0 0.999 0.810 0.987
KGEditor 58.7M 0.203 0.796 0.923 0.998 0.899 0.920 0.203 0.998 1.0 0.999 0.956 0.300 0.2 0.6
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: Insight

e How to edit knowledge with many-to-many relations and integrate LLMs
editing techniques?
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