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Problems & lIdeas

Problems:

® A multilingual KG usually consists of KGs in multiple languages, each with unique
semantics, structures, and expressions. However, the heterogeneity of multilingual KGs has
yet to be fully explored.

® The scale of the multilingual KG is large; directly applying GNN operations may increase
the complexity and introduce the burden of redundant computation.

Ideas:

® Introduce multi-view GNNs to learn entity features from entity, relation, and triplet views
and thoroughly explore the heterogeneity of the KG.

® Introduce simplified multi-view GNN and remove nonlinear activation and linear
transformation while preserving feature propagation.
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Experimental results

Table 1: MKGC experimental results on dataset DBP-5L.

Method Align. EL A IR _ ES EN
= H@el H@l0 MRR | H@l H@l0 MRR | H@l H@l0 MRR | H@l H®@l0 MRR | H@l H@I0 MRR
Monolingual Baselines
TransE | 11] 0% 13.1 437 243 | 21.1 485 253 135 450 244 17.5 488 276 |73 29.3 16.9
RotatE [TZ 0% 145 362 262 | 264 602 398 | 21.2 539 338 | 232 555 35.1 123 304 20.7
DisMult [46] 0% 8.9 11.3 9.8 9.3 275 158 | 74 224 132 | 6.1 23.8 145 | 8.8 30.0 18.3

KG-BERT [27] | 0% 17.3  40.1 27.3 269 598 38.7 219 541 34.0 | 235 559 354 129 319 21.0
Multilingual Baselines

KEnS [15] 100% | 26.4  66.1 - 329 648 - 223 609 - 252 626 - 144 396 -
SS-AGA |16] 100% | 30.8 58.6 353 34.6 66.9 42.9 25.5 61.9 36.6 27.1 65.5 38.4 16.3 413 23.1
AlignKGC'[43] | 50% 58.2 B8 694 | 493 787 60.1 484 794 59.5 48.0 76.6 58.0 31.7 598 41.3
IMAC |17] 50% 552 975 71.7 533 914 66.8 493 913 64.5 454  88.2 61.0 295 727 44.6
SM-GNN 50% 62.6  98.0 769 | 594 942 725 | 56.8 943 712 | 549 913 69.0 |36.6 745 50.3
Table 2: MKGC experimental results on dataset E-PKG. Tip: The bolder ones mean better.
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Method Align. - — — - - - = = =
[H@l H@I0 MRR [H@] H@I0 MRR | H@l H@I0 MRR | H@I H@I0 MRR | H@l H@I0 MRR [H@I H@I0 MRR
Monolingual Baselines
TransE [11 0% 212 655 374 [232 675 394 | 172 584 330 | 208 669 375 | 220 638 378 | 251 727 436
RotatE |TZ] 0% 223 643 382 [242 668 400 | 183 589 337 | 221 643 382 | 225 640 381 | 263 719 418
DisMult|#6| | 0% 214 545 354 238 601 372 | 179 462 309 | 207 535 351 |228 518 348 | 259 626 380
KG-BERTT27] | 0% 218 647 384 [243 664 396 | 187 588 332 | 223 672 383 | 229 637 372 | 269 724 441
Multilingual Baselines
KEnS [15] 100% | 243 658 - 262 95 - 213 595 - 254 682 - 251 646 - 335 736 -
SS-AGA[16] | 100% | 246 663 394 |265 698 415 | 210 60.1 363 | 259 687 402 [ 249 638 384 (339 741 483
IMAC [17] S0% | 347 715 489 [ 462 785 594 | 348 687 479 | 342 731 492 |405 730 540 |S8.1 8L9 673
SM-GNN S0% | 384 746 523 | 474 797 60.1 345 685 477 | 373 768 523 | 412 744 544 (599 818 681
Conclusions:

1. The effect of the multilingual KGC model is far better than that of the monolingual
KGC model, which proves that the prediction of the target KG benefits from the KG
of other languages, that is, the knowledge fusion effectiveness.

2. Our proposed SM-GNN model almost outperforms the strongest baseline JMAC
model on both datasets, indicating that learning the features of entities from multiple
views can more fully utilize the contextual information of KG.



