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Abstract: Knowledge graphs (KGs) provide a structured representation of the real world through entity - relation triples. However, existing
KGs are often incomplete, necessitating the inference of missing information, i.e., link prediction. Knowledge graph embedding (KGE) is the
mainstream approach for addressing link prediction, but conventional KGE methods suffer from the limitation of relying on single-source se-
mantic information, making it difficult to capture the complex dependencies within KGs. To overcome this limitation, we propose a Dependen-
cy—aware Link Prediction Method combining Attention and Tensor Decomposition (DALPM ). DALPM learns semantically enhanced represen-
tations of KGs by integrating attention mechanisms with tensor decomposition. Specifically, DALPM employs a Transformer—based encoder
that leverages multi—head self-attention to capture global dependencies between entities and relations, while the decoder adopts a nonlinearly
enhanced Tucker decomposition, termed NeTu, to compute embedding scores. Experimental results on the standard datasets FB15k-237 and
WN18RR demonstrate that DALPM achieves competitive performance compared with state—of—the—art methods.
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Table 1 Datasets statistics
F1 BRBESITHE

LSS | £] | 7| HEES AT SR S
FB15k-237 14541 237 272 115 17 535 20 466
WNISRR 40943 11 86 835 3034 3134

A TP B I SRR G FR i TR PR AR R i R 4R
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Table 2 Results of link prediction on two standard datasets
x2 ERMREHEE LEEMNER

FB15K-237 WNI18RR
MRR Hits@1 Hits@3 Hits@10 MRR Hits@] Hits@3 Hits@10

TransE1®) 0257 0.174 0284 0420 0.182 0.027 0295 0.444
ComplExi®) 0.247 0.158 0275 0428 0440 0410 0460 0.510
ConvE"® 0325 0237 0356 0501 0430 0400 0440 0.520

AN 0317 0232 0348 0486 0450 0420 0460 0.510

MURP™) 0335 0243 0367 0.518 0481 0440 0495 0.566
RotatE'® 0338 0.241 0375 0.533 0476 0428 0492 0571
HypER™ 0341 0252 0376 0.520 0465 0436 0477 0.522
QuatE™®! 0348 0248 0382 0550 0488 0438 0.508 0.582
TuckER™ 0358 0.266 0.394 0.544 0470 0444 0.482 0.526
ATTH'?! 0348 0252 0384 0540 0486 0443 0499 0573
DALPM 0363 0.268 0401 0.545 0489 0451 0503 0.555
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Table 3 Results of ablation experiment

R3 HULBER

FB15K-237 WNISRR
T
MRR Hits@10 MRR Hits@10
w/o Encoder 0.362 0.545 0.485 0.548
w/o Initial Embedding 0.359 0.541 0.483 0.542
DALPM 0.363 0.545 0.489 0.555
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