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Study on Directed Knowledge Graph Inference Based on
Graph Attention Mechanism

LIU Ziyi, TAN Xiaobo,FU Junchao,ZHENG Jie

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract; To address the issues of insufficient global relationship capturing ability and low infer-
ence efficiency of traditional graph neural networks ( GNN) in large-scale knowledge graph infer-
ence tasks, a directed knowledge graph inference model RED-GATV2 + based on graph attention
mechanism is proposed. Firstly, on the basis of the directed graph neural network model RED-
GNN, the graph attention network GATV2 is used to improve the accuracy of graph inference by ac-
quiring the global semantic features of the nodes while acquiring the information of the neighboring
nodes. Secondly, to improve the efficiency, more adversarial negative samples are generated by
adding dynamic negative sampling, and key neighbor nodes are screened using hierarchical Top-k
aggregation , thus significantly reducing unnecessary neighbor passing and computation. The results
of RED-GATV2 + simulation validation on three datasets, WN18RR , FB15k-237, and NELL-995,
indicate the validity of the RED-GATV2 + model.
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Fig.3 Sparse neighbors aggregation strategy workflows

3 KBWEERSN

3.1 lZIRE
ARSI A AR A B B B AN R 1 R

x1 RKEHRE
Table 1 Environment configuration
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CPU Intel(R) Core(TM)i7 - 14700KF
GPU RTX 4090 D 24 GB
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Table 3 Experimental hyperparameters settings
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Table 4 Evaluation results for each model under the

WNI18RR dataset

LAY MRR H@ 1/% H@10/%
RNNLogic 0. 483 44.6 55.8
CompGCN 0. 479 44.3 54.6
RED-GNN 0.533 48.5 62.4

RED-GATV2 0.583 51.6 70. 4
RED-GATV2 + 0.591 52.2 72.3
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Table 5 Evaluation results for each model under the
FB15k237 dataset

LAY MRR H@ 1/% H@10/%
RNNLogic 0.344 25.2 53.0
CompGCN 0. 355 26.4 53.5
RED-GNN 0.374 28.3 55.8

RED-GATV2 0.412 32.4 60. 4
RED-GATV2 + 0. 421 33.8 61.7
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Table 6 Evaluation results for each model under
the NELL-995 dataset

e MRR H@1/% H@10/%
RNNLogic 0.416 36.3 47.8
CompGCN 0. 463 38.3 59.6
RED-GNN 0.543 47.6 65. 1

RED-GATV2 0.582 53.4 71.4
RED-GATV2 + 0. 596 54.6 72.1
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Table 7 Results of ablation experiments under
the WN18RR dataset

el MRR H@ 1/% H@10/%
RED 0.533 45.3 64. 8
RED-GAT 0. 562 48.9 65.5
RED-GATV2 0.583 51.6 70. 4
RED-GATV2 + 0.591 52.2 72.3
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Table 8 Results of ablation experiments under
the FB15k237 dataset

A MRR H@ 1/% H@10/%
RED 0.372 26.4 54.7
RED-GAT 0.394 29.1 57.9
RED-GATV2 0. 412 32.4 60. 4
RED-GATV2 + 0. 421 33.8 61.7
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Table 9 Results of ablation experiments under
the NELL-995 dataset

R MRR H@ 1/% H@10/%
RED 0.543 47.6 65. 1
RED-GAT 0.572 50.3 66. 8
RED-GATV2 0. 582 53.4 71.4
RED-GATV2 + 0. 596 54.6 72.1
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