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Cross-language Knowledge Graph Entity Alignment Based on Meta-learning
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Abstract Cross-language knowledge graph entity alignment is a key step in connecting knowledge graphs of different languages.,
and it plays an important role in tasks such as multilingual information retrieval and data fusion. However, the existing entity
alignment methods rely on a variety of information in the knowledge graph, which cannot handle the entity alignment task of the
sparse knowledge graph well,and has poor adaptability to new languages. To solve this problem,a cross-language entity align-
ment {framework based on meta-learning is proposed. The framework is generally divided into two stages,the outer loop and the
inner loop. In the outer loop stage,multiple tasks are selected through the sampling method based on task similarity,and then the
model is jointly trained with multiple tasks to construct the teacher model. In the inner loop stage,the teacher model trained in the
outer loop stage is used to guide the student model to carry out the training and entity alignment tasks,in order to improve the
entity alignment performance and generalization of the student model. Experimental results on the SRPRS and WK31-60K dataset
show that the proposed framework improves the Hits@1 index by 3. 5% , Hits@10 index by 4. 0% ,and MRR index by 6. 3% on
average in the entity alignment problem.
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Table 2 Comparison between the embedded meta-learning framework and the benchmark model in the SRPRS dataset

. N EN-FR EN-DE
% ®E — — -
Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR
O 21.3 44.7 0.29 10.7 24.8 0.16
MTransE
Meta 24.3 48.7 0.35 13.9 27.5 0.22
O 40.0 70.5 0.50 52.8 74.8 0.62
HMAN
Meta 44.3 73.7 0.56 55.8 77.9 0.67
O 67.2 75.7 0.71 75.9 86.6 0.82
RDGCN
Meta 70. 6 79.2 0.78 78.8 89.2 0.88
O 24.1 54.4 0. 34 26.8 54.7 0. 36
JAPE
Meta 27.3 58.1 0.39 29.9 58.8 0.43
O 67.0 77.0 0.71 76.3 86.3 0. 80
HGCN
Meta 69.8 80.3 0.76 79.8 89.5 0.386
O 72.1 81.2 0. 80 68. 1 78.3 0.77
GALA
Meta 74.9 84.1 0.84 70.3 81.6 0.82
O 80.1 88.5 0.83 75.4 78.2 0.81
RALG
Meta 83.2 91.1 0.88 78.3 81.2 0.87
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Table 3 Comparison between the embedded meta-learning framework and the benchmark model in the WK31-60K dataset

. . EN-FR EN-DE
5% #E - - - -
Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR
O 23.3 45.7 0.32 11.7 23.8 0.26
MTransE
Meta 27.1 50.2 0.39 15.9 27.9 0.33
O 41.2 72.5 0.53 53.9 75.7 0.65
HMAN
Meta 45.3 76.7 0.60 57.8 79.9 0.71
O 69.2 77.5 0.73 77.9 85.6 0. 84
RDGCN
Meta 73. 4 81.2 0.79 81.8 90.2 0.91
(0] 27.1 56.7 0. 35 26.8 56.9 0. 38
JAPE
Meta 31.3 60.9 0.42 29.9 61.5 0.45
O 67.3 79.0 0.73 78.3 88.3 0.82
HGCN
Meta 71.2 83.3 0.78 81.8 91.5 0.80
O 75.1 82.2 0.81 71.1 78.3 0.78
GALA
Meta 78.9 86.7 0.87 74.8 81.6 0.85
(0] 82.1 89.5 0. 84 77.4 79.2 0.83
RALG
Meta 86.2 93.2 0.90 81.3 83.3 0.89
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Fig. 3 Comparison of MRR scores between the embedded meta-

learning framework and various algorithms on the SRPRS dataset
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