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Relationship and Attribute Aware Entity Alignment Based on Variant-attention

LI Zhikang' ,DENG Yichen’ , YU Dunhui'* and XIAO Kui'"*
1 School of Computer Science, Hubei University, Wuhan 430062, China
2 Hubei Key Laboratory of Big Data Intelligent Analysis and Application( Hubei University) , Wuhan 430062, China

3 School of Information Science and Engineering, Wuchang Shouyi College, Wuhan 430064 , China

Abstract When distinguishing the different representation effects of different neighbors on the central entity, existing entity
alignment methods mostly use feature similarity or local feature information of the relationships between entities to calculate at-
tention coefficients. Those methods ignore the global information of relationships,and cannot effectively distinguish the effect of
different information on entity alignment. To address this problem, this paper proposes an entity alignment model, which assigns
different weights to different types of relationships based on the frequency of (relationship, neighbor) appearing in the entire
graph.then integrates the weights into GAT to obtain a variant attention mechanism for aggregating different neighbors. Mean-
while, different attribute values are aggregated in a similar way by using the frequency information of(attributes,attribute values)
in the entire graph. After that,combining the structure and entity name embedding with two types of information respectively to
obtain two embedding representations of the central entity. Finally,entity alignment is performed based on the weighted distance
between the two embedding representations,aims to distinguish the different effects of relationship and attribute information on
the entity alignment. Experimental results show that this model is superior to other methods in the three cross lingual datasets of
DBP15K, Hit@1 increases by a maximum of 2. 15% compare to the optimal method, besides, results also show significant im-
provement in both Hit@10 and MRR, which indicate that the proposed model can effectively enhance the accuracy of entity align-
ment.

Keywords Entity alignment, Knowledge graph, Variant attention mechanism, Attribute-aware
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Table 1  Statistics of DBP15K dataset
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Table 2 Comparative experimental results of RAEA-V model and six mainstream models on DBP15K dataset
. DBP15KzH-EN DBP15KjA-EN DBP15KFR-EN

Hit@1/%  Hit@l0/%  MRR Hia@1/% Hit@10/%  MRR Hit@l1/% Hi@10/%  MRR
BootEA 62.94 84.75 0.703 62.23 85.39 0.701 65.30 87. 44 0.731
RDGCN 70. 80 84. 60 0. 746 76.70 89. 50 0.812 88. 60 95.70 0.911

HGCN 72.03 85.70 — 76.62 89.73 — 89.16 96. 11 —
Dual-AMN 80. 80 94. 00 0. 857 80. 10 94. 90 0. 855 84.00 96. 50 0. 888
RNM 84.00 91. 90 0. 870 87.20 94. 40 0.899 93. 80 98.10 0.954
DATTI 83.50 95.30 0. 880 83.60 96.90 0. 884 87.30 97.90 0.913
RAEA-V 86. 15 93. 36 0. 887 88.90 95.22 0.903 94.57 98. 85 0.959
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Table 3 Ablation experimental results of RAEA-V model on DBP15K dataset

DBP15KzH-EN

DBP15KjA-EN DBP15KFR-EN

L Hit@1/% Hit@10/ % MRR Hit@1/% Hit@10/ % MRR  Hia@1/% Hit@10/% MRR
RAEA-V /RM 83.27 90. 24 0.861 86. 85 93.18 0.853 93. 40 97.55 0. 948
RAEA-V /R 84.58 92.63 0. 875 87.60 94. 66 0. 899 93.98 98.10 0.952
RAEA-V /M 85.23 92.48 0. 886 88. 21 94.65 0.902 94.25 98.54 0.955
RAEA-V 86. 15 93.36 0.887 88.90 95.22 0.903 94.57 98. 85 0.959
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