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[ Abstract] Entity Alignment(EA) aims to judge whether entities ffom different Knowledge Graph(KG) are the same
object pointing to the real world. However, the structural heterogeneity between KG often affects the accuracy of EA.
Hence, an EA method based on a Neighborhood AggregationsMatching Network(NAMN ) model is proposed.Based on
the different importance of each hop neighbor to the central entity, a hierarchical idea is applied to process the
neighborhood information of each hop differently, and the gatingsmechanism is used to perform aggregation to learn the
representation of a graph structure.Subsequently, a neighborhood local subgraph is constructed for each entity for cross
graph neighborhood matching, and the output of the matching stage is jointly encoded with the graph structure
representation learned through the gating® mechanism to generate the final matching oriented representation. The
experiment is performed using the DBPLSK ‘dataset. The experimental results show that all values of Hits@! exceed
75%,, all values of Hits@ 10 are between 85% and 97%, and the Mean Reciprocal Rank(MMR) exceeds 80% , indicating
that the NAMN model can effectively improve the matching accuracy of entities.

[Key words] Entity Alignment(FEA,) ; Knowledge Graph (KG) ; gated neighborhood aggregation ; neighborhood matching;
alignment prediction
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Table 5 Comparison of entity alignment results %

DBPI15K DBPI15K DBPI5K

EN-ZH EN-JA

EN-ER
] Hits@ Hits@ Hit
Hits@1 11?)@ Hits@1 I]Z(’ Hits@ | ll(s)@

MTransE 2478 5242 2372 4992  21.26,, 50.60
JAPE 40.15  71.05 38376727 3297 6591
GCN-Align  36.49 6994 3842 7181 36.77  73.06
NAMN 70.23 8626  77.46 9152  89.26  97.42
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Table 6 Comparison of alignment results of

different variants of NAMN %

DBPI15K DBPI5K

*E)LJ ZH-EN JA-EN

Hits@1 Hits@10 Hits@1 Hits@10 Hits@ 1/ Hits@10

DBP15K

FR-EN

NAMN-1 323 66.1 42.4 78.4 43.4 77.1
NAMN-2 709 86.7 74.3 91.6 84.3 95.9
NAMN-3 737 86.9 76.6 912 88.1 96.6
NAMN 76.8 89.4 79.2 93.6 92.9 97.4
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Fig.5 Experimental result comparison of different AliNet layers on DBP15K dataset
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