%3905 %1144 A 0 XK F ¥ R (8B R H F R) Vol.39,No. 11
2018 % 11 A Journal of Northeastern University ( Natural Science) Nov. 2018

doi: 10. 12068/j. issn. 1005 —3026.2018. 11. 004

R F AR BRI SE R FEIE

KRB, S8, AT
(FACRZ2: IHEARL2E S TR, 07 L 110169)

i . S50 AR R R 0 45 A 15 B BSE AR A A T A AL R VG I ) SE A 55 1 R AN 2
W T — ST 3R 2 S W AR B R SRR O ik, i 5 AR MR I s (R T S A LA 2 S vk AR SR A
R RN, XA RN TG SRS T AR R () N FE S5 A 5 B S A PERRAE s HLR B N TARTE I SR X 1
S HEE IR, 2 2 HIPH S ) SR I BUR DG R 2 SEBRIIER I . S B TRV LAY 7 7 SiGMa AH LY, A8 3C
J5 L RE A 5 e TR L R S AT S B i 2, TRl B DR 3 i Y FL (AL

X 8 O Wl R RS  HR G SRR 5

hESES. TP 182 XEPRERD: A XEHS: 1005 -3026(2018)11 - 1535 -05

Entity Alignment Algorithm for Knowledge Graph of

Representation Learning

ZHU Ji-zhao, QIAO Jian-zhong, LIN Shu-kuan
(School of Computer Science & Engineering, Northeastern University, Shenyang 110169, China. Corresponding
author: QIAO Jian-zhong, professor,E-mail: giaojianzhong@ mail. neu. edu. cn)

Abstract; A novel supervised method for knowledge graph entity alignment based on
representation learning was proposed, which is different from the existing methods due to the
similarity of structural information or attributive characters. First, the method automatically learns
the semantic representations for the entities and relations of a knowledge graph in a low-
dimensional vector space was proposed, and these embeddings contain the intrinsically structural
information of a knowledge graph and the attributive features of entities. Afterwards, taking the
manually aligned entity pairs as prior knowledge, the cross-KG mapping relationship between
entities could be learned, which will be used for predicting entity alignment. Experiments
conducted on real datasets demonstrated that our method can effectively improve the precision of
knowledge graph entity alignment while keeping a high F1 score, when compared with the feature
matching based method SiGMa.
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Fig. 1 Oerall flow of our method for knowledge graph entity alignment
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