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5N (hyrt) , 2678 24 SR T8 5 4 0 Ok R
Ko G, (B /R 8 7 78 - A DR o, 538, sl
0D XA = Ted BT R 9 A - A XA e
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(YaoMing, Origin, China)
(YaoMing, Mate, YeLi)
(YeLi, Age, 34)
(YaoMing, Bornln, Shanghai)
(YeLi, BornIn, Shanghai)
(YeLi, Type, Person)
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(Shanghai, Type, Location)
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W B — MR e B Sl B AR RS B
N2 VR 22 R AR 55 AR 135 1 R 90 1
PGP TaE R, Fm 7 2 13 B AR ) B 7R 2
— M A IR Z BT LA A 44, 2 P 9IRA7
W ro i A B — A, AR BT W X I B S,
A LR B LI i, A BERE RN X R 1 L

==y

TR A R PR35 2 7S o ~) O VRl R AL 3
ABR FORIARTIIRE R 5 5 SV BRI 27 > SRR
REFIR o FORTNRFIR R, Je A48 0 2L 0] 125 5]
R 2 SRR S BRI RN 3, S s R 1]
i, B )R B E A (B E— BT
FEHPM St SR AN E T, I i 2
AR e T A SRR O O ARG H O A ) s
(] R AR A, T AR DA g e R R B

KEYERIR N 25, 52 SOV R (hat)
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JNFHIE . CNN 7E B b HAT AR 38 i REAE $2 U e
71,28 T Rt AE H R R 3 7R 4= > i ffi F CNN,
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TransR a8, FTAEREHEDR I Sl [17.22-23]
TraneD ZREMEAE R G 4]
TransSparce [25]
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Abstract  In recent years, the knowledge graph representation learning has been used to represent the components of the
knowledge graphs in a low—dimensional vector embedding , as a mainstream way to combine the artificial intelligence with the
knowledge graphs. This paper reviews the mainstream knowledge graph representation learning methods without auxiliary
information, mainly, the distance-based and the semantic matching—based methods, and the knowledge graph representation
learning methods containing textual auxiliary information and category auxiliary information, along with the advantages and the
disadvantages of various representation learning methods. It is found that the introduction of auxiliary information can effectively
represent new entities and relationships in the knowledge graph, but the time and space costs are significantly increased, and
thus the methods without auxiliary information are more easily applied in practical scenarios at this stage. Finally, we show how
the knowledge graph embedding can be applied to downstream tasks such as the triad classification, the link prediction and the
recommender systems. A collection of datasets and open source libraries for different tasks is compiled and, and a comprehensive
outlook on promising research directions such as large—scale, dynamic knowledge graphs is given.
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