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Knowledge Graph Embedding Technology: A Review
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Abstract: Knowledge graph embedding (KGE) is a new research hotspot in the field of knowledge graphs, which
aims to apply the translation invariance of word vectors to embedding entities and relationships of the knowledge
graph into a low- dimensional vector space to complete knowledge representation. In this paper, it is mainly
concerned with the classification according to the types of practical problems to be solved. Firstly, it expounds four
major types of embedding methods of knowledge graph, including deep learning-based methods, graphical features-
based methods, translation model-based methods, and other model-based methods. The algorithm ideas of each model
are elaborated, and the advantages and disadvantages of each model are concluded. Secondly, the algorithm experi-
ment of knowledge graph embedding is analyzed and summarized from the four aspects of commonly used data

sets, evaluation indicators, algorithms, and experiments, then a horizontal and vertical comparison of the embedding
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method is made. Finally, from the perspective of solving practical problems, the future direction of knowledge graph

embedding technology is given. Through research, it is discovered that in the deep learning-based method, LCPE

achieves the best effect; in the graphical features-based method, TCE makes the best impression; whereas in the

translation model-based method, NTransGH responds most optimistically. Future researches can be expanded on the

basis of LCPE, TCE, and NTransGH to continuously improve the experimental effects of link prediction and triplets

classification.

Key words: knowledge graph embedding (KGE); knowledge representation; knowledge graph completion (KGC);

link prediction; triple classification
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Table 1 Often-used data sets of entity relationships

pICIES KE SR JI%E BWiEE Wil
WN18" 18 40943 141442 5000 5000
FB15K" 1345 14951 483142 50000 59071
WNI11°1 11 38696 112581 2 609 10 544
FB13% 13 75043 316232 5908 23733
FB122% 122 9738 91638 9595 5057
FB20K" 19923 57803 18753 11586 151
FB15K-237%" 237 14541 272115 17535 20 466
YAGO3-10“" 123 182 37 — — —
FB15K+* 1855 14951 486446 50000 62374
WN18-IMG* 18 5684 13634 466 766
WN9-IMG? 9 6555 11741 1337 1319
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Table 3  Experimental results of link prediction on FB15K
3 AEFBISK b REHE 05 45 25 9

Method MeanRank (44 7 ) Hits@10/%
etho

Raw Filt Raw Filt
ComplEx"” 242 69.2 — 84.0
ConvE™! — 65.7 — 83.1
LCPE™! 176.4 54.7 52.1 82.3
TCE" 110.0 25.0 553 83.1
DPTransE™ 209.0 77.0 57.8 84.1
NTransGH"” 139.0 51.0 61.7 85.6
StransH"" 196.0 68.0 46.6 69.5
TransG"” 203.0 98.0 52.8 79.8
TKRL™ 184.0 68.0 49.2 69.4
DKRL" 181.0 91.0 49.6 67.4
GAKE"Y 228.0 119.0 44.5 64.8
KALE"® — — — —

Table 4 Experimental results of link prediction on WN18
4 AEWNI18 R i 50 45 45

Method MeanRank (44 ¥KX) Hits@10/%
etho

Raw Filt Raw Filt
ComplEx"™” — — — 94.7
ConvE™” 374.0 — — 95.6
LCPE"™" 2342 216.6 78.9 95.2
TCE"" 110.0 25.0 55.3 83.1
DPTransE™ 233.0 193.0 80.1 90.3
NTransGH"™ 165.0 150.0 87.1 97.8
StransH"" 347.0 330.0 77.1 90.6
TransG"™ 483.0 470.0 81.4 93.3
TKRL" — — — —
DKRL" — — — —
GAKE"" — — — —
KALE™ — — — 82.1
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Fig.5 Entity update graph based on GCN
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