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Abstract In recent years, numerous research works have been devoted to knowledge graph
embedding learning which aims to encode entities and relations of the knowledge graph in continuous
low-dimensional vector spaces. And the learned embedding representations have been successfully
utilized to alleviate the computational inefficiency problem of large-scale knowledge graphs. However,
most existing embedding models only consider the structural information of the knowledge graph. The
contextual information and literal information are also abundantly contained in knowledge graphs and
could be exploited to learn better embedding representations. In this paper, we focus on this problem
and propose a rule-guided joint embedding learning model which integrates the contextual information
and literal information into the embedding representations of entities and relations based on graph
convolutional networks. Especially for the convolutional encoding of the contextual information, we
measure the importance of a piece of contextual information by computing its confidence and
relatedness metrics. For the confidence metric, we define a simple and effective rule and propose a
rule-guided computing method. For the relatedness metric, we propose a computing method based on
the representations of the literal information. We conduct extensive experiments on two benchmark

datasets, and the experimental results demonstrate the effectiveness of the proposed model.

Key words knowledge graph; representation learning; graph convolutional networks; contextual

information; literal information
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Fig. 1 Several triples which contain the entity Beijing

and the related literals
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Fig. 2 An overview of the core part of the model
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D) ASCEARITEA PR bR R E LT TransE ,
DistMult #il ComplEx %5 J& R AL, 5 SACN, HypER
Fl CompGCN 45 S5 87 $2 1 1 450 Y - 43 42508, fy b ]
TE A A S RS (4 A b 6T FB15K-237 %k 46
ARSCHE Hit@10 85 EHEZ 5 —.

2) 7& Hit@1 Ml Hit@3 55 5 CompGCN,
ConvR,SACN #H 2t /b BAKTE Hit@ 1 $5 45 F AL
H = ) CompGCN K 1.51%, %8 MRR f5%5 b5
CompGCN # H AN 0.8 %6. 11 X T WN18 % ¥ 4 .
ARIUKAIAE MR $5 45 b HE4 55—, 78 Hit@ 10 A0
Hit@3 f5br 5% — %4 2B HUN AR TE Hit@10
¥45i I e RotatE % 0.2%, 7E Hit@ 3 845 I [t
ConvR #1 HypER {X1 0.9 %.

3) BE TR 2 W £ 1 A 2 2] O k1 3R B
# LT TransE S S5 #1052 B9 B AL A S
PR T BT 3 1 T8 B 0 28 5% i 1 i 1 L
TOCE B S SURE BT T BA ik A RoR , I
TR AT 55 i R

Table 2 Link Prediction Results on FB15K-237 and WN18
x2 $SEEWNE FBISK-237 #1 WN1S LRIE R

FB15K-237 WNI18
Model
MRR MR Hit@lo  Hit@3 Hit@1 MRR MR Hit@1o  Hit@3 Hit@1
TransE2! 0.294 357 0.330 0.222 0.146 0.454 251 0.891 0.803 0.064
DistMul?8] 0.241 254 0.419 0.263 0.155 0.829 0.94 0.923 0.726
ComplEx!?2! 0.247 339 0.428 0.275 0.158 844 0.94
R-GCN[20! 0.248 0.417 0.151 0.773 0.944 0.889 0.65
KBGANL2] 0.278 0.458 0.779 0.949
ConvE!?t) 0.325 244 0.501 0.356 0.237 0.943 374 0.956 0.946 0.935
ConvK B 0.243 311 0.421 0.371 0.155
SACNE2 0.350 0.540 0.390 0.260
HypER! 0.341 250 0.520 0.376 0.252 0.951 431 0.958 0.955 0.947
RotatE2] 0.338 177 0.533 0.375 0.241 309 0.959
ConvRI33) 0.350 0.528 0.385 0.261 0.951 0.958 0.955 0.947
VR-GCNE3 0.248 0.432 0.272 0.159 0.847 0.946 0.929 0.764
CompGCNL?] 0.355 197 0.535 0.390 0.264
Our Methods 0.352 185.72 0.536 0.385 0.260 0.928 240 0.957 0.946 0.909

Note: The best performance is in bold.

BAT Z2 RO R B R A 5 > J5 1505 i =0

@ https://github.com/google-research/bert
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