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Abstract

Knowledge graph stores a lot of facts and knowledge by triples, but there is also the problem of
lack of fact. Therefore, it is necessary to infer and predict new facts, that is, knowledge inference,
based on the known facts of the graph. The traditional knowledge inference algorithms only make
use of the structure information of the knowledge graph, which is not sufficient to mine the infor-
mation of the knowledge graph. This paper proposes a knowledge inference algorithm that com-
bines semantic and structural information. It not only uses the structure information of know-
ledge graph, but also uses the context information in large-scale text data, which can more accu-
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rately represent the basic elements of knowledge graph such as entities and relationships. At the
same time, because of the problem of low quality and false negativity of negative sampling of
triples in the training of knowledge inference model, we introduce the GANs to solve this problem.
Experiments show that this algorithm can achieve good knowledge inference effect.
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Figure 1. Flowchart of SCKGAN algorithm
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Table 1. Experiment dataset
1 XEBIEE

Hiprdk SARHCE REAHE RS Eoalla S (6 RS 6
WN18RR 40,943 11 86,835 3034 3134
FB15k-237 14,541 237 272,115 17,535 20,466
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Table 2. Comparison experiment of different models
= 2. FEERFTE Y

WN18RR FB15K-237
Method
MR Hit@10 MR Hit@10

TransE 2365 50.5 223 47.4
ComplEx 3921 48.3 508 43.4
DistMult 3704 47.7 411 419
TuckER - 52.6 - 54.4
ATTH - 55.1 - 50.1
KG-BERT 97 52.4 153 42.0
ScKGAN(ours) 80 54.1 120 52.2

4.3. jHREAAFR

N PRI AR S TR H AR AL 5] N G R S DARR G 15 A IR DA R AE AR O L 2SR SR T AT =
T SORAE LB, FRATTIE I 208 A AR A AL, SR T DABR ) 3 S8 B ALy B R SR L) KG-SBERT 5
ESEROE R AL . 45 W 3 i, KG-SBERT 5ERIMEIE S T SCKGAN Hik. SLIRE KW, ”T
R 22 IR R A AR TR A7 P i TR FH ) 5 2 mT AR i A L R I, 456 R 4 SR g R,
AR AR SRR AG 25% (1) KG-SBERT Hvk LU 8 43 PERE N ARANY, 60 T B B2 H BERT HEAT4mA% K 1)
SO A RN, BRI T BRI SRR R, B TR I GRS .
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Table 3. Result of ablation experiment
2 3. (HRLCIOLER

WN18RR FB15K-237
Method
MR Hit@10 MR Hit@10
KG-BERT 97 52.4 153 42.0
ScKGAN(ours) 80 54.1 120 52.2
KG-SBERT (ours) 109 50.4 171 40.9
Table 4. Time of training model
= 4. 1RB)IZATE)
Method TRAIN TIME
KG-BERT 40 h
KG-SBERT (ours) 6h
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