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Knowledge Enhanced Relationship Prediction Model for Enterprise Entities

WANG Jiaqi' , LT Wengen' , GUAN Jihong' , XING Ting” , WEI Xiaomin® , SHAO Bingqing® and FU Chongjie’
1 College of Electronic and Information Engineering, Tongji University,Shanghai 201804, China

2 Beijing Shangqi Digital Technology Co. ,Ltd. ,Beijing 100084, China

Abstract With the development of knowledge graphs,a variety of industrial knowledge graphs have come into being. However,
these industrial knowledge graphs lack sufficient relationships among enterprises,such as up-down stream relationship,supply re-
lationship, cooperation and competition relationship, which greatly affects their applications. Most existing methods for predicting
the enterprise entity relationships focus on the fact triples and cannot fully utilize multiple perspectives such as enterprise descrip-
tions and associated entity descriptions. To solve this problem,KERP,a knowledge enhanced relationship prediction model for en-
terprise entities is proposed. The model first improves enterprise features representations using a multi-view entity feature lear-
ning module, then uses graph attention network to obtain higher-order semantic representations of entities and fuses lower-order
semantic representations learned by TransR for knowledge enhancement,and finally predicts enterprise entity relationships by a
convolutional decoder ConvE. Experimental results on the new energy automobile industrial knowledge graph show that KERP
has better results in predicting the relationships between enterprises with a improvement of 6. 7%in terms of F1 value compared
with the existing models. Generalization is also evaluated on multiple datasets, and the experimental results demonstrate that
KERP has good generality for generalized entity relationship prediction tasks.

Keywords Industrial knowledge graph, Enterprise entity relationship, Knowledge completion, Link prediction, Knowledge en-

hancement
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Table 3 Datasets statistics

Dataset # Entities # Relation # Triples
types Train Valid Test
NEAI-FKG 27346 8 260376 500 500
CN-Dbpedia 111377 6667 199000 500 500
WNI8RR 40943 11 86835 3034 3134
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Table 4 Parameter setting of different datasets

Data Input-dim DT;:i:r Kernels I;z::
NEALKG [100.100] [150.150] 30 0.0005
CN-Dbpedia [200,200] [250,250] 50 0.0010
WNI8SRR [200,200] [250,250] 50 0.0010
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Fig. 7 Influence of threshold on Recall,Precision and F1
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Table 5 Results of enterpris eup-down stream relationship
prediction
Model F1 Hit@5
TransR 0.621 0.782
ConvE 0.737 0. 859
KB-GAT 0.803 0. 950
KERP 0.870 0.961
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Fig. 8 Prediction results for two companies invested by the same

institution
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Table 6 Ablation experiments on NEAI-KG
Model F1
KERP 0.870
KERP w/o GAT 0.737
KERP w/o TransR 0.862
KERP w/o Cluster 0.533
KERP w/o Technology 0.710
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Table 7 Comparative experiments on WNI8RR and CN-Dbpedia

datasets

WNI18RR CN-Dbpedia
MR Hit@3 Hit@10 MR Hit@3 Hit@10
TransE 3384 — 0.501 6.59 0.312 0.892
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ComplEx 5261 0. 460 0.510 — — —
ConvE 4187 0. 440 0.520 - - -
R-GCN 6700 0.137 0.207 — — —
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