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Abstract

With the advent of the era of big data and the rapid development of artificial intelligence,
knowledge map has played an important role in vertical search, intelligent Q & A and other fields.
However, even the largest knowledge map in the world is still incomplete, so knowledge reasoning
has always been one of the research hot spots of knowledge graph. In this paper, we propose a
model (DR-GCN) of neural network which integrates entity description and relation graph convo-
lution (R-GCN), and apply it to the standard task of knowledge reasoning: entity classification, that
is, the restoration of missing entity attributes. R-GCN is a kind of graph convolution neural net-
work (GCN), which is specially developed according to the characteristics of highly multivariate
relational data of practical knowledge graph. The DR-GCN model in this paper makes full use of the
relationship type, relationship direction, entity self cycle, entity description and other information
in the knowledge graph for entity classification. In this paper, the DR-GCN model is thoroughly
evaluated and compared with the established baseline. Experiments show that the experimental
results of DR-GCN model are better than that of the existing baseline. On the AIFB dataset, the ac-
curacy of the DR-GCN model is 0.24% higher than the 96.19% of the G-GAT model with the highest
accuracy in the baseline. On the BGS dataset, the accuracy of the DR-GCN model is 0.35% higher
than the 87.24% of the RDF2Vec model with the highest accuracy in the baseline, which proves
that the improved model is more effective.
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Figure 1. Update process of single graph node/entity(red) in DR-GCN model
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Figure 2. Depiction of a DR-GCN model for entity classification
with a per-node loss function
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Table 1. Number of entities, relations, edges and classes along with the number of labeled entities for each of the datasets

1 BIMEETREER. XR, DRRCHSERURENEE

Dataset AIFB MUTAG BGS
Entities 8,285 23,644 333,845
Relations 45 23 103

Edges 29,043 74,277 916,199
Labeled 176 340 146
Classes 4 2 2
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Table 2. Comparison of classification accuracy of various model entities
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Model AIFB MUTAG BGS
WL 80.55 80.88 86.20
RDF2Vec 88.88 67.20 87.24
R-GCN 95.83 73.23 83.10
R-GAT 96.19 74.38 85.35
DR-GCN 96.43 75.93 87.59
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