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Abstract Knowledge graph embedding represents entities and relationships in the feature space
by utilizing the structural properties of the graph. Most knowledge graph embedding models rely only
on the structural information to generate embeddings. However, some real-world knowledge graphs
include additional information such as entity types. In this paper, we propose a knowledge graph
embedding model by designing a loss function that reflects not only the structure of a knowledge
graph but also the entity—type information. In addition, from the observation that certain type
constraints exist on triplets based on their relations, we present a negative sampling technique
considering the type constraints. We create the SMC data set, a knowledge graph with entity-type
restrictions to evaluate our model. Experimental results show that our model outperforms the other
baseline models.
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Table 1 Summary of SMC datasets

SMC_vl SMC_v2 SMC_v3
No. Entities 2,370 2411 2,432
No. Relations 12 13 14
No. Types 12 12 12
No. Triplets 5412 5,509 14,534
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Table 2 Summary of hyperparameters
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Table 4 Total loss rate of the link prediction results

T

Hyperparameters Values Model SMC_vl SMC_v2 SMC_v3
Ir,., {0.5,1.0, 2.0, 3.0, 4.0, 5.0} AnyBURL (10s) 2.077 1.874 2.459
Ir,,,. (0.1, 0.05, 0.01, 0.005, 0.001 } AnyBURL (1000s) 0.854 0.430 1.669
- DistMult 0.657 0.672 5.622
margin {0.5,1.0,1.5, 2.0} -
ber of bases 15,10, 15, 20} R-GCN 0.123 0.079 5.386
num s , 10, 15,
- o ol TransE 0.208 0.080 0.700
e o7 ave e Our Model 0.036 0.012 0.184
A {0.001, 0.0001, 0.00001 }
regularization rate {0.5,0.1,0.05,0.01}
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Table 3 Link prediction results with entity type constraints
Model SMC_vl1 SMC_v2 SMC_v3
MR MRR Hit@10 MR MRR Hit@10 MR MRR Hit@10
AnyBURL (10s) 82.4 0.390 0.629 81.9 0.430 0.599 137 0.663 0.780
AnyBURL (1000s) 54.5 0.499 0.703 45.1 0.500 0.714 10.6 0.670 0.861
DistMult 46.9 0.475 0.699 47.6 0.465 0.645 24.4 0.226 0.470
R-GCN 30.6 0.461 0.721 325 0.474 0.721 23.6 0.265 0.485
TransE 36.3 0.503 0.736 33.9 0.490 0.728 7.7 0.879 0.949
Our Model 31.7 0.504 0.749 32.1 0.494 0.731 45 0.717 0.965
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Table 5 Link prediction results without entity type constraints
Model SMC_vl SMC_v2 SMC_v3
MR MRR Hit@10 MR MRR Hit@10 MR MRR Hit@10
AnyBURL(10s) 1674 0.358 0.568 174.4 0.429 0.601 18.7 0.660 0.780
AnyBURL(1000s) 93.8 0.477 0.684 88.4 0.499 0.714 105.9 0.570 0.691
DistMult 230.9 0.385 0.544 258.6 0.364 0.518 33.7 0.203 0.436
R-GCN 63.0 0.415 0.682 83.2 0.447 0.699 25.1 0.247 0.483
TransE 42.1 0.496 0.720 40.3 0.483 0.716 85 0.873 0.944
Our Model 37.2 0.498 0.737 36.4 0.491 0.720 51 0.716 0.964
o] - - & -
(a) equipment (b) measure (c) process
% 2 SMC_vl dlolE] AlelA 2 g stEAAS v £33 /A 54 HE
Fig. 2 Feature vectors of each type of entity in the SMC_v1 data set
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