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STransH: A Revised Translation-based Model for Knowledge Representation
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Abstract Recently, representation learning technology represented by deep learning has attracted many attentions in
natural language processing,computer vision and speech recognition. Representation learning aims to project the inter-
ested objects into a low-dimensional,dense and real-valued semantic space. To this end,a number of models and methods
were proposed for knowledge embedding. Among them, TransE is a classic translation-based method with low model
complexity, high computational efficiency and favorable knowledge representation ability. However,it has limitations in
dealing with complex relations including reflexive, one-to-many, many-to-one and many-to-many relations. In light of
this, this paper proposed a revised translation-based method for knowledge graph representation, namely STransH. In
this method, firstly, entity and relation embeddings are built in separate entity space and relation space,and then the
non-linear operation of single-layer network layer is adopted to enhance the semantic connection between entity and rela-
tion. Inspired by TransH, this paper introduced the relation-oriented hyperspace model, thus projecting head and tail en-
tities to the hyperspace of a given relation for distinction. Besides, it also proposed a simple trick to improve the quality
of negative triplets. At last.it conducted extensive experiments on link prediction and triplet classification on benchmark
datasets like WordNet and Freebase. Experimental results show that STransH performs significant improvements over
TransE and TransH compared with TransE and TransH, and its Hits@ 10 and triplet classification accuracy are in-
creased by nearly 10% respectively.

Keywords Knowledge graph,Representation learning,Link prediction, Triplet classification
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Table 1 Statistics of datasets
Data Set Entities  Relationships  Train Valid Test
WN18 40943 18 141442 5000 5000
FBI5K 14951 1345 483142 50000 59071
WNI11 38696 11 112581 2609 10544
FB13 75043 13 316232 5908 23733
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Unstructured 315 304 35.3 38.2 1074 979 4.5 6.3
RESCAL 1180 1163 37.2 52.8 828 683 28.4 44.1
SE 1011 985 68.5 80.5 273 162 28.8 39.8
SME(Linear) 545 533 65.1 74.1 274 154 30.7 40.8
SME(Bilinear) 526 509 54.7 61.3 284 158  31.3 41.3
LFM 469 456  71.4 81.6 283 164  26.0 33.1
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TransH 401 388 73.0 82.3 212 87  45.7 64.4
STransH (unif) 364 352 76.2 89.5 204 83 46.6 68.3
STransH(bern) 347 330 77.1 90.6 196 68 46.6 69.5
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Table 3 Hits@10 of each type of relations in FB15K
CHLAE 2 260
Predicting Left Predicting Right (Hits@10)
Method
1-1 1-n n-1  mn 1-1 I-n n-1 m-n
Unstructured 34.5 2.5 6.1 6.6 34.3 4.2 1.9 6.6
SE 35.6 62.6 17.2 37.5 34.9 14.6 68.3 41.3
SME 30.9 69.6 19.9 38.6 28.2 13.1 76.0 41.8
TransE 43.7 65.7 18.2 47.2 43.7 19.7 66.7 50.0
TransH 66.8 87.6 28.7 64.5 65.5 39.8 83.3 67.2
STransH(unif) 76.8 88.1 35.5 68.4 73.6 42.1 85.3 70.2
STransH(bern) 76.7 88.2 35.8 68.1 73.6 42.4 85.2 70.6
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SIS ETE Se R T WordNet B T4 WNI11 F1 FreeBase
K14 FB13; 1 T WNI11 il FBI3 f & By 3e R AR 4, 1k
A AT AT LK RN FBISK, LR AR LN HIT
FEWEIL.
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Table 4 Accuracy of triplet classification of different models
CHLAL: 00D
Method WNI11 FB13 FB15K
Distant 53.0 75.2 —
SLM 69.9 85.3 -
SME 73.8 84.3 -
NTN 70.4 87.1 66.5
TransE 75.87 81.5 79.7
TransH 78. 80 83.8 87.7
STransH (unif) 79.5 85.3 89.2
STransH(bern) 79.6 85.2 89. 6
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