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Abstract Representation learning is of great value in knowledge graph reasoning,which realizes the computability of knowledge
by embedding entities and relationships into a low-dimensional space. The representation learning model based on vector projec-
tion distance has better ability of knowledge representation on complex relationships. However, the model is easily susceptible to
irrelevant information,especially when dealing with one-to-one relationships,and it still has space to improve performance in re-
presenting one-to-many, many-to-one and many-to-many relationships. In this paper, we proposed an improved representation
learning model SProjE, which introduces an adaptive metric method to reduce the weight of noise information and optimizes the
loss function to improve the loss weight of complex relation triples. The proposed model is suitable for large scale knowledge
graph representation learning. At last,the experimental results on the WN18 and FB15k data sets show that SProjE achieves sig-
nificant and consistent improvements compared with the existing models and methods.
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Fig.1 Hyperplane of vector projection distance based model and

transition distance based model
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Table 1  Statistics of datasets
Dataset # Rel # Ent % Train # Valid # Test
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Table 2 Average results of link prediction
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Mean Rank HITS@10/ % Mean Rank HITS@10/ %
Raw  Filter ~Raw Filter Raw  Filter Raw  Filter
RESCALL®] 1180 1163  37.2  52.8 828 689 28.4 44,1
SEL20] 1011 985 68.5  80.5 273 162 28.8 39.8
SME
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SME

Algorithm

545 533 65.1 74.1 274 154 30.7  40.8

Chilinear (197 526 509  54.7  61.3 284 158  31.3 41.3
TransE[7] 263 251 75.4  89.2 243 125 34.9 47.1
TransHJ 401 388 73.0 82.3 212 87 45.7  64.4
TransR[10T 238 225  79.8 92.0 198 77 18.2  68.7
TransDI1] 224 212 79.6  92.2 194 91 53.4  77.3
TransALM4) 405 392 82.3  94.3 155 74 56.1 80.4

ProjEa — — — — 214 60 48.1  78.8

ProjE-+score 339 329 84.0 93.6 192 42 52.5  83.1

ProjE+loss 322 312 83.0 94.8 173 37 54.5  85.5
SProjE 297 288  84.3 95.2 167 32 55.4  87.4
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Table 3 Filter HITS@10 of each type of relations in FB15k
G %)

PredictHead(HITS@10) PredictTail(HITS@10)
-1 1I-N N1 NN -1 1-N N1 N
SEL20] 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
(bilinear)[16]

Algorithm

z

TransE[7] 43.7  65.7 18.2 47.2 43.7 19.7 66.7 50.0
TransHJ  66.8 87.6 28.7 64.5 65.5 39.8 83.3 67.2
TransDU'1) 86.1  95.5 39.8 78.5 85.4 50.6 94.4 81.2
TransRIO)  78.8  89.2  34.1 69.2 79.2 37.4 90.4 72.1
TransAl4)  86.8  95.4 42,7 77.8 86.7 54.3 94.4  80.6
ProjE_ _
o 61.4 90.1 53.2 83.3 61.3 63.5 89.4 85.5
listwise

SProjE 87.2 96.3 71.4 86.2 838.4 80.8 95.8 89.7
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