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A graph embedding model for correlation aware truth discovery
LU Hang, Xiu Susie Fang, SI Suxin, WANG Kang
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[ Abstract] In order to solve the widely existing conflicts among multi —source data, truth discovery has become a hot topic.
Existing truth discovery algorithms are usually based on such a principle; when a source always offers true information, it would be
more trustworthy. When the information is supported by trustworthy sources, it would be believed to the truth. However, even
though existing truth discovery algorithms have achieved good results in most scenarios, the relationship between entity attributes
could be mostly ignored. This paper proposes a new model that uses graph embedding to obtain truth and captures the relationship
between entity attributes. This model builds four heterogeneous networks, including source—source, source-—attribute value, entity
attribute—entity attribute, and entity attribute—entity attribute value networks, to capture the relationship among data. These networks
are then embedded into the low dimensional space, so that the reliable sources and reliable attribute values are close to each other,
and the relationships between entity attributes can be reflected in the attribute values, therefore truth discovery inference could be
carried out. Experiments on two real —world datasets show that the proposed algorithm is superior to the state—of —the—art truth
discovery algorithms.
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Tab. 2 The statistics of real-world datasets
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Tab. 3 Comparison results based on Restaurant dataset

Tk Testl Test2 Test3 Mean
MV 0.063 0 0.063 0 0.063 0 0.063 0
CRH 0.060 1 0.060 5 0.060 9 0.060 5
CATD 0.061 9 0.061 9 0.061 9 0.061 9
CASE 0.060 1 0.060 5 0.059 6 0.060 1
CTD 0.058 7 0.058 7 0.059 0 0.058 8
TF 0.064 9 0.064 9 0.064 9 0.064 9
GETD 0.057 8 0.058 9 0.058 2 0.058 3
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Tab. 4 Comparison results based on Weather dataset

Tk Test1 Test2 Test3 Mean
MV 0.424 1 0.424 1 0.424 1 0.424 1
CRH 0.415 5 0.415 5 0.4155 0.415 5
CATD 0.386 2 0.386 2 0.386 2 0.386 2
CASE 0.409 3 0.407 5 0.405 8 0.407 5
CTD 0.384 5 0.384 5 0.384 5 0.384 5
TF 0.417 2 0.417 2 0.417 2 0.417 2
GETD 0.378 2 0.376 5 0.381 7 0378 8
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