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Abstract Due to the complex distribution of data between different views,the traditional single-view outlier detection method is
no longer applicable to the detection of multi-view outliers, making multi-view outlier detection a challenging research topic.
Multi-view outliers can be divided into three types:attribute outliers,class outliers,and class-attribute outliers. Existing methods
use pairwise constraints across views to learn new feature representations and define outlier scoring metrics based on these fea-
tures, which do not take full advantage of the interactive information between views and results in higher computational complexi-
ty when facing three or more views. Therefore, this paper considers to reshape multi-view data into tensor set form,defines high-
order multi-view outliers,and proves that all of the existing three types of multi-view outliers meet the definition of high-order
multi-view outliers,so as to propose a new multi-view outliers detection algorithm called high-order multi-view outliers detection
algorithm (HOMVOD). Specifically.the algorithm firstly reshapes multi-view data into tensor set form.then learns its low-rank
representation,and finally designs outlier function under tensor representation to realize detection. Experiments on UCI datasets

show that this method is superior to existing methods in detecting multi-view outliers.
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Fig. 2 Results of parametric analysis experiment
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