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Fig. 1 Two examples of multi label learning
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Fig. 2 Schematic diagram of dimensionality reduction
strategy for multi label classification
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A Review of Features and Labels Dimensionality Reduction Methods
of Multi-Label Data

ZHANG Ping-zhao,ZHANG Hui-yi

(School of Computer Science and Technology, Anhui University of Technology, Anhui Maanshan 243000, China)

Abstract ; Multi-label learning dimensionality reduction method has been a research hotspot in the practical
application problem to deal with data sets with higher features dimensions, labels dimensions or both dimensions.
In view of the large number of multi-label learning dimensionality reduction methods and the lack of scientific
classification, from the perspective of the dimension reduction space selection of multi-label data, a multi-label
learning dimension reduction method is proposed to be classified into three types according to feature space
dimension reduction, label space dimension reduction and both. The feature space dimension reduction is divided
into two categories; feature dimension reduction and feature selection. They are based on the independent and
dependent space of each other. The research status of typical multi-label learning dimensionality reduction
algorithms is summarized. Finally, the research status and inspiration of multi-label learning dimensionality
reduction methods are reviewed, and further research directions are proposed for the future.

Key words : multi-label learning; feature; label; dimensionality reduction
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