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Abstract: Multi-label learning is an important learning paradigm in the field of machine learning, which shows advanced
performance in many applications. Data with the main characteristics of large-scale, incomplete information, multiple dimen-
sions and dynamic evolution are bringing many challenges to multi-label learning. It is necessary to carry out a more
refined design of the multi-label learning method according to the characteristics of different learning tasks under com-
plex data environment. Therefore, this paper analyzes the source of the complexity of multi-label data and reviews the
research progress of multi-label learning under complex data environment. Firstly, the paper introduces the problem defini-
tion, learning form and development trend of multi-label learning in detail. Next, the complexity of multi-label data from
three levels: label, feature and sample is discussed. Then, the summarized, elaborated and analyzed multi-label learning
methods under complex data environment are provided. Finally, the challenges and the possible future application direc-
tions of multi-label learning are summarized.
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Fig.1 Two supervised learning frameworks
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Fig.2 Challenges of multi-label learning under complex data environments
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Fig.3 Classification of multi-label learning algorithms under complex data environments
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Fig.4 Multi-label learning application scenarios
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