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Abstract

In the era of big data.data show the characteristics of high dimension,large amount and rapid growth. Efficiently dis-

covering knowledge from these data is a research focus. Multi-label has been proposed for ambiguous objects in reality, and is

widely used in data intelligent processing. In recent years, Multi-label generation receives widespread attention due to the excellent

performance of deep learning. The latest research results were summarized from five categories and were further compared and

analyzed from the aspects of data, relationship types., application scene, adaptability and experimental performance. Finally, the

challenges of multi-label generation were discussed.followed with the prospects for future work.
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Fig. 1 Overall framework
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Fig. 4 Model architecture of C2AE
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Table 4 Experimental results comparison of multi-label learning

methods
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