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LIU Jian-wei, CUI Li-peng, LUO Xiong-lin
( Research Institute of Automation , China University of Petroleum , Beijing 102249, China )

Abstract: The sparsity and group sparsity have important applications in the statistics, signal processing and machine learn-
ing. This paper summarized and analyzed the differences and relations between various group sparse models. In addition, we com-
pared different models’ variable selection ability, variable group selection ability, variable selection consistency and variable group

selection consistency. We also summarized the algorithms of group sparse models and pointed the advantages and disadvantages of

the algorithms. Finally, we point out the future research directions of the group sparse models.
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