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In this paper, we propose a minimum-cut approach to Structured Sparse Principal Component Analysis (SSPCA),
which can be calculated much faster than the existing one. PCA is a method widely used in data analysis to explore
low-dimensional feature spaces for a given data. In recent years, structured sparsity, such as hierarchical structures
and group structures among variables in original data, has been widely studied to employ prior information. In
this paper, we develop an efficient SSPCA formulation based on minimum-cut using submodularity in structured

norms.
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