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We propose generalized expectation minimization of information criterion (GEMIC) to resolve the model selection
for heterogeneous mixture models (MSHM). For MSHM, we must learn the number of components and the types of
components as well as their parameters. GEMIC makes a significant improvement on the combinatorial scalability
issue of MSHM, especially when the number of component candidates itself grows explosively. Further, GEMIC
makes us possible to use a broad range of information criteria including Akaike’s information criterion, minimum
description length, etc. In addition, we explain its two applications; sprase covariance selection and feature subset
selection. Based on artificial, benchmark and real world data, we show that GEMIC performs well in the above

two applications.
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