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By using the performance analysis scheme with CGMT (convex Gaussian min-max
theorem) for MIMO signal detection, we have successfully derived the asymptotic theoretical
performance of the signal reconstruction via SOAV (sum-of-absolute-value) optimization from
underdetermined linear measurements, such as symbol error rate or mean-square-error. Moreover, we
have developed the reconstruction algorithms for complex-valued discrete signals or the signals with

group sparsity. Furthermore, by employing non-convex sparse regularization term, we have
significantly improved the reconstruction performance of discrete and/or sparse signals, and have
demonstrated the validity of the proposed approach via computer simulations of data collection from
large number of loT terminals.
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