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Abstract

The fully automatic sparsity-parameter estimation algorithms do not require the user to make any
hard decision (possibly via trial-and-error) on the values of the hyperparameters, making them
more pragmatic in practice. This paper provides a unified interpretation of the existing ap-
proaches including covariance matrix fitting (CMF), sparse iterative covariance based estimation
(SPICE) and likelihood-based estimation of sparse parameters (LIKES). The point of view taken is
that they are all covariance-fitting-based algorithms under different statistical distances. Follow-
ing this, we present a new covariance-fitting scheme trying to minimize one of the two asymme-
trical Itakura-Saito distances. Simulations show that the proposed method appears to be prefera-
ble as it outperforms the aforementioned algorithms in general.
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Figure 1. RMSE versus varied SNR
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Figure 2. RMSE versus varied numbers of samples
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