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1 -- A Bayesian view of sparse signal recovery via Lasso

2 -- This work: weighted Lasso via 2LMM 4 -- Numerical experiments

Problem: sparse signal recovery from compressed data

Reconstruction from noise-free measurements :

. unknown sparse signal: x* € R” with |{i : x* # 0}| < k < n Our solution: new parametric model for the signal able to:
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Additional material: C. Ravazzi and E. Magli, "Laplace mixture models for efficient and accelerated compressed sensing", submitted to IEEE Trans. on Signal Processing.
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