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ABSTRACT

We introduce Approximate Message Passing (AMP) algorithm which is one of the efficient recovery algorithms
in Compressive Sensing (CS) area. Recently, AMP algorithm has gained a lot of attention due to its good
performance and yet simple structure. This paper provides not only a understanding of the AMP algorithm but its
relationship with a classical (Sum-Product) Message Passing (MP) algorithm. Numerical experiments show that the

AMP algorithm outperforms the classical MP algorithms in terms of time and phase transition.
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Fig. 5. Running time for AMP, SuPrEM, BHT-BP
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AMP PT diagram Lasso PT diagram OMP PT diagram
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J2 6. CS 2 dwe]Z(21Z5E] AMP[13], Lasso[14], OMP[15])¢l] tH&F 41313 Phase transition =%2] v]x
Fig. 6. Observed phase transition of AMP, Lasso, OMP
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