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5. Existing Solutions/Special Cases

@ Markov Chain Monte Carlo (MCMC algorithm) [3]

® Majorization minimization (MM algorithm) [4] by assuming only one k
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Fverything can be optimized

1. Sparsity in Signal/lmage Processing 9. Experiments with simulated data

» Parsimony in signal representation has value in many applications.

» A large class of signals can be represented in a compact manner with respect to some
basis (dictionary).

» Recent advances using spare representation for a variety of applications:

e 1000 realizations of A, sparse xg and Gaussian noise e: y = Axg + ¢

o Coefficient vector xg € R>'2. Test vector y € R?°%. Sparsity level = 100.

Table: Comparison of methods for p = 512, q = 256.
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o If we know the true support of the signal, i.e. S ={i:~; # 0}, we can infer
the solution of (3) by:
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7. AMP: The central idea
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Define: ¢(S) = min ||z — Dgx®||3 + Zpi.

e Introduce a prior fx: which can capture the sparse structure x> icS

o Spike-and-Slab Priors: The gold standard to induce sparsity [1] best improvement if we insert: Us = ming(SU{i}) — ¢(S),

IS 10. Experiments with real data

o Goal: Find the sparse signal x € RP from a set of fewer measurements best improvement if we remove: Vs = ming(S\{j}) — g(S).
y € RY. (¢ < p) I jES

e Reconstruction of handwritten digit images from the MNIST dataset.
e MNIST contains 60000 digit images (0 to 9) of size 28 x 28 pixels.

o Sparse signal xg (vectorized image) is to be reconstructed from a smaller set of
random measurements y : y = Axg + ¢

3. Bayesian Interpretation o If Us,Vs > 0 = stop. If Us < Vs = Insert, else remove.

e Challenge: calculating Ug, Vs is expensive.

Bayesian formulation _ _ o
e Solution: find their tight upper bounds.

o Coefficient vector xg € R™*. measured vector y € R3Y.

8. AMP: Supporting lemmas and Cholesky decomposition
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Lemma 1: Initialization of the support set S
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