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Sparsity Piecewise
Continuous Signal Recovery
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Measurement model: Linear and Noisy .
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Sparsity Piecewise
Continuous Signal Recovery

t=[p"h t =[p*]2

S(tlc*,p*)“

1. Design W such that Ws™ is sparse
2. ldentify p*
3. Estimate C* using least squares
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Detection Theory for Union of
Subspaces

e Model
HO : y - n; .:... \;}; _,
He,: y=x4+n,xe8; k=1,...,Kj. |

e Problem 1: signal detection -

e Problem 2: active subspace detection .

e Generalized likelihood ratio tests for 47
detection (GLRT)
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Detection Theory for Union of
Subspaces

e Analysis: Colored Gaussian noise with full
rank covariance matrix U
m Known noise statistics o
m Unknown variance, known correlation
m Unknown variance, known correlation
e Performance metric: probabilities of
o Detection :
o Classification -8
o False alarm
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Sequential Optimization Procedure

ma}a(}f f(w17w27°"7mK)

st gun(@n) > 0,h=1,2,...,K ol
= th.-

e Existing ideas
o Alternating minimization
o Maximum block improvement (MBI)

e Proposal: Join MBI and sequential method_..;-;'*"‘;':"";
5¢,h(y;wh) < Gin(y), Vi=1,...,Kp;
din(@n;xn) = din(xy), Vi=1,...,K1,.
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Sequential Optimization Procedure

, : , 0 0
1: Input: A feasible starting point (%) = (mg . ,mg()).
2: setn=1.
3: repeat

4: forh=1,2,...,K,letv\") and y\" be,
respectively, the optimal value and an optimal
solution to problem

max fj, (y; z(" 1)
PEL:E("_l)) S-t- ¢2 (y, m}n 1)) Z O’h - 1,2,...,K,
7 = 1,...,K11h

5 Letk =arg max V,in) . Define wgln) =

k=1,2,... K
azfl"_l) for all h # k* and a:gf) — yg_’f), ie.,

wy  [o(e—D (n-1) (n) _(n-1) n-1)17
w()_[;pl sz ) il e ] ,

6: until Convergence
7: Output: =} = azgl”), h=1,2...,K.
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Recovery of Independent Sparse
Sources From Linear Mixtures
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Recovery of Independent Sparse
Sources From Linear Mixtures

e Uniqueness conditions

L
max {r; } + Z'r'j < Spark(®).
j=1

e SBL-based recovery algorithm

o Hyperparamters: © = {I', 0%, A}
o Closed form expressions for EM
updates
e Analysis of global minima and local
minima of SBL cost function




Other Interesting Papers
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e Discreteness-Aware Approximate Message Passing -
for Discrete-Valued Vector Reconstruction .-
o R. Hayakawa and K. Hayashi
e Bayesian Detection for MIMO Radar in Gaussian
Clutter

o J. Liu, J. Han, Z.-J. Zhang, and J. Li k:
e Source Counting and Separation Based on Simplex
Analysis

o B. Laufer-Goldshtein, R. Talmon, and S. Gannot







