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Problem of interest

“Sparsest” solution of

Ox =b, ®eR™"

Equivalently

X" e argmin HXHO (Po)
Ox =D

Non-Convex and NP-hard

Alternative: Weighted {;

n
x" € argmin E Wi x|
Ox =b =

(P1W)

How to choose w?

Candes, Wakin, Boyd Re-Weighted {;

]
Kk K41
%y, wiT = k > 0
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n
k - k
X € argmin E Wi x4
Ox =b =

We propose using Lagrange Dual

Methodology with Oracle

x* solution of (P,) = ideal problem

argmin 0 (P)
Ox =D

|Xi| S |X%k|) V1

w as Lagrange multiplier

n n
dw) = min ) wikil— ) wil]
(DX p— b 1=1 1=1

Or as Dual solution

w* € argmax d(w) (D)
w > (

RW!{; Subgradient Algorithm

Projected subgradient for Dual solution

W = max{0, w* + ot g")

Re-Weighted {; Algorithms within the Lagrange

Duality Framework

Matias Valdes, Marcelo Fiori
Universidad de la Republica, Uruguay

Subgradient

g / gi = gi(x") = Ixi| — Ix{

n
k - k
X € argmin E Wi x4
Ox =b !

Algorithm 1 RW{; subgradient (with oracle)

Require: ® € R™™ b e R™, w® > 0, RWlter > 0
1. k = O
2. while k < RWIlter do

=k
Z Wi x4

3. XX € argmin
Ox =b 1=

5. gf = gi(x*) = [x¥| — [x}| {subgradient}

7. Wit = max (0, wF + aqg¥) {update}

0: k = k 1
10 end while
k—1

11: return Xx

Without Oracle

Replace x* by x* (“amplified”)
argmin 0 (P¥)
Ox =0
il < (14 e xfl, Vi

Dual function

n

d“w) = min Y wilxil— Y wi(T+ e [x{]

Update w* applying subgradient to d*

With Noise: RW-LASSO

argmin [1x||o (Pg)
2
Hox —bllE <

Convex alternative

argmin Z Wil X (PTW)
Jllox —bllF <7 =
Oracle Primal
argmin 0 (PM)

2
Hox —blli <

x| < x|, V1
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Relax (all) constraints

d(w,A) =| min
x € R"

)\ n
EHCDX — b5+ Z wi|xi||[+C (w, A)
i=1

Same methodology but solving

Weighted-LASSO

AK L
Kk - 2 Kk
x*~ € aremin —||®x — bll5 + Wi X
i 5 10x bl +3_wih

Experimental Results

Noise-free Setting
m = 100, n = 256, Gaussian ®x = b
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Figure 1: Recovery rate RW{; (300 problems V' s)
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Similar performance  Interpretability of weights

Noisy Setting
m = 128, n = 256, Gaussian z = b — Ox*

RwWI1 CWB

T =21%, 6 = 9.5%
n = 256,m = 128

s =38, N, =300

RWlter =9

er. = 0.1
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RW LASSO subgradient

oF = 32%, 0 = 11%
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Figure 2: Improvement respect to £; (300 tests, s = 38)

CWB RW{;: +21%  RW-LASSO subgradient: +32%
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