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Question review
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Let

J = diag (nu)KLTUHJ
0 = (K/y)*diag(my)™YJ
We have
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Ll—minimization:




L1-minimization

* Proximal Gradient (PG) Methods
* Gradient Projection (GP) Methods
* |[terative Shrinkage-Thresholding (IST) Methods

* Alternating direction method of multipliers (ADMM)



PGD

Accelerated proximal gradient (APG) [IEEE Transactions on Image Processing, 2009]
APG for nonconvex problem [NIPS, 2015]

Fast stochastic PG [SIAM, 2014]

Fast stochastic APG [NIPS, 2016]
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Repeat until converge: T=1/L
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APG
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MFISTA

Input: L > L(f) - An upper bound on the Lipschitz constant of V.

Step 0. Take y; =x9 € E, t; = 1.
Step k. (kK > 1) Compute

2z = pL(Yk)
1+ /144t
tk‘--l-l — 92 3 (52)
xp = argmin{F(x): X =z, Xp_1} (5.3)
142 tr — 1
Vi+l = Xg -+ (—) (Zk — Xg;) + ( ) (X;g — X,rg_l). (54)
L1 Tyt
Test on LASSO
Method Iterations Time (s) p* Error (abs) Error (rel)
CVX 15 206,05 16.0822 — —_
Proximal gradient 127 0.72 16.5835 0.09 0.01
Accelerated 23 0.15 16.6006  0.26 0.04
ADMM 20 0.07 16.6011  0.18 0.03
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v = Sdiag(€) " (p - diag(n)* K1y 0" — diag(n)d"),

§ = diag(e)™

filter out some less important constraints for efficiency by multiplying the sample weights vj - wj.

st. v -w;(z Z Opk(xyp,x;)) =0 Vj=1-

xLeLl

Optimizing only with the samples whose weights are larger than 0.001.



« ADMM origin : BRI TR & 44
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___________CPUtime ____Objectvalue

ADMM origin  0.9109+1.5798 4.5355+8.2427
ADMM fast  0.0410+0.0433 4.5116+8.2044
MFISTA 0.01324+0.0330 2.9878+5.2008







