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Motivation: Many real lite problems can be modeled as' Drawbacks of the nonlinear GS method:
smooth, large scale optimization problems whose variable Isi B no convergence for m>2 without strict convexity

constrained in a cartesian product of convex sefs. assumpftions;
B exact solution of a constfrained minimization problem
min  f(x) required at each partial iteration

s.t. x€e2 =0 xHx..xL0Q, CR"

X (x17x27 7xm) Xi © 84 Recent developments:

Basic idea: Decouple the optimization problem by cycling B convergence result for m=2 in the nonconvex, constrained
over the blocks case (5]
m globally convergent line-search based schemes for the
l NOﬂliﬂeOr GOUSS‘Seidel meThOd l unconstrained case [4
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Proposed approach: a descent method based on the projected gradient properties.

The Cyclic Block Gradient Projection (CBGP) method The Scaled Gradient Projection (SGP) method
minJ(y)
Choose the starting point x(9 € Q and a positive integer L yed
For k—0.1.2 Choose the starting point y\% e # and set the parameters
?. N ﬁE(O,l) 0<amin<amax
For 1=1,....m
m Choose the inner iterations number f(k) <L For £=0,1,2, ... N
(k) . . i B Choose the stepleng 0 € [Oimin, Omax] and a positive
B Apply gi SGP iterations to the problem definite scaling matrix D,
B Compute the descent direction
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to compute L k1) B Armijo Backtracking loop: compute Ay such that
[
Fna T + 2,d) <I() + BANVI ()T dY
End m Set D =0 2,40
End
Convergence analysis: [1] Remarks: No convexity assumptions, no limitations on

the numbers of blocks, convergence for any choice of
INnner iterations numbper (just bounded).

let  {x®¥1  the sequence generated by the CBGP

algorithm and assume that x* is a limit point of {x*} . o . . .
Implementation issues: exploit scaling matrix and

Then, x* is a stationary point. steplenght choices tfo improve convergence (e.g. 7

Barzilai-Borwelin steplength selection rules).

Applications: [1],[2],[3]

Nonnegative Matrix Factorization (NMF) = Semi blind deconvolution from sparse Blind deconvolution
Fourier data
Given a data matrix v € R™»™ and a posifive Given the observed image g€ R"™" , find the
integer r <m , find W e R"*",H e R"™*™ s.f. | Giventhe data gcC |, find the image frue imagef e R and the pst h e R"*" s.t.
fFER™  fin=f(xjn) xjp €R* j.h=1,....n fm>in0 dist(f *1,g)
1 i Nx2 -
min  ~IlWH — V2 and the frequencies wcR s.t.
W>0,H>0 2 H 17 | 0 éhh < li
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=20
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Finds sp OTFS ?. f g 2REEse s T
representation et dtasis where _ —2mi oo
Of data ,:;k vy :A ‘ ‘ M(a)) [f]k jzhfjhe h
Applications to  solar  flares image S
reconstruction [2] ‘
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