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Motivation: Study the impact of different update rules in multiresolution block-coordinate descent algorithms.

4 Imaging inverse problems 1\ ( Classical optimization method ) { Multiresolution decomposition h
. : : : : : N . Wavelet transform: multiscale representation that decomposes
Goal: Reconstruct an image from a degraded observation. Build a reconstruction bylsolvmg an optimization problem: an image into its low-frequency part (approximation coefficients)
A N . and its high-frequency components (detail coefficients).
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B | = Data-fidelity Reqgularization
| = Reduces the search space
. Ensures that A1 ~ Y by imposing some prior
(3 on the solution
Obvatio The Forward-Backward algorithm
Given: step size 7 > 0, regularization parameter A
L Input: initial point z°
E = for k=0,1,2,... do
k3 _ ok AT (Agk —
| o "2 = b — 1A z y) Image as wavelet blocks
B pF T = prox,\p(z"72)
" 8 end for
: ‘ Reconstruction examoles Orthonormal wavelet transform: az | d
Bl ucti :
Original image Observation P can be performed recursively up iy d
to a scale J to get a decomposition 2 2
Ill-posed inverse problem
The inverse operator may not exist or lead to irregular estimate: r=W" £a 7.dy, ... dll d di
e Solution may not be unique w
e Small variations in ¥ — big variations in z J =9
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f Block-coordinate descent (BCD) algorithms N ( Comparing different update rules A@
& L . )
Optimization problem written in wavelet domain [1] Forward-Backward (FB) J\d_
_ . i
. oo
T A ) e a]fgfinir}l) % HAWT(CLJ, dy ... dy) — yH% n \HA(CLJ,dJ, o adl)Hg All blocks are updated simultaneously
I P dsed) Nolash+ X Aldil " !
Block-coordinate descent Forward-Backward algorithm \d_ a J|d_
dy dy
Given: Step size 7, regularization parameter A 0. 117+1 Blocks are updated one after the other d_Q‘I? TQ‘W
Input: Initial coefficients (a9, dY, ..., d?) (galﬁ’ Cdlys - ’gd'f) < 10,1} f th t scale to the finest > >
for k=0,1,2,... do allows to choose which blocks romthe coarsest scale to the 1ines d; d; d; d,
bl = gf 4 ok (PTOXTAGK,H-Hl(a]} — 1V, flag,dy,...,dy)) — a’}) are updated at each iteration
for j=J,J-1,...,1do gpr = 1:block bis updated at
A" = dF + e (prox., i (d¥ = 7V flay,dy, ..., dy)) — d5 iteration k : : o | o w |
J J d? (p T)\de H1< J djf< Jy, WJ 1)) J) e = 0: block b is not updated at ApprOXImatlons Jm . J\i . J 1y .
end for iteration k Approximation coefficients are d_z‘lj d—‘F ds sz
end for updated from the coarsest scale > >
to the finest d d d d d; dy
(studied in [1])

Convergence of block-coordinate methods [2]

Under the following assumptions:

Approximations ||| B BN

. : Lipschitz-continuous Stepsize bounded b Every block is updated i o o & & &
Convex objective function psc : ; pslze DOUr Y very Pq then details d “ d, d, H d 2 H s s “ s d H s
partial gradients inverse of Lipschitz constant infinitely many times Detail coefficients are

inserted in between
These methods converge to a minimizer. the previous updates

\ U\ J

Setting EXperiments 7%
Low blur / High noise High blur / Low noise
Ground truth Blur + noise Reconstruction Blur + noise
i Oblur — (17 1) BGD > Oblur — (87 8) BCD >
: Onoise = 0.1 N Onoise = 0.01
146000 - s a5 ds - —— BCD FB 3507 —— BCD FB
m as __ds ds | ds —— BCDFB 3401 BCD Cyclic BCD Cyclic
5 ds \_ % 140000 1 BCD Cyclic —— BCD approx 325 1 —— BCD approx
. 144000 - —\ dy —— BCD approx 320 - as —— BCD approx+details —— BCD approx+details
Image size: 1024 x 1024 X p 150000 - —— BCD approx+details 300 -
Number of decomposition g 142000 . c é 300 1 g 575 |
= -2 100000 - c =
levels: ; E x g 2 2
. : > K < | 2 2807 2 250 -
Linear operator A: © 140000 | £ 80000 g g
Gaussian blur with O & © 2601 © 225
. \ O 60000
2D variance Oplyr 138000 { —— BCD FB A
Noise &: BCD Cyclic 40000 - 240 - 200 A
oy . . —— BCD approx
Additive Gaussian noise 136000 1 — BCD approx-+details \_ 10 ] 175 1
with variance Onoise 0 20 40 60 80 100 200007 | | | 0 0 1 2 3 4 5 6 7
Number of iterations 0 1 2 3 4 Number of iterations Time (s)
Time (s)
The descent steps on high frequencies are the most efficient The descent steps on low frequencies are the most efficient
» In alow blur / high noise context: favor methods that focus on high 3 [nahigh blur /low noise context: favor methods that focus on low
[ f [
\ frequencies. requencies. )
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