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INTRODUCTION

⋆Primal-dual proximalsplitting approach for convex optimization

⋆Fast convergence thanks to apreconditioning strategy

⋆Restoration of images corrupted withadditive Gaussian noise with
signal-dependent variance

PROBLEM

minimize
x∈H

f (x) = h(x) + g0(x) +
J
∑

j=1

gj(Ljx) (1)

•H and(Gj)16j6J real Hilbert spaces

•h : H → R, convex, differentiable withLipschitzian gradient

•g0 and(gj)16j6J proper lsc convex functions defined resp. onH and(Gj)16j6J
•∀j ∈ {1, . . . , J}, Lj : H → Gj non-zero bounded linear operator

CONVEX OPTIMIZATION TOOLS

ForR positive definite self-adjoint linear operator fromH toH:

•Weighted norm: ∀x ∈ H, ‖x‖R = 〈x | Rx〉1/2

•Proximal operator: ψ proper lsc convex function defined on(H, ‖ · ‖R),
∀υ ∈ H, proxR,ψ(υ) = arg minξ∈Hψ(ξ) +

1
2‖ξ − υ‖2R

ALGORITHM
Preconditioned M+L FBF

Let (γk)k∈N be a sequence of[ε, (1 − ε)/τ ] with ε ∈ (0, 1/(τ + 1)),

τ = µ(Q) +
√

∑J
j=1 ‖Rj

1/2LjQ1/2‖2, whereµ(Q) is a Lipschitz constant

of ∇
(

h ◦Q1/2
)

.
Initialization: Letx0 ∈ H, and, for everyj ∈ {1, . . . , J}, letvj,0 ∈ Gj
Iterations:
For k = 0, . . .
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y1,k = xk − γkQ
(

∇h(xk) +
∑J

j=1L
∗
jvj,k

)

p1,k = proxQ−1,γkg0(y1,k) (2)
For j = 1, . . . , J

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y2,j,k = vj,k + γkRjLjxk
p2,j,k = proxRj

−1,γkg∗j
(y2,j,k) (3)

q2,j,k = p2,j,k + γkRjLjp1,k

vj,k+1 = vj,k − y2,j,k + q2,j,k.

q1,k = p1,k − γkQ
(

∇h(p1,k) +
∑J

j=1L
∗
jp2,j,k

)

xk+1 = xk − y1,k + q1,k.

⋆ Low computational cost of(2) and (3) for
{

g0 separable andQ positive diagonal,
∀j ∈ {1, . . . , J}, Rj = ρj Id, ρj > 0

◮

{

Q = Id

Rj = Id
⇒ M+L FBF Algorithm [Combettes and Pesquet 2012]

◮Appropriate choice forQ, Rj ⇒ Acceleration of convergence rate

CONVERGENCE RESULT

Theorem: Under appropriate technical assumptions, there exists
x̂ ∈ H solution to Problem(1) such thatxk → x̂ andp1,k → x̂.

SIGNAL-DEPENDENT NOISE

H
 +  

x Hx b(Hx) y

•H ∈ R
N×N observation matrix with non-negative elements

•b(Hx) = (bn([Hx]n)16n6N, bn : [0,+∞) → [0,+∞) : zn 7→ √
αzn + βwn,

with α > 0, β > 0 and(wn)16n6N realization ofW ∼ N (0, IN)

⋆Data fidelity term:

∀x ∈ [0,+∞)N , h(x) =
1

2

N
∑

n=1

(yn − [Hx]n)
2

α[Hx]n + β

⋆g0 = ι[0,255]N, J = 1 andg1 = λ tv, with λ > 0 regularization parameter

SNR=22 dB, MSSIM=0.525 SNR=19.15 dB, MSSIM=0.644 SNR=20.16 dB, MSSIM=0.569

SNR=27.1 dB, MSSIM=0.835 SNR=24.14 dB, MSSIM=0.887 SNR=25.11 dB, MSSIM=0.854
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From top to bottom: noisy blurred images (α = 0.1 and β = 50), restored
images, (‖xk − x̂‖)k and (f (xk)− f (x̂))k using the proposed algorithm and
its non preconditioned version.


