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⋆⋆⋆ Fast computation of the proximity operator of a sum of con-

vex functions involving linear operators.

⇒⇒⇒ Design new dual block-coordinate forward backward algo-

rithms:

✔ Ability of dealing with large scale problems.

✔ No need for inversion of linear operator.

✔ Acceleration through the introduction of preconditioning ma-

trices.

✔ Application to restoration of interlaced video sequences.

Computing the proximity operator of g = f +
J∑

j=1

hj ◦ Aj :

minimize
x∈RN

g(x) + 1
2‖x− x̃‖2B

• f : RN →]−∞,+∞] convex function.

• ∀j ∈ {1, . . . , J}hj : R
Mj →]−∞,+∞] convex function.

• ∀j ∈ {1, . . . , J}Aj ∈ R
Mj×N real valued matrix.

• B ∈ R
N×N preconditioning matrix.

MINIMIZATION PROBLEM

minimize
(yj)16j6J∈R

M
ϕ
(
−

J∑
j=1

A⊤
j y

j + x̃
)
+

J∑
j=1

h∗
j(y

j)

•Conjugate of a lower-semicontinuous convex function hj:

h∗
j : R

Mj → [−∞,+∞] : x → sup
ν∈RMj

(〈ν|x〉 − hj(ν)) .

• ϕ the Moreau envelope with parameter 1 of f ∗.

DUAL FORMULATION

PROBLEM FORMULATION

ALGORITHM 1

Initialization⌊
Bj ∈ R

Mj×Mj with Bj � AjA
⊤
j , ∀j ∈ {1, . . . , J}

ǫ ∈]0, 1], (yj0)16j6J ∈ R
M , z0 = −

∑J
j=1A

⊤
j y

j
0.

For n = 0, 1, . . .

γn ∈ [ǫ, 2− ǫ]

jn ∈ {1, . . . , J}

xn = proxf(x̃ + zn)

ỹjnn = yjnn + γnB
−1
jn
Ajnxn

y
jn
n+1 = ỹjnn − γnB

−1
jn

proxγnB−1
jn
,hjn

(
γ−1
n Bjnỹ

jn
n

)

y
j
n+1 = yjn, ∀j ∈ {1, . . . , J} \ {jn}

zn+1 = zn − A⊤
jn
(yjnn+1 − yjnn ).

• (Bj)(16j6J) : preconditioning matrices.

Special case: Non preconditioned algorithm obtained when setting:

∀j ∈ {1, . . . , J} Bj = ‖Aj‖
2IMj

.

VARIANTS

Variants of the proposed algorithm can be obtained when:

➞ Setting f = 0f = 0f = 0  Algorithm 2.

➞ Updating the dual variables in parallel without precondi-

tioning [Combettes et al., 2011]  Algorithm 3.

CONVERGENCE RESULTS

Under appropriate technical assumptions:

✔ If the sequence (yn)n∈N(yn)n∈N(yn)n∈N is bounded, then it converges to a so-

lution of the dual problem.

✔ The sequence (xn)n∈N(xn)n∈N(xn)n∈N converges to the proximity operator

of ggg.

PROPOSED ALGORITHMS

OBSERVATION MODEL
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• (xt)16t6T ∈ R
TN  original progressive video sequence.

• (yt)16t6T ∈ R
TL interlaced blurred video sequence (N = 2L).

•h ∈ R
P  convolution kernel.

• (wt)16t6T ∈ R
TL unknown additive noise.

•St ∈ R
L×N  row decimation operator with

St = So for odd values of t and St = Se for even values of t.

Estimate of (xt)16t6T ∈ R
TN obtained by minimizing:

(∀x ∈ R
TN) F (x) = Φ(x) + M(x) +

T∑
t=1

Ψt(xt)

✻ Φ  least squares data fidelity term.

✻ M  nonsmooth temporal regularization term.

✻ Ψt  nonsmooth spatial regularization term.

⋆⋆⋆ Minimization using block-coordinate forward-backward algo-

rithm.

SIMULATION RESULTS

Algorithm 1 2 3

Frame 1 2.06 0.91 6.06

Claire Frame 6 2.09 0.75 7.99

Frame 13 2.11 1.17 7.38

Au théâtre Frame 1 2.20 2.41 23.44

ce soir Frame 5 2.21 2.45 31.60

Frame 10 2.03 2.59 21.43

Comparison between Algorithm 1 and its variants Algorithms 2 and 3
in terms of computation time (s).

Convolution kernel (P = 101).

Au théâtre ce soir sequence: interlaced degraded field (720 × 288 pixels) (left),
restored deinterlaced image (720 × 576 pixels) (right).

APPLICATION TO VIDEO RESTORATION


