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Preserving the subspace {x : supp(Vx) = supp(Vx(y))}
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General point of view ? TV

Model SpPace (for a weakly differentiable estimator)

Mg (y) = X(y) + Im[Jz(y)]
L Jacobian of X at y

Invariant Re-enhancement [Deledalle, Papadakis & Salmon 2015]

m(y) = argmin |y — x13
xEMg(y)

) = R(y) + I (y = *(y))
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Empirical observation

The Jacobian captures more invariances
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Local Approach

X:RP - RP ___ \

y = R(y)
enhance locally

()?, y) —> D;((y)

D: ((R? — RP) x RP) — (RP — RP)/

apply point-wise

R[)A(] : RP — RP )
y = Rig(v) = Dry)(v) «
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Covariant Re-enhancement

Local constraints Characterization
Afiine D (2) = Az+ b Dxy(2) = X(y) + J(z — x(y))
(v)
map
Covariant  j, (y) = J:(y) Definition
preserving
R . Ris — Dy
Coherent  Dx(,)(X(y)) = X(y) £1(¥) ) ()(¥) )
map Rig(y) = x(y) + Iy — x(¥))

Invariant vs Covariant
H) =X(y)+ I (y = 2(y)) Rigly) = &(y) + Iy — *(y))

Naive point of view: just remove the pseudo-inverse!



Covariant Re-enhancement

Local constraints Characterization

Affine
map

Covariant
preserving

Coherent
map

D;((y)(z) — Az+ b DQ(Y)(Z) — )?()/) - pJ(Z — )?()/))

Jpﬁ(y) (y) = pJs (y) Definition

Dy (%(y)) = R(y) V)= ?ﬁ(y) (¥) A
Rig(v) = X(y) + pd(y — X(y))

A

1
Rig(y) = argmin ~[x — y[?
xEH

(J8,8)
y— ) mp TJ070
1 otherwise
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1

%(y) = argmin Zx — y |5 + X[V
XERP

Computing Rx(y) requires the knowledge of supp(VX(y))

But in practice, %(y) is approximated through a sequence X*(y)

Unfortunately, £%(y) ~ X(y) % supp(X*(y)) ~ supp(X(y))
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Joint Estimation—Re-enhancement

Rigly) = X(y) + Iy — x(y))
lterative algorithm

R (y) = A(X (). y)

Chained expression
>A<k(y) = Ao Ax_10---0Ay(R(y), )

Chain rule

0 0 0 :
G_yAk O a—yAk—l O:::0 G_on(y) — Jy

"Unfortunately, to prove this convergence, further assumptions have to be made (convergence of functions does not impl
convergence of derivatives...). It works for instance for anisotropic TV.
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One-step vs Two-step Evaluation

Two step

o, 0 0
@Ak O @Ak—l ©---0 @AO(Y) — Jy

0 0 0 . S
a_yAk O @Ak—l O---0 a_yAO(X(y)) — JX(y)

Rig(y) = x(y) + Iy — x(y))

One step

If Jx(y) = X(y) = Rig(y) = Jy
— theoretical general results
— true for aniso-TV, iso-TV, Lasso, ...



Example for Anisotropic TV

N . ]'
%(y) = argmin - |x — |5+ A Vx|
XERP

"t =Tg, (25 + oV V¥)
Tt =(1+7)"" (x*+ 7(y + divz“"")) Chambolle-Pock

vk—l—l o Xk—l—l 4+ 9(Xk+1 i Xk)

ITg, projection on the A-ball



Example for Anisotropic TV

. 1

%(y) = argmin ~|x — y|5 + A Vx|,
XERP 2

"t =Tg, (25 + oV V¥)

Tt =(1+7)"" (x*+ 7(y + divz“"")) Chambolle-Pock

Vk—l—l o Xk—l—l 4+ 9(Xk+1 i Xk)

FARRIE SR L, AvAvil

K= (14 7)7H (R + 7(y + divzF))
‘7k—|—1 i )~<k—|—1 e(gk—l—l . )'Zk)

Differentiation
of CP

[T, projection on the A-ball
WV, hard-thresholding



Example for Anisotropic TV

R 1
%(y) = argmin - |x — 5+ A Vx]:

XERP

"t =Tg, (25 + oV V¥)
Tt =(1+7)"" (x*+ 7(y + divz“"")) Chambolle-Pock

Vk—l—l o Xk—l—l 4+ 9(Xk+1 i Xk)

FARRIE SR L, AvAvil

K= (14 7)7H (R + 7(y + divzF))

‘7k—|—1 i )~<k—|—1

[T, projection on the A-ball

Differentiation

of CP
0()?/(4-1 . )?k)

Complexity:

V., hard-thresholding 2x CP



Numerical Evaluation for NLM suades et al. 2005
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Numerical Evaluation for DDID knaus & zwicker 2013]

160

140
120
100
80
60
40

Quadratic cost

Filtering parameter logy

CLEAR



terations

[2002 pe|3] (2261 Aeyn] ] [S00¢ ‘1e 18 J1aysQ]

SOS buloim]  uewbaug




Why not iterating like SOS, Boosting?

Iterative covariant scheme

. 1
Xo(y) = argmin §HX —y|5 + M| Vx|;
xXERP

Xkr1(y) = X(y) + Iy — Xk(y))

inv

Xk(y) = Rig(y)

oo-covariant = invariant
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What about CNN?

Rig(y) = x(y) + Iy — X(y))
e

estimator: DnCNN [Zhang et al. 2017] OF FFDNet [Zhang et al. 2018]
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What about CNN?

Riz(y) = X(y) + J(y — R(y
/

estimator: DnCNN [Zhang et al. 2017] OF FFDNet [Zhang et al. 2018]
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Conclusion

Contributions:

- Fast and accurate denoising re-enhancement
- Parameter-free

- Double the computational cost
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Contributions:

- Fast and accurate denoising re-enhancement
- Parameter-free

- Double the computational cost

Not covered today:

- Bias reduction results peiedaie et al. 2017,

- Preservation of direction [Brinkman et al. 2016, Deledalle et al. 2019]
- Extension to chrominance piere et al. 2017

This talk: denoising y =X +w

i L» works for inverse problems too y = &xp + w

(replace J by ®J everywhere)




Thanks for your attention!
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