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Generalization of the Mean-Jump

Preserving the subspace {x : supp(Vx) = supp(Vx(y))}
— refitting [Efron et al. 2004], [Lederer 2013]

General point of view ? TV

Model SpPace (for a weakly differentiable estimator)

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

Invariant Re-enhancement

H(y) = argmin |y — x]3
XEM[)“(](y)

{(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 = X(y)
enhance locally

()?, y) —> D;((y)

D : ((RP — RP) x R?) — (RP — RP)/

apply point-wise

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

Local constraints Characterization
Affine Diy)(2) = Az+ b Dx(y)(2) = X(y) + J(z = X(y))
map
Covariant - jp, (y) = Jz(y) Definition
preserving

A A 7z'x D>A<
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Invariant vs Covariant
Hy) =R(y)+ Iy = %(y)) Rp(y) = X(y) + Iy — ()
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1

%(y) = argmin Z|x — y|5 + A|Vx|x
xERP

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

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

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

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

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

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

Chain rule
o

0 0
ayAk O a_yAk—l O--:0 a—on()/) — Jy



One-step vs Two-step Evaluation

Two step

o, 0 0

a_yAkoa_yAk_lo...o@Ao(y)%Jy
5, 5, 0 , . .
a_yAk ® @Ak_l O---0 a_yAO(X(Y)) — JX(y)

Rig(y) = x(y) + Iy — X(y))



One-step vs Two-step Evaluation

Two step

0 0 0
@Ak O a_y.Ak—l ©---0 @AO(y) — Jy
0

0 0
ayAk O @Ak—l O0:---0 @AO(Q(Y)) — JX(y)

Rig(y) = x(y) + Iy — X(y))

One step

It JX(y) = X(y) = R(y) = Jy
— theoretical general results
— true for aniso-TV, i1so-TV, Lasso, ...
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FH =W, ook (X + oV TF)

= (14 7)1 (%5 + 1(y +divzHT))
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Differentiation
of CP

[T, projection on the A-ball Complexity:
WV, hard-thresholding 2x CP



Numerical Evaluation for NLM

Deb d estimator 71}
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Conclusion

Fast and accurate denoising re-enhancement

' Not covered today:
- Bias reduction (theoretical) results

- Approximate Jacobian preserving

.
This talk: denoising y =X +w

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

Thanks for your attention

Part of this work was presented at SSVM’15 (invariant)
Preprint online (covariant)



