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» Multi-Class Labeling

= Variational Approach:
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g ~ regularizer
local data fidelity
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Applications

* Denoising/color segmentation

* |[mage segmentation
= Stereo matching
" Inpainting, photo montage etc.
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Variational Approach

= Continuous convex formulation:

u:&ilrfRn f(’LL) 7 f(’LL) - /Q<’UJ(£E), S(Qj)>d:]3 T )\TVV(U) ’ A > 0

= | inearize data term
U

P u(x) = (0,1,0)
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» Relax to the unit simplex — convex constraints
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Variational Approach

= Continuous convex formulation:

inf f(u), f(u) = —/Q(u(x),s(a:))dx—l—)\TVV(u), A>0

ueC

= Potts” reqularizer (,MTV over labels”)

TVV(u) = fQ \/HVU1”2 + o+ HVULHQCZCU

* No directional bias, no implicit ordering
= Overall convex
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Outer problem - Douglas-Rachford Splitting

|
Solve e argmin fi(w) + folu)
U N N~
) de(w)
= Equivalently, find fixpoint of
w* = argmin %Hu _ (5 1) |2 4+ (PA) TV (),
wh = o(2u® — 25,
R = z"“—l—wl‘C —uP.

* Globally convergent under mild assumptions
for any step size 7[e.q. Eckstein 1989]
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Inner Problem — Dual FB Approach

" |Inner problem:

1 1

u” = arg min §||u — (" +78)|* + (TA) TV (u)

* Rudin-Osher-Fatemi - like denoising

original input after first outer iteration
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Inner Problem — Dual FB Approach

" |Inner problem:

1
u¥ = argmin §||u — (" +78)|* + (TA) TV (u)

* Fixpoint (Gradient-Projection on dual problem)

[cf. Chambolle05, Bresson07, Duval08]
e Simple steps

e Convergent

e Can we do better?
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Inner Problem — Half-Quadratic Approach

" |Inner problem:
uF = arg min %Hu ()| 4 (PA) TV (u)

» Half-Quadratic (Geman/Reynolds '92) [YangO08]:

1 b
1’?51151 “lu— (2% +719)||> + 5(7)\)”9 — Vul® + (T A) |y

e Still € - suboptimal for 3 > n/(2¢)
 Solve for y: Soft thresholding, separable

 Solve for u: Linear equations, fast using DCT
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Inner Problem — Comparison

= Half-Quadratic:

1 B
min §Hu — (2" +79)|* + §(M)Ily — Vul* + (7A)[|y|]

* Speed depends on penalty parameter schedule
e Fastest: increase 3 at each step

= Comparison:
e Large 7 A: HQ method wins.
e Small 7 A: Fixpoint method wins.
e Runtime factors ~4-5
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Experiments

* 4-class color segmentation:

= | 1 distance
= ~20 outer iterations
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_ Experimenss

= Grayscale segmentation — comparison
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* Error percentage over 20 experiments each
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Conclusion

* Conclusion:
e Discrete combinatorial — continuous convex
* Douglas-Rachford + Fixpoint/Half-Quadratic
e Globally convergent, close to discrete approaches

= Future:
 Theoretical bounds
rs

'1-!_.
X
ISy
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