Multi-labeling Optimization on
Hierarchies of Partitions



Hierarchy of Labels
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Global Energy
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e [; is the negative log-likelihood of a probabilistic model
o d(l,m):=1idx(l vV m) —idx(l) = d(m,1)

e Length is weighted by d(l,m) the distance to their maximum.



Global Energy

[<meN;

[ T/fl )dx + A; Z d(l,m) - Length(0[l] N d[m])

| \
Data term Length term



Global Energy

[<meN;

[ T/fl )dx + A; Z d(l,m) - Length(9[l] N 9[m ])]

| \
Data term Length term

Geodesic Length: Len; ,,(s) = d(l,m) - gi.m(s)

ZZ fp(u) dﬂi—}—Z)\ Z /{; o Lenlm

1=0 ueN; l<meN,;



Global Energy
[Y/ﬁ )dz+X; Y d(l,m) - Length(9[l] N [m ])]

[<meN;
) | J

Data term Length term

Geodesic Length: Len; ,,(s) = d(l,m) - gi.m(s)

ZZ fp(u) dZC+Z)\ Z /{; o Lenlm

1=0 uEeN; I<mEN;

= / ]fl(g;)dg; Neighbourhoods N; C N; x N;

r—1
_yj[ D> DuBi(w) + A > VuulPi(u), Bi(v))

i=0 wEN; u, VEN;




Global Energy
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F; can be optimized via a-expansion.

This results in a new hierarchy P with E(P) < E(P).




Input Hierarchy Vs Output Hierarchy Berkeley Ultrametric Contour Map(UCM)
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Before and After Optimization:
Selected Classes
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Hierarchical Structure Costs
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Hierarchical Structure Costs

~—~
e~
S—
o=
g
~
~—
e
or—
—
ors
...l.b-} ‘0-
~—
2
=
7%11110
1%11101
..n‘.,ua_l._lo_l.l
-\
1—0111
I\\
b ‘,
Sl =
\ Y
~
— & M 0
™
Lo
S AN NN NN NN O
=
S AN NN NN NN NNO®™
=2
a222@4222022
0
B = = N~ = O MM N
I~
S = &N O — & &N
©
B == NN~ O — — &N
'n}
S = = MNO —~ — = &N N
<
a22202227@22
e}
S O N - &1 &N N
a2l
S O = N ™ ™ —= = &N NN
i
SO = = N~ = = — NN
o 9~
— N M T © - 0 @ o~
T I 3 8 3 8 s S S T3

P:N—>N

P|N; = P,

if [ € Ny
if 1€ N,

P (1),

us

dn,

dpn,

() (22) (o) (o) (e WMM

Pixel level




Inputs: Hierarchy 4 Levels

Iterate until convergence:
1. Optimizing Fy(a-Expansion, EM )
2. Optimizing F;(a-Expansion, EM )

3. Optimizing Es (Trivial solution)



Iteration 1: Optimizing Fy
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Iteration 1: Optimizing F1
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Iteration 2: Optimizing Fy
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Iteration 2: Optimizing F1
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