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Algorithm 1 The Generalized Range Swap Algorithm
Input:
1: The label set L = {0, · · · , n}, and the pairwise function θ (α, β ) = g(x) (x = |α −
β |).
Initialization:
2: Find the series of submodular sets Li with the total enumeration according to
Theorem 1.
3: Get the collection of sets S = {S1 , ..., Sk } where Si = C(Li ), and initialize U =
C(L), Sc := ∅.
4: Initialize the labeling f .
Iteration:
5: repeat
6:
while Sc 6= U do
c(Si )
7:
Choose Si ∈ S, which minimizes the cost per element |Sc ∪S
.
i |−|Sc |
8:
Set Sc := Si ∪ Sc and Ls := Li where Si = C(Li ).
9:
Get the new labeling f 0 = arg min E( f ) within the range swap move on Ls .
10:
If E( f 0 ) < E( f ), set f := f 0 .
11:
end while
12: until No moves can be found to decrease E( f ).

Output:
13: Return the labeling f .
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Furthermore, to feasibly choose the labels which satisfy the submodular
condition, we provide a sufficient condition of the submodularity.
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θ (li+1 ,l j )−θ (li+1 ,l j+1 )−θ (li ,l j )+θ (li ,l j+1 ) ≥ 0
for any pair of labels li , l j ∈ Ls (1 ≤ i, j < m).
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Definition 1 Given a pairwise potential θ (α, β ), we call Ls a submodular
set, if it satisfies

Time of per cycle

Markov Random Field (MRF) is an important tool and has been widely used
in many vision tasks. Thus, the optimization of MRFs is a problem of fundamental importance. Recently, Veskler [6] and Kumar et.al [3] propose the
range move algorithms, which are one of the most successful solvers to this
problem. However, two problems have limited the applicability of previous
range move algorithms: 1) They are limited in the types of energies they can
handle (i.e. only truncated convex functions); 2) These algorithms tend to be
very slow compared to other graph-cut based algorithms (e.g. α-expansion
and αβ -swap [1]). To solve the problems, we propose a generalized range
swap algorithm (GRSA) for efficient optimization of MRFs in this paper.
The GRSA optimizes the MRFs by a series of iterative moves, and it
converges when there is no move can be found to decrease the MRF energy.
We define L={0, · · · , n} to be the label set, and Ls ={l1 , · · · , lm } (li < li+1 )
to be a subset chosen from L. Let Pl = {p ∈ P| f p = l} denote the set of
vertices assigned label l, and PS ={p∈ P| f p ∈ Ls } denote the set of vertices
whose labels belong to Ls . Then, a move from f to f 0 is called a range swap
0
0
move (RSM) on Ls , if PS =PS , and Pl =Pl for any label l ∈
/ Ls . To address
the first problem, we extend the GRSA to arbitrary semimetric energies by
restricting the chosen labels in each move so that the energy satisfies the
following submodular condition [4] on the chosen subset.
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min{| f p − fq |, T }). However, there are many repeated labels in these moves. m.
In practice, we find the requirement is sufficient to ensure the quality of
We evaluate the GRSA on both synthetic data and real vision applicasolutions that any pair of labels should be simultaneously considered once tions of image restoration and stereo matching. As illustrated in Figure 1,
in one cycle of iterative moves, i.e., every vertex should have chance to swap experiments show that the GRSA offers a great speedup over previous range
its current label with any other labels. We dynamically obtain the iterative swap algorithms (e.g. it can be at least 3-6 times faster than previous range
moves by solving a set cover problem (SCP) [2], which greatly reduces the swap methods, and sometimes even faster than αβ -swap), while it obtains
number of moves during the optimization.
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