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situation results/output

Algorithm[a] states topology pairwise marginals convergence optimal complexity references

Plain BP (m)any tree any yes yes yes O(nh2) [4, 1]
Loopy BP (m)any any any yes no no O(eh2i) [4, 1]

truncation trick for BP (m)any tree/any truncated yes yes/no yes/no O(nhk)/O(ehik)) [7]
distance transform for BP ordered[b][j] tree/any limited[c] no yes/no yes/no O(nh)/O(ehi) [5]

TRW-S any any any yes[d] yes no[e] O(eh2i) [f] [6]
on trees any tree any ⇒ same as plain BP
on 2-state grids 2 grid submodular ⇒ same as Graphcut

Graphcut 2[j] any submodular no yes yes
2-state augmenting path Dinic 2[j] any submodular no yes yes O(n2e)
2-state push-relabel FordFulkerson 2[j] any submodular no yes yes O(e2U)
2-state Boykov 2[j] any[g] submodular no yes yes O(n2e|C|)[h] [2]

α/β swap few[j] any semi-metric no yes no O(h2Bαβi) [3]
α-expansion few[j] any metric no yes no[i] O(hBi) [3]

[a]This is not an exhaustive list. There are other methods such as MCMC, simulated annealing, and linear programming that can also be used in some cases.
[b]grid-like in ≥ 1D
[c]linear-combinations and/or min-combinations of L1, L2, box
[d]a way to get something like a marginal is described in [8]
[e]TRW-S also outputs a lower bound on the energy which can be used to determine if the found solution is optimal
[f]there also is an averaging step in this algorithm, which takes some (non-significant) time
[g]most advantageous with low-connected grid-graphs
[h]in practice for vision problems often very fast
[i]but the energy of the solution is within a known factor of the global optimum
[j]SSFN = same states for all nodes. Denotes that the individual nodes must share the same state space.
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Description of the columns

states conditions on the state space of the nodes
topology conditions on the topology of the graph, i.e. which pairs of nodes have a pairwise term
pairwise conditions on the form of the pairwise term
marginals does the algorithm produce marginals?
convergence is the algorithm guaranteed to converge?
optimal is the configuration the algorithm determines guaranteed to be an optimal one?
complexity the computational worst-case complexity of the algorithm

Notation

(m)any works for any number of states, but it is especially useful for many, typically >100
few works in principle for any number of states, but especially useful with 2 to 32 (segmentation/stereo); never used with > 256 (denoising)
n number of nodes
h number of states of the nodes
e number of edges. For 4-connected grids e = n (typical in many computer vision applications).
i number of iterations
k is a constant, typically much smaller than h, equal to the number of states covered by the truncated pairwise term (i.e. the area of the pairwise term)
U maximum edge weight
|C| cost of the minimal cut
Bαβ the cost of the graph cut algorithm which is used as a subroutine on the graph containing only of the nodes with states α and β
B the cost of the graph cut algorithm which is used as a subroutine (on a graph with as many nodes as the original graph)

Acknowledgements

The authors would like to thank Pawan Kumar, Phil Torr, and Andrew Zisserman for their comments.

References

[1] C. Bishop. Pattern Recognition and Machine Learning. Springer, New York, 2006.

[2] Y. Boykov and V. Kolmogorov. An experimental comparison of min-cut/max-flow algorithms for energy minimization in vision. IEEE PAMI, 26(9):1124–1137, 2004.

[3] Y. Boykov, O. Veksler, and R. Zabih. Fast approximate energy minimization via graph cuts. IEEE PAMI, 23(11):1222–1239, 2001.

[4] P. Felzenszwalb and D. Huttenlocher. Pictorial structures for object recognition. IJCV, 61(1), 2005.

[5] P. F. Felzenszwalb and D. P. Huttenlocher. Distance transforms of sampled functions. Technical Report TR2004-1963, Cornell Computing and Information Science, 2004.

[6] V. Kolmogorov. Convergent tree-reweighted message passing for energy minimization, 2005.

[7] D. Ramanan. Learning to parse images of articulated bodies. In NIPS. MIT Press, 2006.

[8] M. J. Wainwright, T. S. Jaakkola, and A. S. Willsky. Map estimation via agreement on (hyper)trees: Message-passing and linear-programming approaches. IEEE
Transactions on Information Theory, 51(11):3697–3717, 2005.

2


