University of California

Los Angeles

Cluster Sampling and its Applications
to Segmentation, Stereo and Motion

A dissertation submitted in partial satisfaction
of the requirements for the degree
Doctor of Philosophy in Computer Science

by

Adrian Gheorghe Barbu

2005



(© Copyright by
Adrian Gheorghe Barbu
2005



The dissertation of Adrian Gheorghe Barbu is approved.

Adnan Darwiche

Stefano Soatto

Alan L. Yuille

Song-Chun Zhu, Committee Chair

University of California, Los Angeles

2005

1



To my wite, Diana Barbu

1l



TABLE OF CONTENTS

1 Introduction . . . . . . . . . .

2 The Swendsen-Wang Cuts Algorithm . . . . ... ... ... ..

2.1 Background: The Swendsen-Wang Algorithm and its interpreta-

2.1.1  Swendsen-Wang on Potts model . . . . . . ... ... ..
2.1.2  SW Interpretation 1: data augmentation and RCM
2.1.3 Some theoretical results . . . . . ... ... ... ...
2.1.4  SW Interpretation 2: slice sampling and decoupling . . . .
2.2 Generalizing SW to arbitrary probabilities on graphs . . . . . ..
2.2.1 Step 1: data-driven clustering . . . . . ... ... ... ..
2.2.2  Step 2: flipping of color . . . . . ...
2.2.3 Step 3: accepting the flipping . . . . ... ... ...
2.2.4  The Swendsen-Wang Cuts Algorithm . . . . .. ... ...
2.2.5 SW Interpretation 3: the Metropolis-Hastings perspective .
2.3 Variants of the SWC method . . . . . ... ... ... ... ...
2.3.1 Cluster Gibbs sampling — the ”hit-and-run” perspective .
2.3.2  The multiple flipping scheme . . . . . . . . ... ... ...

2.3.3 The multi-cue Swendsen-Wang Cuts . . . . . .. ... ..

3 Image Segmentation . . . . . . . .. ... ... ... ..

v

10

11

15

17

18

20

22

23

25

26

26



4 Curve Grouping . . . . . . . . . . .. 42

5 Hierarchic image-motion segmentation . . . . .. ... ... ... 46

5.1 Multi-grid and Multi-level cluster sampling . . . . . ... .. .. 46

5.1.1 Rationale for multi-grid and multi-level cluster sampling . 46

5.1.2  Multigrid cluster sampling . . . . . .. ... .. ... ... 49

5.1.3 Multi-level cluster sampling . . . . ... ... ... ... .. 51

5.2  Hierarchic motion segmentation . . . . . .. ... .. ... .... 53

6 Stereo Matching . . . . . .. ... ... .. ... ... 60
6.1 Comparison of SWC with Graph Cuts and Belief Propagation for

stereo . .. 60

6.2 SWC with generative models for stereo . . . . . . . .. ... ... 64

6.3 Incorporating visual knowledge in stereo . . . . . ... ... ... 66

6.3.1 A two layer representation . . . . . ... ... L. 69

6.3.2 The sketch layer — from 2D to 3D . . . . . .. .. ... .. 70

6.3.3 The free-form layer . . . . . . . ... ... L. 80

6.3.4 Bayesian formulation . . . . ... .00 000 82

6.3.5 The inference algorithm . . . . . ... ... ... ... .. 84

6.3.6 Experimental results . . . . . .. ... ... ... ... 91

7 Conclusions . . . . . . . ... 93

A Proof of Theorem 4 . . . . . . .. ... ... ... ... ... .... 94

References . . . . . . . . . . 99



2.1

2.2

2.3

2.4

2.5

2.6

2.7

Li1sT OoF FIGURES

[lustating the SW method. (a) An adjacency graph G with each
edge < i,j > augmented with a binary variable p;; € {1,0}. (b)
A labeling of the Graph G, where the edges connecting vertices of
different colors are removed. (c). A number of connected compo-

nents obtained by turning off some edges in (b) probabilistically.

The coupling time empirical plots and the Huber bounds for Ising

Example of image segmentation. (a). Input image. (b). Atomic
regions by edge detection followed by edge tracing and contour
closing. each atomic region is a vertex in the graph G. c. Seg-
mentation (labeling) result where each closed region is assigned a

color or label. . . . . . . ..

Three stages of graphs in the algorithm. a) Adjacency graph G,
b. The graph of the current partition (coloring) X, c. connected

components C'P obtained in the clustering step. . . . . . . . . ..

Nine examples of connected components for the horse image com-

puted using discriminative edge probabilities. . . . . . . . . .. ..

Three labeling states X 4, X5, X¢ that differ only in the color of a

cluster R. . . . . .

[lustrating the cluster Gibbs sampler. (a) The cluster R has a
number of neighboring components of uniform color. (b) The cuts
between R and its neighboring colors. The sampler follows a con-

ditional probability modified by the edge strength defined on the

vi

19



3.1

3.2

3.3

3.4

3.5

Image segmentation as graph partition. a. Input image. b. Atomic
regions by Canny edge detection followed by edge tracing and con-
tour closing, each being a vertex in the graph G. c. Segmentation

result. . . ..

The edge weights ¢;; are computed using the intensity histograms

H;, H; of the atomic regions 4,7. . . . . . . . ... ... ... ...

The plot of —Inm(X) over computing time for both the Gibbs
sampler and our algorithm for the horse image. Both algorithms
are measured by the CPU time in seconds using a Pentium IV PC,
so they are comparable. (a). Plot of the first 1,400 seconds. The
Gibbs sampler needs a high initial temperature and slow annealing
step to achieve the same energy level. (b). The zoomed-in view of

the first 5 seconds. . . . . . ...

Convergence comparison between the clustering method and Gibbs
sampler in CPU time (seconds) on the artificial image (circles,
triangle and rectangles) in the first row of Fig.3.8. (left). The
first 1,200 seconds. (right) Zoomed-in view of the first 30 seconds.
The clustering algorithm is run 5 trials for both the random and

uniform initializations. . . . . . . . . . .

Convergence comparison between the clustering method and Gibbs
sampler in CPU time (seconds) on the cheetah image. (Left) The
first 1,200 seconds. (Right) Zoomed-in view of the first 20 seconds.
The clustering algorithm is run 5 times for both the random and

uniform initializations. . . . . . . . . . . ...

vil



3.6

3.7

3.8

4.1

4.2

4.3

4.4

0.1

5.2

Evaluation of the effects of the discriminative probabilities ¢;7. For
comparison, the SWC-1 algorithm is compared with an SWC where
the edge weights are fixed to values ¢;j = 0.2,0.4, 0.6 respectively,
on the cheetah image 3.1 (left) and the airplane image from Figure

3.8 (right). . . . .

Comparison of SWC-1 and SWC-3 for the second image in Figure
3.8. Both plots are in CPU time. SWC-3 has more overhead at

each step and is slower than SWC-1. . . . . . .. ... ... ...

More results for image segmentation. . . . . . ... ... .. ...

Perceptual grouping: input image, map of edgelets by Canny edge
detection and a grouping result. . . . . . . ... ... ... ...
(a) The joint histograms of p(x;|x;_1,%;_2) contain 6 bins for dy
and 36 bins for a. There are 6 such histograms, for different values
of d;. (b) The SW edge strength between two nodes (edgels) is

defined in terms of the gap and the angle between the edgels. . . .
Curve grouping: input edgel map and two grouping results. . . . .

Curve grouping: input image, edgel map and grouping result.

Cluster sampling on multi-level of graphs for motion segmentation.
A connected component with the same color is frozen and collapsed

into a single vertex in the level above. . . . . . . . ... ... ..

Multigrid flipping: computation is restricted to different “atten-

tion” windows A of various sizes, with the rest of the labels fixed.

viil

44

45

45

49



5.3

5.4

5.5

5.6

6.1

6.2

6.3

Multi-level cluster sampling. Computation is performed at differ-
ent levels of granularity, where the connected components from the

lower level collapse into vertices in the higher level. . . . . . . ..

Two consecutive image frames with two moving objects, foreground
and background respectively. The pixels in the areas ¢; are not
seen in Iy and reversely, the pixels in ¢ are not seen in image
I;; they are called "half-occluded” pixels. The other pixels can be

mapped between the two frames. . . . . . .. .. ... ... ...

Hierarchical motion analysis. From left to right: first frame I,
second frame I, image segmentation, motion segmentation. The
image segmentation is the result at level s = 1 and the motion
segmentation is the result at level s = 2. For the color images (the
3rd and 4th rows) we treated the three R,G, B color bands each

as a grey IMage. . . . . . . o o v v e e e e e

Convergence comparison of multigrid and multi-level SWC for the

cheetah image in Figure 3.8. (see text for explanation) . . . . ..

Stereo matching for the Tsukuba sequence (first row) and the Saw-

tooth sequence (second row). . . .. ...

Performance comparison of SWC with Graph Cuts and Belief Prop-
agation for the Tsukuba sequence. The curves plot the energy over

CPU time in seconds. . . . . . . . . . ..o

The simple Potts model does not allow a faithful reconstruction of

1X



6.4

6.5

6.6

6.7

6.8

6.9

6.10

6.11

6.12

6.13

6.14

6.15

Using a Bayesian formulation with generative models fitting piece-
wise planar surfaces, our algorithm obtains much better results for
the same set of stereo images. The running time is also reduced

to 2 minutes ina PC. . . . . . ..o
The flow diagram of our algorithm. . . . . .. . ... ... ... ..

Our algorithm starts from a two layer sketch representation. (a)
input image, (b) region layer, (c) curve layer. . . . . . .. ... ..
Division of the image in figure 6.6 into sketch primitives and 6x6
pixel square regions. Region layer (left) and curve layer (right).

Each sketch segment is augmented to a primitive from the following

dictionary, order by generality. . . . . . . . . ... ...

A set of edge segments (black) and their 3D primitives (gray). The

primitives form a graph by the adjacency of the segments.

These are the main types of junctions between boundary and curve

primitives. . . . . . .

The prior of the junction between 3 or more boundary primitives
and the curve bifurcation or crossing encourages 3D continuity of

the primitives. . . . . . . . . ..

The prior of the junction between two boundary or curve primitives

depends on the angle 6 between the primitives. . . . . . . . .. ..

The prior of the curve overlapping junction encourages continuity

of each pair of opposite curves. . . . . . ... ... ... ... ..
The frequency of the feature ¢ as fitted from hand labeled data.

Left image of a stereo sequence, the graph labeling and the control

points (point and boundary primitives) of the thin plate spline.

70

74

82



6.16

6.17

6.18

6.19

6.20

6.21

The region not covered by boundary primitives has a thin plate
spline prior, computed on a rectangular grid that intersects the

wings (atomic regions) of the primitives. . . . . . . . .. ... ..

An initialization purely based on local information is not satisfac-

By propagating the junction priors along the sketch, a much better

initialization can be quickly obtained. . . . .. ... ... .. ..

The fill-in can be restricted to the connected components bounded
by control point boundary primitives. In a few steps, the initial 3D
reconstruction before graph labeling is obtained. Shown are the
3D reconstructions after 0,1,4,5 connected components have been
updated. The horizontal edges change the disparity at the same

time with the interior, because they are not control points. . . . .

Each graph labeling move changes the types of a set of primitives
in a consistent manner. First a primitive 7 is chosen and its type
is sampled from the likelihood L, (t), then the adjacent junctions
change their type conditional on the chosen type of 7, which in turn
determine the types of the other primitives of the junctions, etc.
The labeling move is accepted based on the Metropolis-Hastings

method. Illustrated is the left side of the umbrella image. . . . . .

Two comparison examples using the graph cuts algorithm on
scenes containing textureless surface and curve structures. (a) left

image, (b) disparity map, (c) 3d map. Our results are shown in

x1

88



6.22 Results obtained using our method. (a) left image of the stereo
pair, (b) 3D sketch using the primitives, (¢) 3D depth map, (d)

disparity map. . . . . . ...

A.1 State X has two subgraphs V; and V, which are merged in state
X', There are two paths between X and X’. One is to choose
R =V; and the other is to choose R=V,. . . .. ... ... ...

xii



Acknowledgments

I would like to thank my advisor Song-Chun Zhu for his vision, continued enthu-
siasm and support. I would like to thank Alan Yuille, Yingnian Wu, Zhuowen

Tu and Feng Han for helpful discussions.

xiil



Vita

1995 B.S. (Mathematics), University of Bucharest.

1995-2000 Teaching Assistant, Mathematics Department, OSU.

2000 Ph.D. (Mathematics), OSU.

2000-2002 Research Assistant, Computer Science Department, OSU. Ad-

visor Professor Song-Chun Zhu.

2002-2005 Research Assistant, Computer Science Department, UCLA.

Advisor Professor Song-Chun Zhu.

PUBLICATIONS

Generalizing Swendsen-Wang to sampling arbitrary posterior probabilities. IEEE
Transactions on Pattern Analysis and Machine Intelligence, August 2005. A
reversible stochastic algorithm capable of sampling arbitrary probability functions
of labeled graphs is presented. The algorithm is applied in image segmentation
and stereo. It is shown to be at least 400 times faster than Gibbs sampler. and
shown to obtain smaller energies than Belief Propagation in 6 minutes and a final

energy within 1% of that of Graph Cuts.

Cluster sampling and its applications in image analysis. Submitted to J. of Com-

putational and Graphical Statistics. The Swendsen-Wang algorithm is general-

Xiv



ized to sample arbitrary posterior probabilities on graphs, and multi-grid and
multi-level versions are developed. Applications in image segmentation and mo-
tion segmentation combined with image segmentation in a hierarchical represen-

tation are presented.

Interactions of incorporated carbon atoms and dimer vacancies on the Si(001)
surface. J. of Eng. Materials and Technology, 2005. The self-organization into
lines of C atoms and DVs on the Si surface is reproduced by Monte Carlo simu-

lation, concurring with recent experimental findings.

Incorporating Visual Knowledge Representation in Stereo Reconstruction. Sub-
mitted to Int. Conf. on Comp. Vis. 2005.We represent mid-level knowledge of
a scene using a dictionary of 3D primitives for edges and junctions, and use this
representation to perform stereo reconstruction for images containing textureless

regions, tree branches and free-form surfaces.

Multigrid and Multi-level Swendsen-Wang Cuts for Hierarchic Graph Partition.
IEEE Conf on Comp. Vis. and Patt. Rec. 2004. We extend our Swendsen-Wang
Cuts algorithm to multi-grid and multi-level versions, while still maintaining

reversibility. We show results for hierarchical image-motion segmentation.

Motion Estimation by Swendsen-Wang Cuts. IEEE Conf on Comp. Vis. and
Patt. Rec. 2004.We show how to use Swendsen-Wang Cuts for motion estimation
and we use simple clustering and stochastic boundary evolution to obtain motion
segmentation results. We model occluded pixels and that allows us to obtain

accurate segmentation results.

XV



On the relationship between image and motion segmentation. SCVMA workshop,
Eur. Conf. on Comp. Vis. 2004. We use a generative model to track image

regions through multiple frames, using the Swendsen-Wang Cuts algorithm.

Graph Partition By Swendsen-Wang Cuts. Int. Conf. on Comp. Vis. 2003. We
describe a reversible stochastic algorithm working on arbitrary energy functions
and we show it is at least 400 times faster than Gibbs sampler. We present

applications for image segmentation and curve grouping.

On the range of non-vanishing p-torsion cohomology for GLn(Fp). J. Algebra,
August 2004.

On a conjecture of Ash. J. Algebra, May 2002.

The ring generated by the elements of degree 2 in H*(U,(F,),Z). J. Algebra,
March 2001.

On the cohomology GL,(F)), with F , coefficients. PhD thesis, OSU 2000.

Xvi



Abstract of the Dissertation

Cluster Sampling and its Applications
to Segmentation, Stereo and Motion

by

Adrian Gheorghe Barbu
Doctor of Philosophy in Computer Science
University of California, Los Angeles, 2005

Professor Song-Chun Zhu, Chair

Many computer vision problems can be formulated as graph partition problems
that minimize energy functions. Generally applicable algorithms like the Gibbs
sampler can perform the minimization task, but they are very slow to converge,
especially since the graphs in vision tasks are large (10°—10° nodes). On the other
hand, computationally effective algorithms like Graph Cuts and Belief Propaga-
tion are specialized to particular forms of energy functions, and they cannot be
applied for complex statistical models using generative models and high-order
priors. In this thesis, a new stochastic algorithm capable of sampling arbitrary
energy functions defined on graph partitions is presented. To increase efficiency,
the algorithm uses the image information to make informed jumps in the search
space. The image information is given in the form of edge weights and represents
an empirical probability that the nodes connected by the edge belong to the same
object. At each step, the algorithm creates clusters of nodes by turning on/off
the edges randomly according to their weights, and changes the label of all nodes
in one cluster (connected component) in a single move. Each move is accepted

or rejected according to an acceptance probability given by a simple and explicit

XVil



equation. The algorithm is applied to 4 important problems in computer vision:
image segmentation, perceptual organization, stereo matching and motion seg-
mentation. To address different computational or representational issues, multi-
grid, multi-level and multi-cue variants of the algorithm are presented. In image
segmentation, the algorithm’s performance is compared to the Gibbs sampler,

while in stereo matching, it is compared to Graph Cuts and Belief Propagation.

xviil



CHAPTER 1

Introduction

Markov chain Monte Carlo (MCMC) methods are general computing tools for
simulation, inference, and optimization in many fields. The essence of MCMC
is to design a Markov chain whose transition kernel C has an unique invariant
(target) probability m(X) pre-defined to a task. For example, 7(X) could be a
Bayesian posterior probability or a probability governing the states of a physical
system. In this thesis, we are interested in Markov chains with finite states X
defined on graphs G =< V, E > where X = (z1, 9, ..., ) represents the states
of the vertices V' = {wvy,v9,...,v,}. Such problems are often referred as graph
coloring (or labeling) and have very broad applications in physics, biology, and

computer science.

Graph partition is a fundamental problem in computer vision, which addresses

a wide array of vision tasks:

e The line drawing interpretation consists of labeling the line segments of a
line drawing with a set of labels corresponding to a dictionary of possible
line types (occlusion edge, convex/concave interior edge), constrained by a

dictionary of junction types.

e In image segmentation, the pixels of an image need to be partitioned into
regions corresponding to the different intensity patterns existent in the im-

age.



e In motion segmentation, the pixels of a pair (set of images) need to be

partitioned into regions based on a coherent motion criterion.

e Stereo matching can also be regarded as a graph partition problem in which
the pixel lattice needs to be partitioned based on the common depth (dis-

parity) of the pixels.

e other examples include curve grouping, object recognition, etc.

Although the method presented in this thesis is applicable to general graphs
and target probabilities, we shall focus on a number of examples in image analysis,
such as image segmentation and motion analysis. For such applications, the graph
G is very large with O(10%) —O(10°) vertices which are image elements like pixels,
and G has sparse neighbor connections, i.e. constant O(1) connectivity. That is,
the connectivity of a vertex does not grow with the number of vertices. The state
x; is the color (or label) for image segmentation or discretized motion velocity in
motion analysis. The target probabilities 7(X) are usually Markov random fields

whose conditional probabilities can be computed locally.

Historically, graph labeling algorithms were born with the Waltz algorithm
[58] for line drawing interpretation. The Waltz algorithm filters out impossible
combinations of labels by checking pairs of compatible labels at neighboring junc-
tions. It is however not capable of providing a solution in ambiguous cases (e.g.

the Necker cube illusion).

The Waltz algorithm was later refined into the relaxation labeling [43], which
can address a more general set of problems by attaching probabilities to labels.
The algorithm will propagate these probabilities between neighboring nodes until
all probabilities stabilize. It is not guaranteed that the probabilities will provide

a unique solution.



The relaxation labeling was generalized in two directions.

A stochastic generalization is the Gibbs sampler [17], a generally applicable
MCMC algorithm which is proved to sample from a given probability distribution

after a burn-in period.

A deterministic generalization of relaxation labeling is Belief Propagation
(38, 39, 49, 62|, which infers marginal probabilities at the nodes of the graph
by exchanging of messages. Initially, Belief propagation was designed on trees
and was proved to obtain the true marginal probabilities at the nodes. It was
later generalized to graphs with loops to perform approximate inference on prob-

abilities based on pairwise cliques.

Other approaches to graph partition (labeling) are the graph spectral analysis
methods [61] such as Normalized Cut [48] that minimize a discriminative energy
function defined in terms of the graph edge weights. The energy function modeled
by the Normalized Cut is capable of generating clean results, even though the
intensity regions can sometimes be broken into a small number of pieces. However,
the Normalized Cut method has difficulties in modeling the diverse phenomena

existent in images, for example it will break long curve-like regions.

Another popular method [44] maps a simple energy function into a min-cut
problem, which is solved using the max-flow algorithm. One such method is the
Graph Cuts [9], which applies the max-flow algorithm repeatedly, for different
pairs of labels, until convergence. Applications of Graph Cuts include dense

stereo matching and image inpainting.

Following the MCMC direction, we see generalizations of the Gibbs sampler to
multigrid [20], parameter expansion [34], parallel tempering [18]. The slow mixing
of such methods is attributed to the strong coupling between the variables in the

graph.



One well celebrated algorithm that addresses the coupling between the vari-
ables is the Swendsen-Wang [50] method designed for simulating the Ising/Potts
models [29, 40] in statistical physics. It is often called the cluster sampling
method. At each iteration, the SW method forms clusters of vertices as con-
nected components by sampling Bernoulli variables defined on the edges. Then,

it flips the color of all vertices in one or all clusters simultaneously.

The SW method is found to mix rapidly under certain conditions. For ex-
ample, Cooper and Frieze [10] show that SW has polynomial mixing time for
graphs with O(1) connectivity, such as the Ising/Potts models even at critical
temperature. Gore and Sinclair [21] showed that SW has exponential mixing
time when G is a complete graph. Huber [28] designed bounding chains for the
SW method so as to diagnose exact sampling in some temperature range of the
Potts model (see Fig. 2.2). The SW convergence can also be analyzed with a
maximal correlation technique ([35], chapter 7). Despite its success, the power

of the SW method and its analyses is very limited for two reasons:

1. It is only applicable to the Ising/Potts models and cannot be applied to

arbitrary probabilities on general graphs.

2. It does not make use of the data information in designing the probability for
the binary variables on edges, and thus in clustering the vertices. Because of
this, the SW algorithm slows down drastically in the presence of ”external

fields” (i.e. data energy terms).

In this thesis, we present a general cluster sampling algorithm which general-

izes the SW-method in the following aspects:

1. Designed from the Metropolis-Hastings perspective, it is applicable to gen-

eral probabilities on graphs.



2. The edge probabilities, which represent compatibilities of adjacent vertices,
are designed using discriminative probabilities computed from the input
data. Therefore the clustering step is informed by the data (external field)

and leads to significant speedup as observed experimentally.

3. In a modified version, it can be viewed as a generalized Gibbs sampler
which samples the color of a cluster according to a conditional probability
(like the Gibbs sampler) weighted by a product of a small number of edge

probabilities. This can also be viewed as a generalized hit-and-run method.

4. Tt is extended to multi-grid and multi-level graphs for hierarchic graph

labeling.

In our experiments on image analysis (segmentation, curve grouping, motion
and stereo), the algorithm is at least O(10?) times faster than the single-site Gibbs
sampler (see Figs.3.3, 3.4, 3.5). When working on pixels, the algorithm is actually
incomparably faster than the Gibbs sampler, since the Gibbs sampler cannot
obtain the same energy level in any reasonable time. Compared to Graph Cuts
[9] and Belief Propagation [49, 53] on a Potts model, our algorithm outperforms
Belief Propagation and comes within 1% of the energy level of Graph Cuts, as

shown in Figure 6.2.

In the literature, there are two famous interpretations of the SW-method
which lead to various analyses or generalizations. Both view the SW method as

a data augmentation method [51].

1. The first is the Random Cluster Model (RCM) by Edwards and Sokal [11].
It augments the target probability 7(X) with a new set of binary variables
U on the edges. The joint probability pps(X, U) has a marginal probability
7m(X) and two conditional probabilities prs(X|U) and pgs(U|X) which are



easy to sample. In this model, the clustering and labeling are decoupled

completely. It leads to the design of bounding chain [28] for exact sampling.

2. The second is the slice sampling and decoupling method by Higdon [26]. Tt
augments 7(X) by a set of continuous variables W as the "bond strength”
on edges to increase the connectivity of the space, and then sample the
labels under the constraints of these variables (i.e. slice sampling). Higdon
applied this method to some image analysis examples and also studied a
partial decoupling method which has a coupling factor controlled by the
data.

In this thesis, we take a third route by interpreting SW as a Metropolis-
Hastings step with auxiliary variables for proposing the moves. Each step is
a reversible jump [23] and observes the detailed balance equations. The key
observation is that the proposal probability ratio can be calculated neatly as a
ratio of products of probabilities on a small number of edges on the border of the

cluster.

The thesis is organized as follows. In Chapter 2 we present the theoretical
aspects of our generalized cluster sampling method, also named Swendsen-Wang
Cuts. Chapter 3 shows the first experiment on image segmentation and a perfor-
mance comparison with the single site Gibbs sampler. In Chapter 4 we present
experiments in perceptual organization, namely curve grouping. Then we pro-
ceed to the multi-grid and multi-level cluster sampling in Chapter 5 and show
applications of these methods on hierarchical image-motion segmentation. The
thesis is concluded in Chapter 6 with experiments on stereo matching, including

a comparison of our method with Graph Cuts and Belief Propagation.



CHAPTER 2

The Swendsen-Wang Cuts Algorithm

In this chapter, we present the Swendsen-Wang Cuts algorithm, which is the

central part of this thesis.

We start with a review of the original Swendsen-Wang algorithm [50] and the
Potts model [40] on which it was originally developed and give two interpretations
in Section (2.1). Then we derive a generalized method by the Metropolis-Hastings
perspective in Section (2.2). A number of variant methods are presented in Sec-

tion (2.3), including the cluster Gibbs sampler and the multiple flipping scheme.

2.1 Background: The Swendsen-Wang Algorithm and its

interpretations

In this section, we review the Potts model, the original Swendsen-Wang method
and its two interpretations. The review is made concrete enough so that impor-

tant results can be followed.

2.1.1 Swendsen-Wang on Potts model

Let G =< V, F > be an adjacency graph, such as a lattice with 4 nearest neighbor
connections. Each vertex v; € V is assigned a state variable x; taking values from

a finite number of labels (or colors), x; € {1,2,...,L}. The total number of labels



L is pre-defined, and the Potts model for a homogeneous Markov field is defined

as,
1
mers(X) = — exp{f Z 1(z; = x;)}. (2.1)
<i,j>€FE
1(xz; = ;) is a Boolean function. It is equal to 1 if its condition z; = z;

is observed, and is 0 otherwise. In more general cases, = ((v;,v;) may be
position dependent. Most computer vision applications use 3 > 0, also named
the ferro-magnetic model, prefering similar colors for neighboring vertices. The
case (3 < 0 is the anti-ferromagnetic model. The Potts models and its extensions

are used as a priori probabilities in many Bayesian inference tasks.

O—0O—@—0O—0—0

..@ 1
Uik

(a) Gy (b) G (¢) CCP

Figure 2.1: Illustating the SW method. (a) An adjacency graph G with each
edge < i,j > augmented with a binary variable p;; € {1,0}. (b) A labeling of
the Graph G, where the edges connecting vertices of different colors are removed.

(¢). A number of connected components obtained by turning off some edges in

(b) probabilistically.

As Fig.2.1.(a) illustrates, the SW method introduces a set of auxiliary vari-

ables on the edges.
U = {pj : pij €{0,1}, V<i,j > E}. (2.2)

The edge < i,j > is disconnected (or turned off) if and only if y1;; = 0. p;; follows



a Bernoulli distribution conditional on z;, ;.
pij| (zi, 2;) ~ Bernoulli(pl(z; = x;)), p=1—e". (2.3)

wi; = 1 with probability p if z; = z;, and p;; = 1 with probability 0 if x; # z;.
The SW method iterates two steps.

1. The clustering step. Given the current state X, it samples the auxiliary
variables in U according to eqn. (2.3). It first turns off all edges < i,j > deter-
ministically if z; # x;, as Fig.2.1.(b) shows. Then it turns off the remain edges
with probability p. The edge < 7,5 > is divided into the "on” and "off” sets

respectively depending on whether p;; =1 or 0.
E = E,(U) U Exg(U). (2.4)

The edges in E,,(U) induce a number of connected components shown in Fig. 2.1.(c).

We denote all these connected components by,
CP(U) = {cp;: i=1,2,.... K, withui = 1%cp, = V}. (2.5)
Vertices in each connected component cp,; have the same color.

2. The flipping step. It selects one connected component cp € CP at random

and assigns a common color y to all vertices in cp. y follows a uniform probability,
x; =y Yu; € cp, y~unif{l,2 ..., L}. (2.6)

In this step, one may choose to repeat the random color flipping for all the
connected components in CP(U) independently, as they are decoupled given the

edges in E,,(U).

In one modified version by Wolff [60], one may choose a vertex v € V' and
grow a connected component following the Bernoulli trials on edges around wv.
This saves some computation in the clustering step, and bigger components have

a higher chance to be selected.



2.1.2 SW Interpretation 1: data augmentation and RCM

The SW method described above is far from what was presented in the original
paper [50]. Instead our description follows the interpretation by Edward and
Sokal [11], who augmented the Potts model to a joint probability on both X and
U,

pes(X,U) = IT (2= P21y = 0) + pL(pyy = 1) - L = )] (2.7)

<i,j>€E

(1= p)/Fer@l. pPen@] T Az =ay). (28)

<i,j>€EEon (U)

N[= N[~

The second factor []_; ;ocp ) 1(2 = ;) is in fact a hard constraint on X and
U. Let the space of X be
Q=1{1,2.,L}" (2.9)

Under this hard constraint, the labeling X is reduced to a subspace {2cp(yy where

each connected component must have the same label,

I[I 1@==2)=1XeQcrw) (2.10)

<i,j>€FEon (U)

The joint probability pgs(X, U) observes two nice properties, and both are

easy to verify.

Proposition 1. The Potts model is a marginal probability of the joint probability,
> pes(X, U) = mprs(X). (2.11)
U

The other marginal probability is the random cluster model Trc,

1
S pes(X,U) = mou(U) = (1= p) B pEn TP (21)
X
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Proposition 2. The conditional probabilities of prs(X, U) are

prs(U|X) = H p(pijles, xj),  with p(pij|zi, ;) = Bernoulli(pl(z; = z;)),
<i,j>€E

. (D)ICPO for X € Qcp
pes(X|U) = wif[Qcpu)] = '

0 otherwise

(2.13)

Therefore the two SW steps can be viewed as sampling the two conditional

probabilities.
1. Clustering step: U ~ pgg(U|X), i.e. pj|(xi, z;) ~ Bernoulli(pl(z; = z;)).
2. Flipping step: X ~ prs(U|X), i.e. X(cp;) ~ Unif{l,2,...,L}, Vcp, €

CP(U).

As (X, U) ~ prs(X, U), discarding the auxiliary variables U, we have X following
the marginal of pgs(X, U). The goal is achieved,

X ~ WPTS(X)' (214)

The beauty of this data augmentation method [51] is that the labeling of the con-
nected components are completely decoupled (independent) given the auxiliary
variables. As p = 1 — e7?, it tends to choose smaller clusters if the temper-
ature (T o %) in the Potts model is high, and in low temperature it chooses
large clusters and it can overcome the coupling problem of the single site Gibbs

sampler.

2.1.3 Some theoretical results

Let the Markov chain have kernel C and initial state X,, in t steps the Markov
chain state follows probability p; = §(X—X,)K! where 6(X—X,) (for 6(X—-X,) =

11



1 for X = X, and 0 otherwise) is the initial probability. The convergence of the

Markov chain is often measured by the total variation
1
|pe = 7llvv = §Z\pt(X) —m(X)]. (2.15)
X
The mixing time of the Markov chain is defined by
T = max min{t : ||p — 7||rv < €}. (2.16)

7 is a function of € and the graph complexity M = |G| in terms of the number
of vertices and connectivity. The Markov chain is said to mix rapidly if 7(M) is

polynomial or logarithmic.

Empirically, the SW method is found to mix rapidly. Recently some analytic
results on its performance have surfaced. Cooper and Frieze [10] proved using a

path coupling technique that SW mixes rapidly on sparsely connected graphs.

Theorem 1. (Cooper and Frieze 1999) Let n = |V| and A be the maximum
number of edges at any single vertex, and L the number of colors in Potts model.
If G is a tree, then the SW mizing time is O(n) for any § and L. If A = O(1),
then there ezists p, = p(A) such that if p < p, (i.e. higher than a certain

temperature), then SW has polynomial mizing time for all L.

A negative case was constructed by Gore and Jerrum [22] on complete graphs.

Theorem 2. (Gore and Jerrum 1997) If G is a complete graph and L. > 2, then

for B = %, the SW does not mix rapidly.

In the image analysis applications, our graph often observes the Copper-Frieze

condition and the graph is far from being complete.

Most recently an exact sampling technique was developed for SW on Potts

model by Huber [28] for very high or very low temperatures. It designs a bounding

12



chain which assumes that each vertex v; € V has a set of colors S; initialized with
the full set |S;| = L, Vi. The Bernoulli probability for the auxiliary variables s;;

is changed to
Ubd = {p?jd : u?jd € {0,1}, p;; ~ Bernoulli(p1(S; N S; # 0))}. (2.17)

Thus UP¢ has more edges than U in the original SW chain, i.e. U C UPY. When
UPd collapses to U, then all SW chains starting with arbitrary initial states
have collapsed into the current single chain. Thus it must have converged (exact

sampling). The collapsing step is called the ”coupling time”.

Theorem 3. (Huber 2002) Let n = |V| and m = |E|, at high temperature, p <
m, the bounding chain couples completely by time O(In(2m)) with probability
at least 1/2. At lower temperature, p > 1—-- then the coupling time is O((mL)?)
with probability at least 1/2.

In fact the Huber bound is not very tight, as one may expect. Fig. 2.2(a)
plots the results on a 5 x 5 lattice with torus boundary condition on the Ising
model for the empirical coupling time against p = 1 — e~?. The coupling time is
large near the critical temperature (didn’t plot). The Huber bound for the high
temperature starts with p, = 0.16 and is plotted by the short curve. The bound
for the low temperature starts with p, > 0.99 which is not visible. Fig.2.2.(b)
plots the coupling time at p = 0.15 against the graph size m = |E| and the Huber
bound.

Despite the encouraging successes discussed above, the SW method is limited

in two aspects.

Limitation 1. It is only valid for the Ising and Potts models, and furthermore

it requires that the number of labels L is known in advance. In many applications,

13
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Figure 2.2: The coupling time empirical plots and the Huber bounds for Ising

model.
such as image analysis, L is the number of objects (or image regions) which has
to be inferred from the input data.

Limitation 2. It slows down in the presence of external field, i.e input data.
For example, in the image analysis problem, our goal is to infer the label X from
the input image I and the target probability is a Bayesian posterior probability

where mprg(X) is used as a prior model,
7(X) = 7(X|T) oc L(I|X)mprs(X). (2.18)

L(I|X) is the likelihood model, such as independent Gaussians N (I, o) for each

coloring ¢ = 1,2, ..., L,

cax) < [T ] \/%U exp{—%

c=1xz;=c
The slowing down is in large amount attributed to the fact that the Bernoulli

1. (2.19)

probability p = 1 — e for the auxiliary variables is calculated independently of

the input image.
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2.1.4 SW Interpretation 2: slice sampling and decoupling

In the presence of external field (data), the SW method can be interpreted and
extended by the auxiliary method proposed by Higdon [26]. Suppose we write
the target probability in a more general form,
= Mo II wln). o0>000>0. @)
v €V <i,j>€E
For the Potts model above, we have 1(x;, 7;) = ¢/1#=%)_ Higdon [26] introduced

a continuous variable on the edges as the bond strength,
W = {wij Dwi € [07 +OO), V< 1,] >€ E} (221)

In contrast to the Bernoulli probability for the binary variable y;; in eqn. (2.3),

the bond variables follow uniform probabilities, depending on X,
wij| (s, 25) ~ Unif[0, (5, 7)) = 7 (23, 25)1(0 S wij < Wl a5)). (2.22)
Thus a conditional probability is constructed as

PHGD W‘X H p wl]’l.ﬂxj = H ¢ 331,1'] (O < Wij < w(‘%lax]))
<i,j>€FE <i,j>€FE
(2.23)
This formula is chosen to cancel the internal field in a joint probability,
pucp(X, W) = m(X)p(W[X) = H dix)] - [ [T 100 < wyy < w(ai, )]
vZEV <i,j>€Fk
(2.24)
We have the second conditional probability by the Bayes rule,
praoX) = [T el [ ] 10 <wy < omn))]  (229)
v, eV <i,j>€k

That is, given the bond strength w;;, x; and z; must be sampled so that the

condition 1 (z;,z;) > w;; is observed. This idea is called "slice sampling”. In

15



case of the Potts model, this becomes,

pXW) = — H gi(z)] [ J] 100 < wy < M=) (2.26)

v, EV <i,j>€E
Given W, the second product imposes a hard constraint on X. If w;; <1, 1(0 <
wi; < ePH@=i)) = 1 is satisfied for any x;,z;, because 3 > 0 and /@=2) > 1.
Thus it imposes no constraints on x;, z;. If w;; > 1, then it imposes the constraint
that x; = x;. Thus the auxiliary variables y;; and w;; are linked by the following
equation,

pi; = 1w > 1), V<i,j>ekE. (2.27)

Thus turning on the edges is equivalent to w;; > 1.
Enw(W)={e=<ij> wy>1<i,j>€ E}. (2.28)

Given W, we have the set of connected components and the vertices in each

component receive the same color.
CP(W) ={cp,: k=1,2,...., K,UE .cp, = V}. (2.29)

As the hard constraints are absorbed by the connected component, the condi-

tional probability in eqn. (2.26) becomes

pucp (X|W) = H [T #i=). (2.30)

k=1v;Ecpy,
As we can see, the coloring of each connected component is independent of other
vertices (completely decoupled !). In the special case when ¢;(x;) = 1, it reduces

to the RCM model in the previous subsection.

In summary puep(X, W), like prs(X, U) in eqn.(2.7), has marginal probabil-
ity being the target 7(X) and has two conditional probabilities that are easy to

sample. There are two problems with this design.
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Firstly, although the decoupling idea with conditional probability pyap (W |X)
in eqn. (2.25) is valid for any pair clique Markov random field models and thus
goes beyond the Potts model, the hard constraints may become impractical to
compute for non-Potts model. That is, given W, the constraint conditions on X
are no longer expressed as clustering. Many slice sampling methods suffer from

this problem.

Secondly, although the flipping step in eqn.(2.30) makes use of the data, the
clustering step in eqn. (2.23) does not. It is similar to the original SW method.

This in practice often makes the constructed cluster ineffective.

2.2 Generalizing SW to arbitrary probabilities on graphs

In this section, we generalize the SW to arbitrary probabilities from the perspec-
tive of Metropolis-Hastings method ([37], [25]). Our method iterates three steps:
(i) a clustering step driven by data, (ii) a label flipping step which can intro-
duce new labels, and (iii) an acceptance step for the proposed labelling. A key

observation is the simplicity of the formula expressing the acceptance probability.

We will clarify the three steps in the following three subsections, and then we

show how our method applied to the Potts model reduces to the original SW.

We illustrate the algorithm by an example on image segmentation shown in
Fig. 2.3. Fig. 2.3.(a) is an input image I on a lattice A, which is decomposed
into a number of "atomic regions” to reduce the graph size in a preprocessing
stage. Each atomic region has nearly constant intensity and is a vertex in the
graph G. Two vertices are connected if their atomic regions are adjacent (i.e.
sharing boundary). Fig. 2.3.(c) is a result by our algorithm optimizing a Bayesian

probability 7(X) = m(X|I) (see chapter 3 for details). The result X assigns a

17



(a). Input image (b). atomic regions (¢). segmentation

Figure 2.3: Example of image segmentation. (a). Input image. (b). Atomic
regions by edge detection followed by edge tracing and contour closing. each
atomic region is a vertex in the graph G. c. Segmentation (labeling) result

where each closed region is assigned a color or label.

uniform color to all vertices in each close region, which hopefully corresponds to
an object in the scene or a part of it. Note that the number of objects or colors
L is unknown, and we do not distinguish between the different permutations of

the labels.

2.2.1 Step 1: data-driven clustering

We augment the adjacency graph G with a set of binary variables on the edges
U = {pj :< i,j >€ E}, as in the original SW method. Each pu;; follows a
Bernoulli probability depending on the current state of the two vertices x; and
xj,

pijl (i, xj) ~ Bernoulli(g;;1(x; = z;)), V<i,j >€ E. (2.31)
¢i; is an empirical probability on edge < ¢,7 > that tells how likely the two
vertices v; and v; have the same label. In Bayesian inference where the target

7(X) is a posterior probability, then ¢;; can be better informed by the data.

For the image segmentation example, ¢;; = exp{—3 (K L(h;||h;) + K L(h;||h;))
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Figure 2.4: Three stages of graphs in the algorithm. a) Adjacency graph G, b.
The graph of the current partition (coloring) X, c. connected components C'P

obtained in the clustering step.

is computed based on the similarity between image intensity histograms h;, h; at
v; and v; (or their local neighborhoods) and it is an approximate to the marginal

probability of 7(X|I),
Gij = q(zi = z;|1(v;), Uvy)) =~ m(x; = z4|1). (2.32)

The design of ¢(z; = z;|I(v;),I(v;)) is application specific and is part of the so
called discriminative methods. In the applications chapters 3, 4, 5, 6 we will show

how to define the edge weights for each individual application.

Our method will work for any ¢;;, but a good choice will inform the clustering
step and achieve faster convergence. In the ideal case when the segmentation is
known, choosing ¢;; = 1 if and only if ¢ and j are part of the same label, otherwise

¢;; = 0, will result in convergence in approximately |L| steps.

Fig. 2.5 shows nine clustering examples of the horse image. In these examples,
we set all vertices to the same color (X = ¢) and sample the edge probability

independently,
U/(X=¢) ~ H Bernoulli(g;;). (2.33)

<i,j>€E

The connected components in CP(U) are shown by the differently colored regions.
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Figure 2.5: Nine examples of connected components for the horse image computed

using discriminative edge probabilities.

We repeat the clustering step nine times. As we can see, the edge probabilities
lead to "meaningful” clusters which correspond to distinct objects in the image.

Such effects cannot be observed using constant edge probability.

2.2.2 Step 2: flipping of color

Let X = (W4, V4,...,V,,) be the current coloring state. The edge variables U,

sampled conditional on X, decompose X into a number of connected components
CP(U|X) ={cp,; :i=1,2,..., N(U|X)}. (2.34)

Suppose we select one connected component R € CP(U|X) with color Xp = /¢ €
{1,2,...,n}, and assign its color to ¢ € {1,2,...,n,n + 1} with some probability
q(l'| R, X) that needs to be designed, obtaining a new state X’. The probability
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q(l'| R, X) is another place when one could use data driven information to speed-
up convergence, instead of choosing a uniform probability. We will show in the
applications chapters 3, 4, 5, 6 how it is designed in each case. A reasonably
good choice is to assign a higher probability to colors of nodes adjacent to R and

a small probability to all other colors and to a new color.

After changing the color of R from [ to I’, the total number of colors can stay

the same, increase, decrease, as explained below and shown in Fig. 2.6.

o)

SN P . ’/ o
(a) State X4 (b) State Xp (c) State X¢

Figure 2.6: Three labeling states X4, Xp, X¢ that differ only in the color of a

cluster R.

1. The canonical case: R C V, and ¢/ < n. That is, a portion of V} is re-
grouped into an existing color Vj, and the number of colors remains L = n

in 7. The moves between X4 «+» Xp in Fig. 2.6 are examples.

2. The merge case: R = V; in X is the set of all vertices that have color ¢
and ¢/ < n, £ # {'. That is, color V; is merged to Vy, and the number of
distinct colors reduces to n — 1 in X’. The moves X — X4 or X — Xp

in Fig. 2.6 are examples.

3. The split case: R C V; and ¢/ =n + 1. V, is split into two pieces and the
number of distinct color increases to n + 1 in X’. The moves X4 — X¢ in

Fig.2.6 are examples.
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Note that this color flipping step is also different from the original SW with
Potts model as we allow new colors in each step. The number of color L is not

fixed.

2.2.3 Step 3: accepting the flipping

The previous two steps basically have proposed a move between two states X and
X" which differ in the coloring a connected component R. In the third step we
accept the move with the probability given by the Metropolis-Hastings method:

gX' - X) w(X)

a(X — X') = min{1, /X 5 X) X

1. (2.35)

¢(X’ — X) and ¢(X — X') are the proposal probabilities between X and X'.
If the proposal is rejected, the Markov chain stays at state X. To make this

equation explicit, we need the following

Definition 1. Let X = (V3, Vs, ..., V1) be a coloring state, and R € CP(U|X) a
connected component, the "cut” between R and the set Vi of nodes with color k

is the set of edges between R and Vi \R,

C(R,Vy,)={<i,j>€ E: i€ R,j€V,\R}, Vk.

The crosses in Fig. 2.6, state X4 and state Xp show the cuts C(R, V;) and
C(R,V3) respectively. In Fig. 2.6.(c), R = V3 and thus C(R, V3) = () and we have
H<i,j>eC(R,V3)(1 —qi;) = 1.

Now we can state the main result, which gives the acceptance probability

Theorem 4. The acceptance probability for the proposed cluster flipping s,

W —a5) ¢(Xg=(R,X) (X'
0(X — X') = minf1, Astszeeniinl = 4) a(Xr AR, X 71Xy - (9.36)
[eijocerm( —a) aXp="0|R,X) n(X)
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In the special case when R = Vj, then the cut is C(R,V;) = () and therefore

we have H<i,j>eC(R,w)(1 —qij) = 1.

Proof. The proof is given in Apendix A. m

2.2.4 The Swendsen-Wang Cuts Algorithm

In the image segmentation application in Chapter 3, we observe experimentally
that our cluster sampling method is O(100) times faster than the single site Gibbs
sampler in terms of CPU time. We refer to plots and comparison in Figs.(3.3),

(3.4) and (3.5) in Chapter 3 for details.

We give our algorithm described in steps 1-3 above the name ”Swendsen-
Wang Cuts”. We can summarize it in the following two versions, which differ in

the way they choose the connected component R.

The first version, SWC-1, turns on/off the edges of the whole graph and picks

one component randomly.

Swendsen-Wang Cuts: SWC-1

Input: G =<V, E >, ¢.,Ve € E, and posterior p(W|I).

Output: Samples W ~ p(W|I).

1. Initialize a partition X by random clustering

2. Repeat, for current state X = (V, Va, ..., V),

3. Fore=<1i,j>€ F, turn p;; = on with probability ¢;; if z; = x;, else u;; = off.

Vi = Vi, ..., Vip,) is divided into ny connected components for £ =1,2,...,n.

AN

Select a connected component R € CP(U|X) with prob. ¢(R|CP(U|X)),
say R C Vy. (Usually q(R|CP(U|X)) = m is uniform).

Collect all the connected components in CP(U|X) ={V;; : £ =1,..,n,i =1,..,np}.

7.  Propose to assign R a new label cp = ¢’ with probability ¢(¢'| R, X), obtaining X'.

8.  Accept the proposal with probability (X — X’) defined in theorem 4 or 5.
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The second version, SWC-2, grows the connected component R from a seed
node v, in a similar fashion to the Wolff [60] variant of the original Swendsen-

Wang algorithm.

Swendsen-Wang Cuts: SWC-2
1. Repeat, for current state X = (V1, Vs, ..., V),
Select a seed vertex v, say v € Vp in X. Set R «— {v}, C — 0,
Repeat until CNC(R,V; \ R) =C(R,V; \ R),
For any e =< i,j > C(R,V;\ R),i € R, j € V;\ R.
If z; = x;, turn p;; = on with probability g¢;;, else u;; = off,
If pij = on, set R «— RU{j}, else C «— CU {e}.

Propose to assign R a new label ¢/ with probability ¢(cg = ¢'| R, X).

® N o otk W N

Accept the move with probability (X — X') defined in theorem 4 or 5.

Theorem 4 assumed that the posterior probability only depends on the parti-
tion X. However, it is very often necessary to incorporate parametric models for
the different regions (sets of nodes of the same color). For example, in image seg-
mentation application in chapter 3, the intensity of each region is modeled either
using a constant intensity model, a linear model with 3 parameters or a quadratic
model with 6 parameters. Then the hidden variables will be W = (X, ), consist-
ing of the partition X = {Vj,...,V,,} and the model parameters pu = (1, ..., ftn }-
If the model parameters are obtained deterministically, then Theorem 4 can be
applied. If they are not deterministically obtained, we assume that they can be
obtained by sampling from some modeling proposals ¢,,(i;|V;). Then Theorem 4

extends naturally to

Theorem 5. (SW Cuts with model switching). Consider a candidate component
R selected by SWC. Let q,,(:|Vi) be a proposal probability from which the model
w; of a subgraph V; of the partition is chosen by sampling. If the proposed move
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to reassign R from Vy to Vi, and then change the model of V, from u}* to ,uf/ and
the model of Vi from px to ,uf,(/ 18 accepted with probability

TTa = a)
G (18 1Ve U R) g (s [V — R) <ij>ec(rV))  q(¢|R,X")m(X')

G (1 Ve = R)am (i Ve UR) - T (1~ qi5) 4('1B X)m(X)
<i,j>€C(R,Vy)

a(X — X') = min(1, )

(2.37)

then the Markov chain is reversible and ergodic.

2.2.5 SW Interpretation 3: the Metropolis-Hastings perspective

Now we are ready to derive the original SW method as a special case.

Proposition 3. If we set all the edge probabilities to a constant q;; = 1 — e B,

and we choose the new label I uniformly, ¢(Xg = '|R,X) = 1/|L|, then

(X' — X) _ H<i,j>EC(R,w)<1 — i)
(X —=X)  laisecmy,) — ;)

where |C| is the cardinality of the set.

— exp{B(C(R, Vi)l - [C(R,Vi)))}, (2.38)

As X and X’ only differ in labeling R, the potentials for the Potts model only

differ at the ”"cracks” between R and V; and Vs respectively.

Proposition 4. For the Potts model m(X) = po(X) = mprs(X),

mprs(Xp = 0| Xor)

rors(Xn = (o)~ CPWICEHR V) —[C(R VDY (239)

Therefore, following eq. (2.36) (where the proposal probabilities for the labels
are uniform), the acceptance probability for the Potts model is always one, due

to cancellation.

a(X — X') = 1. (2.40)

Therefore the third acceptance step is always omitted. This interpretation is

related to the Wolff [60] modification (see also Liu [35], p157).
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2.3 Variants of the SWC method

In this section, we briefly discuss two variants of the cluster sampling method.

2.3.1 Cluster Gibbs sampling — the ”hit-and-run” perspective

T D
el

(a) (b)

Figure 2.7: Tllustrating the cluster Gibbs sampler. (a) The cluster R has a number
of neighboring components of uniform color. (b) The cuts between R and its
neighboring colors. The sampler follows a conditional probability modified by

the edge strength defined on the cuts.

With a slight change, we can modify the cluster sampling method to become

a generalized Gibbs sampler.

Suppose that R € CP(U|X) is the candidate chosen in the clustering step,

Fig. 2.7 shows its cuts with adjacent sets
C(R, Vi), k=1,2, ..., L(X).

We compute the cut weight v as the strength of connectivity between R and
Vi\R,
w= ] Q- (2.41)

<i,j>€C(R,Vy)
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Proposition 5. Let m(X) be the target probability, in the notation above. If R
15 relabelled probabilistically with

Q(XR = k‘R, X) X ")/ka(XR = k’XaR), k= 1,2, ceeny N(X), (242)
then the acceptance probability is always 1 in the third step.

Proof. Let the label of R in state X be Xz = ¢ and after relabeling X/, = ¢'.

From Theorem 4, we obtain

N — minf1. Y ¢(Xp=/{R,X") 7(X')
a(X — X') = min{1, v 1 Xn = IRX) (X }. (2.43)

We observe that the number and values of v, do not depend on the particular

value of X, so in both states X, X', all v, are the same. Since Xpr = X}, we

have

N(X) N(X')

S m(Xp =EXor) = Y - m(Xy = kX)) (2.44)

k=1 k=1
SO

((Xp=V|R,X) v m(X)
So we get
) Yoo ve-m(X) w(X')
a(X — X') = min{l, — - : =1, 2.46
(X=X =il 00X = %)) (240

which means the move is always accepted. O

This yields a generalized Gibbs sampler which flips the color of a cluster

according to a modified conditional probability.

Cluster Gibbs Sampler Algorithm: SWC-3
1. Repeat, for a current partition = = (V4,...,V},).
2. Clustering step: Select a candidate set R as in SWC-1 or SWC-2

3. Flipping step: relabel R according to eqn. (2.42)
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The traditional single site Gibbs sampler [17] is a special case when ¢;; = 0

for all < 4,5 > and thus R = {v} and 7y = 1 for all k.

One may also view the above method from the perspective of hit-and-run.
In continuous state space, a hit-and-run method [19] chooses a new direction €
(random ray) at time ¢t and then sample on this direction by a ~ 7(x 4 a€). Liu
and Wu [34] extended it to any compact groups of actions. In finite state space (2,
one can choose any finite sets (2, C €2 and then apply the Gibbs sampler within
the set!.

But it is difficult to choose good directions or subsets in hit-and-run meth-
ods. In the cluster Gibbs sampler presented above, the subset is selected by the

auxiliary variables on the edges.

2.3.2 The multiple flipping scheme

Given a set of connected components CP(U|X) (see eqn. (2.34)) after the cluster-
ing step, instead of flipping a single component R, we can flip all (or any chosen
number of) connected components simultaneously. There is room for designing
the proposal probabilities for labeling these connected components, independently
or jointly. In what follows, we assume the labels are chosen independently for each
connected component cp € CP(U|X), by sampling from a proposal probability
¢(Xep = llcp). Suppose we obtain a new labeling state X' after flipping. Let
Eoxn(X) C E and Ey,(X') C E be the subsets of edges that connect the vertices
of same color in X and X’ respectively. We define two cuts as the differences of

the sets

C(X = X') = En(X') = Egn(X), and C(X' — X) = Eon(X) — Eon(X'), (2.47)

!Persi Diaconis once discussed a unifying view of hit-and-run for MCMC in a talk in 2002.
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We denote the set of connected components which have different colors before

and after the flipping by D(X,X’) = {cp : X, # X[, }-

Proposition 6. The acceptance probability of the multiple flipping scheme is

H<i,j>€C(X—>X’)(1 — 4ij) HcpeD(XvX’) 4(Xeplcp) . p(m)

}
H<z’,j>eC(Xux)(1 = 4ij) HcpED(X,X’) q(Xeplep)  p(m)
(2.48)

a(X — X') = min{1,

Proof. We will proceed in a similar fashion with the proof of Theorem 4, and we

maintain the same notations for U,,, Uz, CP(U|X).

In state X, let U be one of the many sets of auxiliary variables that can be
used to obtain the connected components D(X,X’). Then any cp € D(X,X')
is connected through edges of Ug,. The probability to obtain state X’ through
flipping the components from CP(U|X) independently is

«X'U,X)= ][ a(Xep) (2.49)
cpeCP(UIX)
The probability to go from state X to X' is

qX1X)=>" ] «Xlep) ] @ JI (-a) (2.50)

U cpeCP(U|X) <i,j>€Uon <t,j>EUoft
Let
Uy = Uoﬁ\C(X — X’) (2.51)

Then

¢ X'1X) = [ =g [T aX'[ep) > T «Xlep) [Tas  []0-a)
)

<ij>€C(X—X') cpeD(X, X/ U cpeCP(U|X)\D(X,X') <i,j>€Uon <i,j>€~Uog

(2.52)

Similarly, the probability of going from state X’ to X is

g XIX) = [ =g J] aXlep) D I «Xlep) [Ta  []0-a)

<i,j>€C(X’'—X) cpeD(X,X’) U’ cpeCP(U'|X)\D(X,X’) <i,j>€UY, <i,j>€~ Ul

(2.53)

29



Similarly to the proof of Theorem 4, there is a one-to-one correspondence between

auxiliary variables U in state X and U’ in state X’ such that such that
CP(U|X) = CP(U'|X") (2.54)

and

Uy =U, Uy = Ul (2.55)

on’

Then the sums in eqgs. 2.52 and 2.53 are equal, so we obtain, by cancellation

IT a-a) ] aXep)

¢(X|X')  <ijsec(x—x) epeD(X,X') (2.56)
(X'X) T t-a) ] aXlep)
<ij>eC(X/—X) cpeD(X,X’)

which, by applying the Metropolis acceptance eq. 2.35, gives the desired result.
m

Observe that when D = {R} is a single connected component, this reduces

to Theorem 4.

It is worth mentioning that if we flip all connected components simultaneously,

then the Markov transition graph of (X, X’) is fully connected, i.e.
K(X,X') >0, VX,X' € Q. (2.57)

This means that the Markov chain can walk with non-zero probability between

any two partitions in a single step.

2.3.3 The multi-cue Swendsen-Wang Cuts

Sometimes there are many cues which provide bottom-up information for the
graph partitioning. For example there are different types of texture, intensity,
motion cues. How can we combine all these cues while maintaining detailed

balance?
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Great help for answering this question comes from the following

Theorem 6. Let qq,...,q, be Markov moves with transition kernels Ky, ..., K,,
such that all q; observe detailed balance with respect to the same probability p.
Let aq,...,a, > 0 be such that oy + ... + a,, = 1. Then the Markov move q that
at each step randomly selects an i € {1,...,n} with probability a; and executes g;

has transition kernel:
K=> oK, (2.58)
i=1

and also satisfies the detailed balance equation for p.

From this theorem, the answer to our question comes easily. We can construct
multiple graphs, one for each cue, and this way have multiple types of SWC algo-
rithms corresponding to these cues. Then the algorithms are used alternatively

as in the following

Corollary 1. Let SWy, ..., SW,, be a number of Swendsen-Wang Cuts algorithms
working on the same nodes V' and same posterior probability P, with adjacency
graphs G1,...,G,. Let aq,...,c,, > 0 be fized numbers such that oy + ... + o, =
1. Then the move consisting of randomly choosing an v with probability o; and

executing SW; is reversible and ergodic.

We can think of each SW; as a hypothesis that is being tested in a reversible

manner.

The only restriction in using the above results is that the «; be fixed. We can
still use, if possible, bottom-up information to select good values for «;, resulting
in an efficient visiting schedule of the different SW; as long as the schedule is
fixed a priori. This way we can have some hypotheses more likely than other, so

they are tested more often. For each hypothesis, the algorithm will be efficient at

31



the places where that hypothesis is valid. By combining a good set of hypotheses,

the algorithm will be efficient everywhere.
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CHAPTER 3

Image Segmentation

Our first experiment tests the cluster sampling algorithm in an image segmenta-
tion task. The objective is to partition the image into a number of disjoint regions
(as Figs. 2.3 and 2.5 have shown) so that each region has consistent intensity

in the sense of fitting to some image models. The final result should optimize a

Bayesian posterior probability 7(X) o< £(I|X)p,(X).

a. input image b. atomic regions in G c. segmentation

Figure 3.1: Image segmentation as graph partition. a. Input image. b. Atomic
regions by Canny edge detection followed by edge tracing and contour closing,

each being a vertex in the graph G. c. Segmentation result.

In this problem, G is an adjacency graph with vertices V' being a set of
atomic regions (see Figs.(2.3) and (3.1)), obtained by edge detection followed by
edge tracing. Alternatively, the atomic regions could be computed using other
methods, such as normalized cuts [48]. Usually |V| = O(10%). For each atomic

region v € V', we compute a 15-bin intensity histogram h normalized to 1. Then
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the edge probability is calculated as

Gij = ppe = on[L(v;), I(v;)) = eXp{—%(KL(hith) + KL(hyl[hi))}, - (3.1)

where K L() is the Kullback-Leibler divergence between the two histograms.
Usually ¢;; should be close to zero for < 7,j > crossing an object boundary. In

our experiments, the edge probability leads to good clustering as Fig. 2.5 shows.

A

Histogram H;

AN

Histogram H;

%,

N

Figure 3.2: The edge weights ¢;; are computed using the intensity histograms

H;, H; of the atomic regions 1, j.

Now we briefly define the target probability in this experiment. Let X =
(Vi,..., V) be a coloring of the graph with the number of regions L being an
unknown random variable, and the image intensities of the regions in each set Vj,
are consistent in the sense of fitting to a model 6. Different colors are assumed
to be independent. Therefore, we have,

L

7(X) = 7(X[T) o< [ ILEVi); 01)po (1) po(X). (3.2)

k=1

We selected three types of simple models for the likelihood models to account

for different image properties. The first model is a non-parametric histogram H,
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which in practice is represented by a vector of B-bins (Hy, ..., Hp) normalized to

1. It accounts for cluttered objects, like vegetation.
I(x,y; ) ~ Hiid, V(z,y) € V4. (3.3)

The other two are regression models for the smooth change of intensities in
the two-dimensional image plane (z,y), and the residues follow the empirical

distribution H (i.e. the histogram).
I(IL’, Y, 91) = By + Bz + Boy + 'H iid, V(x, y) e V.. (3.4)

I(x,y; 02) = Bo + iz + Boy + B32® + Bazy + Bsy® + H iid, V(z,y) € Vi (3.5)

In all cases, the likelihood is expressed in terms of the entropy of the histogram

H
LA(Vi);0e) oc [T H(L) = [T 1" = exp(~|Vilentropy(H).  (3.6)

veV; j=1

The model complexity is penalized by a prior probability p,(f;) and the pa-
rameters 0 in the above likelihoods are computed deterministically at each step
as the best least square fit. The deterministic fitting could be replaced by the
reversible jumps together with the flipping of color. This was done in [54] and is

beyond the scope of our experiments.

The prior model p,(X) encourages large and compact regions with a small
number of colors, as it was suggested in [54]. Let 71,79, ...,7m, m > L be the

connected components of all Vi, k =1, ..., .. Then the prior is

Po(X) x exp{—apl — aym — as Z Area(r)"}. (3.7)

k=1

The last thing than needs to be designed for the SWC algorithm is the reas-

signment probability ¢(I|R, X). We choose it again in terms of the KL divergence
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between the intensity histogram of the cluster R and the intensity histogram of

region V;, as follows:

)
10e~KLHE)LHW))  if R adjacent to V

q(|R, X) o< § ¢~ KL(H(R).H (VD) if R not adjacent to V, (3.8)
0.1 if | ¢ L (new region)
\
10’ x10°
g, 8 o Gibbs, random \rlt\a@zahon o
M
781 7.8
76 \ LC/ Gibbs, random initialization 75
747 7.4 |
> J V‘H A \ - Gibbs, uniform initialization Pp—
2721 57.2[ | —
R RN _
7t g \ ] 7" }‘w e
68F A 1 esr {
\ Gibbs, uniform initialization * N \
66f i/ 1 86 74\
sal  _-swc T 1 64 I \
/( e \\‘iL \ SWC-1
6.2 ' ’ ' ' - y 6.2 . : ’ - . ' . ' .
0 200 400 600 800 1000 1200 140 0 0.5 1 15 2 25 3 35 4 4.5 5
time(s) time(s)

(a) convergence CPU time in seconds (b) Zoom-in view of the first 5 seconds.
Figure 3.3: The plot of — In 7(X') over computing time for both the Gibbs sampler
and our algorithm for the horse image. Both algorithms are measured by the CPU
time in seconds using a Pentium IV PC, so they are comparable. (a). Plot of
the first 1,400 seconds. The Gibbs sampler needs a high initial temperature and
slow annealing step to achieve the same energy level. (b). The zoomed-in view
of the first 5 seconds.

For the image segmentation example (horse) shown in Figs. 2.3 and 2.5, we
compare the cluster sampling method with the single-site Gibbs sampler and the
results are displayed in Fig. 3.3. Since our goal is to maximize the posterior prob-
ability w(X), we must add an annealing scheme with a high initial temperature

T, and then decrease to a low temperature (0.05 in our experiments). We plot the
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—In7(X) over CPU time in seconds with a Pentium IV PC. The Gibbs sampler
needs to raise the initial temperature high (7}, > 100)) and uses a slow annealing
schedule to reach the same energy level as our algorithm. The cluster sampling
method can run at low temperature. We usually raise the initial temperature to
T, < 15 and use a fast annealing scheme. Fig. 3.3.(a) plots the two algorithms

at the first 1,400 seconds, and Fig. 3.3.(b) is a zoomed-in view of the first 5

seconds.
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Figure 3.4: Convergence comparison between the clustering method and Gibbs
sampler in CPU time (seconds) on the artificial image (circles, triangle and rectan-
gles) in the first row of Fig.3.8. (left). The first 1,200 seconds. (right) Zoomed-in
view of the first 30 seconds. The clustering algorithm is run 5 trials for both the

random and uniform initializations.

We run the two algorithms with two initializations. One is a random labeling
of the atomic regions and thus has higher initial energy — In7(X), and the other
initialization sets all vertices to the same color. The clustering methods are run
five times on both cases. They all converged to one solution (see Fig.2.3.(c))

within 1 second, which is O(10?) times faster than the Gibbs sampler.

Fig. 3.8 shows five more images. Using the sample comparison method as in
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the horse image, we plot — In7(X) against running time in Figs. 3.4 and 3.5 for
the images in the first and second row of Fig. 3.8 respectively. In experiments,
we also compared the effect of the edge probabilities. The clustering algorithm
are 0(100) times slower if we use a constant edge probability p;; = ¢ € (0,1) as
the original SW method does. For example the single-site Gibbs sampler is an

example with ¢;; = 0, V1, 5.

SWC-1, random initialization

N
% NS
.y S N
33 %, 1 337 SO N
SWC-1 s S SWC-1, uniform initialization \\k\\\\ S~

2.2

0 200 400 600 800 1000 1200 0 2 4 6 8 10
time(s) time(s)

Figure 3.5: Convergence comparison between the clustering method and Gibbs
sampler in CPU time (seconds) on the cheetah image. (Left) The first 1,200
seconds. (Right) Zoomed-in view of the first 20 seconds. The clustering algorithm

is run 5 times for both the random and uniform initializations.

To study the effects of the discriminative probabilities g. on convergence
speed, we compare the performance of our algorithm with and without discrim-
inative probabilities in Fig.3.6. We run the SWC-1 algorithm 3 times with all
edges having the constant probability, ¢. = 0.2,0.4,0.6 respectively (Note that
the Gibbs sampler is equivalent to SWC with ¢g. = 0). The annealing schedules
for these runs have to be slower, starting at higher temperature, to obtain the
same final energy. Sometimes the algorithm cannot reach the same low energy

as with discriminative models.
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Figure 3.6: Evaluation of the effects of the discriminative probabilities ¢;j. For
comparison, the SWC-1 algorithm is compared with an SWC where the edge
weights are fixed to values ¢;7 = 0.2,0.4,0.6 respectively, on the cheetah image

3.1 (left) and the airplane image from Figure 3.8 (right).

Fig. 3.6 displays the energy vs CPU time (in seconds) of the three runs and the
SWC-1 on the cheetah (left) image of Figure 3.1 and airplane (right) image shown
in Fig.3.8. The energies of the three SWC runs with constant edge probability
ge = 0.2,0.4,0.6 are shown in dotted lines, all three runs start from a uniform
initialization. They are significantly slower than SWC-1. It is worth mentioning
that these SWC runs without discriminative probabilities are not equivalent with
the original SW algorithm because we work on a more general energy function,
on which the original SW cannot be applied because the acceptance probability

1S not one.

Fig. 3.7 compares SWC-1 and SWC-3 on the second image in Figure 3.8.
The plot displays the average of 100 runs of SWC-1 and SWC-3 respectively.
SWC-1 is more effective than SWC-3 because of the computational overhead of
each SWC-3 move, and that there is more data-driven information used in the

SWC-1 than in SWC-3, existent in the design of the ¢(I'| R, X).
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Figure 3.7: Comparison of SWC-1 and SWC-3 for the second image in Figure
3.8. Both plots are in CPU time. SWC-3 has more overhead at each step and is

slower than SWC-1.

Compared with the DDMCMC algorithm from [54], our algorithm can speed
it up by 20-40 times in CPU time. Our model fitting and switching steps are
quite simple, but we observed that the full-featured model fitting and switching
steps take much less time than the split-merge steps which are the focus of our
algorithm. By incorporating full-featured model fitting and switching steps in

our algorithm, it will remain 20-40 times faster than the DDMCMCI54].
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(c) segmentation result

(b) atomic regions

(a) input image
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Figure 3.8: More results for image segmentation.

41



CHAPTER 4

Curve Grouping

In this experiment we are given an edge map with a number of n edgels. These
edgels are obtained using the Canny edge detector followed by fitting long curves
by many line segments. Usually we have n € [500 — 2000] short line segments
(edgels of 3-6 pixels long) as vertices V in G. We denote them by v; = (x7,x$),7 =

1,2,..., N with x}, x7 being the starting and ending points.

Figure 4.1: Perceptual grouping: input image, map of edgelets by Canny edge

detection and a grouping result.

Our goal is to group these edgels into an unknown number n of subgraphs
Vi,i = 1,2,...,n, each being a chain of edgels. By filling in the gaps between
consecutive edgels in V; we obtain a smooth and continuous curve I';.

Now we choose the likelihood model. In discrete form, the edgel set V in G

consists of pixels on the edges, denoted by
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D% = {(i,5) : (i,j) onv € V}

The n continuous curves also contain a set of pixels on curves

D=A(i,7): (i,5) on Ty, k =1,2,....,n}

We choose the likelihood to be

obs _ obs _ | _ __pobs
p(D b ’W) x H Do H pL=e Xo|D D|—X1|D—D°%| (4.1)
(i,j)€ED°b—D  (i,j)eD—Dobs
where py = e * € [0,1] is the probability for detecting a false edge, and
penalizes removing too many edges. In contrast, p; = e~ is the probability for

missing an edge and penalizes the gaps in the curves.

Each curve is then represented by a list of points I'; = (x;1, X2, ..., X;n;,). The

prior model for a curve group is
p(W) o< exp{—An} [ p(I).
i=1
Each curve follows a 2nd order Markov chain model.

k
p(T3) = p(xin, xiz) | [ (g1, %) (4.2)
j=3
The probability p(xi1,X;2) is assumed uniform, while p(x;|x;_1,%x;_2) is a
two gram represented by a 2-way joint histogram. We compute it by supervised
learning from a number of manually parsed images, e.g. from [36]. As Figure 4.2.a
shows, we compute three variables: (1). distance dy = |x;_1 —x;_2|, (2). distance

dy = |x; — x;_1|, and (3). the angle a. There are 6 histograms, one for the
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Figure 4.2: (a) The joint histograms of p(x;|x;_1,X;_2) contain 6 bins for dy and
36 bins for a. There are 6 such histograms, for different values of d;. (b) The
SW edge strength between two nodes (edgels) is defined in terms of the gap and

the angle between the edgels.

values of d; in each of the intervals [0, 2), [2,4), [4, 8), [8, 16), [16, 32), [32, 64]. Each
histogram has 6 bins for ds, in the same range as d;, and 36 bins for «, each of
size 10°. Thus we have 6 histograms with 6 x 36 bins each and we represent
p(x;|xj-1,%X;_2) by p(da, a|dy). To avoid empty bins we will start with each bin

having one sample in it.

This model depends on the ordering and orientation of the edgels in the curve.
For each curve Vj, we resolve the ordering and orientation in a deterministic

greedy way as follows.
1. we begin with the curve V; = {vy, .., v} broken down into k curves v; = v;.

2. find v;,~; and orientations such that the log likelihood ratio of the merged

curve log p(y; U~y;) — log p(7;) — logp(v;) is maximized.

3. merge v; and ; into v = 7; U ~y;. The numbers of curves is reduced by 1.
4. repeat steps 2,3 until the number of curves is 1.

To construct the SWC graph G, we start with a complete graph on the edgels,
and compute an edge strength for any pair e = (v;,v;) (see Fig.4.2.b), based on

the gap d;; between the two edgels, and the two gram learned for the prior
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e = 0.99 - p(a;j|xf7 xf) ’ p(l’ﬂl’j, .Tf) : e_Al*dij (43)

where A; is the gap penalty used in the likelihood equation.

If g < 0.01 then edge e is removed. We assume this is a very safe threshold

to reduce the graph complexity.

Figure 4.3: Curve grouping: input edgel map and two grouping results.

We display four examples obtained with SWC-1 in Fig. 4.1, 4.3, 4.4. The
results are not ideal, mainly because of the simple curve model that we used.
In future work, we should introduce more advanced curve models. In fact, most

recently, the SWC method was applied to grouping parallel curves and trees and

more advanced results are in a paper [55].

Figure 4.4: Curve grouping: input image, edgel map and grouping result.
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CHAPTER 5

Hierarchic image-motion segmentation

5.1 Multi-grid and Multi-level cluster sampling

When the graph size G is big, for example, |V| = O(10%) ~ O(10°) in image
analysis, a clustering step has to flip many edges and is costly computationally.
This section presents two strategies for improving the speed — the multi-grid and
multi-level cluster sampling. Our methods are different from the multi-grid and

multi-level samplings ideas in the statistical literature (see Gilks [19] and Liu

35]).

5.1.1 Rationale for multi-grid and multi-level cluster sampling

In multi-grid clustering sampling, we introduce an ”attention window” A (see
Figure reffig:multigrid) which may change location and size over time. The cluster
sampling is limited to within the window at each step, and this is equivalent to

sampling a conditional probability,
XA ~ 7T(XA|X]\). (51)

The multi-level cluster sampling is motivated by the problem of hierarchic
graph labeling. Figure 5.1 illustrates an example in motion segmentation. Sup-
pose we are given two consecutive image frames in a video, and our goal consists

of three parts: (i) calculate the planar velocity (i.e. optical flow) of the pixels
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Figure 5.1: Cluster sampling on multi-level of graphs for motion segmentation.
A connected component with the same color is frozen and collapsed into a single

vertex in the level above.

in the second frame based on the displacement between pixels in two frames, (ii)
segment (group) the pixels into regions of coherent intensities, and (iii) further
group the regions into moving objects, such as the running cheetah and the grass
background where each object should have both consistent intensity and motion

velocity in the image plane.

This problem can be represented in a three-level labeling
X = (X0, xM x@), (5.2)
and this label forms three levels of graph shown in Figure 5.1,
{GE) =< V) E® > 5=0,1,2). (5.3)

G is the image lattice with each vertex being a pixel. The pixels are labeled by
X according to their intensity and planar motion velocity, and thus grouped

into a number of small regions of nearly constant intensity and velocity in G,
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The vertices in G are further labeled by X according to their intensities and
grouped into a smaller graph G, which is in turn labeled by X, The vertice
size has been reduced from O(10°) in G to O(10?) in G™® and to O(10) in G®).

We should discuss more details in the next two subsections. In the rest of
this subsection, we discuss the theoretical justifications for the multi-grid and

multi-level cluster sampling.

The essence of the cluster sampling design is that its Markov chain kernel
observes the detailed balance equations as a result of the Metropolis-Hastings

design.

(X)X, Y) = n(Y)K(Y,X), VX, Y. (5.4)

The detailed balance equation is a sufficient condition for K to satisfy the invari-
ant condition,

D w(X)KX,Y) =7(Y), VY. (5.5)

In practice, one may design a set of Markov chain kernels, each corresponding

to specific MCMC dynamics,
A={K,ac A} (5.6)

The overall Markov chain kernel is a mixture of these dynamics with probability

4a,

KX, Y) =) ¢K.X,Y), VX, Y. (5.7)
acA

There are two basic design criteria for A, which are easily observed in the finite

state space.

1. The Kernels in A are ergodic so that for any two points X and Y, there is
a path of finite length (X, Xy, ..., Xy, Y) between X and Y consisting of
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the N + 1 kernels k(0), ..., k(N) € A, with

K0y (X, X4) - Kia) (X, Xo) - - Kivy (X, Y) > 0.

2. Each sub-kernel observes the detailed balance equations, and thus the over-

all kernel satisfies them.

The multigrid and multi-level design in the next two subsections are ways for

designing the sub-kernels that observe the detailed balance equations.

5.1.2 Multigrid cluster sampling

Figure 5.2: Multigrid flipping: computation is restricted to different “attention”

windows A of various sizes, with the rest of the labels fixed.

Let A be an “attention window” on graph G, and X = (Vi, V5, ..., V1) the

current labeling state. A divides the vertices into two parts,

V=V, U Vi and X = (X,,X;). (5.8)

For example, Figure reffig:multigrid displays a rectangular window A (in red

dashed) in a lattice G. The window A cuts some edges within each subset Vi, k =
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1,2,...,L, and we denote them by,
C(Vk,A) = {< 5,t>:18 € VkaA, teV, mVA}.

In Figure 5.2 the window A intersects with three subsets V; (white), V5 (black),

and V3 (grey), and all edges crossing the (red) rectangle window are cut.

Multi-grid Swendsen-Wang Cuts

1. Select an attention window A C G.

2. Cluster the vertices within A and select connected component R.
3. Flip the label of R.

4. Accept the flipping with probability, using X as boundary condition.

Following the proof of Theorem 4 in Section (2.2), we can derive the accep-

tance proposal probability to move from state X4 to state X within A.

Proposition 7. The acceptance probability for proposing R as a candidate cluster
within window A and moving from state X to state X' is

11 (1 — ai;)

<i,j>€C(RVy)~C(Vyr A) q(Xp ={|R,X') 7T(X’)}
11 (1-qy) Xrp=l|RX) 7(X)"
<1,j>€C(R,Vy)—C(Ve,A)

a(X — X') = min{1,

In Figure 5.2), we have X = X4 and X' = Xp ({ = 1,0 = 3).
The difference between this ratio and the ratio in Theorem 4 is that some

edges in C(Vy, A) UC(V, A) no longer participate in the computation.

Proposition 8. The Markov chain simulated by the multi-grid scheme has invari-

ant probability m(Xa|Xx) and its kernel IC observes the detailed balance equation,

7T(XA|XA)IC(XA,YA) - 7T(YA|X]\)’C(YA,XA). (59)
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The proof is straightforward.

We will now prove that the multi-grid method is also invariant to teh full
posterior probability. Let p(z,y) be a two dimensional probability, and K be a
Markov kernel sampling its conditional probability p(x|y) (or p(y|z)). Thus it

observes the detailed balance equations,
plaly)K(z,2") = pa|y)Ki(a, ), Vo, o', (5.10)

Theorem 7. In the above notation, K observes the general detailed balance equa-

tions after augmenting y

pla, y)K((x,y), («",y)) = p(=', ¥ )K((",y), (z,y)).

Proof. 1f y = 4/, then it is straightforward. If y # ¢ then K((z,y), (2',y)) =
K((z',y'), (z,y)) = 0 because there is no way to go from state (z,y) to state
(@', y). O

The conclusion of this theorem is that an algorithm which is reversible when
sampling from a conditional probability is also reversible for sampling the full

probability. From here we obtain

Proposition 9. Let 7(X) be a target probability defined on a graph G =<V, E >
and A C'V a window. Then the kernel K of the multi-grid scheme for A observes

the detailed balance equation with respect to m(X),

(X)X, Y) = 7(Y)K(Y, X). (5.11)

5.1.3 Multi-level cluster sampling

Following the notations in Section (5.1.1), the problem is hierarchic labeling with

G = (GO GW G?®) and X = (X©@ X® X@) Each level of labeling X is
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Level 2

\ \ f\

Figure 5.3: Multi-level cluster sampling. Computation is performed at differ-
ent levels of granularity, where the connected components from the lower level

collapse into vertices in the higher level.

equivalent to a partition of the lattice with connected components.
CP(X®) = {cpi”, eps”, oy ep® ), 5= 0,1,2. (5.12)

Note that vertices in each connected component have the same label and two

disconnected components may share the same label.
Definition 2. The hierarchic labels X = (X, X1 X)) are said to be "nested”
of

Vep® € CP(X®), Jepttl) e CP(XEHY) so that cp® ¢ epttl), s =0, 1.

A nested X has a tree structure for the levels of labels. A vertex in level s+ 1

has a number of children vertices in level s.

Multi-level Swendsen-Wang Cuts
1. Select a level s, usually in an increasing order.

2. Cluster the vertices in G and select a connected component R.
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3. Flip the labeling of R.
4. Accept the flipping with probability, using the lower levels (denoted by X (<#))

as boundary condition.

Proposition 10. Let 7(X) be a probability on the nested labeling X = (X(© X1 X)),
and let the kernels of the cluster sampling algorithm on the three levels of graphs
be KO, KO and K respectively. Then they observe the detailed balance equa-

tions with respect to the conditional probabilities,

W(X(S)|X(<8))/C(S) (X(s)7y(s)) = 7r(Y(s)|X(<s))/C(s) (Y(S), X(S)), s=0,1,2.
(5.13)
where X(<%) = (X°, ..., X*1). Therefore the multi-level SWC observes the de-

tailed balance equation (5.4).

5.2 Hierarchic motion segmentation

Now we report the experiments on motion analysis using multi-grid and multi-

level SWC.

Let I;,I, be two consecutive image frames in a video sequence, as Figure
5.4 illustrates. The images I; and I, are discretized into lattices A; and A,
respectively. Due to motion occlusion, some points are visible in only one image,
say the white areas ¢; in I} and ¢y in Iy, and are called "half-occluded” points.
All other points, named p; = ¢ = Ay \ ¢ and py = ¢y = Ay \ ¢y respectively,
can be mapped between the two image frames. The mapping function is called
the ”optical flow” field,

(u,v) : pa— p1 (5.14)
For any point (z,y) in the first frame, (u(x,y),v(x,y)) is the displacement for

the planar motion velocity. Usually one can assume that the intensity of a point
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image frame I image frame I

Figure 5.4: Two consecutive image frames with two moving objects, foreground
and background respectively. The pixels in the areas ¢; are not seen in I, and
reversely, the pixels in ¢, are not seen in image I;; they are called ”half-occluded”

pixels. The other pixels can be mapped between the two frames.

will be constant (with stable illumination and Lambertian surfaces) between the
two frames, and the residue is modeled by Gaussian noise n ~ Gaussian(0, o2).

Let’s take the second image as the reference frame,
I2<x7y) = Il(x - U(.’E, y)7y - U(l’7y)) + n(.’l?, y)? V(fﬂ,’y) € p2. (515)

In the motion analysis problem, we consider discrete pixels in the second

image frame G(®) = A,, and each pixel has three labels 2 = (2@, 21, £(?):

1. The velocity (® = (u,v) is discretized into 21 x 9 = 189 different planar
velocities. We assume the maximum displacement in the lattice between
two consecutive frames to be =5 < u < 5, -2 < v < 2 with 1/2 pixel
precision. That leads to 189 possible planar velocities. Then for pixels
which do not have corresponding pixels in the first frame, i.e. pixels in ¢s,
their velocities cannot be decided and are denoted by nil. They can be
estimated based on context information on their intensity through image

segmentation. Thus we have z(*) € {nil, 1,2, ..., 189} as its velocity label.
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2. The intensity label 2™ € {1,2,...,L(} for image segmentation. That is,
the image lattice is partitioned into a number of regions with coherent in-

tensities in terms of fitting to the three families of image models in Chapter

3.

3. The object label z® € {1,2,...,L®}. That is, the image lattice is par-
titioned into a number of L(® objects which have coherent intensity and

motion.

To fix notation, we divide the image frames into two parts,
IL = (Il,¢>1711,¢_51)7 I, = <I27¢>2712,¢32)
The target probability is the Bayesian posterior,
m(X) = (X0, XV X, 1) o< LT, 5, Ly5,, XO)L(L| X7 (X).  (5.16)

The first likelihood is specified by the optical flow model,

1 f 1
expq{—
V2o, P 20,

(12(1:7 y)_Il (.T—U(LL’, y)v y—U(JI, y)))Z}

(5.17)

5(11,431 |IQ,<£27 Xm)) :H

("E7y)€¢_52

The second likelihood is the same as the image segmentation likelihood in Chapter
3.

The prior probability assumes piecewise coherent motion. That is, each mov-
ing object 0 = 1,2, ...,L® has a constant planar velocity ¢, € {1,2,...,189} plus
a Markov model for the adjacent velocities. Also each object (and region) has a

compact boundary.
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(2

X) Hexp{—a Z |SE(0) -3 Z |z 0) ( )}
o=1

1)717(2) (v)fo v 681; (518)
LM L)

HeXp{ ~ov;t y}Hexp{ 510V} exp{—AoL©® — LMY — A, L2}

Now we define the edge probability at the three levels of graph for the auxiliary

variables.

At level X let (2,9) and (2',3') be two adjacent pixels, and (u,v) the

common motion velocity of both pixels, The edge probability is defined as

¢ (v, 0') = min e~ @0 T E—wy—) e )@ —wy )7
(ur0)

= —|Iy(z,y) — L(2', )| /10}.

At the region level X the edge weights between two adjacent nodes v, v’
(each being a set of pixels) are based on the KL divergence between their intensity

histograms h,,, h,, as in Chapter 3.

At the object level X®)| the edge weights between two adjacent nodes v, v/
(each being a set of pixels) are based on the KL divergence between their motion
histograms hy, (v), hy,(v'). We maintain the histogram of the motion velocities in

each object.

(v, v)*eXp{——(KL( m (0[P (V') 4+ K L (0) ][ (0)}. (5.19)

We run the multi-grid and multi-level SW-cut on a number of synthetic and
real world motion images. We show four results in Figure 5.5. The first image
shows two moving rectangles where only the 8 corners provide reliable local ve-

locity (aperture problem) and the image segmentation is instrumental in deriving
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frame I frame I image segmentationmotion segmentation

Figure 5.5: Hierarchical motion analysis. From left to right: first frame I, second
frame I, image segmentation, motion segmentation. The image segmentation is
the result at level s = 1 and the motion segmentation is the result at level s = 2.
For the color images (the 3rd and 4th rows) we treated the three R,G, B color

bands each as a grey image.

the right result. For the other three sequences, the algorithm obtains satisfac-
tory results despite large motion and complex background. The cheetah image

in Figure 5.1 is a fifth example.

For comparison of the different cluster sampling methods, we choose the image

segmentation example — the cheetah image in Figure 3.8.

In Chapter 3, the pixels are grouped deterministically into atomic regions in
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Figure 5.6: Convergence comparison of multigrid and multi-level SWC for the

cheetah image in Figure 3.8. (see text for explanation)

a pre-processing stage. Now we perform the cluster sampling on two levels, the
atomic regions being generated by the first level of the cluster sampling process,
while the second level groups the atomic regions into intensity regions.

We plot in Figure 5.6 the —In7(X) vs the CPU time for various methods.
This figure should be compared with Figure 3.5. The multi-level cluster sampling
was run in two initializations.

Firstly, the two level cluster sampling is much slower than the the one level
clustering. The latter assumed deterministic atomic regions. But the two level
cluster sampling can reach a deeper minimum as it has more flexibility in forming
the atomic regions.

Secondly, the multi-grid method is the fastest among the methods that work

directly on pixels.
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Thirdly, the Gibbs sampler plotted in Figure 3.5 run on the deterministic
atomic regions not the pixels. If it is running on the pixels, we cannot get it

converge to the minimum in any reasonable amount of time.
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CHAPTER 6

Stereo Matching

6.1 Comparison of SWC with Graph Cuts and Belief Prop-

agation for stereo

Tappen [53] compared the performance of the Graph Cuts [9] and Belief Prop-
agation [62] algorithms on stereo matching, using a model that can be used by
both algorithms, model that has been presented in [46]. Using the same model,
in this section we compare the performance of the SW Cuts with Graph Cuts

and Loopy Belief Propagation.

Given a pair of stereo images I = (I;,I,.), we assign an integer disparity value
(as color) ¢, = d, for every pixel v in the left image. The adjacency graph G, is
simply the lattice with 4-nearest neighbor connections. The energy used in the
benchmark[46, 53] is a Potts model with external field,

£=_ D(dy,v) + ) Burllds # dy) (6.1)
v <s,t>
The external field (data) term measures the goodness of intensity match between
the left and right images for a disparity d, using the Birchfield-Tomasi matching
cost [4],
D(d,,v) = min{dv71/21[;1:]:12%“/2 II,(v) — I, (v — z)|,50} (6.2)
The coefficient in the prior term is made to be dependent on < s,¢ > (inho-

mogeneous Potts model) f,, = 20 if |I;(s) — I;(t)| > 8, otherwise 3, = 40. This
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a. Left image b. SWC-2 result c. Graph cuts result d. Manual (truth)

Figure 6.1: Stereo matching for the Tsukuba sequence (first row) and the Saw-

tooth sequence (second row).

energy has some shortcomings. (i). It is a first order Markov random field capa-
ble only of properly representing fronto-parallel planes. For example, the slanted
planes in Fig. 6.1 (second row) are broken into many pieces. (ii) It does not treat
half-occluded pixels explicitly and because of this, the ground truth has a much
higher energy than the output of the algorithms (see Fig.6.2). We are forced to
use this energy in order to compare with the graph cuts (and BP) as this is the
type of energy that they can minimize. We compare the SWC-2 with the Graph
Cuts implementations provided in the Scharstein and Szelisky’s package [46] and

Tappen’s extension to Belief Propagation [53] available online.

For the stereo problem, we define discriminative probabilities on both vertices

and edges to get better empirical results.

On each vertex (pixel) v € V we compute the vertex probability ¢(d,,v) o
e~Pdvv) normalized to 1 for d, € {0, ..., dmax}. It measures how likely pixel v

has disparity d, based on local information. We compute a marginal probability
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q(d) = ﬁ >, a(d,v) for each disparity level d.

For each edge e =< s,t >, we define an edge probability for any d €
{07 ceey dmax}a

B 208, ¢
q? =1 — ¢  SDEE)FDEINTI0 (6.3)

Thus we have d.x + 1 probabilities on each edge e, one for each disparity level.
At each SWC-2 step, we first choose a disparity level d with probability ¢(d), and

then we use ¢¢ as the edge probability for clustering the connected component R.

We found that most of the energy costs are contributed by the boundary
pixels (due to the lack of half-occlusion treatment). Therefore, in SWC-2, a seed
vertex v is chosen with equal probability either from the boundary pixels or by
sampling from a goodness of fit probability ¢(d,,v)D(d,,v) with d, being the
current assigned disparity at v. That is, we wish to choose more often those
pixels v whose assigned disparity level d, have a lower probability. Then we grow
the component R as in SWC-2 from the seed v and propose to flip its label. The

new disparity level d (or color) for R is chosen according to a probability

q(d|‘R7 ﬂ') xX e ZUERD(d’v)70'7KZ<s,t>,s€R sttl(d7édt). (64)

Fig. 6.2 compares the energy curves against CPU time in seconds for the
SWC (two runs with different annealing schedules), graph cuts[9], and belief
propagation (synchronous and accelerated)[53] We initialized the system with
an SWC-1 version working on atomic regions which decreased the energy from
about 5,000, 000 to about 650,000 in less than 30 seconds (included in the plot).
Then the SWC-2 version working on the pixel lattice provided the final result.
The final energy obtained with SWC-2 was within 1% of the final energy of the
Graph Cuts algorithm for the Tsukuba sequence and within less then 2% for the

other sequences. All parameters were kept the same in all experiments.
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Figure 6.2: Performance comparison of SWC with Graph Cuts and Belief Prop-
agation for the Tsukuba sequence. The curves plot the energy over CPU time in

seconds.

The energy level is not a good indicator of the quality of results as the ground
truth results have higher energy than all algorithms. The experiments show that

the SWC reaches lower energy than belief propagation but it is slower than Graph

cuts.

a. Left image b. Right image c. SWC result  d. Graph cut result

Figure 6.3: The simple Potts model does not allow a faithful reconstruction of a

face.

The Potts model is not suitable for 3d reconstruction of free-form surfaces such
as faces, as shown in Figure 6.3. Models with second order priors and sub-pixel

accuracy, computed using PDE methods [13] are better choices in this case.

63



6.2 SWC with generative models for stereo

In this section, we release ourselves from the simple energy model in eqn.(6.1), and

adopt generative models with piecewise planar surfaces, in a Bayesian framework.

The SWC graph G has atomic regions as nodes. The atomic regions are
obtained by intersecting a rectangular grid of 6 x 6 squares with an edge map
obtained by Canny edge detection. For each atomic region r;, we compute the
matching cost for all d in a discrete set {0, ..., dpae } Of possible disparities.

C(ri,d) =Y _D(d,v) (6.5)
VET;

where D(d,v) is the Birchfield-Tomasi cost from equation 6.2.

Our SWC algorithm will assign a label to each atomic region. In the previous
section, this label represented a unique disparity. In the generative setup of
this section, each label represents a plane in the disparity space, which does not
necessarily has to be fronto-parallel, as in the previous section. Observe that in
the case of a perspective projection camera, planar regions in the disparity space
correspond to planar regions in the scene and vice versa. Therefore, each label

¢ € L, corresponds to a planar model 8, = (ay, by, ¢) so that

dv) =ax+by+c, Vo= (x,y) € Vs (6.6)

Instead of computing this disparity all the time, we will assume that the dis-
parity is relatively constant in each atomic region r;, which is a valid assumption
since the atomic regions have a small size. Then we approximate the disparity of

all pixels in r; with the disparity of the center ¢; = (x;,y;) of the region r;.
d(v) = d(c;) = aww; +bey; + o, Yo €y (6.7)

where ¢ = [(r;). This approximation will greatly reduce the computation time.
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Thus the variables that have to be inferred are
W = {i(r;),¥Yr;} Ub, VIl € L (6.8)
Our Bayesian probabilistic model is
p(WIL) = p(I[W)p(W) (6.9)
The likelihood is given in terms of the model parameters and the matching cost

p(I|W) o exp[— Z C(ry, ) Ti + by Yi + Cl(ri))] (6.10)

while the prior is the same as in the previous section.

a. Left image b. SWC result c. Graph cuts  d. Manual (truth)

Figure 6.4: Using a Bayesian formulation with generative models fitting piecewise
planar surfaces, our algorithm obtains much better results for the same set of

stereo images. The running time is also reduced to 2 minutes in a PC.

The SWC edge weights between the atomic regions are defined in terms of

the smallest matching cost for fitting both atomic regions by the same disparity
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1 . .
¢ij = exp{—§ mdm[C’(m,d) + C(ry, d)]/(Jri| +|r;])}, ¥V <, >€ E. (6.11)

At random steps of the algorithm, the models for the regions involved in
reassignment are updated by least square fitting of proposals from the textured

atomic regions (with high saliency to one disparity only) in each region.

Our algorithm runs in 2 minutes and obtains the much better results shown
in Figure 6.4 which are closer to the ground truth. We run the SWC-1 algorithm
on the atomic regions and then run the boundary diffusion[63] on pixels for a few

steps to smooth the object boundary.

This method applies for simple scenes where the surfaces can be described
by parametric models. It will not be as efficient for free-form surfaces such as

clothes or faces. For these, PDE optimization techniques [13] could be used.

6.3 Incorporating visual knowledge in stereo

Stereo matching is an intensively studied problem, and recently there is major
interest in studying it using effective algorithms such as BP[49] and graph cuts[9]
based on Markov random field models and splines [33]. However, the represen-
tations (models) used in these methods are still very limited. As a result, they
often produce unsatisfactory results when the images have textureless surfaces,
such as indoor walls, or when the images have curve structures which do not fit
to the pixel-based MRF representation. Fig. 6.21 displays two such results using
the state-of-the-art graph cuts algorithm. For such images, one could see that
just matching pixels using Markov Random Field priors is not enough. It is de-
sirable to incorporate some visual knowledge into the surface representation. In

the stereo literature, the 3D reconstruction of curves was studied in [64], but the
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depth was obtained only at the location of curve boundaries and the algorithm

does not provide a dense depth estimation.

In what follows, we present a two-layer generative model that incorporates
generic middle-level visual knowledge for dense stereo reconstruction. The over-
all dataflow of the algorithm is illustrated in Fig. 6.5. Given a pair of stereo
images, we first compute a primal sketch representation|[24] which decomposes
the image into two layers. (i) A structural layer for object boundaries and high
intensity contrast represented by a 2D sketch graph, and (ii) a structureless layer
represented by Markov random field on pixels. The sketch graph in the structural
layer consists of a number of isolated points, line segments, and junctions which

are considered vertices of different degrees of connection.

IAsk S ) \%

§ "Dictionary of

ketchable 2D ictionary o

/ part Sketch primitives 3D sketch \

;. D

) Fill-in adjust
Left image Depth map

IAnsk
Mon-sketchable MRF
part

Figure 6.5: The flow diagram of our algorithm.

We then study the 3D structures for these points, line segments, and junctions
and develop a dictionary for different configurations. The boundary primitives
correspond to places where the depth map is not smooth, namely the boundaries
between objects in the scene (first order discontinuities) and the places where the
surface normal experiences large changes in direction (second order discontinu-
ities). The curve primitives describe thin curves of different intensity from the
background, and usually represent wire-like 3D objects such as thin branches of

a tree or electric cables, etc. The point primitives represent feature points in the
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image that have reliable depth information. The valid combinations of these 3D
primitives is summarized in a dictionary of junctions. Figs. 6.8 and 6.10 shows
the dictionaries of line segments and junctions respectively. Each is a 3D surface
primitive specified by a number of variables. The number of variables is reduced

for degenerated (accidental) cases.

There are three reasons for us to study these primitives. Firstly, the primitive
representation reduces the number of variables (dimension reduction). For exam-
ple, a boundary primitive may have 11 pixels in width and 30 pixels in length,
and is described by 4-7 variables which can be more reliably estimated from data.
A similar idea was pursued in motion boundary estimation in[5]. Secondly, these
sketches are the most informative parts in the images, and it is computationally
more effective to compute their 3D depth early and then propagate the surface in-
formation to the textureless layers. Thirdly, the dictionary of junction primitives
limit the search space by ruling out invalid configurations, like in line drawing

interpretation and perceptual organization[45].

We adopt a probability model in a Bayesian framework, where the likelihood is
described in terms of the matching cost of the primitives to images, while the prior
has terms for continuity and consistency between the primitives, and a Markov
Random Field that is used to fill in the depth information in the structureless
areas. This Markov Random Field together with the labeling of the edges can be
thought of as a Mixed Markov Model [15], in which the neighborhood structure
of the MRF depends upon the types of the primitives, and changes dynamically

during the computation.

The inference algorithm simultaneously finds the types of the 3D primitives,
their parameters and the full depth map. To make-up for the slowdown given

by the long range interactions between the primitives through the MRF, the
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algorithm makes use of data driven techniques to propose local changes (updates)

in the structureless areas.

6.3.1 A two layer representation

Given a stereo pair I}, I, of images, we are required to find the depth of all pixels
in [;. Assuming that the camera parameters are known, this is equivalent to
finding for each pixel, the horizontal disparity that matches it to a corresponding
pixel in I,.. Let D be the disparity map that needs to be inferred and A be the

pixel lattice.

We assume the disparity map D is generally continuous and differentiable,
with the exception of a number of curves A, where the continuity or differen-
tiability assumption does not hold. These curves are augmented with disparity
values and are considered to form a 3D sketch D that acts as boundary conditions

for the Markov Random Field modeling the disparity on A,g = A\ Ag.

(a) (b) (c)
Figure 6.6: Our algorithm starts from a two layer sketch representation. (a) input

image, (b) region layer, (c) curve layer.
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6.3.2 The sketch layer — from 2D to 3D

We assume that the places where the disparity is discontinuous or non-differentiable
are among the places of intensity discontinuity. The intensity discontinuities are
given in the form of a sketch S consisting of a region layer S and a curve layer
Sc, as illustrated in figure 6.6. The curve layer is assumed to occlude the region
layer. These sketches can be obtained as in [24, 56]. The sketch edges are approx-
imated with line segments S = {s;,7 = 1,..,n.}. The segments that originated
from the region layer s; € Sk will be named edge segments while the segments

originating from the curve layer s; € S¢ will be named curve segments.

Each edge segment s; € Sk from the region layer is assigned two 5 pixel wide
edge regions l;,r;, on the left respectively on the right of s;, as shown in Figure
6.7, left. Each curve segment s; € S¢ is assigned a curve region r; along the
segment, of width equal to the width of the curve, as shown in Figure 6.7, right.

Denote the pixels covered by the edge and curve regions by Ag, A¢ respectively.

Figure 6.7: Division of the image in figure 6.6 into sketch primitives and 6x6 pixel

square regions. Region layer (left) and curve layer (right).

Because away from the places of discontinuity, the surfaces are in general very

smooth and to reduce the dimensionality of the problem, the pixels of A\ Ay are
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grouped into square regions of size 6 x 6 pixels, by intersecting A\ Ag with a 6 X6
rectangular grid. Small regions at the boundary between the edge regions and
the rectangular grid are merged to the edge regions. This way, the entire lattice
A is divided into atomic regions that either are along the sketch S¢, or are on
the rectangular grid, as shown in Figure 6.7. This structure allows the use of the
thin plate spline model for the MRF and also enables implementation of good

boundary conditions by the 3D primitives.

Then all line segments s; € S are augmented with parameters to become 3D
sketch primitives, as shown in figure 6.8. Depending on the type of segments they

originated from, there are boundary primitives and curve primitives.

Let
‘/1 - {ﬂ-i - (Sia [liaO'li]vrivogatiapiadhwi[v fl])77' = 17 "7n6} (612)

be the set of all primitives, where the parameters in brackets might be missing,

depending on the primitive type. The variables of each primitive are:

1. the edge segment s; € Si or curve segment s; € S¢

2. the left and right regions l;, ; in case of an edge segment, or the curve as a

region r; in case of a curve segment.

3. an occlusion label o!. of

[RE)

for each of the regions [;, r;, representing whether

the region is occluded (value 0) or not (value 1).

4. the label t; = t(m;) € {1, ..,8} indexing the type of the primitive from the
primitive dictionary with the restriction that edge segments s; € Sr can
only be assigned types from {1, ..,6} while curve segments s; € S¢ can only

be assigned types from {1,7,8}. These types are illustrated in Figure 6.8.

e Type 1 represents edges or curves that are on the surface of the objects.
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Figure 6.8: Each sketch segment is augmented to a primitive from the following

dictionary, order by generality.

e Type 2 represents first order discontinuities, i.e. places where the

surface is continuous but the normal is discontinuous.

e Types 3, 4, 5, 6 represent occluding edges where the occluded surface

is on the left (types 3, 4) or on the right (types 5, 6) of the edge.

e Types 7, 8 represent 3D curves, either connected with one end to the

surface behind, or totally disconnected.

5. a label p; specifying whether this primitive is a control point (value 1) of
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the thin plate spline or not (value 0). All horizontal edges have p; = 0 at

all times.

6. the disparities d; = d(m;) = (dY, d}) at the endpoints of the segment or the
disparity d; = d(m;) at the center of the segment if the segment is short

(less than 6 pixels long).

l

7. the left and right control arm w; = w(m;) = (w;, w}) representing the slope

of the disparity map D in the direction perpendicular to the line segment.

8. for types 3-6, the disparity f; = f(m) = (f°, f!) of the occluded surface at

the ends of the segment, or the disparity f; = f(m;) at the center of the

edge segment if the segment is short (less than 6 pixels long).

Each of the regions I;, r; of the primitive m; = (s;, [l;, 0'], 74, of, ti, pi, di, wq[, fi])
is assigned a matching cost

.
0 if r; intersects the curve sketch S¢

(i d) = | Sy, [1(0) — L (v — dy(m))] i of =1

o else
\

(6.13)
where for each pixel v € r;, the disparity d,(m;) is the linear interpolation based
on the parameter d representing the disparity at the ends of the region, in the

assumption that w = 0. Then the matching cost of the primitive 7; is

;

c(ri, d;) if t; = 7,8, 1(curve)

c(ly,d;) + c(r,d;) if t; = 2, 1(region)
c(mi) = c(ri, (L], i i, [ fi]) = (6.14)
C(li, fz) + C(?"i, dz) if tl = 3, 4

C(li, dz) + C(T’Z‘, fz) if tz = 57 6
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The primitives form a graph by the natural adjacency relation between the

underlying edge segments, as it can be seen in Figure 6.9.

Figure 6.9: A set of edge segments (black) and their 3D primitives (gray). The

primitives form a graph by the adjacency of the segments.

To increase the model accuracy, the junction points of two or more primitives
are modeled. Similar to [45] we will have certain types of possible junctions
depending on the degree (number of primitives) of the junction, as mentioned

below and illustrated in Fig. 6.10.

e junctions of 2 boundary primitives have three main types: Surface junc-

tions, beginning of occlusion and occlusion junctions.

e junctions of 3 boundary primitives have three main types: Surface junc-

tions, Y-junctions and T-junctions.

e junctions of 4 or more boundary primitives are accidental and are assumed

to be all surface junctions.

e we assume there are no junctions between one or two curve primitives and

one boundary primitive

e junctions of 1 curve primitive with two boundary primitives have three main

types: curve beginning, Y-junctions and T-junctions.
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Surface junction Surface junction Beginning of occlusion Occlusion junction

. _
7
Ty
T

Surface junction Y-junction T-junction
T 7
|
i
k T,
T Eurve beainni T,
i Curve beginning T-junction

Curve bifurcation Curve crossing Curve overlapping

Figure 6.10: These are the main types of junctions between boundary and curve

primitives.
e junctions of 2 curve primitives have only one type.
e junctions of 3 curve primitives have only one type, namely bifurcation.

e junctions of 4 curve primitives have two types, namely curve crossing of
curve overlapping. In both cases, the opposite primitives can be seen as

part of the same 3D curve.

Let J = {¢i = (t,k, Ty, ooy Ti,), Wiy ooy Ty, € Va0 = 1,...,n;} be the set of junc-

tions, each containing the list of primitives that are adjacent to it. The variable
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t is the junction type and restricts the types of the primitives m;,, ..., m;, to be

compatible to it.

Each junction ¢; € J imposes a prior model that depends on the junction
type, and the types and directions of the 3D primitives 7, , ..., m;, meeting in this
junction. This prior is composed of a 3D geometric prior on the primitives and a

2D occurrence prior of each particular junction type.

Thus
P(¢) o< P(miy, ..., mi, [t, 9*P VP (6?7 1) = P(¢*P|t, *P) P(t|¢*") (6.15)

since the 2d geometry ¢*P of the junction is fixed.

We will now discuss P(¢?P|t, ¢*P) for each junction type.

Figure 6.11: The prior of the junction between 3 or more boundary primitives

and the curve bifurcation or crossing encourages 3D continuity of the primitives.

1) All the surface junctions of 3 or more boundary primitives and the curve bi-
furcation or crossing have a prior that prefers the same disparity for all primitives

meeting at this junction.
1

P(6*"1t, 6*7) = Z- exp(—f > |y —dy)?) (6.16)
7ij7Tk€¢
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Figure 6.12: The prior of the junction between two boundary or curve primitives

depends on the angle 6 between the primitives.

where d; = (df, d;z) is the disparity of the primitive 7, df being the disparity at

the junction ¢ endpoint.

2) The prior of junctions of two boundary or two curve primitives depends
on the angle 6 between the primitives at the junction. First, define the curve

continuity measure
s(mjomy) = |df — 2d9 + dy|? + |dS — 2d§ + df) (6.17)
Then the prior is

exp(—/3.|d? — d?|? if |0 —7|>m/6
g gy _ 1| R =) 0| > x/

7 (6.18)

exp[—ﬁc|d§5 — df|2 — Bss(mj, m)]  else
as shown in Figure 6.12.

3) For the curve overlapping junction involving four curve primitives, the prior

is defined in terms of the continuity of each pair of opposite curves.

P(¢*P|t,¢*P) = Zi exp[—Be(|df — d|* + |df — d}'|*) — By(s(ms, m) + s(m;, )]
(6.19)
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Figure 6.13: The prior of the curve overlapping junction encourages continuity

of each pair of opposite curves.

as shown in Figure 6.13.

4) For the Y-junctions of 3 boundary primitives and for the curve beginning,
the prior encourages all three primitives to be adjacent, and the primitives m;, 7;

(refer to Figure 6.10) to have a good continuation as in case 2).

P@PIt 67) = oxpl-fe 3 W~ dif — Gus(mom)]  (6.20)
4

T, T EP

5) For the T-junctions, the prior encourages continuity of the occluding edge.
1
P(¢*P|t, ¢") = 7 exp|—Beldf — df[* = Bys(mi, )] (6.21)

Since the disparity space of each primitive is discretized, the normalizing

constant for each junction can be computed effectively.

The prior P(t|¢*?) can be learned from hand labeled data, independently for

each degree (number of primitives) k of the junction.

Based on the matching cost, a saliency map

¢m‘(d7 [f]) = exp(—c(ri, [lz]v tiu d? [f])/lO) (622)
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towards all possible values of d, f is computed for each primitive m; € V4. This

information will be used to find the disparities d; of the sketch primitives.

6

frequency
w S (4]
: :

N
T

types 5,6

0 -
-15 -10 -5 5 10 15

0
value of &

Figure 6.14: The frequency of the feature £ as fitted from hand labeled data.

We also compute a saliency map towards the three main types of boundary
primitives, namely surface (types 1,2), occluding left (types 3,4), occluding right
(types 5,6), based on the feature

ming c(l;;d)  mingle(li, d) + c(ri, d)]

(6.23)
|| |li| + |74

§(mi) =

which measures how well both wings of the primitive fit the same disparity, as

compared to the left wing alone.

From hand labeled data, we obtained histograms H1o, H34, Hsg of the values of
¢ for each of the three main types of boundary primitives. We fit these histograms
with gaussians to even out the small amount of training data and eliminate the
need for histogram bins. The fitted gaussians and their relative importance are

displayed in Figure 6.14. From here we obtain a likelihood L, (t) towards the
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three main types of boundary primitives.

(

60e~¢7/2if t =1,2
Lw(t) — 4 4e—(6+1.18)%/1.42 + 3.67e (E+8:21)%/6 if t — 3,4 (6.24)

9.18¢~(6-058)2/0.87 4 3 ()G~ (6~7-36)*/T5 if ¢ — 5 6

\

Using the intensity-driven likelihood for the boundary primitives, we construct
a likelihood, driven simultaneously by the image intensity and the geometry (rel-

ative position of primitives), for each junction ¢ = {m, ..., 7 }:

Lo(t) = P(®) L, (t1)... L, (1) (6.25)

6.3.3 The free-form layer

The primitives m € V; discussed in the previous section are elongated primitives
corresponding to line segments, so they can be considered of dimension 1. Other
sketch primitives that are involved in the free form layer are the zero dimensional
primitives corresponding to feature points with reliable disparity information, i.e.
point primitives. These primitives are a subset of the rectangular atomic regions,
and together with the one dimensional boundary primitives are the control points
of the thin plate spline. The curve primitives are not involved in the MRF

computation.
Let R be the set of all rectangular atomic regions.

For each region r € R, we compute a saliency map

pe(d) oc exp(= Y |1i(v) — L(v — d))|/10) (6.26)

ver

to all possible disparities d € [dumin, dmax)

Then the square regions

R - {Ti = (diaoiaph/*j“ivo-z?)vi = ]-7 "7”7‘} <627)
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have the following parameters:

1. the disparity d; = d(r;) of the center of the region.

2. alabel o; specifying whether this region is occluded (value 0) or not (value
1).

3. alabel p; = p(r;) € {0,1} representing whether the region is a point prim-

itive (i.e. control point for the thin plate spline) or not.

4. the mean yu; and variance o7 of the saliency map p,,.

All regions (edge regions, curve regions and square regions) will have their
occlusion label deterministically assigned based on the disparities of the boundary
and curve primitives. For example, for an occlusion primitive m; of type 4, the
left region [; and other regions horizontally to the left of the edge at horizontal
distance less than the disparity difference between the right and left wings of =,

will be labeled as occluded.

The matching cost for each region r; € R is

o if o, =0
c(ry) = (6.28)

Z'L)E'ri |L(v) — I.(v—d;))| o =1

The set of point primitives is denoted by
Vo={r; € R,s; = 1}. (6.29)

In Figure 6.15 we present the labeled graph, i.e. primitive types (middle), and
the point and boundary primitives that act as control points for the A, part
(right). The depth and disparity maps obtained this way are shown in Figure

6.22. Observe that the horizontal edges are not control points.

81



Figure 6.15: Left image of a stereo sequence, the graph labeling and the control

points (point and boundary primitives) of the thin plate spline.

The dense disparity map D is obtained from V; and R by interpolation. By
using the boundary primitives to model the places of discontinuity, the obtained
disparity map has crisp discontinuities at the object boundaries and is smooth
everywhere else, as shown in Figure 6.22.

6.3.4 Bayesian formulation
We formulate our model using the Bayes rule:

P(Vi, R|I, I,) = P(L|I,, Vi, R)P(R — V4| Vo, Vi) P(Vo, V1) (6.30)

The likelihood P([;|I., Vi, R) is expressed in terms of the likelihood L, (t;) and

matching cost ¢(r;) of the sketch primitives.

P(L|L, Vi, R) o< [ [ L, (t:) exp[= > c(ry)] (6.31)
i=1 ri€ER
The prior
P(R = Vo|Vo, V1) o exp[—Ec(R) — BoEip(R, VA1) (6.32)

is defined in terms of the energy of the soft control points:

E(R) =) (d; - p)/20; (6.33)

ri€Vo
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and the thin plate bending energy:

(z,y)EG

which is computed on a 6 x 6 grid G containing the centers of all the square
regions and neighboring grid points on the boundary primitives. For example, if
the point (z,y) € G is the center of r; € R and rn,"Nw, "w,"sw, s, "'SE, TE, "NE

are the 8 neighbors of r;, then

yy(

dyy(z,y) = dn — 2d; + dg
dmy(x7

y) = (dng + dsw — dyw — dsg) /4

Figure 6.16: The region not covered by boundary primitives has a thin plate
spline prior, computed on a rectangular grid that intersects the wings (atomic

regions) of the primitives.

Similar terms in the bending energy Fj(R,V;) can be written for cases where
one or many of the neighbors are boundary primitives. However, there are no
terms involving the left and right atomic regions I;, r; € m; belonging to the same

edge primitive ;.
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The prior P(Vp, V1) = P(Vy)P(V;) assumes a uniform prior on V while P(V])

is defined in terms of the junction priors P(¢;) defined in section 6.3.2.
P() = [ P (6.35)
¢i€J
6.3.5 The inference algorithm

In our problem formulation, there are two types of variables, discrete and con-

tinuous. The discrete variables are
A=VUR? (6.36)

consisting of V¢ = {(¢(), o!(m), 0" (m), p(r)),V 7 € V1 } and R? = {(s(r), o(r), p(r)),Vr €
R}. All other variables are continuous variables, namely V¢ = V; \ V¢ and

R¢ = R — R? and can be divided into the boundary conditions
[ = Vg U{d(m), ¥ 7 € Vi, p(r) = 1} (6.37)

and the fill-in variables

¥ = {([w(m)], [f(x)]), V7 € V1 }U

(6.38)
{d(m),vm e Vi,p(m) =0} U R = V5.
The posterior probability can then be written as
p(Vi, R|I}, 1) = p(A, T, Y|}, I,,) (6.39)

In a MAP formulation, our algorithm needs to perform the following three

tasks:

1. Reconstruct the 3D sketch to infer the parameters I' of the primitives.
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2. Label the primitive graph to infer the discrete parameters A, i.e. associate
the primitives with the appropriate types. This represents the detection of

surface boundaries and of the feature points of the image.

3. Perform ”fill in” of the remaining parts of the image, using the MRF and
I', A as boundary conditions, to infer ¥ and obtain a dense disparity map

D.

The algorithm will proceed as follows. In an initialization phase, the first two
steps will be performed to compute an approximate initial solution. Then steps

2) and 3) will be performed to obtain the final result.

6.3.5.1 Initialization

Initializing the system purely based on the local depth 1, and likelihood L, (t)
information existent at the primitives m# € Vj results in an inconsistent initial
solution which is valid only at places with reliable local depth information, as

shown in Figure 6.17.

SR

Figure 6.17: An initialization purely based on local information is not satisfactory.

A major improvement can be achieved by using the junction prior P(¢) that
has been defined in Section 6.3.2, which provides a way to propagate depth infor-

mation quickly along the edges of the sketch, from the places where it is available.
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This is why we use an approximation of the posterior probability that only takes

into account the matching cost of the edge regions 7; € V; and the junction prior.

Te

P(Vi|Ii, 1) o< exp[— > c(m)] [ Ple:) (6.40)

=1 ¢pi€J
At this stage, the variables that highly depend on the thin plate spline prior
will be assigned some default values. Thus, the wing parameters w;, Vr; € V; will
be assigned value 0 (i.e. all wings will be horizontal), while the occlusion labels

o; will be assigned value 1 (unoccluded).

The initialization algorithm alternates the following MCMC steps:

e a single node move that changes one variable d; at a time.

e a move that simultaneously shifts all d; at the same junction ¢ by the same
value. This move is capable of adjusting the disparity of primitives at a
junction at times when changing the disparity of only one primitive will be

rejected because of the continuity prior.

e a labeling move as described in the MCMC algorithm section 6.3.5.3, which
proposes a new labeling for a set of primitives and junctions. The move

is accepted using the Metropolis-Hastings method based on the posterior

probability from Eq. (6.40).

The algorithm is run for 10|V;| steps and obtains the initialization result
shown in Figure 6.18 in about 10 seconds. The initialization algorithm is very
fast because the fill-in of the interior pixels is not performed, eliminating the

expensive MRF computation.

The 3D reconstruction of the curve primitives is performed separately in a

similar manner. The labeling move is much simpler, since the curve primitives
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Figure 6.18: By propagating the junction priors along the sketch, a much better

initialization can be quickly obtained.

basically accept two labels, surface/non-surface.

6.3.5.2 Updating the fill-in variables ¥

Observe that in our formulation of the energy, if A, I" are fixed, the conditional
—log(P(¥|A,T")) is a quadratic function in all the variables W, so it can be
minimized analytically. This implies that ¥ can be regarded as a function on
AT, ie. ¥ =WU(A,T). This restricts the problem to maximizing the probability
P(A,T,U(A, )|, I,), of much smaller dimensionality.

However, minimizing — log(P(¥|A,T")) analytically involves inverting a ma-
trix of size n x n, where n = |¥|. This can be computationally expensive if
all the variables of ¥ are updated at the same time, since ¥ is on the order of
|| ~ 4000. But since inside each of the regions bounded by the control point
sketch primitives, the variables depend only on the control points inside and on
the boundary of this region, the computation can be localized to each of these
regions independently, as shown in Figure 6.19, and the computation demand

will be much lower.

Observe that the update can affect some non-control point edges, such as the
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Figure 6.19: The fill-in can be restricted to the connected components bounded
by control point boundary primitives. In a few steps, the initial 3D reconstruction
before graph labeling is obtained. Shown are the 3D reconstructions after 0,1,4,5
connected components have been updated. The horizontal edges change the

disparity at the same time with the interior, because they are not control points.

horizontal edges from Figure 6.19.

For each such connected component C', we define relative labels [ of the edges
adjacent to C that only take into account the side of the edge that belongs to C'.
For example, an occluding edge type 4 and an edge of type 1 will have the same
label relative to the component containing the atomic region on the right of the
edge. Using these relative labels, we reduce the computation expense, b defining
the energy of the region

E(Cle)= > cl(m)+ Y clr(m)+ Y er)+ E(C)+ mEy(C) (6.41)
l(m)eC r(m)eC reCNR

This energy will be memorized for each pair C,ls, so that, during the MCMC
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optimization described below, if the same labeling combination occurs for this
region, the energy computation will be readily available without performing an-
other MRF reconstruction.

The full posterior probability can be recovered from the energy of the regions
and the junction prior:

P(Vy, R|I, 1) o< exp[= > E(C,le) [] P(¢) (6.42)

c ped
6.3.5.3 The MCMUC optimization algorithm

After the initialization, the 3D sketch variables I' = I'g will be fixed. The algo-

rithm will only update the primitive types A and the fill-in variables .

To maximize P(A, T, ¥(A,Ty)|1;, I,) we will use a Markov chain Monte Carlo
algorithm that will sample P(A,Tg, W(A,To)|1;, I-), and this way obtain the most

probable solutions.

T-junction §§ % % 7§ g § §
Y

occlusion edge -junction Y-junction

Figure 6.20: Each graph labeling move changes the types of a set of primitives in a
consistent manner. First a primitive 7 is chosen and its type is sampled from the
likelihood L,(t), then the adjacent junctions change their type conditional on the
chosen type of 7, which in turn determine the types of the other primitives of the
junctions, etc. The labeling move is accepted based on the Metropolis-Hastings

method. Illustrated is the left side of the umbrella image.

At each step, the algorithm proposes, as shown in Figure 6.20, new types for
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a set of primitives IV and junctions J in one move described below:

1. arandom non-horizontal primitive 7 is chosen and N is initialized N = {7}

while J is initialized with the two junctions ¢1, ¢o adjacent to n, J =

{o1, 02}

2. the primitive type ¢(7) is sampled from the local likelihood L, (t).

3. conditional on the primitive type ¢(7), the type of each of the two junctions

¢ € J is sampled from Ly(t). This determines the types of all primitives of
N, ={n" & N, 7’ ~ ¢ for some ¢ € J}, (6.43)
where ™ ~ ¢ means 7 is adjacent to ¢.
4. N is updated N <+ N U N,,.

5. The junctions adjacent all primitives 7 € N,, are added to J as follows.
Initialize J,, = (). For each m € N,,, we pick the adjacent junction ¢ & J. If
the primitive had its type changed, then J,, < J,U{¢}. If the primitive and
has the same type as before this move, then J,, < J, U{¢} with probability
0.5. Set J «— J U J,.

6. for each m € N,, and each ¢ € J,, ™ ~ ¢, repeat steps 3-5.

After each proposal, the fill-in variables W(A, I') are updated for the connected

components C' for which it is necessary.

The labeling move is accepted based on the full posterior probability, com-

puted using eq. (6.42).
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Figure 6.21: Two comparison examples using the graph cuts algorithm on

scenes containing textureless surface and curve structures. (a) left image, (b)

disparity map, (c¢) 3d map. Our results are shown in Fig.6.22.
6.3.6 Experimental results

The experiments are presented in Fig.6.22 where five typical images for stereo
matching are shown. The first two have textureless surfaces and the most in-
formation is from the surface boundaries. The fourth image has curves (twigs).
For these three images, it is not a surprise to see that the graph cut method
with simple MRF models on pixels produce unsatisfactory results (see Fig.6.21

for comparison).

The third and fifth images are from [33] and [47] respectively and have free-
form surfaces with or without textures. We have also shown the interactions of

the two layers in Fig.6.19 and the effects of sketch labeling in Fig. 6.17 and 6.18.
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Figure 6.22: Results obtained using our method. (a) left image of the stereo pair,

(b) 3D sketch using the primitives, (c¢) 3D depth map, (d) disparity map.
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CHAPTER 7

Conclusions

In this thesis, we present a generic inference algorithm for sampling arbitrary
probabilities or energy functions on general graphs by extending the SW method
from physics and the Gibbs sampler (SWC-3). Our method extends the SW
method from the Metropolis-Hastings perspective and it is thus different from
other interpretations in the literature[11, 26]. In fact, there were some early
attempts for applying SW to image analysis[26, 7] using a partial decoupling

concept.

The speed of the SW-cut method depends on the discriminative probabilities
on the edges and vertices. Such probabilities also make a theoretical analysis of
convergence difficult. In ongoing projects, we are studying ways for bounding
the SW-cut convergence with “external field” (data) and for diagnosing exact
sampling using recent advanced techniques. We are also incorporating the SW-

Cuts into the DDMCMC framework for image parsing.
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APPENDIX A

Proof of Theorem 4

Consider a reversible jump between two states X and X’ which differ only in the
labeling of R,
Xp=0#0 =X}y, Xp=Xgz. (A.1)

As we have already mentioned, the acceptance probability is computed by the

Metropolis-Hastings method

X = gy IX X)) @ (X
a(X = X) = minfl, o= o) (A.2)

We will now compute the proposal probabilities ¢(X — X’) and ¢(X' — X).

First we consider the canonical case when there is a unique path for moving
between states X and X’ in one step — choosing R and changing its color from ¢
to (.

Then the computation of the probability ¢(X — X’) follows the description

of the algorithm.

Let U|X and U’|X’ be the auxiliary variables following the Bernoulli prob-
abilities in the flipping step. They lead to two sets of connected components
CP(U|X) and CP(U’|X’) respectively. We divide U into two sets for the "on”

and "oft” edges respectively,

U = Uy, N Uug. (A.3)
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Uon = {pij + pij =1}, Uos = {pij : pij = 0}
We are only interested in the configurations U (and thus CP’s) which yield the
connected component R. We collect all such U given X in the set,

U(R|X) ={U : R e CP(UIX)}. (A.4)

In order for R to be a connected component in X, all edges between R and V,\ R
must be cut (turned off), otherwise R is connected to other vertices in V; and
cannot be a connected component. So, we denote the remaining ”off” edges by
“ U,

Uyt =C(R,V,) U Uy, VU e ¥Y(RIX). (A.5)

Similarly, we collect all U’ in state X’ which produce the connected component
R,
U(RIX')={U": Re CP(U|X')}. (A.6)

In order for R to be a connected component in U’|X’, the clustering step must

cut all the edges between R and V. Thus we have
U =U_ NU (A.7)

with
Ulg =C(R, V) U Uy, VU € Y(RIX'). (A.8)

We are now ready to compute ¢(X — X'). Suppose that we choose R € CP
with probability ¢(R|CP). Since for all configurations W(R|X), the probability
to change the label of R to ¢ has the same value ¢(Xr = ¢'|R, X), we have

¢(X = X') = q(R|X)q(Xr = I'| R, X) (A.9)

The two factors correspond to the clustering and flipping steps, respectively.
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Then the probability ¢(R|X) of choosing R at state X is the sum over all
possible U € W(R|X) of the probability of choosing U € W(R|X) times the
probability of choosing R from CP(U|X),

¢RX)= > [RICPUX) [T @ [ Q-a) [T O—a)

UeV¥(R|X) <4,j>€Uon  <i,j>€ Ugyg <i,j>€C(R,Vy)

(A.10)

Similarly, the probability for choosing R C V;r at state X' is

gRIX)= > [grRIcPUX) [T @ [] Q-a)] T[] Q—a).

U'eV(R|X') <i,j>€U,, <i,j>e- Ul <i,j>€C(R,Vyr)

(A.11)

We see that these proposal probabilities are very hard to compute, because of
the exponential number of combinations U € ¥(R|X) which produce the same
connected component R. In what follows, we will show how the ratio of the

proposal probabilities can be simplified to obtain the desired equation (2.36).

We obtain
¢X' = X)  qBX) ¢(Xp={R X)
(X —X)  qRX) ¢Xg="V|R X)

Dividing eqn. (A.10) by eqn. (A.11), we obtain the ratio

I =g Y laricPOx) [ @ [] @-a)

(A.12)

q(R\X) | <ig>eC(RV) UeV(R|X) <4,j>€Uon  <i,j>€~ Ueyg
4(RIX)) I 0-a) Y larCPUX) I @ [ (1-a)
<i,j>€C(R,Vy) U'e¥(RIX") <i,j>€UL, <ij>e~Ulg

(A.13)
The sums in the numerator and denominator of the above equation are equal

because of the following

Observation 1. For any U € W(R|X), there exists exactly one U € VU(R|X')
such that
CP(U|X) = CP(U'|X") (A.14)
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and

U, =U,,, Uy =" Ul. (A.15)

on’

That is, U and U’ differ only in the cuts C(R,V;) and C(R, Vy).

The cancelation of the sums in equation (A.13) gives

q(RIX) [T jsecmvy (I — @)
q(R|X/) H<i,j>€C(R,VZ/)(1 — ql])

(A.16)

Note that the proof holds for arbitrary design of ¢;;, arbitrary design of
¢(R|CP(U|X)) on arbitrary graphs.

We will now consider the split and merge cases (see Section 2.2.2) which have

two possible paths between the states X and X'.

State X State X

Figure A.1: State X has two subgraphs V; and V5 which are merged in state X'.
There are two paths between X and X’. One is to choose R = V; and the other

is to choose R = V5.

Without loss of generality, we can assume the states are X = (V4, V5, V3, ..., V},)
and X' = (Vi49, V3, V4, ..., V,,) with Vi,o = V3 U V4. The proposal probability

(X — X') is the sum of proposal probabilities in the two paths.

e Path 1: Choose R =V in X and merge it to V5 (i.e. choosing X = 2) to
reach X', and conversely, choose R = V] C Vi3 in X’ and split it to a new

color Vi (i.e. choosing Xg = 1) and the rest Vi 5\V] is named V5.
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e Path 2: Choose R = V5, in X and merge it to Vi (i.e. choosing Xz = 1) to
reach X', and reversely, Choose R = V5 C Vi 5 in X’ and split it to a new
color V4, and the rest Vjo\Vs is named V.

We can summarize these paths into

¢X—=X)  qR=W[X)q(Xr =2[R=V;,X) +q(R =15|X)q(Xp = 1|R = 13,X)

(X' = X)  ¢(R=W[X)q(Xgr=1R=V,X)+q(R=V3X)q(Xpr =2|R=13,X')’

(A.17)
Then we have the following two observations:
Firstly, from eq (A.13), we know,

Q(R = V1|X/) B H<z’,j>ec(V1,Vz)(1 o qU) N q(R - V2|X,)

Secondly, once R is selected from X (or X'), its new label follows a label
proposal probability which depends on the partition of all other vertices V\R
which are the same for both X and X’. Note that all permutations of the labelings
are considered equivalent. Therefore we have

(Xp=1R=V,X) q¢Xp=2[R=1V3X)

(A.19)

9(Xp=l'|R,X)

Therefore, we can write the ratio in both paths as WX p=lRX)

. Plug eqns. (A.18)
and (A.19) in eq. (A.17), we have the result.

The split case is the reverse of the merge case and thus both cases are proven

in the above discussion.
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