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Abstract

The problem of discrete Markov Random Field optimization, or MAP inference,
can be reformulated as an integer linear program (ILP), which is NP-Hard in general.
A usual method to approximately solve this ILP is to relax the integral constraints.
Many MAP inference methods have been based on this linear programming relaxation.
In this work, we propose a new decomposition scheme to solve the dual of this relaxed
linear program, where the dependencies between any two nodes of the graph are
relaxed using Lagrangian relaxation. Since the dual function is non-differentiable,
subgradient methods are first used. The application on a stereo vision problem shows
that the convergence rate of these methods, which is O(1/€?) in theory, is not practical.
Therefore, we smooth the dual using Nesterov’s method and then use optimal first-
order gradient methods to optimize the obtained smooth function, which result in a
better convergence rate of O(1/¢). The method can handle any graph structures with
arbitrary potential functions. As an application, a new MRF model for locally affine
image registration is proposed.
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1 Introduction

Markov Random Fields (MRFSs) are a class of Probabilistic Graphical Models (PGMs),
which use a graph-based representation to encode a probability distribution, where the
nodes represent random variables and the edges represent independencies between them.

Since MRFs has the ability to model soft contextual constraints between random variables,
they are extremely suitable for image or scene modeling, which usually involve interac-
tions between a subset of pixels or scene components. The very first application of MRF's
in computer vision and image processing was proposed in [Geman and Geman, 1984] for
the problem of image denoising/restoration. Since then, they have attracted a significant
amount of computer vision research and have become a ubiquitous method for solving all
kinds of vision problems, such as image denoising and restoration [Geman and Geman,
1984; Chambolle, 2005], stereo vision [Boykov et al., 2001}, multi-view reconstruction [Kol-
mogorov and Zabih, 2002; Vogiatzis et al., 2007], image segmentation [Rother et al., 2004],
optical flow and motion analysis [Glocker et al., 2008], object recognition [Felzenszwalb
and Huttenlocher, 2005],... just to name a few. Refer to [Wang et al., 2013] for a survey
on MRF modeling, inference and learning in computer vision.

One of the main reasons for which MRFs have become so popular is that many computer
vision problems, such as the ones listed above, can be formulated as labeling problems,
which can be next seen as problems of Maximum a Posteriori (MAP) inference of some
MRFs. There are four main classes of MAP inference methods:

Message-passing, also known as belief propagation (BP), was first proposed in [Pearl,
1982] for inference on trees. The idea of message passing is iteratively improving
the labeling by passing local messages between neighboring nodes. The messages
are the beliefs about the local configuration. The first generalization of BP was
Loopy belief propagation [Frey and MacKay, 1997] for the use of BP in graphs with
loops, which does not provide a guarantee on the convergence and the quality of
the solution. Recent generalizations of BP include tree-reweighted message passing
(TRW) [Wainwright et al., 2005], which approximates the energy function based on
a convex combination of trees and then maximizes a lower bound on the energy.
However, the algorithm is not guaranteed to increase this bound and thus may not
converge. Therefore, [Kolmogorov, 2006] developed a modification of this algorithm,
called sequential tree-reweighted message passing (TRW-S), in which the lower bound
is guaranteed not to decrease.

Move-making methods apply a sequence of minimizations over subsets of the label
space, iteratively improving the current labeling. These include graph cut based
methods such as a-ezpansion and a-swap [Boykov et al., 2001] for submodular, met-
ric or semi-metric energy functions; Quadratic pseudo-boolean optimization (QPBO)
[Kolmogorov and Rother, 2007] for non-submodular energy functions. A generaliza-
tion of a-expansion was proposed in [Komodakis et al., 2008], called Fast primal-dual
(FastPD), which optimizes both the MRF optimization problem and its dual at each
iteration, leading to a significant speed up. FastPD can handle arbitrary potential
functions; however, it might get stuck in sub-optimum.

Combinatorial methods see the labeling problem as an integer linear program (ILP)
and solve it exactly using combinatorial techniques such as branch-and-bound [Ot-
ten and Dechter, 2014; Martins et al., 2011], multicut [Kappes et al., 2011], etc...



Methods in this class provide the exact integer solution, unlike the methods in the
other classes that usually provide real solutions (because they use an approximation),
which need further a rounding step to be converted to feasible integer solutions.

Convex relaxation methods approximate the original labeling problem, which is NP-
Hard, based on different relaxations and then use convex optimization techniques
to solve the relaxed problem. The most popular class of these methods is linear
programming (LP) relaxation, which consists of relaxing the integer constraints in
the integer linear program being equivalent to the MRF labeling problem. Note that
TRW, TRW-S and FastPD can also be considered to fall into this class, since they
are based on the LP relaxation. These three methods, however, might stuck in local
optimum.

The method proposed in [Komodakis and Paragios, 2009; Komodakis et al., 2011]
uses dual decomposition (DD) [Bertsekas, 1999] to decompose the dual problem into
a number of subproblems which are easy to solve, leveraging the structure of the
problem. The sum of the minima of these subproblems corresponds to a value of
the dual objective, which is a lowerbound of the primal objective. This lowerbound
is iteratively maximized using projected subgradient methods [Bertsekas, 1999] (note
that minimizing the primal objective of an LP is equivalent to maximizing its dual
objective).

Based on the same DD framework, [Kappes et al., 2012] proposed to update the
dual objective using bundle methods [Bertsekas, 1999] instead of using projected
subgradients.

These two DD methods are guaranteed to converge to the global optimum. How-
ever, they provide a very slow rate of convergence, namely O(1/¢?) time complexity
for an e-accurate solution. This is mainly caused by the non-smoothness of the
dual objective. Thus, in [Jojic et al., 2010], Nesterov’s smoothing and accelerated
first-order gradient method [Nesterov, 2005] was applied to the previous DD frame-
work to obtain the better convergence rate of O(1/¢). However, as pointed out by
[Savchynskyy et al., 2011], there was an inconsistency in choosing the norms in [Jojic
et al., 2010], which lead to invalid complexity bounds. They also presented a sim-
ilar approach, correctly choosing the norms, and moreover, dynamically adjust the
Lipschitz constant and the smoothing parameter to further accelerate the algorithm.

Finally, other more complex relaxations methods have also been proposed, including
the quadratic programming relazation [Ravikumar and Lafferty, 2006] and the second
order cone programming relaxation [Kumar et al., 2006]. However, as shown in
[Kumar et al., 2009], the simple LP relaxation provides a better approximation than
these more sophisticated methods.

Refer to [Kappes et al., 2013] and [Wang et al., 2013] for a more complete review on MAP
inference methods.

In this work, we will introduce a novel dual decomposition approach for solving the re-
laxed LP. In this decomposition, the dependencies between any two nodes of the graph are
relaxed using Lagrangian relaxation. Similar to [Komodakis and Paragios, 2009], subgradi-
ent methods are first used because the dual function is non-differentiable. The application
on a stereo vision problem shows that the convergence rate of these methods, which is
O(1/€?) in theory, is not practical. Thus, we smooth the dual using Nesterov’s method



and then use optimal first-order gradient methods to optimize the obtained smooth func-
tion, which result in a better convergence rate of O(1/e). The method can handle any
graph structures with arbitrary potential functions. In addition, a new MRF model for
locally affine image registration is proposed at the end.

The report is organized as follows. In the next section we give a brief introduction to
PGMs and MRFs, mainly on the principle of factorizing a probability distribution and
on the MAP inference problem. In section 3, it we will show how to approximate the
MAP inference problem by a linear programming relaxation. In section 4, our novel dual
decomposition scheme using subgradient optimization is presented, with an application
on stereo disparity map estimation. Section 5 is the core of our work, where we combine
a smoothing technique with optimal first-order gradient methods to solve our proposed
dual problem. As an application, we propose a new MRF model for locally affine image
registration in section 6.



2 Markov Random Fields and Probabilistic Graphical Mod-
els

Probabilistic graphical models (PGMs) use a graph-based representation to compactly
encode a complex probability distribution over a high-dimensional space, where the con-
ditional dependence between the variables are represented by the structure of the graph.
In this graphical representation, the nodes represent the considered random variables,
and the edges correspond to probabilistic interactions (i.e. dependencies/independencies)
between them. These independencies allow the distribution to be represented in a factor-
ized form, i.e. the joint distribution can be decomposed into a product of factors each
depending only on a subset of the variables. (And inversely, a particular factorization of
the distribution guarantees that certain independencies hold [Koller and Friedman, 2009].)

PGMs have two main classes: the first, called Bayesian networks, uses directed acyclic
graphs, and the second, Markov random fields (MRFs), uses undirected graphs. Directed
graphs are useful for expressing causal relationships between random variables, whereas
undirected graphs are more suitable for expressing soft constraints between them. These
two classes induce different factorizations for the considered distribution (and equivalently,
encode different sets of independencies), as presented below.

For a distribution p(X) over the random variable X, denote by p(z) the distribution
evaluated for the particular value z, ie. p(z) := p(X = x). It is similar for multi-
dimensional or joint random variables.

Now consider the multi-dimensional (or joint) distribution p(X) = p(X1, Xo,..., X,,) over
the random variables X = (X1, Xo,...,X,,). Let G = (V, &) be a graph with the set of n
nodes V, corresponding to n random variables X7, ..., X,, and the set of edges &.

e If G is a directed acyclic graph, then we say that p(X) factorizes in G if and only if
p(x) is of the form:

n

p(x) = [ [ pzilzn) v, (1)

i=1
where z, denotes the set of parents of the node X;.

The graph G is thus the Bayesian network encoding the distribution p(X).

e If G is an undirected graph: denote by C the set of cliques of G (a clique is a set of
fully connected nodes), then we say that p(X) factorizes in G if and only if p(x) is
of the form: )

px) =~ I voxe) vx, (2)
ceC
where ¢ are some non-negative functions of the variables x¢c = (;);ec in the clique
C (these functions are called potentials), and Z = 3 [[occ Yc(%c) is a normaliza-
tion factor (such that the left-hand side of (2) is a valid probability distribution).

The graph G is thus the MRF encoding the distribution p(X).

For example, for the Bayesian network shown in Figure 1,we have the following factoriza-
tion:
p(x1, 2, 3, 24) = p(x1)p(z2)p(23|T1, 22)p(T4| 22, 3),



Figure 1: An example of Bayesian network (left) and Markov random field (right).

and for the MRF, we have

P, 2,23, 21) = (o1 (2)s () ()%
X P13(21, £3)123(x2, £3) V24 (T2, T4)V34(23, T4) V234 (22, T3, T4).

We will focus on discrete MRFs (i.e. x takes value in a discrete set) in this work. More
on PGMs can be found in [Koller and Friedman, 2009].

MAP Inference and Energy Minimization

A large variety of important computer vision problems, for example the ones listed previ-
ously, can be formulated as labeling problems, where one seeks to optimize some measure
of the quality of the labeling. One of the reasons why MRF's are so popular is that, these
labeling problems can be viewed as problems of maximum a posteriori (MAP) inference
of some MRF, i.e. finding

1
o = gm0 = wrgmgs 7 [ vt ®)

where one value of the variable x represents one labeling possible to the labeling problem.
In general, this problem is known to be NP-Hard [Shimony, 1994].

This MAP inference problem can be reformulated in terms of an energy minimization
problem, which is used more often in computer vision. Since the potentials ¥ are non-
negative, we can define ¥¢(x¢) = exp {—0c(x¢c)} (like Yo (-), we also refer O (-) as clique
potentials) and the joint probability becomes

p(x) = % [T exp{—bc(xc)} = %exp {— > GC(XC)} :

cecC ceC
We define the energy of the MRF by
E(x) =) fc(xc). (4)
ceC

Clearly, the MAP inference problem (3) is equivalent to minimizing this energy:
Xopt = arg max p(x) = arg min £'(x). (5)

The most common type of MRFs that is widely used in computer vision is the pairwise
MRFs, in which the order of maximal cliques is 2 (i.e. any clique contains at most 2
nodes). The energy of a pairwise MRF factorizing in G = (V, £) is thus

E(x) = Z Op(zp) + Z Opg(Tp, Tq) (6)

peV pqeE



The terms 6,(-) are called the unary potentials and the terms 6p,(-) are the pairwise
potentials.

3 Linear Programming Relaxation

We consider the problem of optimizing a discrete MRF factorizing in a pairwise graph
G = (V, &), where we assume that each random variable can take values in a set of labels
L of cardinality d = |L£|. Define 6, : £ — R and 6,, : £L x L — R the so-called unary
potential and pairwise potential function for each node p € V and each edge pg € £. The
task of MRF optimization is assigning a label [, € £ to each node p € V such that the
following MRF energy is minimized:

E= Z gp(lp) + Z qu(lpv lq)- (7)

peY pgeE

Define the indicator function u, : £ — {0, 1} such that u, () = 1 if we assign the label [ to
the node p (i.e. I, = 1) and uy(l) = 0 otherwise; the indicator function up, : £Lx £ — {0,1}
such that wup(l,1') = 1 if we assign the label [ to the node p, the label I’ to the node
¢, and upq(l,1") = 0 otherwise. Since each node is assigned with only one label, it is
straightforward that the following conditions hold:

> up(l) =1, Vp eV, (8)
lel
D g (1,1) = (1), Vpg € E,V1 € L, (9)
el
> gl 1) = ug(l), Vpg € E,V1 € L, (10)
el
up(l) € {0,1} ,upy(1,1") € {0,1}, VpeV,pge&,le Ll L. (11)

We use the notation {f(s)},cs to denote the vector consisting of all the possible values of
f(s) where s is taken from the finite discrete set S. The dimension of this vector is thus |S].

Define

up, = {up(D}ep € {0,1}" (12)
Upg = {“pq(lal/)}leg,yec € {0, 1}d2 (13)
u = {{whpey {uphyes } € {0,131 (14)
6, = {0()}cr eR! (15)
epq = {Hpq(lal,)}u'eﬁ € Rdz (16)
0 = {0} yer Oadyges p € 10,1} (17)
(18)

It is straightforward that the energy in (7) can be written in the form:
E@,u)=> 0ju,+ Y 6] u, (19)

peEV pge€



and we need to minimize this energy with respect to u, satisfying the constraints (8),
(9), (10) and (11). The set of u satisfying these constraints is known as the marginal
polytope [Wainwright et al., 2005]. The MRF optimization has now become an integer
linear program. If we relax the integer constraints (11) to

up(l) > 0,upg(1,1') >0, VpeV,pge&,le Ll €L, (20)

and keep all the other constraints, then the marginal polytope becomes the local marginal
polytope. Let U denote this local marginal polytope, i.e. U is given by

U = {u | u satisfies (8),(9), (10) and (20)}. (21)

The LP-relaxed MRF problem is thus given by:

minimize E@,u) = Zﬁgup + Z Ggqupq
peEY pgeE (22)
subject to uelu,

We will reformulate the constraint u € U to get a standard look of an LP. Denote by
1 the RY vector with all elements equal to 1. The constraints (8) can be re-written as
1Tup = 1 for any p, while (9) can be re-written as D - up, = u, Vpg € &, and (10) as
C-uy, =u, Vpge< &, where

D= diag(lT,lT, e lT), C= [diag(l) diag(1l) --- diag(l)] (23)

where D has d vectors in the diagonal and C has d blocks diag(1) (thus the size of D and
C are d x d?).
Therefore, (22) can be re-written as

minimize E@,u) = ZG;— up + Z 0;—61“1"1

peEY pgel
subject to 1Tu,=1 VYpeV, (24)
D -uy,,=u, Vpgef,
C-uy=u; Vpgeg,

1>u~»>0.

Note that the redundant constraint 1 > u (which can be inferred form the other con-
straints) has been added. We shall see later that this is for simplicity in solving the
sub-problems when doing dual decomposition.

4 Projected Subgradient Dual Decomposition

Dual decomposition (DD) is an old but quite powerful technique to solve non-linear op-
timization problems [Bertsekas, 1999]. In section 4.1 we present the general principle of
dual decomposition, then in section 4.2 we propose a new dual decomposition scheme to
solve the LP (24). Note that this decomposition scheme is different from the one in pre-
vious works [Komodakis and Paragios, 2009; Komodakis et al., 2011; Kappes et al., 2012;
Jojic et al., 2010; Savchynskyy et al., 2011]. Section 4.3 presents experimental results on
a problem of stereo disparity map estimation.



4.1 The principle

We briefly present the dual decomposition technique with subgradient (or supergradient)
scheme. Details can be found in [Bertsekas, 1999].

The key idea of DD is to decompose a difficult large problem into smaller easier subprob-
lems using Lagrangian relaxation, and then extract a solution by correctly combining the
solutions to the sub-problems. Thus, DD has two principal components: several subprob-
lems, called the slaves, and a master problem will act as a coordinator between the slaves.

4 . master coordinating
Origbiln a1 | decomposition // \:\‘ -~ nessages
problem !

slave 1 | = slaveNI

Figure 2: The principle of dual decomposition: the dual problem is decomposed into
easier slave problems, which are coordinated by a master problem. Image taken from
[Komodakis et al., 2011].

Consider the following convex problem:

minimize f(x):= Z fi(xq)
. =t (25)

subject to Z Ax;, =0,
i=1

where, f; : X — R are convex functions, X C R" is a closed convex set, A; € R™*"
(t=1,---,n).

We relax the equality constraints using Lagrange relaxation. The Lagrangian is given by:

L(X,A) = Z fZ(X) + AT <Z AiXi> = Z (fl(xl) + ATAZ‘XZ') s
=1 =1

i=1
and the (Lagrange) dual function by:

n
. . T

gA) = Jnin L(x,A) = Jnin 2 (fl(xz) +A Aixi> . (26)
The function f(x) can be referred as the (Lagrange) primal function. The maximal
value of the dual function provide a lowerbound on the minimum of the primal func-
tion: maxy g(A) < miny f(x). This property is called the weak duality. When equality
holds, we say that the strong duality holds. For the problem (25), the condition for which
the strong duality holds is that there is at least a point x € X such that the equality
constraint holds. We suppose this is the case.

We refer to the problem (25) as the primal problem (or simply the primal), and the problem
of maximizing the dual function as the dual problem (or the dual). If strong duality holds,



then instead of solving directly the primal, we can solve the dual and then recover the
optimum x* to the primal from the optimum A* to the dual, using x* = arg miny L(x, A*).

Clearly, from (26), we can see that the problem of finding the dual function decouples into
n independent sub-problems, finding:

9i(A) = )EHEH.}%? {fi(xi) + )\TAiXi} : (27)

These are the slaves. The dual problem becomes
max N A 5 28

which serves as the master. This problem is convex and so it can be solved using a sub-
gradient method (note that g(A) is not differentiable) and the convergence to the global
optimum is guaranteed. At each iteration, A is updated by A «— X + a;Vg(A), where
Vg(A) denotes the supergradient of the function g(-) at A.

For a function of the form h(A) = minyec {a(y) + ATb(y)} = a(y*) + ATb(y*) where C is
a compact set, we have

h(N) < a(y™) + (V) Tb(y*) = h(A) + (X = X) To(y"),

which means b(y*) is a supergradient of () at A. Applying this result to the dual function
(26), we see that ) " ; A;x} is a supergradient at A, where x} are the optimal solutions
to the slaves (27). Therefore, the update at each iteration is A «— X+ ay (37 Aix)).

Note that there are problems in which we have constraints on A, for example A € A,
some feasible set. In this case, the updated value of A must be projected onto this set:
A— A+ aVgA)a.

The presented technique was used in the dual decomposition framework proposed by
[Komodakis et al., 2011].

4.2 Applied to MRF optimization
We now apply the techniques presented previously to the LP (24).

We first relax the two equality constraints involving u,, in (24) (i.e. the coupling con-
straints) using Lagrangian method. The Lagrangian is

L(u,A\,v) = E(f,u) + Z ’\;q(D “Upg —up) + Z V;q(c “Upg — Uyg)

pgel pqgel
T T T T
= B@uw) = > A= > vpug+ > (AD w4, Coyy ).
pgel pgel pqel

If we convert the MRF into a directed graph, where each edge becomes directed (in any
manner), then it is seen that >, cc = > ey > iecnp) = 2ogev 2pepa(g) Where Ch(p)
and Pa(p) respectively denote the set of children and the set of parents of the node p.
Therefore, we have



T

YRRV DD DIVATES SY b DI I

pgeE pEV qeCh(p) pEV \ ¢eCh(p)
T

T T
D Vpm =D D Mpma =) D vy =) | X va| w
pqe€ q<€V pePa(q) pEV qePa(p) pEV \ g€Pa(p)

Denote Ap = —3_ conp) Apg and Vp = = 3_ cpy(y) Vap We have
LA v) =Y 0+ X +vp) 'y + Y (Bpg + DT A + CTrg) Ty (29)
peV pqeE

To obtain the dual function g(\,v), we minimize L(u,,v) subject to 1Tu, =1 VpeV
and 1 > u > 0:

Av) = min 0.+ X +v.) u
g( ) 1Tu,=1,u,>0 Vp p;/( p p P)
i T T T
* liupqrg(l)nqueg ze:g(epq +D /\pq +C qu) Upq
. T T -
_Z;)lru,,“_l}num b+ Ap o) Uy ) lﬂgto(opq +D Ay + CTrpy) Ty
re Pqe

Therefore, the slave problems are

gp(Ap,vp) = N miln 0(0p + A+ +I/p)Tup, Vp eV, (30)
up=1,up>
Ipg(Apgs Vpg) = 1>m1n prq + DT’\pq +C qu)Tupq’ Vpg € €. (31)

And the master problem is maximizing
v)= ngo‘p?’/p) + Z 9pa(Apq: Vpq) (32)
peV pgeE

over the set

A= SN {ped Avp}  vpad} | A + Z Apg = Vg + Z Vpg =0 Vpgeé
q€Ch(p) p€Pa(q)
(33)
We can view the above decomposition scheme as a decomposition of the problem into local
problems on each node and edge (Figure 3), since the slaves (30) and (31) involved only
node and edge variables. Note that the decomposition scheme proposed by [Komodakis
et al., 2011] does not include the above scheme.

Solving the slaves
The solution @, and 1, to the slaves (30) and (31) are straightforward:
u,[i] =1 and G,[j] =0 Vj # i, where i = argmin(8, + X, +v,)[i], (34)

i = {0 if By + D A+ CTwg)li] 20, 35)

1 if (Bpy + DAy, + ClTuy)[i] <0

10
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Figure 3: The problem is decomposed into local sub-problems at each node and each
edge. Here we use a grid graph for illustration, the decomposition is of course valid for
any other structures.

Solving the master

-
Note that the dual function (32) can be re-written as g(A,#) = min {a(u) + [2] b(u)}

where
{up}pev
b(u) _ {ym}pqeg
{up}pev
{qu }pqeg

v Ypg =D uyy,  Zpg = Cuy,.

Hence, if u is an optimal solution to the slave problems, then b(@) is a supergradient of g
at (A, v). Therefore, at each iteration, A and v are updated by:

Ap — [Ap + arip)a, vy < [Vp + apip)a (36)
Apg < [Apg + ¥pgla, Vpg < [Vpg + uZpg|a (37)

where «; > 0 is the step size at iteration ¢, and [a]s denotes the projection of a on the set
A. This projection is given by Lemma 1 below.

Lemma 1 The FEuclidean projection (A7) of a given point (a,b) on the set A is given

by:
A a ! a, + Z a Vpg € € (38)
= BTN ) pq )
Prq Pq |Ch(p)| 4 1 P Pq
q€Ch(p)
== D Ag|, YpeV; (39)
q€Ch(p)
1
Vyy=byy— ——++— | b, + b , Vpg €€, 40
Pq pq \Pa(q)| 41 q Z 2 ( )
p€Pa(q)
Vg=— Z Upg |, VgeV. (41)
p€Pa(q)
PROOF See Appendices, page 34. O

Using this lemma, it is easy to show that the updating rules (36) and (37) are reduced to

Ap — Ap + AN, vy < Vp + Ay,
Apg S Apg + arAdy, Vpg < Vpg + 0t Avp,

11



where

uy + ZrECh(p) Ypr up + ZTEPa(p) Zpr

AN, =u, — ) Av, =u, — ) 42

P = T TG + 1 P T T el + 1 42)
u, + ZréCh(p) Ypr up + ZrePa(p) Zpr

B =¥ = et AT T pap) 41 )

Moreover, instead of updating (A, v), and then updating 8, + A, + v, and 6,, + DT X,, +
CTqu to solve the slave problems, we can directly update 8, and 8,, using 8, <—
0, + AN, + aAvy, and 0, <— 0, + atDTA/\pq + atCTAupq.

Finally, we have the following algorithm:
Algorithm
1. Solve the node slave problems:

(a) Find an ¢ such that 6,[i| = min; 0,[j].

(b) Get the solution
i) = 1 and W[j] =0 Vj # . (44)

2. Solve the edge slave problems:

Uy, i) = 0 i Bpli] 2 0, Vi. (45)
H 1 if@,,i] <0

3. Compute y,q = D -1, and z,, = C - 1,y and then AX and Av using (42) and (43).
4. Update the slave parameters:

0, <— 0, + AN, + v Av,,

0,q < 0py + DT AN, + ,CT Avy,.

5. Go back to 1. and repeat until convergence.

4.3 Results

We apply our algorithm for computing the disparity maps from the well-known Tsukuba
stereo images (Figure 4).

(a) Left image (b) Right image (c) Disparity ground-truth

Figure 4: Images used for the experiments.
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We use a grid graph with 4-connectivity, each node corresponds to each pixel of the dis-
parity map and there is an edge connecting any pair of neighboring pixels. The sizes of
the images are w = 384, h = 288. Thus, the number of nodes is |V| = wh = 110592 and
the number of edges is |€| = w(h — 1) + h(w — 1) = 220512.

The MAP inference consists of assigning each node with a label that corresponds to the
disparity of the corresponding pixel. The MRF energy is given by

E= Zep(dp) + Z Opq(dp, dg), (46)

peV pgeE

where d, is the disparity assigned to the node p, taking values from the set of labels
L ={0,1,...,16}. Denote by I; the left grayscale image and by I the right grayscale
image.

We define the potentials using truncated absolute difference functions:

Op(dp) = min(|11(2,y) — I2(x — dp,y)|,0)  (p = (2,9))
Opq(dp, dg) = wpq min(|d, — dy, 7).

The unary potentials penalize solutions that are inconsistent with the observed data, they
are also called the data terms; whereas the pairwise potentials enforces spatial coherence
and often called the smoothness terms. This model was discussed for example in [Zhang
and Seitz, 2007]. We can choose for example 0 = 18, 7 = 2 and w,q = 10 Vpg € €.

The results are shown in Figure 5.

DD (Energy = 2408896.000000) Dual decomposition
14000 T T

Primal
Dual

12000

10000

8000

Energy

6000

4000 [

2000

0

-2000
0

L L L L L L L L
500 1000 1500 2000 2500 3000 3500 4000 4500
lterations

50 100 150 200 250 300 350

(a) Estimated disparity map (b) The values of the primal and the dual.

Figure 5: Results by subgradient dual decomposition.

Theoretically, we know that the algorithm will converge after a big enough number of iter-
ations. Indeed, from the results, we observe that the dual and primal tend to convergence.
However, the convergence rate of subgradient methods is O(1/€2) and in our example, this
is just too loose.

13



5 Smoothing and Accelerated First-order Gradient Meth-
ods

The reason we had to use subgradient methods instead of classical gradient methods was
because the (convex) dual function (32) is not differentiable. As we have seen, subgradient
methods have a poor convergence rate, which is theoretically O(1/e?) [Bertsekas, 1999)].
A method to improve the convergent rate is smoothing the dual, and then using classical
gradient descent methods, which can achieve O(1/¢) [Bertsekas, 1999]. Or even better,
if the gradient of the smoothed objective function is Lipschitz continuous, then a class
of accelerated first-order methods can be applied to have O(\/L/¢) rate (where L is the
Lipschitz constant). The combination of smoothing and accelerated first-order method
was pioneered by [Nesterov, 2005] for a class of functions. A unified framework for a more
general class of functions was introduced in [Beck and Teboulle, 2012].

The strategy has been applied to MRF optimization by several authors, for example by
[Jojic et al., 2010] and [Savchynskyy et al., 2011] for the dual decomposition framework
proposed in [Komodakis and Paragios, 2009]. In this work, we apply it to our proposed
dual decomposition approach.

In Section 5.1, the smoothing technique in [Nesterov, 2005] will be presented. Section 5.2
will show how to apply this technique to our previous MRF dual decomposition approach.
In Section 5.3 we show how to apply accelerated first-order methods to minimize the
obtained smooth function. Finally, Section 5.4 we apply the method to the previous
stereo example to show that it completely outperforms the projected subgradient dual
decomposition that we previously proposed in Section 4.

5.1 Smoothing technique

We briefly present the technique proposed by [Nesterov, 2005], which provides a smooth
approximation for any function f : F; — R of the form:

f(z) = max {(Az,u) g, — d(u) } (47)

where:
e I, F are finite-dimensional real vector spaces;
e () is a bounded closed convex set in Eo;
e ¢(+) is a continuous convex function on Q;

o A: Ey — E3 a linear map from Ej to the dual space E35 of Ey. The adjoint operator
A* 1 By — EY is defined by (A*u,z)p = (Az,u)p, Vr € E1,Vu € Ea. The norm
of A is given by:

JAl = sup  {(Az,u)p, : 2] = llullg, =1}.
r€FE1 ueky

For simplicity, the results and derivations are presented for the particular case Fy =
(R™,[[][,) and E5 = (R™,[|||,), to which the application to our problem is limited. We
recall the following fundamental results in functional analysis (see for example [Higham,
1992]):
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e The dual norm of /1 norm is ¢, norm and vice-versa.

e The dual norm of £, norm (p > 1) is ¢,y norm with % + 1% =1.

Thus, we have Ef = (]R”, ||HL> and By = (Rm, H”L> (We use the convention that
p—1 q—1

Ly =o0ifp=1)

In this case, the linear map A from E; to E3, ie. from (R" []-[|,) to (R™,]-[|,), can be

represented by an m x n matrix A, called the representing matriz. The norm of this linear

map is the induced norm of the representing matrix:

A,

[Al = l|All,, = sup :
x€Rm\{0} ||XHp

Now, we seek a smooth approximation of the function f : R"™ — R of the form:

7(00) = max { (Ax) Tu — o)} (48)
where A is an R"™*" matrix, Q C FEy = (Rm, -l e ) a bounded closed convex set,
-

¢ : Q — R is a continuous convex function. We will show later that the (additive)
inverse of the dual of our MRF optimization problem can be written in this
form.

Let d: Q@ — R be a function with the following properties:

e d(-) is continuous and strongly convex with convexity parameter o > 0.

e mingcgd(u) = 0. Thus, from the previous property we have d(u) > § [ju — ug
where ug = arg minyeg d(u) is the proz center of Q.

The function d(-) is called a prox function of the set () [Nesterov, 2005]. Note that we
have equipped Ey with the norm ||| o thus, the inequality in the latter property should
P

read d(w) > § u—up|%y .

Define

Fuo¢) = max { (Ax)Tw = 6(w) — pd(w) } = (A3) T, (x) — B(u(x)) — pa(wu(x)) | (49)

where u,,(x) = arg maxucq { (Ax) 'u — ¢(u) — pd(u)}. We have the following results.
Theorem 1 (Smoothing) [Nesterov, 2005]

1. The function f,(x) is well defined and continuously differentiable at any x € R™.
Moreover, this function is convex and its gradient

Vu(x) = ATu,(x)

- . , . Al
is Lipschitz continuous with constant L, = I Mllfq ,

2
o 1A, n
IVIu(x) = Vi), < T Ix=yl, vxyeR"
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2. Denote D = maxyecg d(u). Then for any x € R"™ we have:
fu(x) < f(x) < fu(x) + uD. (50)

From the inequality (50) we see that f,(x) is an e-accurate approximation of f(x) with
e=uD.
5.2 Applied to smooth the dual of our MRF optimization problem

In subsection 5.2.1, we will first reformulate the MRF dual problem so that the previous
smoothing technique can be applied. Next, in section 5.2.2, we will detail how to apply
the previous smoothing technique to our new dual problem.

5.2.1 The MRF dual problem

Recall that our MRF optimization problem reduces to the linear program (24). For the
purpose of smoothing (that will become clear later), we will slightly reformulate that LP
in the following form:

minimize E@,u) = ZO;—up + Z ngupq

peV pqe€
subject to 1Tup =1 VpeV,
17, =1 Vpgcé&, (51)

D.-uy,=u, Vpgef,

C-uy=u, Vpgeg,

u> 0.
Note that the redundant constraint lTupq =1 Vpq € £ (which can be inferred from the
other constraints) has been added. The dimension of u is m = d|V| + d? |€]. (We recall
that d is the number of labels.)

It is straightforward that there exists a unique matrix A such that:

ATu= (52)

{_Dupq + up}pqe(f]

{—Cuyp, + uq}pqeg

(We will later explain how to construct A at page 18.) Thus, the third and fourth equality
constraints in the primal problem (51) can be re-written as ATu = 0. Let us also re-write
the other constraints as u € (), where

Q:{u‘lTupzl VpeV, 1Tupq:1 Vpq € &, uZO}, (53)
which is a bounded closed convex set in R™.

Now, we will relax the constraint A"u = 0 using Lagrangian relaxation. Denote the dual
variables by
_ {qu}pqeg

= eR™, n=2d|&|.
[{qu}pqeg ‘ |
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Then the Lagrangian is L(u,x) = E(u) — x" ATu (which can also have the form (29))
and the dual function is

g(x) = min L(u,x) = — max {(Ax)Tu - E(u)} .

ueqQ ueQ
Define:
f(x) = max { (Ax)Tu — E(u)} (54)
ueQ
we have g(x) = — f(x) and thus maximizing ¢g(x) is equivalent to minimizing f(x), which

has the form (48) (with ¢(-) = E(-)) and thus can be approximated using the smoothing
technique previously presented.
5.2.2 Smoothing the dual

To smooth f(-), we need to find a prox function d(-) of the set @, defined by (53). Then
from (49), a smooth approximation of f is then given by:

ulox) = max { (Ax)Tw — B(w) — pd(w) } = max {~L(w,x) ~ pd(w)}  (55)

We use the prox function defined in the following lemma.
Lemma 2 The function
d(u) = Z <log d+ Z uy, log u%) + Z 2logd + Z Upq 108 Uy, (56)
peV =1 pqeE i=1
is a prox function, with respect to the {1 norm, of the set Q defined by (53), with convezity

parameter
1

o= —-.
VI+ €]

(57)

PROOF See Appendices, page 35. O

Note that in using this prox function, we automatically equip @ (or E:2) with the
norm /7, or equivalently, we set ¢ = co. (Recall that the norm equipped to Es is ||-|| ¢ .)
q—1

The optimal solution u,(x) of (55) can be computed:

: exp(ali,)

Uy =———-——— i=1,...,d (58)

. Z?ﬂ exp(ap)

; exp(ay,)

pq:d2—qu Zzl,...,dQ. (59)

Zj:l exp(dpq)

and finally the smooth approximation is:
d ‘ d2 '
fu(x) =) log (Z eXP(@%)) +u Y log | Y explal,) | —puD (60)
peVY =1 pgeE i=1
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where
1
a, = —;(02, + Ay +vp)
1
Apg = —;(qu + DT’\pq + CTqu)

and
D= = = .
rﬁle%(d(u) Zlogd—i— Z 2logd = (|V| +2|&|)logd (61)
peV pgel

Refer to the Appendices, page 36 for the calculation details.

Now, according to Theorem 1 (page 15), we have the following results:

1. The function f,(x) is well defined and continuously differentiable at any x € R™.
Moreover, this function is convex and its gradient

{=Du,(x)pq +uyu (X)p}pqes

N {=Cuy(x)pg + uu(x)q}pqeg using (52) (62)

V(%) = ATuy,(x)

is Lipschitz continuous, with respect to the norm ||-||,,, with constant

2 2
AP, (VI IEDIAIZ,
- - . (63)
po 0

L

w

2. For any x € R™ we have:

fu(¥) < f(x) < fu(x) +pD (64)

where D = (|V| +2|€&|) logd.

Computation of the Lipschitz constant

The Lipschitz constant is computed using (63), which requires the computation of HAH?7 o
We are particularly interested in the #1, ¢ and ¢, norms. We have the following results
for the induced norm [|Afl,  (see [Higham, 1992; Drakakis and Pearlmutter, 2009] for
example):

(Al = x| (65)
Al = max flail, (66)
Ao = mae [l (67)

where a; is the i-th row of A.

The matrix A is defined by (52). We construct it as follows. Define AT = [21 gﬂ such
2 B2
that
[A1 Bl] u = {—Dupq + up}pqeg
[Ag Bg} u={-Cuy, + uq}pq€5
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where A; and Ay have |£]| x |V| blocks, each block is a d x d matrix; By and By have
|E] x (|V| + |€]) blocks, each block is a d x d?* matrix.

For any (directed) edge pq, let e,, denotes its edge number, 1 < e,, < |£| (the edges are
numbered from 1 to |£]). We set

Ailepg,p] =1a,  Bilepg, €pgl = =D, Aslepg, ) =14, Boaleyg,epg) = —C Vpg € €,

where I is the d-dimensional identity matrix and M[i, j] denotes the (7, j) block of a block
matrix M. (We recall that D and C are defined by (23), thus A contains only 0,1 and
—1.) Clearly, A also encodes the structure of the graph.

With this construction of the matrix A, we can easily have

Al oo =1, (Al o =max/IN()], Al 00 = max [N (p)] (68)
peVY peV
where N (p) is the set of neighboring nodes of node p.

5.3 Accelerated first-order methods

Once the objective has been smoothed, we obtain a convex and continuously differentiable
function with Lipschitz continuous gradient. A class of very efficient methods, called ac-
celerated first-order methods and pioneered by [Nesterov, 1983], are very suitable for this
type of function. “Accelerated” because they provide an improved convergence rate of
O(y/L/¢) (where L is the Lipschitz constant), compared to the classical gradient method
with O(L/¢). These methods are also often called optimal first-order methods since the
complexity bound that they provide O(y/L/¢) is the best complexity bound that one can
obtain using only first-order information, as proved by [Nesterov, 1988].

An extension for minimizing composite functions (of the form F(x) = f(x) + g(x) where
f is smooth convex, g is convex but possibly non-smooth) was presented in [Nesterov
et al., 2007]. More recently, [Beck and Teboulle, 2009] presented Fast Iterative Shrinkage-
Thresholding Algorithm (FISTA), which is an extension of [Nesterov, 1983| for handling
composite functions (the two are equivalent when g = 0).

It should be noted that the level of applicability of these methods are not the same, de-
pending on the norm of the Lipschitz continuity of the gradient. For example, the methods
in [Nesterov, 1988, 2005; Nesterov et al., 2007| can handle any norms, whereas [Nesterov,
1983] and FISTA [Beck and Teboulle, 2009] can be applied only for ¢o norm.

Overview and unified analysis can be found in [Nesterov, 2004] and [Tseng, 2008].

We will use FISTA [Nesterov, 1983; Beck and Teboulle, 2009] for simplicity. Since FISTA
can only handle /5, we choose p = 2.

The algorithm is presented below (refer to [Beck and Teboulle, 2009] for details), where
f(x) is convex and continuously differentiable, the gradient of f is Lipschitz continuous,
with respect to the norm ¢5, with Lipschitz constant L. If L is not known or computable,
or if it is just too loose (i.e. too large), then we use a backtracking step, as shown in the
next algorithm.
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FISTA with constant step size
e Input: L >0,y =xg9 € R {5 =1,.
e Repeat for k =1,2,...
1L x,=y—1Vf(y)

9 1, = T4y /14482,

2
3.y =xp+ %(X;C — kal)
FISTA with backtracking
o Input: Lo >0,8> 1,y =x9 € RV ¢y = 1,.
e Repeat for k=1,2,...
1. Ly = Li_4
9 - 1
- Xp =Y — Lkvf(}’)
3. While f(xi) > f(y) + VF(¥) (k= ¥) + % lxi — 3

(a) Ly = BLy
(b) x¢ =y — -V f(y)
End

144 /14482 _
4. t) = Vo kot

- 2

tp—1—1
5.y =X+ *5— (% — Xp—1)

5.4 Applied to the Tsukuba stereo problem

We use the same grid-graph as previous. Recall that |V| = 110592, |€| = 220512, d = 16.
Thus, if we choose = 107%, then it is guaranteed that we will get an € accurate solution,
with € = uDy = p (|V| +2|€|) logd ~ 153.

The Lipschitz constant (63) becomes

(IVI+IENIAIL« (V] + |€]) x maxyey x N (p)]

g [ a 7
gl) x 4
_ DXy 410592 + 220512) x 108 (69)
1

This value is too loose. Therefore, the FISTA algorithm with backtracking was used.
The results are shown in Figure 7. The optimal energy of this problem is about 485.
After 500 iterations, the energy reached 576. We observe clearly that with smoothing
and accelerated first-order methods, the convergence has been significantly improved over
subgradient methods. In future work, we plan to study different smoothing schemes as
well as different optimal first-order methods, and perform a comparison with state-of-the
art methods.
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(a) Subgradient, after 5000 iterations (b) Smoothing, after 500 iterations

Figure 7: Results

5.5 Related work

Several authors tried to improve the convergence rate of the dual decomposition framework
proposed by [Komodakis and Paragios, 2009], where subgradient methods were used. [Jojic
et al., 2010] used the smoothing and accelerated gradient method by [Nesterov, 2005]
for higher-order graphs. [Savchynskyy et al., 2011] used the the smoothing method of
[Nesterov, 2005] in combination with an accelerated gradient method by [Nesterov, 2004],
for binary grid-graphs with two acyclic slaves.
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6 Locally Affine Image Registration Using Markov Random
Fields

Image registration is a fundamental task that has been extensively studied and applied in
medical image analysis [Paragios et al., 2014]. The task of image registration is to find a
spatial transformation 7" aligning two (or a set of) images. Given two images I; and Io,
one seeks a spatial transformation 7" such that 7'(1;) and Is are matched. This problem
is often formulated as a minimization problem:

min S(T(1),12) + R(T)

where S(-,-) is some similarity measure that quantifies the level of alignment between
the images, and R(-) is a regularization term that may favor any specific properties in
the solution that the user requires, and seeks to tackle the difficulty associated with the
ill-posedness of the problem [Sotiras et al., 2013]. We called I; the floating image and I,
the fized image.

The type of the transformation usually defines the name of the corresponding registra-
tion task. Parametric registration considers the transformation as a parameterized model
where each parameter defines a degree of freedom of the deformation. An example is
affine registration with 6 degrees of freedom. These models often offer a good compromise
between performance and computational complexity. In non-parametric registration, also
called dense or deformable registration, each pixel has its individual transformation, which
is more challenging and often requires hight computational cost.

One approach for reducing computational complexity is to restrict the transformation to
be of low degree of freedoms, by either considering the dense deformation as a combination
of parametric deformations (such as piecewise affine [Pitiot et al., 2003; Commowick et al.,
2008] or poly-affine [Arsigny et al., 2003, 2006]), or using control-points interpolated de-
formation models (such as Free Form Deformations [Sederberg and Parry, 1986; Rueckert
et al., 1999]).

A complete survey on many aspects (models, similarity measures, optimization methods,
etc...) on deformable medical image registration can be found in [Sotiras et al., 2013].

In this work, we propose a new locally affine model for image registration, in which each
pixel is supposed to be deformed under a possible number of affine deformations and the
optimal transformation will be computed using a discrete MRF formulation. This is an
ongoing work and only some parts of it have been done. In the next section, we will
present the general idea of the model and explain how the problem can be reformulated as
a labeling problem. In section 6.2, the construction the MRF model for this problem will
be drawn, and in section 6.3, a method for the affine deformation step will be presented.
Since this is still an ongoing work, we have not produced any experimental results yet.

6.1 The idea

We assume that the local deformation around any pixel is affine, i.e. the neighborhood of
any pixel p = (x,y) in I; can be perfectly registered to the image I» by an affine transfor-
mation, under which p will be matched to its (true) corresponding pixel p’ = (2/,y') in Iy
(we assume there is no occlusion) (Figure 8). Convention: a pixel p may denote its image
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coordinates p = (z,y) or its homogeneous coordinates (x,y, 1), depending on the context.

p b\

I I

Figure 8: We assume that the local deformation around any pixel is affine.

Now consider the following problem: given a patch (of some radius) centered at p in I,
register it to I. This problem is called (affine) template matching in the Computer Vision
literature [Korman et al., 2013] (the size of the patch is considered small compared to the
image, hence the name template).

Clearly, if we can solve exactly this template matching problem for every pixel in I, then
the flow field can be trivially obtained. Now suppose we use an iterative method, which
is fast but the quality of the solution depends on the initialization (an example of such a
method is the well-known Lucas-Kanade algorithm [Lucas and Kanade, 1981]). A possible
solution to this initialization-sensitivity problem is running the algorithm with different
initializations and then choosing the best one. (More robust methods exist for solving the
template matching problem, for example [Korman et al., 2013], which does not rely on
initialization and is guaranteed to find an approximation to the global optimum. These
will be investigated in future work.)

Different
initializations

N

\

11 IQ

Figure 9: For template matching algorithms that are sensitive to initialization, a possible
solution is trying with different initializations and then choosing the best one.

Denote P;(p) a patch centered at p in ;. For every pixel p, we move this patch around p
by a vector d and use the new patch as initialization for the template matching algorithm
(the new patch is centered at p + d). Denote Ag the affine transformation matrix
returned by the algorithm, and eg the corresponding matching error.
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Denote D the pre-defined set of d and suppose that D is the same for all pixels. For
example, D can be defined by sampling along the main coordinate axes, as shown in
Figure 10. In this case,

D=1{...,(~26,0),(=5,0),(0,0), (5,0), ..., (0,8), (0, ~8)...} .

°
° oD
* m
e 06 06 0 0 0 o P+ 0
) o \ 26
° — Initialization at p + {0]
°

I

Figure 10: Sampling the position of the initialization along the main coordinate axes.

Note that moving the patch by d and use it as initialization is equivalent to initializing
the transformation matrix A at I 4+ d, where I is the identity matrix. Recall that any
affine transformation matrix is of the form

rore
A= |r3 rq4 to
0O 0 1

Now for each pixel p, we have |D| candidates of transformation matrix Ag, where d € D.
Under |D| possible affine transformations, a pixel p in I; is mapped to |D| pixels in I
(two or more of these pixels may overlap). These |D| affine transformations are defined

by |D| matrices Agp, d, € D.

We need to choose for each pixel the most appropriate affine transformation from the set
of possible ones, such that at the end the difference between the two images are minimized.
Clearly, this is a multi-labeling problem where each label is assigned to each possible affine
transformations, and thus, can be solved using MRFs.

6.2 MRF modeling

Recall that we need to choose for each pixel an affine transformation among the |D| pos-
sible ones, thus we can define the set of labels as £ = {1,...,|D|}, where each label
corresponds to a translation vector d in D, and each pixel defines a node in the MRF. For
simplicity, we use a grid graph as usual.

The labeling problem can be solved by minimizing the following MRF energy:

ZPEHBZI}@}E = Op(lp) + Z Opq(lp; lg)- (70)
peV pge€

The variables and functions are defined below.
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Unary potentials penalize solutions that are inconsistent with the observed data (thus
they are also called data terms). If we consider the pixels independently, then the
optimal assignments should be the ones that minimize the matching error. Thus we
can define the data terms as:

Op(ly) = €p”. (71)

Pairwise potentials penalize displacement changes between adjacent pixels (thus they
are also called smoothness terms). For any adjacent pixels p and q, their correspond-
ing displacements u, and u, should not be too different. If p and q are assigned [,
and [, respectively, then their corresponding displacements are

d, d,
up(lp) =A,)’P - D, uq(lq) =A;"q—q.

Hence, we can define the smoothness terms as increasing functions of |ju, — ug]|, for
example

Opq(lps lg) = wpq [[up(lp) —ug(ly)ll (72)

where w,, is some weighting coefficient.

6.3 Affine template matching and Lucas-Kanade algorithm

In this section we present the Lucas-Kanade method [Lucas and Kanade, 1981] for doing
affine registration. An in-depth discussion on Lucas-Kanade method and its variants was
given in [Baker and Matthews, 2004], on which our presentation is based on.

We want to align a template 7'(x) to an input image I(x), where x = (x,y). Let s denote
the vector of parameters and W (x;s) denote the parameterized set of allowed warps. The
warp W (x;s) takes the pixel x in the template T and maps it to the sub-pixel location
W(x;s) in the image I.

The goal of the Lucas-Kanade algorithm is to minimize the sum of squared errors between
two images: the template 7" and the image I warped back onto the coordinate frame of
the template, i.e. minimizing

fls) =Y [I(W(x;s)) — T(x)]? (73)

xeT

with respect to s. This is a non-linear optimization problem, and the Lucas-Kanade
method solves it using steepest descent method. At each iteration, the parameters are
updated by s «— s + As where As is a descent direction. The direction As is a steepest
descent direction if it decreases the objective function the most, i.e. it minimizes f(s+As).

Consider the first-order Taylor expansion on [I(W(x;s)) we have

F(s+As) = SU(W(xss + As)) - T(x)]? (74)

~ > [I(W(x;s)) + VI(W(x;s8) " - oW

g (x8) - As— T(x))? (75)

.
where VI(x) = (%,%) denotes the gradient of image I at x = (x,y), 8327 is the
Jacobian of the warp.
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Minimizing the above quantity by setting the derivative with respect to As to zero:

-
2 Z (VI(W(X; s))TaavsV(x; s)> (I(W(X; s)) + VI(W(x; s))Ta;sV(x; s)As — T(x)) =0,

we get

.
As=H'>" (VI(W(X; s))T%—VZ(x; s)) (T(x) — I(W(x;8))) (76)

where H is the Hessian matrix:
OW T OW
_ . T . . T .
H= Ex (VI(W (x;8)) s (x; s)) (VI(W (x;58)) s (x; s)) . (77)

The Lucas-Kanade algorithm is resumed as below.

Initialize s and repeat until ||As|| < e:
1. Warp I with W(x;s to compute I(W(x;s))
2. Compute the error image T'(x) — I(W(x;s))
3. Warp the gradient VI with W (x;s) to obtain VI(W (x;s))

4. Evaluate the Jacobian %—VSV at (x;s)

5. Compute VI(W(x; s))T%—‘;V(X; s)

6. Compute the Hessian matrix using (77)
7. Computing the steepest descent direction As using (76)

8. Update s +— s + As.

Note that we are particularly interested in affine transformation. Suppose that the trans-
S1 82 83

formation matrix is
S4 S5 S

}, then we have s = (s1, 2, 83, 84, S5, S6). The warping
is
S1 S S v S1T + Sy + S
W(x; s) _ |51 82 S3 y| = 1 2Y 3
5485 86| | 54% + S5Y + S6

and thus the Jacobian of the warp is given by

aﬂ<x‘s)_azy1000
gs 77|00 0 oy 1]

Figure 11 where we transform an image with an affine transformation and extract a small
template, then we use the Lucas-Kanade algorithm to transform the template back to the
image.
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(a) Testing image I with an initialization for (b) A template T is extracted from a trans-
Lucas-Kanade agorithm. formed image from 1.

(c) Obtained final transformation. (d) The objectlve function f ) per iteration.
(e) Initial warped image. (f) Final warped image. ) Extracted template.

Figure 11: A test for Lucas-Kanade algorithm.
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7 Conclusion and Future Work

In this work, we have proposed a new decomposition scheme to solve the MRF optimization
problem. Unlike the previous dual decomposition scheme, we relax the dependencies be-
tween any two nodes of the graph using Lagrangian relaxation. The relaxed dual problem
is next smoothed using Nesterov’s method and then optimized using optimal first-order
gradient methods. The algorithm is guaranteed to converge to the global optimum of the
relaxed linear program, with a convergence rate of O(1/€). Moreover, the method can
handle any graph structures with arbitrary potential functions. As an application, we
have proposed a new MRF model for locally affine image registration, which is still an
ongoing work.

In future work, we plan to:
e Try different smoothing schemes with different optimal first-order methods;

e Produce more experimental results, on different kinds of problems, such as image
segmentation, 3D reconstruction, etc...;

e Evaluate the performance of the method, compared to the state-of-the-art;

e Complete and evaluate the proposed MRF model for locally affine image registration.
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Appendices

Euclidean projection on A

We give a proof for Lemma 1, stated at page 11.

Convention: if a vector v has an index p or pq, then it has the form

v = {{vp}pey ) {qu}pqes} :

Given (a,b), we need to find (A,v) in the set A such that |[A —a||? + v — b||? is mini-
mized. Clearly, it suffices to minimize |A — a||* and ||v — b||* separately, since there is no
coupling constraint between A and v.

Note that
A — aH2 = Z [Ap — apH2 + Z [Apg — aqu2
peV q€Ch(p)
2
2
= Z Z ’\pq | + Z [Apg — apqll
peV qeCh(p q€Ch(p)
=> B
peY
where

Fo=| > Mgtapl| + > [Apg—angl?.

qeCh(p) g€Ch(p)

Clearly, it suffices to minimize each F}, independently.
Using Lemma 3 below, we see that F)}, attains its minimum if and only if

1
Apg = apq — Chip)[+1 | & + D an
g€Ch(p)
Similarly, we can deduce that ||[v — b||? is minimized if and only if

1
qu = bpq — W b + Z bpq qu S 5
p€Pa(q)

Finally, since (A,v) € A, the terms A, and v, can be computed using

== > Ag|, Wpev,
g€Ch(p)

vy =— Z Vpg |, VYgeV.
p€Pa(q)

The lemma is proved.
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Lemma 3 Given n + 1 vectors ag, ay, ..., a, in RY. Then the minimum value of

n 2 n
2
F=|> w+ag| +>_ |lu—a
i=1 i=1
over uy, ..., u, € R% is attained if and only if u; = a; — n%_ls,i =1,...,n, where
n
S = Zai.
=0
PROOF Denote y; =u; —a;,i =1,2,...,n, we have

F:

n 2 n
ZYH-S +ZHYz'H2
i=1 i=1

Applying the Lemma 4 below for n + 1 vectors we get

n 2 n
F:H—zyi—s F3 Il
i=1 =1

1 = ’
> — —;yi—s+y1+yz+---+yn
— I8l
= s||”.
n+1
Equality holds if and only if =) " | y; —s =y1 =y2 = -+ = yy, which yields y; = n_—Jrlls
orul-:ai—n%rlsforizl,...,n. O
Lemma 4 For any n vectors uy, ..., u, € R%, the following inequality holds
1
| + fluz|® + -+ ug® > ol LR R u, | (78)
and equality occurs if and only if uy =ug =--- = u,.
PROOF Denote f(u) = |[ul|?, then the above inequality becomes
u+uz+---+u
)+ ) oo ) 2 g (B (79)

which is clearly true by Jensen’s inequality since f is convex. Also by Jensen’s inequality,
equality holds if and only if uy =up = -+ = u,. O
Prox function of the set @)

The proof of Lemma 2 (page 17). Indeed, it is straightforward by Lemma 5 and Lemma 6
below.

Lemma 5 The function

n
d(w) =logn + Z w; log w;
i=1
s a prox function, with respect to the £1 norm, of the set

{w:(wl,...,wn)ER"|WZO,1TW:1},

with convexity parameter 1.
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PROOF See [Nesterov, 2005]. O

Lemma 6 Let d;(-), i = 1,2,...,n, be n continuous and strongly convex functions with
respect to the L' norm on Wi, W, ..., Wi, respectively, and with convexity parameters
01,09, ...,0p, Tespectively. Define the function

d(w) =di(wy1) + da(wa) + -+ - + dyp(Wy,)

where w = (W1, Wa,...,Wyp) € W =W X Wy x--- xW,. Then d(-) is continuous and
strongly convezx, with respect to the £1 norm, on W, with convexity parameter

If we consider the o norm instead of {1, then o = min;(o;).
PRrROOF Straightforward by definition:
d(u) > d(v) + Vd(v)  (a=v) + 7 lu— V|
and Cauchy-Schwarz inequality. O

Smooth approximation of f

We want to compute f,, given by (55):

) = mae (L1, x) — pa(w)} = L1 (x), %) — a0, ().

where
u,(x) = arg mi{{l {L(u,x)udz(u)} .
ue

We will prove the results given by (58), (59) and (60):

. ex ai
Zj:l exp(ap)
L ola

: 2
qu == d2— 1/ == 1’ ey d
Zj:l exp(apq)

d d?
fu(x) = MZlog (Z exp(a%)) +u Z log Zexp(a;q) —uD
pEV =1 pqeE i=1

where

1
ap = —;(017 +Ap +I/p)

1
Apg = _ﬁ(epq + DT}‘pq + CTl’pq)

D = (|V|+2]&|)logd.
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Indeed, from the expression (29) of L(u,x) and the expression (56) of d(u), we have

d
L(u,x) + pd(u) = Z {(0,) + XA +vp) T, + uz u; log u;,}

peV i=1
d2
+ Z (0pg + DT/\pq + CTupq)Tupq + Z Uy 108 Uy,
pgel i=1
+ u(|V|+ 2|E|)logd.
Using Lemma 7 below, the results are straightforward.
Lemma 7 The problem
n
minimize h(w):=—a'w + Z w; log w;

i=1
subject to w>0, 1'w=1

has the solution

and the optimal value is

h(w*) = —log Zexp(aj)
j=1

PrOOF Solve the KKT systems.
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