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Abstract

A number of linear programming relaxations
have been proposed for finding most likely
settings of the variables (MAP) in large prob-
abilistic models. The relaxations are often
succinctly expressed in the dual and reduce
to different types of reparameterizations of
the original model. The dual objectives are
typically solved by performing local block co-
ordinate descent steps. In this work, we show
how to perform block coordinate descent on
spanning trees of the graphical model. We
also show how all of the earlier dual algo-
rithms are related to each other, giving trans-
formations from one type of reparameteriza-
tion to another while maintaining monotonic-
ity relative to a common objective function.
Finally, we quantify when the MAP solution
can and cannot be decoded directly from the
dual LP relaxation.

1 INTRODUCTION

Many important practical problems can be solved with
graphical models, such as clustering, molecular con-
formations, stereopsis, or haplotype inference. One of
the inference problems in these models is finding the
most likely setting of the variables (the MAP assign-
ment) given observed data. The complexity of finding
a MAP assignment in general depends on the tree-
width of the graph. Unfortunately, in many real prob-
lems such as stereopsis, the graph tree-width lies be-
yond the tractable range.

A common way to approximate the MAP problem is
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through the use of Linear Programming (LP) relax-
ations. In this case, the MAP problem is first cast
as an integer programming problem, and subsequently
relaxed to a linear program by removing the integer
constraints. Whenever the relaxed solution is integral
(corresponds to an assignment), it is guaranteed to
be the optimal solution. In special cases (e.g., ferro-
magnetic models and matching problems), the MAP
assignment can be found efficiently using LP relax-
ations, even for large tree-width graphs.

In recent years, a number of dual LP relaxation al-
gorithms have been proposed, and these have been
demonstrated to be useful tools for solving large MAP
problems (Kolmogorov, 2006; Werner, 2007; Glober-
son & Jaakkola, 2008; Komodakis & Paragios, 2008).
These algorithms can be understood as dual coordi-
nate descent steps, but operate in different duals of
the same pairwise LP relaxation. The dual coordinate
descent algorithms are designed from the point of view
of introducing local distributed operations. This is in-
deed often advantageous for large problems. However,
such operations may take a long time to converge even
if the model is exactly solvable, such as a tree. In this
paper, we show how the dual coordinate descent oper-
ations can be carried out for a tree in one block step.
The resulting block update takes linear time in the size
of the tree, and closely resembles max-product.

We place these dual algorithms under a common
framework so that they can be understood as opti-
mizing the same objective, and demonstrate how to
change from one representation to another in a mono-
tone fashion relative to the common objective. This
framework permits us to analyze and extend all the
methods together as a group. For example, the block
update can be used in combination with any of the spe-
cific dual algorithms through the transformations we
introduce. One of the key goals in introducing the new
framework is to facilitate the design of new algorithms
and modifications that can be used broadly across the
different dual formulations. We exemplify this by pro-
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viding a monotone version of the TRW algorithm that
makes use of the new tree-block update. Moreover, we
discuss parallel yet monotone update schemes for the
distributed coordinate descent steps.

Finally, the algorithms are only as good as their abil-
ity to reconstruct a MAP assignment (primal solution)
from the dual optimal solution. We provide condi-
tions for when the MAP assignment can and cannot
be found from the dual solutions. The analysis applies
to all of the dual algorithms.

2 MAP AND 1TS LP RELAXATION

We consider the MAP problem for pairwise MRFs.
The model is given by a graph G = (V, E) with vertices
V and edges E. Each edge ij € FE is associated with
a potential function 6;;(x;,x;). The goal is to find an
assignment x = {x; };cy that maximizes

= i@, x;). (1)

ijEE

For notational simplicity, we assume that single node
potentials are absorbed into the edge potentials.

A popular approximate solution to the MAP problem
is obtained by turning the integer programming prob-
lem into a simpler LP problem through a pairwise re-
lazation. For each edge and assignment to the vari-
ables on the edge we have the marginal 1;;(x;, ;) > 0,
such that >, . pij(xi, ;) = 1. The pairwise relax-
ation is given by

< p{rel%{ Z Z 91] .’E“.’EJ Nzg(mwmj)} (2)

ijEE xi,x;

max 6(x)

where the local marginal polytope Mj enforces that
edge marginals are consistent with each other, i.e.

Z,Uij(xiaxj) Zﬂjk(xj,xk) (3)

for all pairs of edges ¢j and jk with a common node j.
If the solution to the pairwise LP relaxation is integral
then it is a MAP solution, i.e., the inequality in Eq.
(2) is tight. Otherwise, the objective upper bounds
the value of the MAP. For binary MRFs, even when
only part of the solution is integral, a MAP solution
is guaranteed to exist that extends the partial integral
assignment.

3 DuaL LPs

In this section we introduce a common framework
for understanding several dual linear programs corre-
sponding to LP relaxations. All of the dual LPs that

we will discuss in Section 5 can be viewed as minimiz-
ing the pairwise functional

Z max filxs)

over possible decompositions of the original function to
single node f;(x;) and pairwise f;;(x;,z;) potentials.
The necessary constraint on these potentials is that
they define sup-reparameterizations:

b o

VX, D fil@i) + 2 e g fig (@i, ;)
> ZijeE 0:j(wi, ;)

Without any other constraints on F(6), the optimum

of this LP would give the MAP value, i.e.

Z maxfzy xlvx]) (4)

ijER

F(H):{f:

maxf(x) = min J(f). 6
ax0(x) = min J() (6
For example, one optimal solution f* € F(0) that at-
tains the MAP value is obtained from f7(x;, ;) =
MAXo\ {z;,x;} {ZijeE 0i(wi ;) }/|E| and f7(z;) = 0.
The dual minge gy J(f), used by Komodakis & Para-
gios (2008), has one constraint for every assignment
ensuring that the reparameterization’s value on x is
at least as large as 6(x). Not surprisingly, finding the
optimum of this LP is NP-hard.

The key to understanding the different LP formula-
tions are the additional constraints that are imposed
on F(0). It can be shown that simply changing the in-
equality constraint in Eq. (5) to an equality constraint
would result in this being the dual of the pairwise re-
laxation. In the remainder of this section, we will spec-
ify three different but related constrained classes, each
of which corresponds to a (different) dual of the pair-
wise LP relaxation.

The first class is a simple reparameterization in terms
of single node potentials: Fp,(0) is defined as

filw;) = ZjeN(i) dji (i),
o fij(mi,ag) = 0ij(xi, x5) — 0ji(wi) — 04 (wz), ¢ (7)
for some {5ﬂ(l‘l)}
The single node “messages” d,;(x;) are subtracted
from the edge terms and added to the node terms so
as to maintain a valid reparameterization: ). f;(x;)+
Yijer fij(@i, x5) =32 e p b3y (i, x;) for all x.
It is straightforward to show that mingep, 9y J(f) is
the dual of the pairwise LP relaxation given by Eq. (2)
and (3). FL(0) is the same as the dual linear program
introduced by Schlesinger et al. in 1976 and optimized
by the maz-sum diffusion algorithm (see Werner, 2007,
and references within).

We also introduce a restricted version of Fp,(#) where
the single node potentials are identically zero: f;(x;) =
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1. Obtain max-marginals g by running max-
product on fr = {fi(x;), fij(zi,z;) 1 ij € T}.

2. Update the parameters for ij € T as follows:
¢+ y — 1
fi (i) = —log pi(wi)

t+1
£ (@i, 2))

Ni_;
= log puij(ws, x5) — Jn “log 1 ()

log p1; ().

Figure 1: Max-Product Tree Block Update Alg.
n is the number of nodes in tree, and n;_,; is the num-
ber of nodes in the subtree of node i with parent j.

2 jen(i 95i(zi) = 0. This corresponds to an addi-
tional constraint on how d;;(z;) can be chosen, i.e.,
they must sum to zero around each node. We call
this set of single node (zero) and pairwise potentials
Fr g(0) as the objective only depends on the edges.
Clearly, Fr, g(8) C Fr(f). An algorithm similar to
max-sum diffusion can be given to optimize this rep-
resentation.

Finally, we introduce a complementary class where the
edge terms are zero and the f;(x;) are defined in terms
of constrained “messages” ¢;;(z;) as follows:

filz;) = ZJEN( )51'1'(5%‘)
Frv ()= {f fij(xi, x5) = }(8)
iz )"‘513(553) > 0;5(w, ;)

It is easy to see that F, v (0) C F(0). However, in gen-
eral, potentials in F, v (#) are not members of Ff(6).
Minimizing J(f) subject to f € Fp y(0) is the dual
formulation given by Komodakis & Paragios (2008),
and obtains the same value as the pairwise relaxation.
It is also closely related to the dual given by Glober-
son & Jaakkola (2008). We will make this precise in
Section 5.

4 TREE BLOCK UPDATES

Most coordinate-descent algorithms for solving the
dual LPs perform local operations on the messages,
updating edge reparameterizations or messages around
each node. This is advantageous for simplicity. How-
ever, even when the model is a tree, a large number of
local operations may be needed to reach a dual optimal
solution. In this section, we provide block update algo-
rithms for trees, analogous to exact collect-distribute
computation on a tree, but leading to a reparameteri-
zation rather than max-marginals.

In each step of the algorithm we isolate a tree out of
the current reparameterization objective and perform
a block update for this tree. Such a tree block update
can lead to faster convergence for appropriately chosen
trees, and may also help in decoding, as discussed in
Section 6.

We give two tree block update algorithms. The first al-
gorithm is shown in Figure 1. Consider any tree struc-
tured model specified by node parameters f;(z;),i € T,
and edge parameters fj;(x;,2;), ¢j € T. This tree may
have been extracted from the current LP dual to per-
form a block update. The algorithm works by running
a forward and backward pass of max-product to com-
pute the max-marginals pu;;(2;, ;) = maxy 5,51 Pr(x)
for the tree distribution

eXp{Zfz () + Z fij(xi, ) }

ije€T

Pr(x) =

and then uses the max-marginals to construct a repa-
rameterization of the original tree model.  After
each update, the constant ¢ = log(Z( (t))/Z( q(f“)))
should be added to the dual objective. This can be
found by evaluating fét) (x)— :(Ft b (x) for any assign-
ment x.

This approach uses only the standard max-product al-
gorithm to solve the LP relaxation. If applied, for ex-
ample, with stars around individual nodes rather than
spanning trees, this results in one of the simplest dual-
coordinate descent algorithms given to date. However,
since the tree block updates are used as part of the
overall dual LP algorithm, it is important to ensure
that the effect of the updates is distributed to subse-
quent operations as effectively as possible. We found
that by instead performing tree block updates directly
within the class of F,(f) reparameterizations, we ob-
tain significantly faster running times.

The second block update algorithm, shown in Fig-
ure 2, finds a set of J;;(x;) messages such that f(t+1
Fr.(fr), defined by the 6;;(z;), minimizes J(fr). This
algorithm makes use of directed trees. We found that
choosing a random root works well. The first step is
to send max-product messages from the leaves to the
root. Then, on the downward pass, we do a series of
edge reparameterizations, constructing the d;;(x;) to
ensure that each term in the objective is maximized
by the MAP assignment. (¢ = 0 for this algorithm.)

Proposition 4.1. The tree block procedures given in
Figures 1 and 2 attain the MAP value for a tree,

max > 10 (w0) + 30 1 (i) = J) + e,

i€l igeT

Proof. (Sketch). Max-product algorithm. First we
show this returns a reparameterization. Using the fact
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1. Select a root, and orient the edges away from it.

2. Evaluate max-marginal messages toward the
root (collect operation). For each j € ch(i),

mji(z;) = max { fij(@i, x5) + fi(z;)

+ Y Ml }

kech(j)
3. Reparameterize away from the root (distribute
operation). Set 7; = n,. For each j € ch(i):
(a) Define m=(x;)
(b) Set
n.; .
8jiwi) = == [m™ (x;) + fi(w:)]+

n; n; T

fig(@i,z5) + fi(z5) +m ™" (x)

= 2ken(iy\y Me—i(Ti).

dij () =

n; —n; . n;
]ﬁ, [m ™" () + f(x:)] +7~;m3@<{

fij(@iyxy) + filxi) +m ™7 (z;)].

(c) Re-define upward m;_,;(x;) = 5]1(%)
Define downward m;_;(x;) = &;(z;).
Change size of subtree: n; = 7; — n;.

4. Update the parameters for ij € T as follows:

f(t+1)( ) = Z 5yu(s)
JEN (i)
f(t+1)($i»ffj) = fij(i,z5) — 65i(xi) — dij(x5).

Figure 2: Sequential Tree Block Update Alg.
ch(i) denotes the children of i in the tree, and N () all
neighbors of 7 in the tree. Also, n; is the number of
nodes in the subtree rooted at <.

that (3-;cn () ni—i —1)/n = |N(i)] — 1, we get that
eXp{ZiET fi(t+1 ( ) + ZZJET fz t+1)(x’b?x])} equals

T reis @i ) T (i) =1 (9)

igET i€T
which, by a special case of the junction-tree theorem,
can be shown to be proportional to Pr(x).

Let x* be the maximizing assignment of f:(ﬁ)(x)

(t+1) («Iz)

Clearly z} is a maximizer of f; We now

show that z},z} also maximizes f( + )(a:i,a:j). Note

that fi(;H)(:vl,m]) = 0 since p;j(z},x}) = pi(z}) and
Nj—i + ni; = n. However, p;;(x;, ;) < pi(x;) for

any «;,«;, which implies that th+1)( x;, ;) <0.

Sequential algorithm. For a tree, the pairwise
LP relaxation is tight, so the dual optimal repa-
rameterization necessarily attains the MAP wvalue.
Let 4; {0ji(zi)}jen() denote the reparameteri-
zation around node ¢. We can write the objec-
tive as a function of the messages as J( :(Ftﬂ)) =
J(01,...,0,). Set node 1 as the root. The collect
operation in the algorithm corresponds to evaluat-
ing ming, s, J(61,...,0,), which can be done re-
cursively and corresponds to evaluating max-marginal
messages. Note that the LP relaxation is also tight
for each subtree. ¢§; is then solved exactly at the
root node via a series of edge reparameterizations.
In the distribute phase of the algorithm, we itera-
tively instantiate each reparameterization by minimiz-
ing min5 On J((§17 N ,81;17(52‘, 6i+17 ey (Sn) with
,Si_l are already fixed. [

iblses
respect to d; when 44, ...

4.1 A MONOTONE VERSION OF TRW

The tree-reweighted max-product algorithm (TRW)
(Wainwright et al., 2005) for MAP problems iteratively
combines inference operations carried out on trees of
the graph to solve the pairwise LP relaxation. In this
section, we show that by using the tree block updates,
the TRW algorithm becomes monotone in the dual LP.

Consider a collection of trees T of G, and a distribu-
tion over these trees given by p(T'). For example, we
could give equal weight to a few trees that together
cover all of the edges in the graph. The dual vari-
ables are parameter vectors 07 (x) = >, 07 (z;) +

Y iier 0L (2;, ;) for each tree T. The TRW dual prob-

1je€T V1g
lem is to minimize Y. p(T) maxyx 67 (x) subject to the
reparameterization constraint Y, p(T)07 (x) = 0(x).

The tree-based update algorithm for TRW given by
Wainwright et al. (2005) is shown below. p;; denotes
the probability that an edge ij € F is part of a tree
drawn from the distribution p(T).

1. For each tree T, set 67 (x;) =
07 (i, x5) = 0ij(zi,5)/ pij-

2. Reparameterize each tree distribution. TRW does
this by computing max-marginals u for Pr(x; 67)
using max-product, then setting

0;(x;)/p; and

0f (zi) = logpi(x;) (10)
T )~ e M)
0;j(wi, ;) pi(wi) g (z5)

3. Average the solutions, and return to Step 1:

biw) = 3 pT@) (1)

T:eT

Oij(wiz;) = )

T:ijeT

p(T)05 (w1, 75).
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Kolmogorov (2006) showed that TRW does not mono-
tonically solve the dual LP. However, if in Step 2 we re-
place max-product with either of our tree block update
algorithms (Figure 1 or 2) applied to 67, we obtain
a monotone algorithm. With the max-product tree
block update, the new algorithm looks nearly identical
to TRW. The following proposition shows that these
modified TRW steps are indeed valid and monotone
with respect to the common objective J(6).

Proposition 4.2. Steps 1-3 described above, using
block tree updates, satisfy
JO) = > p(1)J 7 >Zp ) max 6 (x)
T

3

3oy 2 0 (12)

where § = >or p(T)0T € Fp(0). Equality in Step
3 would correspond to achieving weak tree agreement
(shared maximizing assignment).

Proof. The first equality J(0) = > . p(T)J(07)
follows directly by substitution. Each J(67) >
maxy 07 (x) since J(67), for 67 € Fr(07), is a dual
LP relaxation and therefore its value upper bounds
the corresponding MAP value for the tree T with pa-
rameters 7. The pairwise LP relaxation is exact for
any tree and therefore the dual objective attains the
MAP value maxy 07 (x) = minge g, (o) J (0) = J(OT).
J(0) is a convex function as a point-wise maximum
of potentials and therefore the last inequality corre-
sponds to Jensen’s inequality. The Jensen’s inequality
is tight only if all the tree models being averaged have
at least one common maximizing local assignment for
each pairwise and single node potential terms. This
is weak tree agreement. The fact that 6 € F1,() fol-
lows from Eq. (11) and because the block tree updates
return a 7 that is a reparameterization of 67 O

A monotone version of the algorithm, known as TRW-
S, was introduced by Kolmogorov (2006). One key dif-
ference is that in Step 3, only one node or one edge is
averaged, and then max-product is run again on each
tree. TRW-S is monotone in Y, p(T') maxx 07 (x), but
may not be for J(6), depending on the reparameter-
ization used. By using a slightly different weighting
scheme, the algorithm in Figure 1 can be used to give
an optimal reparameterization where one edge st has
0% (x4, ) = log % (24, 2;) (analogously for one node).
Both TRW-S and this algorithm give the same solu-
tion for ést(xs, z¢). However, TRW-S would stop here,
while our algorithm also averages over the other edges,
obtaining a possibly larger (and never smaller) de-
crease in the dual objective. When the trees are mono-

tonic chains, Kolmogorov (2006) shows how TRW-S
can be implemented much more efficiency.

We observed empirically that using the tree block up-
date algorithms sequentially to solve F,(0) converges
more quickly than using them in parallel and averag-
ing. However, the modified TRW algorithm is ideally
suited for parallel processing, allowing us in Step 2
to independently find the optimal reparameterizations
for each tree. By modifying the particular choice of
trees, reparameterizations, and averaging steps, this
framework could be used to derive various new paral-
lel coordinate descent algorithms.

5 TRANSFORMATIONS

We now relate each of the dual LPs in a monotone
fashion, showing constructively that we can move from
one representation to another while not increasing the
common objective J(f). We already showed an exam-
ple of this in the previous section for the TRW dual.
One of our goals is to clarify the relationship between
the different dual formulations and algorithms. Some
algorithms, such as the tree block update presented in
Section 4, can be conveniently formulated for one of
the representations, but because of these results, are
applicable to the others as well. In addition, we could
smoothly transition between the different representa-
tions throughout the optimization of the dual.

These transformations are easiest to illustrate by re-
ferring to the messages § = {d;;(x;)} used in the def-
initions of each of the classes F1(0), Fr g(f), and
Fr v(0). Recall that F,(#) puts no constraints on the
messages 0, while F, g requires that ZjeN(i) 0ji(x;) =
0, and F', v requires that 6;;(2;)+0;;(x;) > 6i5(xi, ;).

The same messages, when used to construct poten-
tials for two different classes (assuming the messages
satisfy the constraints for both of these classes), can
be used to identify members of both classes. How-
ever, the potentials will be different. For example,
f5 € Fr,v(0) has pairwise terms identically zero, while
the pairwise terms of f; € Fp(f) are of the form

f”(x“xj) = 0:5(ws, x5) — 055 (i) — i5(;).

The transformations are specified in the following
propositions, and are illustrated in Figure 3. The
transformations resemble the sequential updates found
in various message passing algorithms, but are gener-
ally weaker in terms of the effect on the objective. We
begin with a simple transformation that removes the
single node functions f;(x;).

Proposition 5.1. Consider any fs € Fr,(0) with mes-
sages 6j;(x;). Then f§, € Fr, g(0), defined by messages
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P5.1.
Fr() —————— F1.5(0)

P5.3N5.2. /P5.2.
4 P5.4.

v (0) ——= Fuprpr(9)
P5.5.

Figure 3: Monotone transformations between different
representations.

Gji(i) = 0ji(ws)

Z Oki (1) (13)

keN

satisfies J(f5) = J(f5).

Proof. The constraint ¢ v 0%;(2;) = 0 is satisfied.
The transformation is monotone because

=SNG o S )

ijeE
N PO B CN e
>2%“%{W@r+w<n+ (“ﬂ}—ﬂﬁd

where we split up the node potentials, then combined
maximizations (monotonic by convexity of max). [

We can also push all the information into the single
node terms, effectively removing the edge functions
fij(xi,z;), as shown below.

Proposition 5.2. Consider any fs € Fr(0) or fs €
Fr, g(0) with messages 0;(x;). Then f5 € Frv(0),
defined by

1 1
(5;1(33‘1) = iéﬂ(afz) + 5 H}EZ;LX {Qij(xi,xj) — (52J({L‘j)} (14)
satisfies J(fs) > J(f5).

Proof. We first show that 4’ satisfies the constraint for
Frv(0). Since for any &;

531(%) >
we get by summing that ¢7,(%:) + 07, (
as desired. To show that J(fs) > J
97 () as

> (; max {05 (i, 25) = 0ij ()} - ?ji(xi))'

JEN(7)

1 1 1

5051 (2i) + 503 (s, &5) — 5055(2;),

$j) > 0:5(24, 25),
(f}), first define

We then split the edge potential in two, giving

(0 = Vo a) + 3 ¥ Jmaxsitens)
i jEN(i) ot
Zmaxf‘s —i—Zmaxgz

anx{fl x;) +gi T; }:Jfé’)-

Y

Y

Proposition 5.3. Consider any fs € Fpv(0) with
messages 0;;(x;). Then f5 € Fr(0) defined in terms of
the same messages 6, now also modifying edges, satis-

fies J(fs) = J(f3)-

Proof. The old messages must satisfy the constraint
for FL,V(G)y that Gij(xi,xj) — 5]1(.131) — (Sij(l‘j) S 0.
Thus, the new edge terms for f§ € Fp(0) are all <0,
so maximizing over them only decreases the objective.
The node terms stay the same. O

While the transformation given in Proposition 5.3 may
decrease the objective value, one can show that adding
a constant to each message, in particular 51/‘3' (x]) =

1
0ij(wj) + 5 max{0i;(zi, ;) — §ji(wi) — dij(z5)}, (15)
results in a f§, € F(6) such that J(fs) = J(f5 ). This
now gives an ezact mapping from Fr, v (6), the dual

given by Komodakis & Paragios (2008), to Fr ().

5.1 MPLP

A pairwise LP relaxation can also be obtained from the
point of view of enforcing consistency in a directional
manner, considering each edge in two different direc-
tions. The associated dual LP corresponds to dividing
each edge potential into the associated nodes (Glober-
son & Jaakkola, 2008). More precisely, the objective
is mingep,, ., »0) J(f), where the class Fayrprp(f) is
given by

fi(zi) = ZjeN(i) maxXy; Bji(xja ;)
{fﬁ fij(xi,z5) =0 } (16)
Bji(wj, i) + Bij (i, x5) = 035 (2, ;)
where each edge potential 0;;(z;, ;) is divided into
Bji(xj, ;) and B;(z;, ;) for nodes i and j, respec-
tively.

It is straightforward to show that fz € Fuyprp(6)
gives a valid sup-reparameterization similar to
Frv(0). The two formulations are indeed closely re-
lated. We show below how to move from one to the
other.

Proposition 5.4. Consider any fg € Fuprp(9)

gwen by the dual variables (Bj;(xj,x;). Then f§ €
Frv(0), defined by
Gji (i) = max Bji (5, ;) (17)

satisfies J(fg) = J(f5)-

Proof. The objectives are the same because ff (x;)
f2(x;). Also, the constraint is satisfied, since d;;(%;)
0ij (£3) = Bji(€5, %i) + Bij (i, 45) = O3 (3, 5).

O+ 1l
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Proposition 5.5. Consider any fs € Fr v (0) given
by the dual variables §;;(x;). Then fz € Fyprp(6),
defined by

Bji(w5, ;)

Bij(wi, x;) =
satisfies J(fs) > J(fg)-
P?”OOf. For any f5 S FL’V(G), (5]1(371) + 5ZJ($])
> 6;i(xi,xj). Given our definition of fj;(z;,x;),
531(%) Z maxx]. ﬂji(x]‘,l’i). AISO, 61‘]‘ (’l}j) Z
maxg, Bi;(x;, ;) trivially. Therefore, for all ¢ and a;,
2 jen() 05i(@i) = 305 Ny maxa, Bji (@, ). O

6 DECODABILITY

If the pairwise LP relaxation has a unique optimal
solution and it is the MAP assignment, we could find
it simply by solving the primal linear program. We use
dual algorithms for reasons of efficiency. However, the
dual solution is only useful if it helps us find the MAP
assignment. In this section, we characterize when it is
possible to decode the MAP assignment from the dual
solution, using the common framework given by the
dual mingep, 9 J(f). By using the transformations
of the previous section, these results can be shown to
apply to all of the algorithms discussed in this paper.

Duality in linear programming specifies complemen-
tary slackness conditions that every primal and dual
optimal solution must satisfy. In particular, it can be
shown that for any optimal u* for the pairwise LP re-
laxation given in Egs. (2) and (3) and any optimal f*
for the dual mineg, 9) J(f),

pi (&) >0 = f(#:;) = max fj (z;), (20)
pij(Ti,25) >0 = f5(2i, &5) = max f7;(zi, 25).

We will use these complementary slackness conditions
to give conditions under which we can recover the
MAP assignment from the dual optimal solution.

Definition 6.1. We say that f € Fp,(0) locally sup-
ports x* if fi;(x},2) > fij(zi,x5) for all ij € E,
xi,xj, and fi(xf) > fi(x;) for alli € V, ;.

Our claims refer to the pairwise LP relaxation being
tight for some 6. By this, we mean that the dual value
mingep, 9y J(f) = J(f*) equals the MAP value. As a
result, each MAP assignment (there can be more than
one) represents a primal optimal solution. In addition,
there may be fractional solutions that are also primal
optimal, i.e., attain the MAP value.

Lemma 6.2. When the pairwise LP relaxation is
tight, every optimal f* € Fr(0) locally supports every

MAP assignment x*. Conversely, if any dual feasible
f € Fr(0) supports an assignment x*, then f is opti-
mal, the LP is tight, and x* is a MAP assignment.

Proof. The lemma is a simple consequence of com-
plementary slackness. To show the first part, ap-
ply Eq. (20) to each MAP assignment x*. Since
pi;(wy,x%) = 1 for the corresponding primal solution,
x}, r; must maximize f;;(v;, ;). The second part fol-
lows from the fact any primal solution that f € Fp(0)
supports attains the same value. O

Lemma 6.2 is closely related to decodability results for
convex max-product BP (Weiss et al., 2007). The be-
liefs at the fixed-points of convex max-product BP can
be shown to give a dual feasible (not necessarily opti-
mal) f € F(0) with the property that, if the beliefs
support an assignment, f does too. Thus, this must
be a MAP assignment. Our result also characterizes
when it is possible to find the MAP assignment with
convex max-product BP by looking for supporting as-
signments: only when the LP relaxation is tight.

The search for a locally supporting assignment may be
formulated as a satisfiability problem, satisfiable only
when the LP is tight. If the variables are binary, the
corresponding 2SAT problem can be solved in linear
time (Johnson, 2008). However, when some variables
are non-binary, finding a satisfying assignment may be
intractable. We now look at a setting where reading
off the solution from f* is indeed straightforward.

Definition 6.3. We say that f € Fr,(0) is node locally
decodable to x* if fi(z}) > fi(x;) for all i,z; # xf.

The definition for edge local decodability is analogous.
If solving the dual problem results in a locally decod-
able solution, then we can easily construct the MAP
assignment from each node or edge (cf. Lemma 6.2).
However, in many cases this cannot happen.

Lemma 6.4. A dual optimal f* € Fr,(0) can be node
or edge locally decodable only if the MAP assignment
is unique and the pairwise LP is tight.

Proof. Either node or edge local decodability suffices
to uniquely determine a supporting assignment. If any
dual feasible f € Fr,(0) supports an assignment, then
the assignment attains the dual value, thus the LP
must be tight. When the LP is tight, the optimal f*
has to support all the MAP assignments by Lemma
6.2. Thus f* can be locally decodable only if the MAP
assignment is unique. O

But, how can we find a locally decodable solution when
one exists? If the MAP assignment x* is unique, then
evaluating max-marginals is one way to get a locally
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decodable solution f* € F(6). Under some conditions,
this holds for a dual optimal f* € Fp(0) as well.

Theorem 6.5. Assume the MAP assignment x* is
unique. Then,

1. if the pairwise LP is tight and has a unique solu-
tion, there exists f* € F(0) that is locally decod-
able to x*.

2. for a tree structured model, the tree block updates
given in Section 4 construct f* € Fr(0) which is
node locally decodable.

Proof. (Sketch). The first claim follows from strict
complementary slackness (Vanderbei, 2007). We can
always find a primal-dual pair (p*, f*) that satisfies
the implication in Eq. (20) both ways. Since p* is
unique, it corresponds to the unique MAP assignment
x*, and the strict complementary slackness guarantees
that f* € Fp(0) is locally decodable.

The second claim trivially holds for the max-product
tree block update since each fi(tﬂ) (z;) is given by the
single node max-marginals and MAP is unique.

We now show the second claim for the sequential algo-
rithm. Assume without loss of generality that the node
potentials f;(x;) = 0. The block tree update contracts
a tree into an edge by propagating max-marginals to-
wards edge ij. Let 0;;(zi, ;) be 305 ¢y i)\ j Mr—i(@i)+
fii (@i, 25) + 2 pen (i Me—j(25). Since the MAP as-
signment is unique, éij(l‘i,l‘j) must have the unique
maximizer zj,z;. The edge reparameterization sets
ij(x;) and d;;(z;) so that the updated single node
term 0;(x;) = ZkeN(i)\j my—i(®i) + 0ji(z;) o
max,, éij (x4, 2;). Thus, éz(xl) uniquely decodes to z7.

Next we show that the subtrees associated with ¢ and j,
after setting d;;(z;) and d;;(x;), also uniquely decode
to x*. The subtree rooted at ¢ has a max-marginal of
0;(x;) for node i. Thus, the MAP assignment for this
subtree must have x; = x7. The remaining variables’
maximizers are independent of how we set d;;(x;) once
the assignment to x; is fixed, and so must also be max-
imized at x*. We can now apply this argument recur-
sively. After the last edge incident on node i is up-

dated, 0;(x;) equals fi(Hl)(mi), maximized at zf. O

A slightly different tree block update constructs a solu-
tion that is edge locally decodable. The above theorem
shows that we can efficiently construct locally decod-
able dual solutions for trees. This could also be useful
for non-tree models if repeated applications of the tree
block updates move towards solutions that are locally
decodable. An interesting open problem is to design
algorithms that are guaranteed to return a solution
that is locally decodable, for general graphs.

7 CONCLUSION

We have placed several dual formulations of the pair-
wise LP relaxation for MAP under a unified functional
view. As a result, algorithms for these can be under-
stood as optimizing a common objective, and analyzed
theoretically as a group.

There are a number of immediate generalizations of
this work. For example, the generalization to non-
pairwise models is straightforward. Also, if the pair-
wise LP relaxation is not tight, we may wish to include
higher-order cluster consistency constraints. The func-
tional characterization can be extended to this setting,
with similar equivalence transformations as presented
here. The tree-block update scheme would then be
given for hyper-trees.

Cycles are typically difficult to fully optimize using
local block coordinate-descent algorithms. We believe
that efficient block updates, similar to those given in
this paper, can be derived directly for cycles instead
of trees. Finally, much of our work here contributes to
inference problems involving marginals as well.
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