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Abstract

The problem of computing a maximum a posteriori (MAP) cornfagion is a central computational
challenge associated with Markov random fields. There has seme focus on “tree-based” linear
programming (LP) relaxations for the MAP problem. This pagmvelops a family of super-linearly
convergent algorithms for solving these LPs, based on pralkininimization schemes using Breg-
man divergences. As with standard message-passing onsgtaphalgorithms are distributed and
exploit the underlying graphical structure, and so scaketewéarge problems. Our algorithms have
a double-loop character, with the outer loop correspontiirthe proximal sequence, and an inner
loop of cyclic Bregman projections used to compute eachipralkupdate. We establish conver-
gence guarantees for our algorithms, and illustrate tlefopmance via some simulations. We also
develop two classes of rounding schemes, deterministicaarbmized, for obtaining integral con-
figurations from the LP solutions. Our deterministic rourgdschemes use a “re-parameterization”
property of our algorithms so that when the LP solution iegnél, the MAP solution can be ob-
tained even before the LP-solver converges to the optimurna. aldb propose graph-structured
randomized rounding schemes applicable to iterative UFrspalgorithms in general. We ana-
lyze the performance of and report simulations compariegahrounding schemes.

Keywords: Graphical Models, MAP Estimation, LP Relaxation, Proxirhimization, Round-
ing Schemes

1. Introduction

A key computational challenge that arises in applications of discrete gedphciels is to compute
the most probable configuration(s), often referred to asrtagimum a posterioliMAP) problem.
Although the MAP problem can be solved exactly in polynomial time on treesr(eamd generally,
graphs with bounded treewidth) using the max-product algorithm, it is cortiquedly challenging
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for general graphs. Indeed, the MAP problem for general disgrejghical models includes a large
number of classical NP-complete problems as special cases, includingGAAX independent set,
and various satisfiability problems.

This intractability motivates the development and analysis of methods for olga@pproximate
solutions, and there is a long history of approaches to the problem. Os@€tlagthods is based on
simulated annealing (Geman and Geman, 1984), but the cooling schedylasddor theoretical
guarantees are often prohibitively slow. Besag (1986) proposed theeileconditional modes algo-
rithm, which performs a sequence of greedy local maximizations to approxihek¢AP solution,
but may be trapped by local maxima. Greig et al. (1989) observed thhirfary problems with at-
tractive pairwise interactions (the ferromagnetic Ising model in statisticaipbyerminology), the
MAP configuration can be computed in polynomial-time by reduction to a max-ftobi@m. The
ordinary max-product algorithm, a form of non-serial dynamic-progréng (Bertele and Brioschi,
1972), computes the MAP configuration exactly for trees, and is alsodraly applied to graphs
with cycles. Despite some local optimality results (Freeman and Weiss, 200dywkight et al.,
2004), it has no general correctness guarantees for graph wigscwnd even worse, it can con-
verge rapidly to non-MAP configurations (Wainwright et al., 2005) nefee problems that are easily
solved in polynomial time (e.g., ferromagnetic Ising models). For certain gralpinodels arising
in computer vision, Boykov et al. (2001) proposed graph-cut basaitk algorithms that compute
a local maximum over two classes of moves. A broad class of methods & drathe principle of
convex relaxation, in which the discrete MAP problem is relaxed to a conptmization problem
over continuous variables. Examples of this convex relaxation probldodmtinear programming
relaxations (Koval and Schlesinger, 1976; Chekuri et al., 2005; Waght et al., 2005), as well
as quadratic, semidefinite and other conic programming relaxations (fondestgRavikumar and
Lafferty, 2006; Kumar et al., 2006; Wainwright and Jordan, 2004)).

Among the family of conic programming relaxations, linear programming (LPXagilan is the
least expensive computationally, and also the best understood. Theypfouas of this paper is a
well-known LP relaxation of the MAP estimation problem for pairwise Markawdom fields, one
which has been independently proposed by several groups (Koggbehlesinger, 1976; Chekuri
et al., 2005; Wainwright et al., 2005). This LP relaxation is based on optigiauer a set of
locally consistent pseudomarginals on edges and vertices of the grépan lexact method for any
tree-structured graph, so that it can be viewed naturally as a tred-bRseelaxation: The first
connection between max-product message-passing and LP relaxasonaga by Wainwright et
al. (2005), who connected the tree-based LP relaxation to the clasgottmeighted max-product
(TRW-MP) algorithms, showing that TRW-MP fixed points satisfying a strénge agreement”
condition specify optimal solutions to the LP relaxation.

For general graphs, this first-order LP relaxation could be solvedeaat in principle—by
various standard algorithms for linear programming, including the simplex &mdarrpoint meth-
ods (Bertsimas and Tsitsikilis, 1997; Boyd and Vandenberghe, 20@#)ettr, such generic meth-
ods fail to exploit the graph-structured nature of the LP, and hencetdscale favorably to large-
scale problems (Yanover et al., 2006). A body of work has extenderbtivgection between the LP
relaxation and message-passing algorithms in various ways. Kolmogd0%)(8eveloped a se-
rial form of TRW-MP updates with certain convergence guaranteestsoeshowed that there exist
fixed points of the TRW-MP algorithm, not satisfying strong tree agreemaattgdthnot correspond

1. In fact, this LP relaxation is the first in a hierarchy of relaxations, thasethe treewidth of the graph (Wainwright
etal., 2005).
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to optimal solutions of the LP. This issue has a geometric interpretation, relatbe fact that
coordinate ascent schemes (to which TRW-MP is closely related), needmaerge to the global
optima for convex programs that are not strictly convex, but can becappéd in corners. Kol-
mogorov and Wainwright (2005) showed that this trapping phenomersartaearise for graphical
models with binary variables and pairwise interactions, so that TRW-MP figeds are always LP
optimal. Globerson and Jaakkola (2007b) developed a related butedifféual-ascent algorithm,
which is guaranteed to converge but is not guaranteed to solve the 92 §al. (2007) established
connections between convex forms of the sum-product algorithm, acthesa of reweighted max-
product algorithms; Johnson et al. (2007) also proposed algorithntedétaconvex forms of sum-
product. Various authors have connected the ordinary max-protfitam to the LP relaxation
for special classes of combinatorial problems, including matching (Balyati,&2005; Huang and
Jebara, 2007; Bayati et al., 2007) and independent set (Sarejtzwyi2007). For general problems,
max-product doesot solve the LP; Wainwright et al. (2005) describe a instance of the MIN-CU
problem on which max-product fails, even though LP relaxation is exattter@uthors (Feldman
et al., 2002a; Komodakis et al., 2007) have implemented subgradient methimtisare guaranteed
to solve the linear program, but such methods typically have sub-lineagigence rates (Bertsimas
and Tsitsikilis, 1997).

This paper makes two contributions to this line of work. Our first contributida develop and
analyze a class of message-passing algorithms with the following propéneesonly fixed points
are LP-optimal solutions, they are provably convergent with at leastmeeic rate, and they have
a distributed nature, respecting the graphical structure of the problerof #hié algorithms in this
paper are based on the well-established idearaXimal minimization instead of directly solving
the original linear program itself, we solve a sequence of so-calledmabyroblems, with the
property that the sequence of associated solutions is guaranteed trgmhy the LP solution.
We describe different classes of algorithms, based on differentehoitthe proximal function:
quadratic, entropic, and tree-reweighted entropies. For all choiceshaw how the intermedi-
ate proximal problems can be solved by forms of message-passing oragifethat are similar to
but distinct from the ordinary max-product or sum-product updates.additional desirable fea-
ture, given the wide variety of lifting methods for further constraining LiBxations (Wainwright
and Jordan, 2003), is that new constraints can be incorporated irtigelglaeamless manner, by
introducing new messages to enforce them.

Our second contribution is to develop various types of rounding scherataltbw for early
termination of LP-solving algorithms. There is a substantial body of past {eg., (Raghavan
and Thompson, 1987)) on rounding fractional LP solutions so as to obtagral solutions with
approximation guarantees. Our use of rounding is rather different:amhstee consider round-
ing schemes applied to problems for which the LP solution is integral, so thadirauwould be
unnecessary if the LP were solved to optimality. In this setting, the benefirtafic rounding pro-
cedures (in particular, those that we develop) is allowing an LP-solvirgitig to be terminated
beforeit has solved the LP, while still returning the MAP configuration, either withtameinistic
or high probability guarantee. Our deterministic rounding schemes applyltss af algorithms
which, like the proximal minimization algorithms that we propose, maintain a certainamaf
the original problem. We also propose and analyze a class of grapheséd randomized rounding
procedures that apply to any algorithm that approaches the optimal Litosdiom the interior of
the relaxed polytope. We analyze these rounding schemes, and givddinitds on the number of
iterations required for the rounding schemes to obtain an integral MAP swolutio
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The remainder of this paper is organized as follows. We begin in Section Zbastkground
on Markov random fields, and the first-order LP relaxation. In Sectjame3introduce the notions
of proximal minimization and Bregman divergences, then derive variounsestage-passing algo-
rithms based on these notions, and finally discuss their convergenaepSection 4 is devoted
to the development and analysis of rounding schemes, both for our prlostmames as well as
other classes of LP-solving algorithms. We provide experimental resulesciiog 5, and conclude
with a discussion in Section 6.

2. Background

We begin by introducing some background on Markov random fieldstreenidP relaxations that are
the focus of this paper. Given a discrete space {0,1,2,...,m—1}, let X = (Xg,...,Xy) € xN
denote aN-dimensional discrete random vector. (While we have assumed the variakéevalues

in the same set, we note that our results easily generalize to the case where the varidtdes ta
values in different sets with differing cardinalities.) We assume that the disoidP of the random
vector is a Markov random field, meaning that it factors according to thetstie of an undirected
graphG = (V,E), with each variableXs associated with one nodec V, in the following way.
LettingBs: x — R andBg : x x x — R be singleton and edgewise potential functions respectively,
we assume that the distribution takes the form

P(x;6) O exp{ Z/GS(XS)+ z Bst(Xs, %) }-

(st)eE

The problem ofmaximum a posteriorf{MAP) estimation is to compute a configuration with
maximum probability—i.e., an element

*

X* € arg ma}qx{ Z/BS(XS) +
se

Xex

S Bslx )}, (1)
(st)eE

where the arg max operator extracts the configurations that achieve thmahealue. This problem
is an integer program, since it involves optimizing over the discrete sp¥c&or future reference,
we note that the functiorfs(-) and6g(-) can always be represented in the form

Bs(xs) = z Bsj1[xs = j] (29)

jex

Bst(Xs, %) = g est;jk]I[Xs =} % =K, (2b)
j.kex

where them-vectors{8sj,j € X } andmx m matrices{6s;jk, (j,k) € x x x} parameterize the
problem.

The first-order linear programming (LP) relaxation (Koval and SchlesifiP76; Chekuri et al.,
2005; Wainwright et al., 2005) of this problem is based on a set of pseajinalsys and pst,
associated with the nodes and vertices of the graph. These pseudaisaageconstrained to be
non-negative, as well to normalize and be locally consistent in the follovenges

z Bs(Xs) = 1, forallseV, and (3a)
Xs€EX

Z Pst(Xs, %) = Hs(Xs) forall (s;t) €eE, Xs € x. (3b)

XX
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The polytope defined by the non-negativity constraints0O, the normalization constraints (3a) and
the marginalization constraints (3b), is denoted{§¢). The LP relaxation is based on maximizing
the linear function

O, = Z/Zes Xs) Hs(Xs) + Z Z Bst(Xs, %) Hst(Xs, X ), (4)

Se (st)EEXs;%

subject to the constraipte L(G).

In the sequel, we write the linear program (4) more compactly in the formmasy (6, 1)
By construction, this relaxation is guaranteed to be exact for any probtem tree-structured
graph (Wainwright et al., 2005), so that it can be viewed as a treetbatsxation. The main
goal of this paper is to develop efficient and distributed algorithms for splviis LP relaxatiof,
as well as strengthenings based on additional constraints. For instaeceatural strengthening is
by “lifting”: view the pairwise MRF as a particular case of a more generaFMh higher order
cliques, define higher-order pseudomarginals on these cliques, atitens to impose higher-order
consistency constraints. This particular progression of tighter relasatinderlies the Bethe to
Kikuchi (sum-product to generalized sum-product) hierarchy (Yedit&., 2005); see Wainwright
and Jordan (2003) for further discussion of such LP hierarchies.

3. Proximal Minimization Schemes

We begin by defining the notion of a proximal minimization scheme, and varioes typdiver-
gences (among them Bregman) that we use to define our proximal segudnstead of dealing
with the maximization problem max;,) (0, 1), it is convenient to consider the equivalent mini-
mization problem,

min —(0, . 5
min, 0, (5)

3.1 Proximal Minimization

The class of methods that we develop are based on the notion of proximal naitionigBertsekas
and Tsitsiklis, 1997). Instead of attempting to solve the LP directly, we soleguesice of problems
of the form

n+1

W =arg mln{—(e, u>+$1Df(ullu”)}, (6)

HEL(G)

where for iteration numbers= 0, 1,2, ..., the vectoid" denotes current iterate, the quantityis a
positive weight, andD¢ is a generalized distance function, known as the proximal function. (Note
that we are using superscripts to represent the iteration numdidor the power operation.)

The purpose of introducing the proximal function is to convert the oridiRalwhich is convex
but not strictly so—into a strictly convex problem. The latter property is del&ri®mr a number of
reasons. First, for strictly convex programs, coordinate desceatrsehare guaranteed to converge
to the global optimum; note that they may become trapped for non-strictly cpneblems, such as
the piecewise linear surfaces that arise in linear programming. Mordbeetpal of a strictly con-
vex problem is guaranteed to be differentiable (Bertsekas, 1995gramgee which need not hold

2. The relaxation could fail to be exact though, in which case the optinfati@o to the relaxed problem will be
suboptimal on the original MAP problem
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for non-strictly convex problems. Note that differentiable dual functicens in general be solved
more easily than non-differentiable dual functions. In the sequel, we sloav for appropriately
chosen generalized distances, the proximal sequgfigecan be computed using message passing
updates derived from cyclic projections.

We note that the proximal scheme (6) is similar to an annealing scheme, in thativies\er-
turbing the original cost function, with a choice of weights"}. While the weights{w"} can be
adjusted for faster convergence, they can also be set to a consttke, fon standard annealing
procedures in which the annealing weight is taken to 0. The reason iBthall u™), as a gen-
eralized distance, itself converges to zero as the algorithm approaehagtimum, thus providing
an “adaptive” annealing. For appropriate choice of weights and prdXimetions, these proximal
minimization schemes converge to the LP optimum with at least geometric and pasgiblyinear
rates (Bertsekas and Tsitsiklis, 1997; lusem and Teboulle, 1995).

In this paper, we focus primarily on proximal functions that are Bregmegrgéences (Censor
and Zenios, 1997), a class that includes various well-known diveggemmong them the squared
¢o-distance and norm, and the Kullback-Leibler divergence. We say flaction f : S— R, with
domainSC RP, is aBregman functiorif int S= 0 and it is continuously differentiable and strictly
convex on intS. Any such function induces Bregman divergence D Sx intS— R as follows:

Dr(W V) = ()~ F(v)— (OF(v), ) —v). )

Figure 1 illustrates the geometric interpretation of this definition in terms of the aag@roxi-
mation. A Bregman divergence satisfleg(l! || v) > 0 with equality if and only if = v, but need
not be symmetric or satisfy the triangle inequality, so it is only a generalizechdestdurther re-
strictions on the inducing functioh are thus required for the divergence to be “well-behaved,” for
instance that it satisfy the property that for any sequefice> v*, wherev" € int S v* € S, then
D¢ (v*||v") — 0. Censor and Zenios (1988) impose such technical conditions explicitlyein th
definition of a Bregman function; in this paper, we impose the stronger yed gagily stated con-
dition that the Bregman functioh (as defined above) be of Legendre type (Rockafellar, 1970). In
this case, in addition to the Bregman function properties, it satisfies the fotiqwoperty: for any
sequenc@" — p* wherel" € int S, pu* € dS, it holds that| O f (U")|| — 0. Further, we assume that
the rangeJf (int S) = RP.

Let us now look at some choices of divergences, proximal minimizatiors&d on which we
will be studying in the sequel.

Quadratic divergence: This choice is the simplest, and corresponds to setting the inducing Breg-
man functionf in (7) to be the quadratic function

1
aW = Gl T ST T S e, ®
SEV Xs€X (st)€E (X5, )X x X

defined over nodes and edges of the graph. The divergence idriiy@y e quadratic norm across
nodes and edges

1 1
QUIV) =3 lIms—vs|®+5 Ibst — Vst 9)
ZSEZ/ 2(&§6E

where we have used the shorthaiyd — vs||? = 3. [Hs(Xs) — Vs(Xs)|?, with similar notation for
the edges.
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Figure 1: Graphical illustration of a Bregman divergence.

Weighted entropic divergence:Another choice for the inducing Bregman function is the weighted
sum of negative entropies

Ha (1) = ;asgs(lis)“‘ > OlstHst(Mst), (10)

(st)eE

whereHs andHs; are defined by

Hs(bs) 1= Y Hs(xs)loghis(xs), and

XsEX

Ha(bst) 1= 5 Hotl¥s, %) logHei(%s. %),

(Xs, Xt ) EX XX

corresponding to the node-based and edge-based negative entreppectively. The correspond-
ing Bregman divergence is a weighted sum of Kullback-Leibler (KL) ijeaces across the nodes
and edges. In particular, lettirg; > 0 andag; > 0 be positive weights associated with naond
edge(s,t) respectively, we define

Da(Mflv) = Z/O‘SD(USHVSH‘ Z stD (st || Vst), (11)
se (st)eE

whereD(p||q) := ¥ (p(X) Iog% — [p(x) — q(x)]) is the KL divergence. An advantage of the
KL divergence, relative to the quadratic norm, is that it automatically actsfav@non-negativity
constraints on the pseudomarginals in the proximal minimization problem. (SterSeéd for a

more detailed discussion of this issue.)

Tree-reweighted entropic divergence:Our last example is based ontrae-reweightedentropy.
The notion of a tree-reweighted entropy was first proposed by Waihwegal. (2002). Their
entropy function however while a Bregman function is not of the Legetygre. Nonetheless let
us first describe their proposed function. Given a®sedf spanning tree3 = (V,E(T)), and a
probability distributionp over7 , we can obtain edge weights; € (0, 1] for each edgés,t) of the
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graphG aspst = Y ter I((St) € E). Given such edge weights, define

forw (U Z/HS s)+ > Pstlst(Hst); (12)
(st)eE
whereH is the negative entropy as defined earlier, while the quahtitefined as
Hst (Xs, %)
lst(Mst) := Hst(Xs, % ) log (13)
S D e PTTa ) TR y)

is the mutual information associated with edget). It can be shown that the functiofy is
strictly convex and continuously differentiable when restricted ¢0L(G); and in particular that it
is a Bregman function with domaiin(G). Within its domainL(G), the function can be re-expressed
as a weighted negative entropy family (10),

forw(W) = Z/(l— > Pst)Ht (1) + > PstHst(Mst), (14)
£ (

t:(st)eE (st)eE

but where the node entropy weighits:= 1 — 3 .sy)ce Pst are not always positive. The correspond-
ing Bregman divergence belongs to the weighted entropic family (11), with neightsis defined
above, and edge-weights; = ps;. However as stated above, this tree-reweighted entropy function
is not of Legendre type, and hence is not admissible for our proximal mintimizgrocedure (6).
However, Globerson and Jaakkola (2007a) proposed an altertratveeweighted entropy that
while equal tofyw (M) for pe L(G) is yet convex for all (not just when restricted tb(G)). Their
proposed function is described as follows. For each undirected edgeconstruct two oriented
edges in both directions; denote the set of these oriented edgés Byen given node weights
Pos € (0,1] for each node €V, and edge weights; € (0, 1] for oriented edgeé — s) € E, define

fow(l) = Z/posqs(lls)‘i‘ z 7pS|t|_TS‘t(IJ'St)7 (15)

(t—s)eE

where the quantityl_s|t defined as

Hye(be) = Y (%) log o0 (16)

(Xs,X ) EX X X ng Flst(xé;vxt)7

is the conditional entropy oXs given X; with respect to the joint distributiops;. It can be shown
that this oriented tree-reweighted entropy is not only a Bregman functiondaeitiain the non-
negative orthanR" , but is also of Legendre type, so that it is indeed admissible for our proxima
minimization procedure. The corresponding divergence is given as,

Do(H[lv) ;posD Msl[Vs)+ 5 Pst(D(kst | Vst) +D(Hst | Vst)).
t—scE
whereD(p||q) is the KL divergence, anB(- | -) is a KL divergence like term, defined as
~ [ngVSt(X/&Xt)]
D(pst|| Vst) := Mst(Xs, %) log —=—=——"——
balva) = 3 P00 )
VSt(X&Xt)
" [Hst(Xs, %) — Vst(Xs, Xt )]
[zx[sVst(X/s;Xt)] [Hst( 5 %) st(Xs Xt)]
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3.2 Proximal Sequences via Bregman Projection

The key in designing an efficient proximal minimization scheme is ensuring tegirtdximal se-
quence{p"} can be computed efficiently. In this section, we first describe how seqaef prox-
imal minimizations (when the proximal function is a Bregman divergence) caafoemulated as
a particular Bregman projection. We then describe how this Bregman projectivitself be com-
puted iteratively, in terms of a sequence of cyclic Bregman projectionss(emd Zenios, 1997)
based on a decomposition of the constrainflg&). In the sequel, we then show how these cyclic
Bregman projections reduce to very simple message-passing updates.

Given a Bregman divergend®, the Bregman projectiorof a vectorv onto a convex set is
given by

R o= argminD¢(U||v). a7
peC

That this minimum is achieved and is unique follows from our assumption thatittetidn f is of
Legendre type and from Theorem 3.12 in (Bauschke and Borweir?,) 186 that the projection is
well-defined. We define the projection operator

Mc(v) :=argminDs (K[| v), (18)
peC

where we have suppressed the dependence on the Bregman fuinatitine notation. When the
constraint se€ = NM ,C; is an intersection of simpler constraint sets, then a candidate algorithm
for the Bregman projection is to compute it ircgclic manner by iteratively projecting onto the
simple constraint setfC;} (Censor and Zenios, 1997). Define the sequence

IJtH = nCi([)(“t)v (19)

for some control sequence paramdatelN — {1,...,M} that takes each output value an infinite
number of times, for instandét) = tmodM. It can be shown thavhen the constraints are affine
then such cyclic Bregman projectioplsconverge to the projectigionto the entire constraint set as
defined in (17) so that' — [i(Censor and Zenios, 1997). But when a constiGjié non-affine, the
individual projection would have to be followed by a correction (Dykst&85; Han, 1988; Censor
and Zenios, 1997) in order for such convergence to hold. In Apggeldve have outlined these
corrections briefly for the case where the constraints are linear inegsiakitie ease of notation, we
will now subsume these corrections into the iterative projection notgtioh,= I'Iq(t)(ut), so that
the notation assumes that the Bregman projections are suitably correctedhelmnstraint€
are non-affine. In this paper, other than positivity constraints, we witidmeerned only with affine
constraints, for which no corrections are required.

Let us now look at the stationary condition characterizing the optimawh(17). As shown in for
instance Bertsekas (1995), the optimfiraf any constrained optimization problem migg(l) is
given by the stationary condition,

(Dg(f), u—1) >0, (20)
for all pe C. For the projection problem (17), the gradient of the objecEvéu||v) := f(p) —
f(v)—(Of(v), u—v) with respect to the first argumepis given byl f (u) — Of (v), which when
substituted in (20) yields the stationary condition of the optiniuas

(Of([@-0f(v),u—f) > 0, (21)
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for all p € C. Now consider the proximal minimization problem to be solved at steg@mmely the
strictly convex problem

1
i —(0 —D M 5. 22
ugl(g){ 0w+ f(ullu)} (22)
Solving for the derivative of this objective with respectytas —6 + 5 (Of (W) — Of (4")), and
substituting in (20), we obtain the conditions defining the optinpiit as

(OF () — Df (W) -0, u— ™) > 0, (23)

for all p€ L(G). Comparing these with the conditions for Bregman projection (21), we se# tha
there exists a vectar such that
Of (v) = Of (W) + "8, (24)

then the proximal iteratg™"? is the Bregman projection of this vectoronto the sefl.(G). As
shown in (Bauschke and Borwein, 1997), for any functfoof Legendre type with domai§, the
gradientJf is a one-to-one function with domain i8f so that its inversé1f) ! is a well-defined
function on the rangélf(int S) of Of. Since we have assumed that this rang&fswe can thus
obtain the unique which satisfies the condition in (24) &s= (0f)~1(0f (u) + w'8) (Note that
the range constraint could be relaxed to only require that the rangé bk a cone containing).
Accordingly, we set up the following notation: for any Bregman functipmduced divergencBy,
and convex set, we define the operator

() = (OF) HTF () +v).
We can then write the proximal update (22) in a compact manner as the codguboperation

= Mg (Jf(una(*)ne))

Consequently, efficient algorithms for computing the Bregman projectioncdY be leveraged to
compute the proximal update (22). In particular, we consider a decomposititbe constraint set
as an intersection-(G) = NV, Ly (G)— and then apply the method of cyclic Bregman projections
discussed above. Initializing"® = u" and updating fronp™® — p™*+1 by projectingu™* onto con-
straint sefl;)(G), wherei(t) =1 modM, for instance, we obtain the meta-algorithm summarized
in Algorithm 1.

As shown in the following sections, by using a decompositiofi.@®) over the edges of the
graph, the inner loop steps correspond to local message-passirtgssiightly different in nature
depending on the choice of Bregman distance. lIterating the inner andloopsryields a prov-
ably convergent message-passing algorithm for the LP. Converd@iaes from the convergence
properties of proximal minimization (Bertsekas and Tsitsiklis, 1997), comhiittdconvergence
guarantees for cyclic Bregman projections (Censor and Zenios, 1909He following section, we
derive the message-passing updates corresponding to various Bragrofons of interest.

3.3 Quadratic Projections

Consider the proximal sequence with the quadratic distahdéem equation (9); the Bregman
function inducing this distance is the quadratic functegg) = %yz, with gradientdq(y) =y. A
little calculation shows that the operatgrtdkes the form

M(MeB) = p+oh, (25)

10
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Algorithm 1 Basic proximal-Bregman LP solver
Given a Bregman distand®, weight sequencéw"} and problem parameteés

e Initialize p° to the uniform distributiont” (xs) = £, 1 (¥s, %) = .

e Outer Loop: For iterationsn=0,1,2,..., updateu"* = M) (Jf (u”,wne)).

— Solve Outer Loop vidnner Loop:
(@) Inner initializationu™® = J¢ (u", w"0).
(b) Fort =0,1,2,..., seti(t) =t modM.
(c) Updateu™** =y, ) (W™).

whence we obtain the initialization in equation (27a).

We now turn to the projections™™** = Mq(u"*, Li(G)) onto the individual constraints;(G).
For each such constraint, the local update is based on the solving therprob

04— arg min {a) - v. 0 . (26)

veLi(G)

In Appendix B.1, we show how the solution to these inner updates takesrtng(28a) given in
Algorithm 2. The{Zs, Zs} variables correspond to the dual variables used to correct the Bregman
projections for positivity (and hence inequality) constraints, as outlined5hig Section 3.2.

3.4 Entropic Projections

Consider the proximal sequence with the Kullback-Leibler dist@r{ge| v) defined in equation (11).
The Bregman functiom, inducing the distance is a sum of negative entropy functibfy =
ulogy, and its gradient is given by f (1) = log(p) + 1. In this case, some calculation shows that
the mapv = J; (1, w0) is given by

v = pexpwb/a),

whence we obtain the initialization equation (30a). In Appendix B.2, we déniz message-passing
updates summarized in Algorithm 3.

3.5 Tree-reweighted Entropy Proximal Sequences

In the previous sections, we saw how to solve the proximal sequencesifalohe algorithmic

template 1 and using message passing updates derived from cyclic Bregopections. In this

section, we show that for the tree-reweighted entropic divergen&sifiladdition to the cyclic

Bregman projection recipe of the earlier sections, we can also use weahted sum-product
or related methods (Globerson and Jaakkola, 2007b; Hazan andugha§i98) to compute the
proximal sequence.

11
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Algorithm 2 Quadratic Messages fpf+?!

Initialization:
W0 (e x) = Y (X, %) +WOst(Xe, %) (27a)
W (%) = WY (%) +W'Bs(%s) (27b)
(n,0)
Zs(xs) = MHs (Xs)
ZSt(XS> Xt) = “gl]) (X57 Xt)
repeat

for each edgés,t) € E do

0000 = 10000+ (g ) (700 - i 0e) ) 8a)

m—+1

1
00 = Woe)+ (g ) (W ST ) e

Catl¥sX) = Min{Zei(xe,%) K™ (%, %)}
Zst(Xs,Xt) = Zst(Xs, %) — Cst(Xs, %)
WP Y ) = T (6, %) — Gt %)
end for
for each nodes <V do
1
Ugn‘Hl)(Xs) = U( )(XS)+ ( Z“sm Xs) (29)
Colxs) = min{Zs(xe), i (%)}

Zs(xs) = Zs(xs) —Cs(Xs)
x) = WY 06) - Colx)

end for
until convergence

Recall the proximal sequence optimization problem (6) written as

1
n+1 : n
V) = arg min< — (6 +—D V)

gve]L(IG){ < ’V> w" f(VH )}

= argmin{ @)+ (10~ FG0) - @AMV (@)

Let us denotd®" := w"0+ Of ("), and set the Bregman functidnto the tree-reweighted entropy
few defined in (12) (or equivalently the oriented tree-reweighted entifgpy(15) since both are

12
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Algorithm 3 Entropic Messages fq*+!
Initialization:

(%) = WY (6%) eXpW0s(%,%)/0s),  and (302)
W) = WY (%) exp(d” Bs(xs) /). (30)

repeat
for each edgés,t) € E do

(nﬁr) s
X Os+0ast
ek = W0 ()T )
ZX( pSt/ (XSaXt)
Ost
as Os+0st
W) = ué”‘)(xs)wst(zpé?’Wxs,xt)) (32)
Xt

end for
for each nodes <V do

(33)

end for
until convergence

equivalent over the constraint detG)). The proximal optimization problem as stated above (34)
reduces to,
= arg min {(8", V) + fyw(V)}. (35)
vel(G)
But this is precisely the optimization problem solved by the tree-reweightedpsoduct (Wain-
wright and Jordan, 2003), as well as other related methods (Globansbiaakkola, 2007b; Hazan
and Shashua, 2008), for a graphical model with parameéfers

Computing the gradient of the functidi,,, and performing some algebra yields the algorithmic
template of Algorithm 4.

3.6 Convergence

We now turn to the convergence of the message-passing algorithms thaver@ioposed. At a
high-level, for any Bregman proximal function, convergence followaiftwo sets of known results:
(a) convergence of proximal algorithms; and (b) convergence dicdgoegman projections.

For completeness, we re-state the consequences of these resulEoharey positive sequence
w" > 0, we say that it satisfies thefinite travel conditionif $_1(1/w") = 4. We letp* € L(G)
denote an optimal solution (not necessarily unique) of the LP, anfl‘'usef (1*) = (6, y*) to denote

13
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Algorithm 4 TRW proximal solver

e For outer iterations=0,1,2,.. .,

(a) Update the parameters:

Bg(%s) = "6s(xs)+log(H'(xs)) +1 (36)
n

0% (s, = W"Og(Xs, %) + lo Hai(%s %) -1 37

e = @Babe) p“( TS M0 ) 3 M X) 7
(b) Run a convergent TRW-solver on a graphical model with param@feso as to com-

pute
n+1 ; _/pn
e = argverlg(lg){ (6 7V>+ftrW(V)}- (38)

the LP optimal value. We say that the convergence ragapgrlinearif

ey p
nl)+w |f(un)_ f*‘ 07 (39)

andlinear if

lim |f(Un+1) — f*’

PR /71 ¢
n—+oo |f(U") —f*| Y. (40)

for somey € (0,1). We say the convergenceggometricif there exists some consta@t> 0 and
y € (0,1) such that for alh,

f(U) -] < Cy. (41)

Proposition 1 (Rate of outer loop convergence)Consider the sequence of iterates produced by a
proximal algorithm(6) for LP-solving.

(a) Using the quadratic proximal function and positive weight sequesites +o satisfying
infinite travel, the proximal sequengg"} converges superlinearly.

(b) Using the entropic proximal function and positive weight sequendtsatisfying infinite
travel, the proximal sequend@t”} converges:

() superlinearly ifw" — 0, and
(i) atleast linearly if1/w" > c for some constants 0.

The quadratic case is covered in Bertsekas and Tsitsiklis (1997), aghére entropic case was
analyzed by Tseng and Bertsekas (1993), and lusem and Tebdflg) (1

Our inner loop message updates use cyclic Bregman projections, for thieiehis also a sub-
stantial literature on convergence. Censor and Zenios (1997) showithadual feasibility cor-
rection, cyclic projections onto general convex sets are convergenku€lidean projections with

14
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linear constraints, Deutsch et al. (2006) establish a linear rate of gmne®, with the rate de-
pendent on angles between the half-spaces defining the constraiet@tdition is that the more
orthogonal the half-spaces, the faster the convergence; for iestargingle iteration suffices for
completely orthogonal constraints. Our inner updates thus convergéyit@#he solution within
each outer proximal step.

We note that the rate-of-convergence results for the outer proximad lmggume that the prox-
imal update (computed within each inner loop) has been performed exaciyadtice, the inner
loop iterations do not converge finitely (though they have a linear rate mfecgence), so that
an early stopping entails that the solution to each proximal update would beuteingnly ap-
proximately, up to some accuraey That is, if the proximal optimization function at outer itera-
tion nis h"(p) with minimum "1, then the computed proximal updat& is sub-optimal, with
h(u™1) — h"(u"*+1) < &. Some recent theory has addressed whether superlinear coroemen
still be obtained in such a setting; for instance, Solodov (2001) showshdtatnder mild conditions
superlinear rates still hold for proximal iterates with inner-loop solutionsates-suboptimal. In
practice, we cannot directly usesuboptimality as the stopping criterion for the inner loop iterations
since we do not have the optimal solutigh™t. However, since we are trying to solve a feasibility
problem, it is quite natural to check for violation in the constraints defifii(@). We terminate
our inner iterations when the violation in all the constraints below a tolerande we show in
Section 5, our experiments show that setting this termination threshele tt0~* is small enough
for sub-optimality to be practically irrelevant and that superlinear comverg still occurs.

Remarks: The quadratic proximal updates turn out to be equivalent to solving the l[famaof the
LP by the projected subgradient method (Bertsekas, 1995) for covetraptimization. (This use
of the subgradient method should be contrasted with other work Feldmbi(28G2b); Komodakis
et al. (2007) which performed subgradient descent to the dual ofRf)e=br any constrained opti-
mization problem:

muin fo(k)
st.  fi(W<0j=1..m (42)

the projected subgradient method performs subgradient descenvébrati (i) the objective func-
tion fo, as well as on (i) the constraint functiof$; }rj":1 till the constraints are satisfied. Casting it
in the notation of Algorithm 1; over outer loop iterations=1,.. ., it sets

U0 = " — o O fo (W),
and computes, over inner loop iteratidns 1,. ..,
jt) = t modm
W = M o O (™),

and sets™! = ", the converged estimate of the inner loops of outer iteratiofihe constants
{an,ant} are step-sizes for the corresponding subgradient descent steps.

The constraint set in our LP problefb(G), has equality constraints so that it is not directly in
the form of Equation (42). However any equality constraifpt) = O can be rewritten equivalently
as two inequality constraintgp) < 0, and—h(p) < 0; so that one could cast our constrained LP

15



RAVIKUMAR , AGARWAL AND WAINWRIGHT

in the form of (42) and solve it using the constrained subgradient deswethod. As regards the
step-sizes, suppose we sgt= w", andan; according to Polyak’s step-size (Bertsekas, 1995) so

% wherept" is the constrained optimum. Sinpéis feasible by definition,
J(t “l2

f; (") = 0. Further, for the normalization constraidis(|) § 1 whereCsg(1) 1= 3 xcx Hs(Xs) — 1,
we have||OCss(W) |2 = m, while for the marginalization constrain@s; (1) § 0, whereCg([) :=

S xex Mst(Xs, %) = Ps(Xs), we have||OCs ()| = (m+1). It can then be seen that the subgradient
method for constrained optimization applied to our constrained LP with the abepesizes yields
the same updates as our quadratic proximal scheme.

thatan’t -

4. Rounding Schemes with Optimality Guarantees

The graph-structured LP in (4) was a relaxation of the MAP integer progi1), so that there
are two possible outcomes to solving the LP: either an integral vertex is othtaitnéch is then
guaranteed to be a MAP configuration, or a fractional vertex is obtainedhich case the relax-
ation is loose. In the latter case, a natural strategy is to “round” the frattgmbution, so as to
obtain an integral solution (Raghavan and Thompson, 1987). Suctinguschemes may either be
randomized or deterministic. A natural measure of the quality of the rouraletios is in terms of
its value relative to the optimal (MAP) value. There is now a substantial literatnperformance
guarantees of various rounding schemes, when applied to particulaiaages of MAP problems
(e.g., (Raghavan and Thompson, 1987; Kleinberg and Tardos, C&@®uri et al., 2005)).

In this section, we show that rounding schemes can be useful eventhndrP optimum is
integral, since they may permit an LP-solving algorithm tdibieely terminated—i.e., before it has
actually solved the LP—while retaining the same optimality guarantees aboutahediput. An
attractive feature of our proximal Bregman procedures is the existédmeadsely such rounding
schemes—namely, that under certain conditions, rounding pseudontaegiimiermediate iterations
yields the integral LP optimum. We describe these rounding schemes in theifglsections, and
provide two kinds of results. We provide certificates under which thededsolution is guaranteed
to be MAP optimal; moreover, we provide upper bounds on the number of itert@tions required
for the rounding scheme to obtain the LP optimum.

In the next Section 4.1, we describe and analyze deterministic roundiagsstthat are specif-
ically tailored to the proximal Bregman procedures that we have descritiezh in the following
Section 4.2, we propose and analyze a graph-structured randomizetig scheme, which applies
not only to our proximal Bregman procedures, but more broadly to aryitign that generates a
sequence of iterates contained within the local polytb(i).

4.1 Deterministic Rounding Schemes

We begin by describing three deterministic rounding schemes that explo#ttieutar structure of
the Bregman proximal updates.

Node-based rounding: This method is the simplest of the deterministic rounding procedures, and
applies to the quadratic and entropic updates. It operates as folloves: thie vectop” of pseudo-
marginals at iteration, obtain an integral configuratiod!(u") € xN by choosing

n

X} € argmay’(x), for eachse V. (43)
XeEX
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We say that the node-rounded solutidris edgewise-consisteift

(x2,x') € arg max (X, x)  foralledgegst)€E. (44)
(XX )EX XX

Neighborhood-based rounding: This rounding scheme applies to all three proximal schemes. For
each nods <V, denote its star-shaped neighborhood grapNdy: {(s,t)[t € N(s)}, consisting of
edges between nodeand its neighbors. LefQUA ENT, TRW} refer to the quadratic, entropic,
and tree-reweighted schemes respectively.

(a) Define the neighborhood-based energy function

200X+ T HW'(XX) for QUA
teN(s)
FOoH?) 1= § 201001806) + 3 aalogifxx)  for ENT (45)
s(XGH teN(s)
200gif(0) + 3 psilog SR for TRW

(b) Compute a configuratiox'(Ns) maximizing the functiori(x; 1") by running two rounds of
ordinary max-product on the star graph.

Say that such a roundingnighborhood-consisteifthe neighborhood MAP solutions<"(Ns), s €
V'} agree on their overlaps.

Tree-based rounding: This method applies to all three proximal schemes, but most naturally to the
TRW proximal method. LeTy, ..., Tk be a set of spanning trees that cover the graph (meaning that
each edge appears in at least one tree), afg(@t), i = .,K} bea probablllty distribution over

the trees. For each edggt), define theedge appearance probablhpgt =3K.p(T) I[(s,t) € Til.

Then for each tree=1,...,K:

(a) Define the tree-structured energy function

Z log(xs) + 3 o o logpl (%s, %) for QUA

(st)eE(T)
R = <2 aslogy’ (Xs)+(st)€ZE( )“St logpl(xs, %) for ENT (46)
z log’(xs)+ ¥ log “Sf(g‘sx(‘)l) for TRW.
(st)eE(Ti)

(b) Run the ordinary max-product problem on enefrgy; u") to find a MAP-optimal configura-
tion x"(T;).

Say that such a rounding ieee-consistenif the tree MAP solutiondx"(T;),i =1,...,M} are all
equal. This notion of tree-consistency is similar to the underlying motlvatloredfde -reweighted
max-product algorithm (Wainwright et al., 2005).
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4.1.1 CPTIMALITY CERTIFICATES FOR DETERMINISTIC ROUNDING

The following result characterizes the optimality guarantees associated esthritunding schemes,
when they are consistent respectively in duge-consistengyeighborhood-consistenandtree-
consistencyenses defined earlier.

Theorem 2 (Deterministic rounding with MAP certificate) Consider a sequence of iteratgs'}
generated by the quadratic or entropic proximal schemes. For agylrn2, 3,..., any consistent
rounded solution kobtained from [ivia any of the node, neighborhood or tree-rounding schemes
(when applicable) is guaranteed to be a MAP-optimal solution. For the iterat&d RW proximal
scheme, the guarantee holds for both neighborhood and tree-rounthtigods.

We prove this claim in Section 4.1.3. It is important to note that such deterministiciiog
guarantees daot apply to an arbitrary algorithm for solving the linear program. At a highileve
there are two key properties required to ensure guarantees in themguhRitst, the algorithm must
maintain some representation of the cost function that (up to possible coofgats) is equal to
the cost function of the original problem, so that the set of maximizers of tlaiamce would
be equivalent to the set of maximizers of the original cost function, andehthe MAP problem.
Second, given a rounding scheme that maximizes tractable sub-partsreptrameterized cost
function, the rounding is said to be admissible if these partial solutions agteene another. Our
deterministic rounding schemes and optimality guarantees follow this appemele detail in the
proof of Theorem 2.

We note that the invariances maintained by the proximal updates in this peptosely related
to the reparameterization condition satisfied by the sum-product and mdwepadgorithms (Wain-
wright et al., 2003). Indeed, each sum-product (or max-productitgpcan be shown to compute
a new set of parameters for the Markov random field that preservazrdhbability distribution.
A similar but slightly different notion of reparameterization underlies the tesesighted sum-
product and max-product algorithms (Wainwright et al., 2005); fordtegorithms, the invariance
is preserved in terms of convex combinations over tree-structured graphe tree-reweighted
max-product algorithm attempts to produce MAP optimality certificates that aezdlan verifying
consistency of MAP solutions on certain tree-structured componentsewdoysex combination
is equal to the LP cost. The sequential TRW-S max-product algorithm whégorov (2006) is
a version of tree-reweighted max-product using a clever schedulitfteahessages to guarantee
monotonic changes in a dual LP cost function. Finally, the elegant wokikei$s et al. (2007)
exploits similar reparameterization arguments to derive conditions under Wigghconvex free-
energy based sum-product algorithms yield the optimal MAP solution.

An attractive feature of all the rounding schemes that we consider is difively low compu-
tational cost. The node-rounding scheme is trivial to implement. The neigbbdsbased scheme
requires running two iterations of max-product for each neighborloddte graph. Finally, the
tree-rounding scheme requiregKN) iterations of max-product, whei€ is the number of trees
that cover the graph, ard is the number of nodes. Many graphs with cycles can be covered with
a small numbeK of trees; for instance, the lattice graph in 2-dimensions can be coveredweith
spanning trees, in which case the rounding cost is linear in the numbede$no
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4.1.2 BOUNDS ON ITERATIONS FOR DETERMINISTIC ROUNDING

Of course, the natural question is how many iterations are sufficientdajiwen rounding scheme
to succeed. The following result provides a way of deriving such uppends:

Corollary 3 Suppose that the LP optimum is uniquely attained at an integral vefteana con-
sider algorithms generating sequengd'} converging to L Then we have the following guaran-
tees:

(a) for quadratic and entropic schemes, all three types of roundingvexcthe MAP solution
once||\" — e < 1/2.

(b) for the TRW-based proximal method, tree-based rounding rezdlie MAP solution once
I = Ml < 2.

Proof We first claim that if the/e,-bound||p" — || < % is satisfied, then the node-based rounding
returns the (unique) MAP configuration, and moreover this MAP corditijumx* is edge-consistent
with respect tq1". To see these facts, note that thebound implies, in particular, that at every node
seV, we have

80G) ~1500)] = E0S) 1] < 3
which implies that(x5) > 1/2 asps(x5) = 1. Due to the non-negativity constraints and marginal-
ization constrainty, - U"(Xs) = 1, at most one configuration can have mass abg\z IThus,
node-based rounding returrSat each nods, and hence overall, it returns the MAP configuration
x*. The same argument also shows that the inequplitys,x’) > 3 holds, which implies that
(X5, %) = argmax, x 1" (Xs, %) for all (s,t) € E. Thus, we have showxr is edge-consistent fQr;,
according to the definition (44).

Next we turn to the performance of neighborhood and tree-roundintpéoquadratic and en-
tropic updates. Fon > n*, we know thatx* achieves the uniqgue maximum (df(xs) at each node,
and g (xs, %) on each edge. From the form of the neighborhood and tree enerdig$46,
this node- and edge-wise optimality implies thatN(s)) := {X',t € SUN(s)} maximizes the
neighborhood-based and tree-based cost functions as well, whichsmsplieess of neighborhood
and tree-rounding. (Note that the positivity of the weiglht@ndas; is required to make this asser-
tion.)

For the TRW algorithm in part (b), we note that whg®' — p/| < 1/(4N), then we must have
MO (x$) > 1—1/(4N) for every node. We conclude that these inequalities implyxhat(x;, . .., x{)
must be the unique MAP on every tree. Indeed, consider th&sefx € xN | x# x*}. By union
bound, we have

P(S) =P[EseV | Xs # X

P(xs # %)

IN
ZEMZ

(1-ps(x5)) <

S=

A

showing that we havE(x*) > 3/4, so thatx* must be the MAP configuration.
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To conclude the proof, note that the tree-rounding scheme computes tRechtfiguration on
each treel;, under a distribution with marginalg andps.. Consequently, under the stated condi-
tions, the configuratior* must be the unique MAP configuration on each tree, so that tree rounding
is guaranteed to find it. |

Using this result, it is possible to bound the number of iterations required ievacthe/..-
bounds. In particular, suppose that the algorithm has a linear rate w#rgemce—say thaf (L") —
f(u)| < | f(WO) — f(u)|[y" for somey € (0,1). For the quadratic or entropic methods, it suffices to
show that||u" — p*||2 < 1/2. For the entropic method, there exists some con§lantd such that
| — |2 < %\f(u”) — f(u")| (cf. Prop. 8, lusem and Teboulle (1995)). Consequently, we have

100~ )]

n_ g <
W =Wl < o

Consequently, aftem™ : W iterations, the rounding scheme would be guaranteed to

configuration for the entropic proximal method. Similar finite iteration boundsatso be obtained
for the other proximal methods, showing finite convergence throughfus& counding schemes.

Note that we proved correctness of the neighborhood and tree-tms®ting schemes by lever-
aging the correctness of the node-based rounding scheme. In pradipessible for neighborhood-
or tree-based rounding to succeed even if node-based roundindfailever, we currently do not
have any sharper sufficient conditions for these rounding schemes.

4.1.3 RROOF OFTHEOREM 2

We now turn to the proof of Theorem 2. At a high level, the proof consitsvo main steps.
First, we show that each proximal algorithm maintains a certain invariant obrigenal MAP
cost functionF (x; 0); in particular, the iterat@” induces a reparameterizatidiix; u") of the cost
function such that the set of maximizers is preserved—viz.:

arg maxF (x;8) :=arg max Bs(xs) + Z Bst(Xs, X% ) = argxrenXaN>F (). 47)

xexN xexN se\fzex (st)€E Xs; % €X

Second, we show that the consistency conditions (edge, neighboohtre, respectively) guaran-
tee that the rounded solution belongs to arggaxF (x; ")
We begin with a lemma on the invariance property:

Lemma 4 (Invariance of maximizers) Define the function

> Hs(Xs)+ Y Mst(Xs, %) for QUA
seV (st)eE
FOxp := ngasbglis(xs)+(StZEEO(stlogu5t(xs, %) for ENT (48)
3, 109ks(x) + 3 _patlog e for TRW
(st)eE

At each iteration n= 1,2, 3, ... for which ' > 0O, the function Ex; u") preserves the set of maximiz-
ers(47).
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The proof of this claim, provided in Appendix C, is based on exploiting thessary (Lagrangian)
conditions defined by the optimization problems characterizing the sequeemtons{|"}.

For the second part of the proof, we show how a solutigrobtained by a rounding procedure,
is guaranteed to maximize the functibiix; "), and hence (by Lemma 4) the original cost function
F(x;8). In particular, we state the following simple lemma:

Lemma 5 The rounding procedures have the following guarantees:

(a) Any edge-consistent configuration from node rounding maximiges'H for the quadratic
and entropic schemes.

(b) Any neighborhood-consistent configuration from neighborhoodding maximizes
F (x; ") for the quadratic and entropic schemes.

(c) Any tree-consistent configuration from tree rounding maximizgg.£) for all three schemes.

Proof We begin by proving statement (a). Consider an edge-consistent integfagurationx*
obtained from node rounding. By definition, it maximiz€$xs) for all s€ V, andpg(xs, %) for all
(s,t) € E, and so by inspection, also maximiZegs; ") for the quadratic and proximal cases.

We next prove statement (b) on neighborhood rounding. Supposeefgtborhood round-
ing outputs a single neighborhood-consistent integral configurati.oSincex’,Q(s) maximizes the
neighborhood energy (45) at each nsdeV, it must also maximize the suffi., Fs(x; 1"). A little
calculation shows that this sum is equal #(&; i), the factor of two arising since the term on edge
(s,t) arises twice, one for neighborhood rooted,and once fot.

Turning to claim (c), lek* be a tree-consistent configuration obtained from tree rounding. Then
foreach =1,... K, the configuratiox* maximizes the tree-structured functigiix; 1"), and hence
also maximizes the convex combinatigit ; p(T))F (x; u"). By definition of the edge appearance
probabilitiesps;, this convex combination is equal to the functiefx; u"). |

4.2 Randomized Rounding Schemes

The schemes considered in the previous section were all deterministic(disregarding any pos-
sible ties), the output of the rounding procedure was a deterministic functitme given pseu-
domarginals{ g, L& }. In this section, we consider randomized rounding procedures, in wiéch
output is a random variable.

Perhaps the most naive randomized rounding scheme is the followingadborreder €V,
assign it valuex, € x with probability W)(x,). We propose a graph-structured generalization of
this naive randomized rounding scheme, in which we perform the roundiagdependent way
across sub-groups of nodes, and establish guarantees for itssudaearticular, we show that
when the LP relaxation has a unique integral optimum that is well-separatedliiie second best
configuration, then the rounding scheme succeeds with high probabilityaadte-specified number
of iterations.

4.2.1 THE RANDOMIZED ROUNDING SCHEME

Our randomized rounding scheme is based on any given sbbséthe edge seE. Consider the
subgraphG(E\E'), with vertex seV, and edge seE\E'. We assume thd’ is chosen such that
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the subgraplG(E\E’) is a forest. That is, we can decompd3¢E\E’) into a union of disjoint
trees,{Ti,..., Tk}, whereT; = (V;,E), such that the vertex subséfsare all disjoint andvV =
ViUV U...UVk. We refer to the edge subsetfagest-inducingvhen it has this property. Note that
such a subset always exists, sifie= E is trivially forest-inducing. In this case, the “trees” simply
correspond to individual nodes, without any edgés: {i},Ei=0,i=1,...,N.

For any forest-inducing subsét C E, Algorithm 5 defines our randomized rounding scheme.

Algorithm 5 RANDOMIZED ROUNDING SCHEME

for subtree indices=1,...,K do
Sample a sub-configuratiofy, from the probability distribution

POVIH(T)) = []H'(x) "(%,%)

W
—_— . 49
seV; (s,!)_lEi H" (Xs) I (%) (49)

end for
Form the global configuratioX € xN by concatenating all the local random samples:

X = (le,...,XVK).

To be clear, the randomized solutidhis a function of both the pseudomarginals and the
choice of forest-inducing subs&t, so that we occasionally use the notatd("; E’) to reflect
explicitly this dependence. Note that the simplest rounding scheme of this tygi#amed by
settingE’ = E. Then the “trees” simply correspond to individual nodes without angsdand the
rounding scheme is the trivial node-based scheme.

The randomized rounding scheme can be “derandomized” so that we @btiEterministic
solutionxd(u"; E’) that does at least well as the randomized scheme does in expectation. This
derandomization scheme is shown in Algorithm 6, and its correctness isgeraan the following
theorem, proved in Appendix D.

Theorem 6 Let (G = (V,E), 8) be the given MAP problem instance, and I8tquL(G) be any
set of pseudomarginals in the local polytap€G). Then, for any subset’'E- E of the graph G,
the (E’, u")-randomized rounding scheme in Algoritinwhen derandomized as in Algorithén
satisfies,

F (Y ED:8) > E<F(X(u”:E’>:9)),
where X"E’) and ¥ (u";E’) denote the outputs of the randomized and derandomized schemes

respectively.

4.2.2 OBCILLATION AND GAPS

In order to state some theoretical guarantees on our randomized rogetEges, we require some
notation. For any edges,t) € E, we define thedge-based oscillation

Ot(8) = Q:ix[est(x&xt)]—rXTS"in(‘[est(Xsﬁ(t)] (50)
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Algorithm 6 DERANDOMIZED ROUNDING SCHEME
Initialize: p=W".

for subtree indices=1,...,K do

Solve
x4 = arg maxZ/{GS(Xs) + 0y Zf‘t(xt)est(xs’xt)} + > Balsx).
N $Ew t: (SDEE’ X (st)eE
Updatey:
Hs(Xs) if s¢ Vi
Lix) = { 0 ifseVixd#xs
1 ifseVipd=x
_ . Hst(Xs, %) if (st) € E
Hst(Xs, %) = { Hs(Xs) e (%) if (S,t) €
end for

Form the global configuratioxf € xN by concatenating all the subtree configurations:

= (x\‘}l,...,x\‘}K>.

We define thenode-based oscillatiods(8) in the analogous manner. The quantitg®) andds(0)
are measures of the strength of the potential functions.
We extend these measures of interaction strength to the full graph in thalrvaayr

0c(0) = maxqy max ds(0), maxds(0) . 51
o(©) { maxsu(e), maxas(o) )
Using this oscillation function, we now define a measure of the quality of a arvt@P optimum,
based on its separation from the second most probable configuratiparticular, lettinge* € x N
denote a MAP configuration, and recalling the notatq; 0) for the LP objective, we define the
graph-based gap

n;iQ[F(x*;e) —F(x 6)}
AB;G) = X . 52
(8:G) 50 (52)
This gap function is a measure of how well-separated the MAP optixiumfrom the remaining
integral configurations. By definition, the gdg0;G) is always non-negative, and it is strictly
positive whenever the MAP configuratiofi is unique. Finally, note that the gap is invariant to
the translationsq+— 6’ = 6 +C) and rescalings®(— 6’ = c0) of the parameter vectd. These
invariances are appropriate for the MAP problem since the optima of tmgyefumctionF (x; 8) are
not affected by either transformation (i.e., arg giaks; 6) = argmaxF (x;6') for both® =6+C
and6’ = c0).
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Finally, for any forest-inducing subset, we E’) be the maximum degree of any node with
respect to edges iB'—namely,

dE") = Tez\:l/x]tev | (sit) € E'|.

4.2.3 CQPTIMALITY GUARANTEES FORRANDOMIZED ROUNDING

We show, in this section, that when the pseudomargipalare within a specified; norm ball
around the unique MAP optimump, the randomized rounding scheme outputs the MAP configu-
ration with high probability.

Theorem 7 Consider a problem instandgs, 8) for which the MAP optimum®xis unique, and let
U be the associated vertex of the polytdd&). For anye € (0,1), if at some iteration n, we have
e L(G), and

eA(6;G)
1+d(E)’

then(E’, u")-randomized rounding succeeds with probability greater thare,

" —pffp < (53)

PX(WE) =x"] > 1-¢

We provide the proof of this claim in Appendix E. It is worthwhile observingttthe theorem
applies to any algorithm that generates a sequéptgof iterates contained within the local poly-
topelL(G). In addition to the proximal Bregman updates discussed in this paper, it@iiesto
interior-point methods (Boyd and Vandenberghe, 2004) for solving. LIFor the naive rounding
based orE’ = E, the sequencéu"} need not belong tdé.(G), but instead need only satisfy the
milder conditiongig(xs) > 0 for alls€ V andxs € x, andy,_s(xs) =1 forallse V.

The derandomized rounding scheme enjoys a similar guarantee, as shinerialiowing the-
orem, proved in Appendix F.

Theorem 8 Consider a problem instandgs, 8) for which the MAP optimum*xis unique, and let
K be the associated vertex of the polytdg&). If at some iteration n, we havé g L(G), and

A(B;G)

n_ * < A\ )
U=y < 11 dE)’

then the(E’, 1")-derandomized rounding scheme in AlgoritBroutputs the MAP solution,
XA(UME) = X

4.2.4 BOUNDS ON ITERATIONS FORRANDOMIZED ROUNDING

Although Theorems 7 and 8 apply even for sequer ¢} that need not converge g, it is most
interesting when the LP relaxation is tight, so that the sequéptegenerated by any LP-solver
satisfies the conditiop” — p*. In this case, we are guaranteed that for any figed(0,1), the
bound (53) will hold for an iteration numbaer that is “large enough”. Of course, making this
intuition precise requires control of convergence rates. RecallNhiatthe number of nodes in
the graph, andn is cardinality of the setr from which all variables takes their values. With this
notation, we have the following.
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Corollary 9 Under the conditions of Theorem 7, suppose that the sequence of stépétecon-
verge to the LP (and MAP) optimum at a linear ratg" — p*|[2 < y"||u® — w*||2. Then:

(&) The randomized rounding in AlgorithBnsucceeds with probability at least- € for all iter-
ations greater than

L Ylog (Nm-+NZm?) +log ([[1°—p[l2) +log (4567 ) +log(1/e)

log(1/y)
(b) The derandomized rounding in Algoritléyields the MAP solution for all iterations greater
than
R 1og (Nm+N2m?) +log ([0 — p|[2) +|og(1§(‘éf§;))
' log(1/y)

This corollary follows by observing that the vectqr" — p*) has less thatNm-+ N2n? ele-
ments, so thaffp" — p*[|z < vNm+ N2n¥ || — p*||2. Moreover, Theorems 7 and 8 provide an
¢1-ball radius such that the rounding schemes succeed (either with flitybgdeater than 1- ¢, or
deterministically) for all pseudomarginal vectors within these balls.

5. Experiments

In this section, we provide the results of several experiments to illustratef@vior of our methods
on different problems. We performed experiments on 4-nearest neiginioographs with sizes
varying fromN = 100 toN = 900, using models with eithen =3 or m=5 labels. The edge
potentials were set to Potts functions, of the form

Bst if Xs =X
0 otherwise

Bst(Xs, %) = {

for a parametefiss € R. These potential functions penalize disagreement of labebg; it> O,

and penalize agreement B; < 0. The Potts weights on edg@s; were chosen randomly as
Uniform(—1,+1). We set the node potentials @gxs) ~ Uniform(— SNR SNR), for some signal-
to-noise parameter SNR 0 that controls the ratio of node to edge strengths. In applying all of the
proximal procedures, we set the proximal weightsods= n.

5.1 Rates of Convergence

We begin by reporting some results on the convergence rates of proxpdatas. Figure 2(a)
plots the logarithmic distance Ig@" — p*||2 versus the number of iterations for grids of differ-
ent sizes (node numbeh$ € {100,400 900}). Here" is the iterate at step entropic proximal
method andu* is the LP optimum. In all cases, note how the curves have an inverted ¢uadra
shape, corresponding to a superlinear rate of convergence, whiohssstent with Proposition 1.

On other hand, Figure 2(b) provides plots of the logarithmic distance véesation number for
problem sizesdN = 900, and over a range of signal-to-noise ratios SNR (in particular, 8NR
{0.05,0.25,0.50,1.0,2.0}). Notice how the plots still show the same inverted quadratic shape, but
that the rate of convergence slows down as the SNR decreases, as sxjoeloted.
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Convergence rates (varying sizes)

Convergence rates (varying SNR)
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Figure 2. (a) Plot of distance log ||)" — p*||2 between the current entropic proximal itergafe
and the LP optimunp* versus iteration number for Potts models on grids Wtk {100,400,900}
verticesm=>5 labels and SNR- 1. Note the superlinear rate of convergence, consistehtRvipo-
sition 1. (b) Plot of distance lqg||1" — 1*||2 between the current entropic proximal iterpteand the
LP optimump* versus iteration number for Potts models on grids witk: 5 labels,N = 900 ver-
tices, and a range of signal-to-noise ratios SNf.05,0.25,0.50, 1.0,2.0}. The rate of convergence
remains superlinear but slows down as the SNR is decreased.
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Figure 3. (a) Plots of the function value (for fractional iteratgd versus number of iterations for
a Potts model wittN = 400 verticesmm = 3 labels and SNR= 2. Three methods are compared: a
subgradient method (Feldman et al., 2002b; Komodakis €2@D7), the entropic proximal method
(Ent. Prox.), and the TRW-based proximal method (TRW Prog) Traces of different algorithm
runs showing the number of inner iterations (vertical axisus the outer iteration number (hori-
zontal axis). Typically around 20 inner iterations are tigepl
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In Figure 3, we compare two of our proximal schemes—the entropic andititeatic schemes—
with a subgradient descent method, as previously proposed (Feldaar2802a; Komodakis et al.,
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2007). For the comparison, we used a Potts model on a grid of 400 neidegach node taking
three labels. The Potts weights were set as earlier, with SI2RPIlotted in Figure 3(a) are the log
probabilities of the solutions from the TRW-proximal and entropic proximal naghcompared to
the dual upper bound that is provided by the sub-gradient method. dEgglon the horizontal axis
is a single outer iteration for the proximal methods, and five steps of thealibgt method. (We
note that it is slower to perform five subgradient steps than a single prbairtex iteration.) Both
the primal proximal methods and the dual subgradient method converge $artiee point. The
TRW-based proximal scheme converges the fastest, essentially withioutairiterations, whereas
the entropic scheme requires a few more iterations. The convergenod tiagesubgradient ascent
method is slower than both of these proximal schemes, even though we aitdovttke more steps
per “iteration”. In Figure 3(b), we plot a number of traces showing thmlmer of inner iterations
(vertical axis) required as a function of outer iteration (horizontal axi$)e average number of
inner iterations is around 20, and only rarely does the algorithm requistastially more.

5.2 Comparison of Rounding Schemes

In Figure 4, we compare five of our rounding schemes on a Potts modabtagraphs withN = 400,

m = 3 labels and SNR= 2. For the graph-structured randomized rounding schemes, we used the
node-based rounding scheme (so tBQE’ = 0), and the chain-based rounding scheme (so that
E\E' is the set of horizontal chains in the grid). For the deterministic roundingnseh, we used
the node-based, neighborhood-based and the tree-based rosolérges. Panel (a) of Figure 4
shows rounding schemes as applied to the entropic proximal algorithm, agheaael (b) shows
rounding schemes applied to the TRW proximal scheme. In both plots, thiedseetand star-based
deterministic schemes are the first to return an optimal solution, whereasitdoased randomized
scheme is the slowest in both plots. Of course, this type of ordering is tojeetex!, since the tree
and star-based schemes look over larger neighborhoods of the grayaticur larger computational
cost.

6. Discussion

In this paper, we have developed distributed algorithms, based on the abficoximal sequences,
for solving graph-structured linear programming (LP) relaxations. Ouhaous respect the graph
structure, and so can be scaled to large problems, and they exhibitrbreegrerate of convergence.
We have also developed a series of graph-structured rounding sslleatean be used to gener-
ate integral solutions along with a certificate of optimality. These optimality certificdtew the
algorithm to be terminated in a finite number of iterations.

The structure of our algorithms naturally lends itself to incorporating additiooastraints,
both linear and other types of conic constraints. It would be interestingvielaj®ean adaptive ver-
sion of our algorithm, which selectively incorporated new constraints esssary, and then used
the same proximal schemes to minimize the new conic program. Our algorithmgvingsiine
LP are primal-based, so that the updates are in terms of the pseudo-rsqugimat are the primal
parameters of the LP. This is contrast to typical message-passing algositbmas tree-reweighted
max-product, which are dual-based and where the updates are entiteignsrofmessag@aram-
eters that are the dual parameters of the LP. However, the dual of tierign-differentiable, so
that these dual-based updates could either get trapped in local minima¢doalinate ascent) or
have sub-linear convergence rates (dual sub-gradient ascemthe®ne hand, our primal-based
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Rounded cost versus iteration (Ent. Prox.) Rounded cost versus iteration (TRW Prox.)
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Figure 4. Plots of the log probability of rounded solutions versus rilaenber of iterations for the
entropic proximal scheme (panel (a)), and the TRW proxiroaéme (panel (b)). In both cases, five
different rounding schemes are compared: node-basedmapeld rounding (Node Rand.), chain-
based randomized rounding (Chain Rand.), node-basedeistic rounding (Node. Det.), star-
based deterministic rounding (Star Det.), and tree-baststministic rounding (Tree Det.).

algorithm converges to the LP minimum, and has at least linear convergaiese ©On the other, it
is more memory-intensive because of the need to maintdjg|) edge pseudo-marginal parame-
ters. It would be interesting to modify our algorithms so that maintaining thedeiéyould be
avoided; note that our derandomized rounding scheme (Algorithm 4.2e%)rtit make use of the
edge pseudo-marginal parameters.
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Appendix A. Corrections to Bregman Projections

We briefly outline the corrections needed to cyclic Bregman projections éocése where the
constraints are linear inequalities. It is useful, in order to characterize theeded corrections,
to first note that these cyclic projections are equivalent to co-ordinaentaisteps on the dual of
the Bregman projection problem (18). Let the linear constraint set foBtkegman projection

problem (18) be&C = ni{(a;, W) < b;}. Its Lagrangian can be written as

£(1,2) =De(ullv) + 3 z((a, W) —bi),

wherez > 0 are the Lagrangian or dual parameters. The dual function is givi@jas min, £ (,z),
so that the dual problem can be written as

min g(z).

z>0
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If the constraints were lineaqualities the dual variablegz} would be unconstrained, and itera-
tive co-ordinate ascent—which can be verified to be equivalent to cya@iegtions of the primal
variables onto individual constraints—would suffice to solve the dudilpro. However, when the
constraints have inequalities, the dual problem is no longer unconstraimedual variables are
constrained to be positive. We would thus need to constrain the co-ordisegat steps. This can
also be understood as the following primal-dual algorithmic scheme. Note thetessary KKT
condition for optimality of a primal-dual paij, z) for (18) is

Of(W=0f(v) -5 za. (54)

The primal-dual algorithmic scheme then consists of maintaining primal-dual &éét#) which
satisfy the equality (54), are dual feasible with> 0, and which entail co-ordinate ascent on the
dual problem, so thag(Z*+1) > g(Z) with at most one co-ordinate @f updated ini**. We can
now write down the corrected-projection updatglofiven the single constrai; = {(a;, 1) < bj}.
According to the primal-dual algorithmic scheme this corresponds to coadedascent on thieth
co-ordinate o2 so that (54) is maintained, whereby

Of*h) = Of(W)+Ca, (55)
271 = Z-cCg,
C = min{Z,B},

whereg is the co-ordinate vector with one in tivth co-ordinate and zero elsewhere, §id the
i-th dual parameter setting corresponding to an unconstrained co-erdsEent update,

Of(w = Of(")+Ba;, (56)
(Wa) = b.

One could derive such corrections corresponding to constrainddadoant for general convex
constraints (Dykstra, 1985; Han, 1988).

Appendix B. Detailed Derivation of Message-passing Updates

In this appendix, we provided detailed derivation of the message-pagsitages for the inner loops
of the algorithms.

B.1 Derivation of Algorithm 2

Consider the edge marginalization constraint for etge), Li(G) = 5 Hst(Xs,%) = Us(Xs). De-
noting the dual (Lagrange) parameter corresponding to the constyaigt(Rs), the Karush-Kuhn-
Tucker conditions for the quadratic update (26) are given by

Og( nHl(XSv ) = 0Oq( ntT(X& ) + Ast(Xs)
Oa(H™ (%)) = Da(H2T(Xs)) — Ast(Xs)
W (e X) = K (% X) + Ast(X)
T (xs) = T (%) = Ast(Xs),
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while the constraint itself gives
X K 6 %) = HET (%), (58)

Solving forAst(xs) yields equation (28a). The node marginalization follows similarly.

The only inequalities are the positivity constraints, requiring that the nodesdge pseudo-
marginals be non-negative. Following the correction procedure farBaa projections in (55), we
maintain Lagrange dual variables corresponding to these constraintseZigxs) as the Lagrange
variables for the node positivity constrainigxs) > 0, andZs(xs,% ) for the edge-positivity con-
straintspsy(Xs, %) > 0.

Consider the projection dfu™™*} onto the constrainis(xs) > 0. Following (56), we first solve
for Bs(Xs) that satisfies

bs(Xs) = HETH(xs) — Bs(s)
uS<XS) = 0
so thatBs(xs) = P’ T+1( Xs). Substituting in (55), we obtain the update

Cs(xs) = min{Zs(xs),pgn’Hl)(xs)}
Zs(Xs) = Zs(Xs) —Cs(Xs)
Y 06) = BT 06) — G,
The edge positivity constraint updates follow similarly.

Thus overall, we obtain message-passing Algorithm 2 for the inner loop.

B.2 Derivation of Algorithm 3

Note that we do not need to explicitly impose positivity constraints in this casmuBe the domain
of the entropic Bregman function is the positive orthant, if we start fromsétige point, any further
Bregman projections would also result in a point in the positive orthant.

The projectionu™1 = My (U*,1Li(G)) onto the individual constrairit;(G) is defined by the
optimization problem:

et = min{h(w - W Oh(W™)}.

Consider the subsét;(G) defined by the marginalization constraint along edge), namely
Yxex Mst(Xs, %) = s(Xs) for eachxs € x. Denoting the dual (Lagrange) parameters correspond-
ing to these constraint bysi(xs), the KKT conditions are given by

Oh(S™ ™ (xs%) = Oh(KG (%s,%)) +Asi(xs), and (59a)
Oh(pe™™(xs)) = Oh(pg™ (Xs)) — Ast(Xs)- (59Db)
Computing the gradiernih and performing some algebra yields the relations

T 06x) = WY 06, %) expAET T (), (60a)

WY (%) = p™ (xe) exp(—AST P (xg)),  and (60b)

(no)
oL V) = b ) (60c)
ZXtUst (XS7 )
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from which the updates (31) follow.
Similarly, for the constraint set defined by the node marginalization constrain
S veex Hs(Xs) = 1, we havedh(™ ™ (xs)) = Oh(ud™” (xs)) + A, from which

W %) = W x)expA™™ ), and (61a)
exp Ay = 1 > I (). (61b)

XsEX

The updates in equation (33) follow.

Appendix C. Proof of Lemma 4

We provide a detailed proof for the entropic scheme; the arguments farmtiwemal algorithms
are analogous. The key point is the following: regardless of how therped updates are com-
puted, they must satisfy the necessary Lagrangian conditions for optiims$ pver the sek(G).
Accordingly, we define the following sets of Lagrange multipliers:

Ass  for the normalization constraifss(|s) = Yx, Ms(Xs) —1=0
Ast(Xs) for the marginalization constrai@s(xs) = ¥ x Mst(Xs, %) — Ks(Xs) = 0
Yst(Xs, %) for the non-negativity constraipk(xs,%) > O.

(There is no need to enforce the non-negativity constfaimxt) > 0 directly, since it is implied by
the non-negativity of the joint pseudo-marginals and the marginalizatiorireoms.)

With this notation, consider the Lagrangian associated with the entropic praxitate at step
n:

LOGA,Y) =C(18,1") + (y, 1) + Z/ s&Css(Xs) + z P\ts(xs>cts(xs>+)\st(xt)cst<xt)];

(st)eE

whereC(l; 0, 1") is shorthand for the cost componentd, W) + = Da(u|| 1M). UsingC,C’ to denote
constants (whose value can change from line to line), we now take tiegvéo find the necessary
Lagrangian conditions:

oL 205, Ps(Xs)
= —Bsl) - lo Ats(Xs) and
ons(x) S06) + 5 199 ) PRES
aL ZC(St uSt(X57 Xt) ,
Ot (Xs, Xt ) st(% %) w" 9 B2 (Xs, X ) Yst(Xs: Xt ) — Ats(Xs) — Ast(Xt)

Solving for the optimunu = u"** yields

205
Bs(Xs) + ) Iogps Xs) — Ais(Xs) +
teN(s)

a
FS log U2+1(Xs)

"

log “;]rl(XS> ) = Ost(Xs, %) + Gt (Xs, %) — Yst(Xs, Xt )
+)\tS(XS) + Ast(Xt) + C/.
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From these conditions, we can compute the energy invariant (48):

n+l> ZGS )

2a
x; U = wnlogps )+ S FStIogp’s‘t“(xs, x)+C

(st)eE

2
- F(x:e>+wn{;aslogw<xs>+ > asloaie
SE (st)cE

Z Yst(Xs, %) +C
(st)eE

= F(x;e)+§F(X;u”)— > Yat(Xs:X) +C.

(st)eE

o

Now sincep" > 0, by complementary slackness, we must hawes, %) = 0, which implies that
2
. . N

From this equation, it is a simple induction to show for some constgnts0 andC, € R,
we haveF (x; 1") = yaF (x;0) + C, for all iterationsn = 1,2, 3,..., which implies preservation of
the maximizers. If at iteration = 0, we initialize® = 0 to the all-uniform distribution, then we
have -2 F(X'u ) =F(x;8) +C/, so the statement follows for= 1. Suppose that it holds at stap

thenZ; F(X ") = ZvaF (x,0) + 22, and hence from the induction step (62), we haye; ™) =
yn+1F (Xl e) +Cﬂ+1, Whereyn+l = %yn_

Appendix D. Proof of Theorem 6

Consider the expected cost of the configuratidp”; E’) obtained from the randomized rounding
procedure of Algorithm 5. A simple computation shows that

K
EIF(X(E)0)] = O := 5 HIT) +HE)

where
HWLT) o= ;Z KS06)0s(xs) + Y > g%, %) Bst(Xs, %), (63a)
SEVi Xs (st)€E; X%
HIGE) = % S Hilu)06)8st0, %)- (63b)
(u,v)eE"%s

We now show by induction that the de-randomized rounding scheme asldestat least as
large as this expected value. L&t denote the updated pseudomarginals at the end oi-tine
iteration. Since we initialize with® = ", we haveG((?) = E[F (X (U, E’); 8)]. Consider thé-th
step of the algorithm; the algorithm computes the portion of the de—randomikﬂhbetx\‘}i over the
i—th tree. It will be convenient to use the decompositi®s- Gj + G,;, where

6= 3 yR{B00+ 5 Sl |+

scV {t](st)eE'} X

> Hst(Xs, %) Bst(Xs, %),
(st)€Ei X%
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andG,; = G- G;. If we define

Ri(xy) 1= ;{GS(XSH YH Y0006+ T O X),
SeVi t:(st)eE’ % (st)eE;

it can be seen thas; (1Y) = E[F (x)] where the expectation is under the tree-structured distri-
bution overXy; given by

. B i H(iil)(xs,xt)
e L T )

Thus when the algorithm makes the chc»ke_e: argmax, F(xy), it holds that
Gi(E'Y) = EIR(w)] < ROE)-
The updated pseudomarginal8 at the end théth step of the algorithm are given by,

" i (%) if s¢
Hs' (%) = { 0 if SE€ Vi, Xas # Xs
1 if s€Vi,Xgs=Xs
' —Hi—-1) .
i) Kt ~(x,%) if (st) ¢ E
i) (6. %) { )
n K i () if (st) €E

In other wordsu™ (T;) is the indicator vector of the maximum energy sub-configuratﬁgnCon-
sequently, we have

GHE)) = Fed) > G(EY),

andG,; (i) = G,;(1~Y), so that at the end of theth step.G(") > G('~Y). By induction, we
conclude thaG(®)) > G(U?), whereK is the total number of trees in the rounding scheme.

At the end ofK steps, the quantity™ is the indicator vector for?(u"; E’) so thatG(aX)) =
F(Xq(U";E");8). We have also shown th&(?) = E[F (X(u";E’);8)]. Combining these pieces,
we conclude thaf (xd(u"; E’);8) > E[F (X(U"; E’); 8)], thereby completing the proof.

Appendix E. Proof of Theorem 7

Let psucc= P[X(U"; E’) = x*|, and letR(W"; E’) denote the (random) integral vertexofG) that is
specified by the random integral soluti¥iu™; E). (SinceE’ is some fixed forest-inducing subset,
we frequently shorten this notation R(l").) We begin by computing the expected cost of the
random solution, where the expectation is taken over the rounding pnecedl simple computation
shows thai£[(8, R(U")] : = TK,H(U"T) +H (U E'), whereH (U"; T;) andH (U"; E’) were defined
previously (63).

We now upper bound the differenc®, u*) — E[(8, R(W"))]. For each subtree=1,...,K, the
quantityD; : = H (u*; T;) — H(U"; T;) is upper bounded as

o= 33 5 (150~ 100) |00+ 55 (1506 ()~ Bl )| B )
(si)eE XX
< Z/és ZHJS Xs) — M9 (Xs)| + Z Ost(6 Z‘ Her(Xs, %) — K (Xs, %) |-
SV Xs (st)eE X, Xt
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In asserting this inequality, we have used the fact that that the matrix withsegitvemn by (xs) b (%) — HS (Xs, %)
is a difference of probability distributions, meaning that all its entries aredmiw1 and 1, and
their sum is zero.

Similarly, we can upper bound the differerla¢E’) = H (u*; E’') — H(W"; E) associated witl’:

DE) = 55 WO ~ KO0 Bt

(u,v) EE" Xu,Xv

<3 awO { 300 -+ 3 0w - Kl -
Xu
Combining the pieces, we obtain

04) ~EIB.RUN)] < So(@ -1+ 3 dASE) S W) -0}

Xs

< (1+d(E"))3a(B) |1 — K2 (64)
In the other direction, we note that when the rounding fails, then we have
6, 4y — (8, R(UW")) > EQ&)([F (X*;0) —F(x;0)].
Consequently, conditioning on whether the rounding succeeds or failsawe
(6, 1) —E[(8, RUM)] > Psucc[(B, K) — (8, H)] + (1 — Psucd rxr;gg{F(X*:e) —F(x0)]
XX
Combining this lower bound with the upper bound (64), performing some &gebd using the

definition of the gap\(6; G) yields that the probability of successful rounding is at least

1+d(E .
Psucc > 1_(A(9;(G)))Hun_u”1'

If the condition (53) holds, then this probability is at least 4, as claimed.

Appendix F. Proof of Theorem 8
The proof follows that of Theorem 7 until equation (64), which gives
(6, ) —E[(6, R(W))] < (1+d(E"))dc(6) " — |-

Let vd(u"; E’) denote the integral vertex &f(G) that is specified by the de-randomized integral so-
lution x4 (U, E’). SinceE’ is some fixed forest-inducing subset, we frequently shorten this notation
to v (W"). Theorem 6 shows that

E[(8, R(W")] < (8, VI(H)).
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Suppose the de-randomized solution is not optimal softigf) # p*. Then, from the definition
of the graph-based gay6; G), we obtain

(8, 1) — (8, V(") > 86(B) A(8; G)
Combining the pieces, we obtain

66(6)A(6;G) (8, ) — (8, V(W)

(6, 1) — E[(6, R(")]
(1+d(E"))8e(0) 1" — 1|1,

ININ A

which implies||W" — p*||1 > ﬁ(g;{@). However, this conclusion is a contradiction under the given

assumption o — (|1 in the theorem. It thus holds that the de-randomized solwf¢p") is
equal to the MAP optimurp*, thereby completing the proof.

References

H. H. Bauschke and J. M. Borwein. Legendre functions and the methhdom bregman pro-
jections.Journal of Convex Analysig(1):27-67, 1997.

M. Bayati, D. Shah, and M. Sharma. Maximum weight matching for max-ptoelief propaga-
tion. InInt. Symp. Info. TheonAdelaide, Australia, September 2005.

M. Bayati, C. Borgs, J. Chayes, and R. Zecchina. Belief-propag#&ioweighted b-matchings
on arbitrary graphs and its relation to linear programs with integer solutiomshnical Report
arxiv:0709.1190, Microsoft Research, September 2007.

U. Bertele and F. BrioschiNonserial dynamic programmingicademic Press, New York, 1972.

D. P. Bertsekas and J. N. Tsitsikli®arallel and Distributed Computation: Numerical Methods
Athena Scientific, Boston, MA, 1997.

D.P. BertsekasNonlinear programmingAthena Scientific, Belmont, MA, 1995.

D. Bertsimas and J. TsitsikilisIntroduction to linear optimization Athena Scientific, Belmont,
MA, 1997.

J. Besag. On the statistical analysis of dirty pictudesirnal of the Royal Statistical Society, Series
B, 48(3):259-279, 1986.

S. Boyd and L. Vandenbergh€onvex optimizationCambridge University Press, Cambridge, UK,
2004.

Y. Boykov, O. Veksler, and R .Zabih. Fast approximate energy minimizaiemgnaph cutslEEE
Trans. Pattern Anal. Mach. Inte]l23(11):1222-1239, 2001.

Y. Censor and S. A. Zenio®arallel Optimization: Theory, Algorithms, and Applicatiorisumer-
ical Mathematics and Scientific Computation. Oxford University Press,.1988

35



RAVIKUMAR , AGARWAL AND WAINWRIGHT

Y. Censor and S. A. ZeniofRarallel Optimization - Theory, Algorithms and Applicatior@xford
University Press, 1997.

C. Chekuri, S. Khanna, J. Naor, and L. Zosin. A linear programmingddtion and approximation
algorithms for the metric labeling probler8IAM Journal on Discrete Mathematjck3(3):608—
625, 2005.

F. Deutsch and H. Hundal. The rate of convergence for the cyclic grofealgorithm I: Angles
between convex setdournal of Approximation Theoyy42:36 55, 2006.

R. L. Dykstra. An iterative procedure for obtaining i-projections ontoittiersection of convex
sets.Annals of Probability 13(3):975-984, 1985.

J. Feldman, D. R. Karger, and M. J. Wainwright. Linear programmingdbdscoding of turbo-like
codes and its relation to iterative approachesProc. 40th Annual Allerton Conf. on Communi-
cation, Control, and Computing@ctober 2002a.

J. Feldman, M. J. Wainwright, and D. R. Karger. Linear programmingda®&coding of turbo-
like codes and its relation to iterative approachesPioc. Allerton Conf. Comm., Control and
Computing October 2002b.

W. T. Freeman and Y. Weiss. On the optimality of solutions of the max-prodahlietfipropagation
algorithm in arbitrary graphdEEE Trans. Info. Theory7:736—744, 2001.

S. Geman and D. Geman. Stochastic relaxation, Gibbs distributions, andybsi@arestoration
of images.IEEE Trans. PAM| 6:721-741, 1984.

A. Globerson and T. Jaakkola. Convergent propagation algorithmsrigated trees. IrProc.
Uncertainty in Artificial Intelligencepage To appear, Vancouver, Canada, July 2007a.

A. Globerson and T. Jaakkola. Fixing max-product: Convergent rgegsassing algorithms for
MAP LP-relaxations. IfNeural Information Processing Systervancouver, Canada, December
2007b.

D.M. Greig, B.T. Porteous, and A.H. Seheult. Exact maximum a posteritmatson for binary
images.Journal of the Royal Statistical Society, SerieSB, 1989.

S.-P. Han. A successive projection methbthth. Programming40:114, 1988.

T. Hazan and A. Shashua. Convergent message-passing algorithinfefflence over general graphs
with convex free energy. Iffthe 24th Conference on Uncertainty in Artificial Intelligence (JAI)
Helsinki, 2008.

B. Huang and T. Jebara. Loopy belief propagation for bipartite maximuightvb-matching. In
AISTATSSan Juan, Puerto Rico, March 2007.

A. N. lusem and M. Teboulle. Convergence rate analysis of nongtiagsroximal methods for
convex and linear programmingylathematics of Operations Researé®(3):657-677, 1995.

36



MESSAGEPASSING FOR GRAPHSTRUCTURED LINEAR PROGRAMS

J. K. Johnson, D. M. Malioutov, and A. S. Willsky. Lagrangian relaxaf@nMAP estimation in
graphical models. IfProc. 45th Allerton Conf. Comm. Cont. Complrbana-Champaign, IL,
September 2007.

J. Kleinberg and E. Tardos. Approximation algorithms for classificatioblpros with pairwise
relationships: Metric labeling and Markov random fieldslBEEE Symp. Found. Comp. Science
pages 14-24, 1999.

V. Kolmogorov. Convergent tree-reweighted message-passing éogyeminimization. Innterna-
tional Workshop on Artificial Intelligence and Statistidanuary 2005.

V. Kolmogorov. Convergent tree-reweighted message-passingdageminimizationlEEE Trans.
PAMI, 28(10):1568-1583, October 2006.

V. Kolmogorov and M. J. Wainwright. On optimality properties of tree-rewtighmessage-passing.
In Uncertainty in Artificial IntelligenceJuly 2005.

N. Komodakis, N. Paragios, and G. Tziritas. MRF optimization via dual deositipn: Message-
passing revisited. IICCV, Rio di Janeiro, Brazil, 2007.

V. K. Koval and M. I. Schlesinger. Two-dimensional programming in imagalysis problems.
USSR Academy of Science, Automatics and Telemech@rii¢9-168, 1976. In Russian.

P. Kumar, P.H.S. Torr, and A. Zisserman. Solving markov random fielitg) s®cond order cone
programming.|EEE Conference of Computer Vision and Pattern Recogni2606.

P. Raghavan and C. D. Thompson. Randomized rounding: A techniquedeably good algo-
rithms and algorithmic proofsCombinatorica 7(4):365—-374, 1987.

P. Ravikumar and J. Lafferty. Quadratic programming relaxations for matseling and markov
random field map estimation. ICML '06: Proceedings of the 23rd international conference on
Machine learningpages 737—744, 2006.

G. Rockafellar.Convex AnalysisPrinceton University Press, Princeton, 1970.

S. Sanghavi, D. Shah, and A. Willsky. Message-passing for max-iveidépendent set. INeural
Information Processing Systemé&ncouver, Canada, December 2007.

M.V. Solodov and B.F. Svaiter. A unified framework for some inexact jpnax point algorithms.
Numerical Functional Analysis and Optimizatjd?2:1013-1035, 2001.

P. Tseng and D. P. Bertsekas. On the convergence of the expomeutiiglier method for convex
programming.Math. Programming60:1—19, 1993.

M. J. Wainwright and M. . Jordan. Graphical models, exponential fagjib@d variational infer-
ence. Technical report, UC Berkeley, Department of Statistics, Ng.$i@®ember 2003.

M. J. Wainwright and M. I. Jordan. Treewidth-based conditions facexess of the Sherali-Adams
and Lasserre relaxations. Technical report, UC Berkeley, DepattaieBtatistics, No. 671,
September 2004.

37



RAVIKUMAR , AGARWAL AND WAINWRIGHT

M. J. Wainwright, T. S. Jaakkola, and A. S. Willsky. A new class of uppaunds on the log
partition function. InUncertainty in Artificial Intelligencevolume 18, August 2002.

M. J. Wainwright, T. S. Jaakkola, and A. S. Willsky. Tree-based aapaterization framework for
analysis of sum-product and related algorithmEEE Trans. Info. Theory49(5):1120-1146,

May 2003.

M. J. Wainwright, T. S. Jaakkola, and A. S. Willsky. Tree consistenay lzounds on the max-
product algorithm and its generalizatior&atistics and Computind4:143-166, April 2004.

M. J. Wainwright, T. S. Jaakkola, and A. S. Willsky. Exact MAP estimatesageeement on
(hypern)trees: Linear programming and message-passiBGE Trans. Information Theonbl
(11):3697-3717, November 2005.

Y. Weiss, C. Yanover, and T. Meltzer. Map estimation, linear programmidgatief propagation
with convex free energies. Mdncertainty in Artificial Intelligence2007.

C. Yanover, T. Meltzer, and Y. Weiss. Linear programming relaxatiodsbafief propagation: An
empirical studyJournal of Machine Learning Researchi1887-1907, September 2006.

J.S. Yedidia, W. T. Freeman, and Y. Weiss. Constructing free eneygxéimations and generalized
belief propagation algorithm3$EEE Trans. Info. Theorys1(7):2282-2312, July 2005.

38



