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SUMMARY

Loopy belief propagation (LBP) is a probability inference algorithm on Graphical Models.
It has been successfully applied in low-density parity-check codes, turbo codes, computer vision
problems such as stereo matching, image segmentation and image impainting. Belief propaga-
tion was first proposed by Judea Pearl (1) in 1982 for tree-structured graphs, and was extended
to polytrees (2) in 1983, and later applied to general graphs with empirical success. Since LBP
ignores the loopy structure of graphs and blindly propagates messages, many researchers have
focused in analyzing its performance of convergence and accuracy, and presented variations of
message passing algorithm. In this thesis, we focus on the performance analysis of LBP with
respect to error bound and convergence. We present novel results that show the relationship
between the performance of LBP and the strength of potential functions as well as topol-
ogy structure of graphical models. Specifically, we first present lower-bound and upper-bound
on multiplicative message errors. Then we present uniform and non-uniform distance bound
on beliefs, which can improve an existing accuracy bound between beliefs and true marginals.
Thereafter, we present our non-uniform sufficient convergence condition for LBP, which is shown
to be better than existing conditions. We also show our error bound is related with the rate of
convergence of LBP. Furthermore, we analyze fixed points of completely uniform binary graph,
and present tight distance bound between beliefs. Finally, we implement LBP algorithm for
an image segmentation application, and show how the segmentation performance is affected by

some parameters in potential functions.

viii



CHAPTER 1

GRAPHICAL MODEL AND LOOPY BELIEF PROPAGATION

1.1 Introduction to Graphical Model and Loopy Belief Propagation

Graphical models, which are widely used in pattern recognition and machine learning, are
a marriage between graph theory and probability theory for multivariate statistical modelling.
They are used to intuitively provide conditional independency between random variables. Uti-
lizing the structure of graphical models, computation complexity of inference and learning on
random variables will be greatly reduced.

Recent years have seen a dramatic increase of publication about graphical models used in
labelling problems for computer vision, because of the overwhelmingly large number of states of
labels for those problems. Graphical model was presented in (3) to solve the labelling problems
of super-resolution and color demosaicing. (4) presented graphical models unifying motion in-
formation, boundary information and spatial connectivity for spatiotemporal segmentation of
video sequences. A general object detection framework using Hidden Markov Model and Dis-
criminative Random Fields was presented in (5) for text detection. (6) modeled image denoising
and inpainting problems using stochastic factor graphs and used variational expectation max-
imization algorithms to local distribution functions. Layered graphical models were proposed

by (7) to track partially-occluded objects using an image plane representation of object motion.



(8) used conditional random fields and implicit deformable models to solve a joint Maximum a
Posteriori problem for 3D image segmentation.

However, probabilistic inference for large-scale multivariate random variables, such as image
labeling variables, is very expensive computationally. Belief propagation (BP) algorithms are
designed to reduce the computational burden by exploiting the factorization of joint density
functions captured by the topological structure of graphical models (9; 10; 11; 12). BP is known
to converge to the exact inference on acyclic graphs (i.e. trees) or graphs that contain a single
loop. In the case of graphs with multiple loops, BP results in an iterative method referred
to as loopy belief propagation (LBP). The use of LBP generally provides remarkably good
approximations in real-world applications; e.g., turbo decoding and stereo matching (13; 14).

Because LBP does not always converge, sufficient conditions for its convergence have been
extensively investigated in the past using various approaches (15; 16; 17; 18). Necessary con-
ditions for convergence of LBP, however, remain unknown. (15) related convergence of LBP
to the uniqueness of a sequence of Gibbs measures defined on the associated computation tree.
He subsequently developed a testable sufficient condition for convergence of LBP by applying
Simon’s condition (19). (16) presented sufficient conditions for uniqueness of fixed points in
LBP by relying on the uniqueness of minima of the Bethe free energy. He related the strength
of the potentials with the convergence of the LBP algorithm, which leads to milder sufficient
conditions than those obtained by exclusively relying on the structure of the graph.

Recently, several papers have investigated the message updating functions of the LBP al-

gorithm as contractive mappings. (17) analyzed the contractive effect of message-error prop-



agation in belief networks using the dynamic-range measure as a metric, and obtained error
bounds and sufficient conditions for convergence of LBP message passing. (18) derived suf-
ficient conditions for convergence of LBP based on quotient norms of contractive mappings,
which are invariant to scaling and shown to be valid for potential functions containing zeros.

Although the beliefs may not be true marginal probabilities when the LBP algorithm con-
verges, they have been shown to provide good approximations by (20). When the LBP algorithm
does not converge, however, beliefs are not good approximations of true marginals because the
Bethe free energy does not provide a good approximation of the Gibbs-Helmholtz free en-
ergy (21). Exactness and accuracy of the LBP algorithm has consequently gained interest in
recent years. (22) derived bounds on exact marginals by relying on the girth of the graph
(i.e. the number of edges in the shortest cycle in the graph) and the properties of Dobrushin’s
interdependence matrix (23). (24) used Dobrushin’s theorem to present a distance bound on
the marginal probabilities. (25) introduced a distance bound on the error between beliefs and
marginals based on recent results for computing marginal probabilities for pairwise Markov
random fields using Self-Avoiding Walk (SAW) trees (26). (27) propagate bounds on marginal
probabilities over a subtree or the SAW tree of the factor graph, and demonstrate that their
bounds perform well in terms of accuracy and computation time of LBP.

Several investigators have explored the consequence of scheduling on the convergence of BP.
(28) discussed the impatient and lazy belief propagation algorithms and showed that the former
is expected to converge faster than the latter. (29) proposed a residual belief propagation

algorithm, which schedules messages in an informed manner thus significantly reducing the



running time needed for convergence of LBP. Inspired by (29)’s work, (30) further increased
the rate of convergence by estimating the residual rather than computing it directly.

In this thesis, we derive uniform and non-uniform error bounds on LBP, which are tighter
than existing ones in literature, and use these bounds to study the dynamic behavior of the
sum-product algorithm. We subsequently use these bounds to derive sufficient conditions for
the convergence of the sum-product algorithm, and analyze the relation between convergence
of LBP and sparsity and walk-summability of graphical models. We finally use the bounds
derived to investigate the accuracy of LBP, as well as the scheduling priority in asynchronous

LBP. A preliminary version of some of the error bounds in this thesis has appeared in (31).

1.2 Basics of Graphical Model

In this section, we will introduce the basics of graphical model. Readers are kindly suggested
to refer to (9)(10)(12)(32) for more details.

A graph is composed of nodes connected by edges. In a probabilistic graphical model,
nodes correspond to random variables and edges represent probability relationship between
them. The joint distribution over all the random variables can be decomposed into a product
of factors according to the Markov property. When edges are directed, graphical models are
generally referred to as belief networks or Bayesian networks; when undirected, graphical models
are referred to as Markov random fields(MRFs). Directed graphs express causal relationships
between random variables, while undirected graphs impose compliance constraints between

random variables. In this thesis, we will mainly discuss MRFs.
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1.2.1 Conditional Independency on Directed and Undirected Graph

Directed edges in Bayesian networks interpret parent-children relationship, whereas undi-
rected edges in Markov random field show an interaction between neighboring nodes. For a
Bayesian network, each variable is only dependent on its parents. Let {S} represent the set
of random variables corresponding to the N nodes of the graph. Let pa{S;} denote the set
of parents of nodes S;. Then P(S) = [[, P(Si|pa(S;)). For example, in Figure 1, the global

probability P(A,B,C,D,E,F) can be factorized into product of the local probabilities

P(XAyXByX07XD7XE7XF)

= P(XA)P(Xp)P(Xc|Xa, X5)P(Xp|Xc)P(Xp|Xce)P(Xp| XD, XE).



Similarly, for a Markov random field, each node is only dependent on its neighbors. In
Figure 2(a), A is independent of D given C'. Each edge in the graph indicates a compli-
ance relation between two nodes, which is expressed by a potential function over the cor-
responding random variables. Thus, joint distribution over a graph can be factorized into
product of potential functions. For instance, ¢4 c(Xa,Xc), ¢c(XB,Xc), ¢c.p(Xp, Xc),
¢c.e(Xc, XE).0p,E(Xp, XE), ¢p,7(XD,XF), ¢5,r(XE, XF) are the potential functions on

edges AC, BC,CD, CE, DE, DF and EF. Then

P(X) = %¢A,C(XA7XC)¢B,C(XB7XC)¢C,D(XD;XC)¢C,E(XC,XE)

x¢p.e(Xp,XE)oD.F(XD, XF)0E F(XE, XF),

where Z is the normalization constant.

Undirected graphs can also be expressed using clique graphs. Thus, global distribution can
be factorized into product of potential functions on cliques. Let us denote a clique by C' and the
set of variables in that clique by X. Then the joint distribution can be written as a product

of potential functions by ¥ ¢ (X ) over the maximal cliques of the graph



where Z is called partition function,which is a normalization constant given by Z = 3" [~ vc(Xc).
For Figure 2 (a), the corresponding clique graph is shown in Figure 2 (b). Thus the joint dis-

tribution can be expressed as

1
P(X) = E@ZJA,C(XA,Xc)?!)B,C(XB,Xc)?!)c,D,E(Xc,XD,XE)@DD,E,F(XD,XE,XF)-

Directed graphical model in Figure 1 can be transformed into undirected graphical model
by removing the arrows on the edge and moralizing the parents of each node, which is shown in
Figure 3 (a) and (b). The corresponding clique graph which contains the parents information

is shown in figure Figure 3(c).

1.2.2  Factor Graphs

Both directed and undirected graphs can be represented by a factor graph. Factor graph
allows the global function to be expressed by a product of factors over subsets of variables. For

the graph in Figure 4, the global distribution over x1, xo, x3 is

P(X) = ag(x1,x2)p(x1, x3)d(2, 23)P(22, T3).

Undirected graph in Figure 4(a) can be expressed by factor graph in Figure 4(b) with factor

f(z1,22,73) = (21, 22)P(21, 23) P (72, T3)P(T2, T3).-



It can also be expressed by factor graph in Figure 4(c) with factor

fa(w1, 22, 73) = (21, 22)P(21, 73)P(72, 73),

fo(z2, 23) = @(x2, 23).

For the directed graph in Figure 5 (a), the global distribution is P(X) = p(x1)p(x2)p(x3|x1, z2).

The factor graph representing the same distribution is shown in Figure 5(b) with factor

f(z1, 22, 23) = p(z1)p(22)p(23]71, T2).

Otherwise, a different factor graph for the same distribution is shown in Figure 5 (c¢) with factor

fa(z1) = p(z1), fo(z3) = p(z3),

fC(x17x27x3) = p(x3’x17$2)'

We can see that factor graph is not unique for directed or undirected graphs.
In the following, we will work on undirected graphs with pairwise potential functions. In
other words, in the corresponding factor graph, each factor will control at most two random

variables.

1.3 Efficient Inference and Belief Propagation

Probability inference for large scale multivariate random variables will be very computa-

tional complex. Efficient inference algorithm(33) can be obtained based on the structure of
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(a) (b)

Figure 6. (a)A Tree Example (b)Graph With One Loop

the graphical model. In this section, we will introduce several probability inference algorithms:
belief propagation, tree reweighted message passing, generalized belief propagation and norm-

product belief propagation.

1.3.1 Belief Propagation

Belief propagation is essentially a dynamic programming algorithm, which utilizes the the
intermediate values in order to reduce the number of calculations. Let us use the undirected
tree in Figure 6 (a) to introduce this inference algorithm. The probability distribution for this

tree can be factorized as

P(X) = %w(ﬂflwz)ip(ml,xs)w(mm964)1/1(@,1‘5)1/1(3627566)-
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Assuming discrete random variables, we calculate a marginal probability by summing over the
remaining variables:
1
Pa)= Y. (e, m)p(er, 3) (e, 24)¢ (w2, 5)1 (w2, 76)-

Z

Z2,T3,L4,T5,L6

When each variable has r values, the computation cost will scale to rS. If the number of random
variables and the number of states are huge, the computation cost will explode exponentially.

However, using the distribution law of multiplication and addition, we have the following:

Pln) = 3 0lan,a2) Y wlen,as) Y wlen,a) 3 vlws,5) 3 v, a0)

ma(x1) ma(x2) ms(x2) me(x2)

= % Z ¢($17 xg)mg(xl)m4($2)m5 (-TQ)mﬁ(xQ)

= —ma(e1) 3 Y, w2 )ma2)ms (22)me )
ma(z1) }
= %mz(ﬂcl)m:a(fﬂl),

Z =Y P(a).

The intermediate factors m(z) in the equation are called messages passing through the
edges. Some of those messages will be used when we calculate other marginal probabilities.
For example, when we calculate P(x3), we will use mgy(z1) again. Thus, by calculating the

messages each node sending to its neighbors and reusing those calculated messages for new
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round of messages, we can obtain marginals efficiently. This message passing algorithm is
called belief propagation.

The previous belief propagation algorithm is also called sum-product algorithm, since sum-
mation and product are used in calculating marginals. If we want to compute maximum a
posteriori (MAP) probabilities, the message passing algorithm will be called max-product al-

gorithm. For the graph in Figure 6 (a), to obtain the MAP of P(x;), we compute:

g(z1) = max  P(x1,22,23,%4,T5,T6)
X2,T3,T4,25,X6

= - max (21, 2) max (xy, x3) max | (ra, £4) max y(xe, x5) max (o, e)
9o xrs3 T4 x5 Te6

-~ -~

m3(x1) my(z2) ms(2) me(2)

= — max (x1, z2)mg(x1)ma(22)ms(z2)me(z2)

Z  x2
= ms(21) max (1, w2)my(w2)ms(z2)me(z2)
ma(z1)
= ma(z1)ms(z1),
Z  =maxg(z).

1.3.1.1 Loopy Belief Propagation and Exact Inference

However, for graphs with loops, belief propagation will not give exact inference, since the
message sent from a node will go back to itself. As in Figure 6 (b),the message sent from
node 2 to node 1 will flow back into node 2 after it goes through the loop 2 — 1 — 3 — 2.

Nevertheless, belief propagation algorithm can still be applied on this graph and messages
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Mg (X;) /4 \mg- (x;)

Figure 7. Illustration of Local Message Updating Rule

propagate ”shortsightedly”. In such cases, belief propagation is an approximation algorithm

which is called loopy belief propagation. The general updating rules for messages are as follows:

mij(x;) = Y Wil zg) [] muile:), VG0, 5) € E,

kEFi\j

where E is the set of edges, I'; is the set of neighbors of i, m;;(x;) is the message on edge (i, j),
and ;;(x;, ;) is the potential function between z; and z;. The belief on each node, which is

an approximation for marginal probability is computed as:

bi(zi) = o [ [ mwi(zi),

kel;

where « is a normalization constant.
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For instance, in Figure 7, the potential function between w1, zo is ¥12(x1,x2). Thus, the
message sent from node 2 to node 1 is mo (z1) = Zm P12(x1, x2)m32(x2)mya(z2) and the belief
at node 2 is b(xg) = Ozmlg(l‘z)m;;z(ﬂfg)m@(xg).

1.3.1.2  Sufficient Convergence Condition for Sum Product Algorithm

Since in graphs with cycles, information can flow many times around the graph, loopy belief
propagation will not always converge. Here, we will briefly discuss the convergence condition
for loopy belief propagation.

For convenience, we confine our discussion to graphical models with at most pairwise po-

tential functions, so that the distribution factors as follows:

p(X): H wst(x57$t)st(xs)~

(s,t)EE

For tree structured graphs, belief propagation will converge in a finite number of iterations (
at most the length of the diameter of the graph) to the correct marginals. For an arbitrary
graph, convergence is not guaranteed. The algorithm may converge to one fixed point, several
fixed points or oscillate. Though convergence is not guaranteed for loopy belief propagation
algorithm, when it converges, it usually gives good approximations to the exact marginals (34).
Many people presented sufficient conditions for loopy belief propagation algorithm based on
different methodology. The sufficient condition given by (35)(17) is as follows:
max Z d(wm;Z: <1,

(seB, L d(Wur
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e Method (a () (¢
1 J:\ Simon’s condition 62 .62
A

\ {2 =
- | | 2
\/ /| ; I Heskes’ condition | .55 .58 .65
MO~ O_(E_U ( ) | This work 67 79 .88
M Empirical 67 79 .88

(a) (b) (C) Nerit

Pole@oN
/

Figure 8. Comparison of Various Uniqueness Bounds in (17).

where 1,,; are potential functions between node u and node ¢, and d(-) is dynamic range measure

defined as follows: d(¢ut) = supgy.q v/ ¥(a,b)/¥(c,d). From the previous condition, we can

easily see that sum product algorithm on simple loops will always converge, since we always

d(put)?—1

have maX(S’t)EE' W < 1.

(35)(17) proved their sufficient condition on binary belief networks shown in Figure 8(a-
c),whose potentials are parameterized by a scaler n > 0.5 namely v =[n 1—n;1—n 7], so
that d(1))? = % Their convergence condition almost gives the empirical values of parameters
of potential functions for those graphical models, which is shown in the table of Figure 8 for 7.

Sufficient condition for loopy belief propagation is our focus. We have worked on

max €gs
(t,s)eE

as a different error measure from (35)(17)’s dynamic range error measure in order to obtain

tighter sufficient condition.
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(20) and (36) have derived an analytical relationship between beliefs and correct marginals
for graphical models with single loops. They correspondingly proposed belief revision algorithm
(37) in networks with a single loop, which achieves better exactness.

1.3.2 Tree-reweighted Message Passing

(38) presents a new message passing algorithm called tree-reweighted message passing to
efficiently compute optimal values of upper bounds on log partition functions, as well as asso-
ciated pseudo-marginals. The upper bounds can be used to derive a concave lower bound on

log likelihood. The message passing rule is as follows:

Ost (s, 27) [Loerys[Mu(x4)]
M;s(zs) = k max {exp [ 4 0, (] d ,
ts( S) I'QEXt{ p[ Dt t( t)] [Mst(xi)}(l_pts)
where 04 (x5, ;) and 6,(z;) are log partition functions, ps € [0,1] re-weights messages and
re-scales partition function on edge (s,t), . When pg = 1 for all edges, it recovers standard
message passing (belief propagation).

1.3.3 Bethe Free Energy and Generalized belief propagation

Let us first introduce the Bethe free energy here:

Fy(bij,bi) = > > bij(wi,@5) [ bij(wi, x5) — ey (s, ;)]

iJ Ti,xj

_ Z(ql —1) Zbi(x,-)[ln bi(zi) — Inap(x;)],

where b;; and b; are beliefs, 1;; and 1); are potential functions, ¢; is the number of neighbors of

node i. (39)and (40) have shown that stable fixed point of loopy belief propagation is the local
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minima of Bethe free energy. However, for some graphical models, loopy belief propagation
algorithm cannot reach a stable fixed point. Thus, more accurate free energy approximation
algorithms have been proposed such as generalized belief propagation (40) based on Kikuchi
free energy and unified propagation and scaling (41).

Kikuchi free energy gives better free energy approximation to Gibbs free energy. Kikuchi

free energy is defined as follows:

Fre =Y () be(ae) (= Inthe (@) + > br(zy) Inby(ar)),

reR Ty Tr

where r is a region on the graph, 1, is the product of potential functions in region r, b, is the

belief on region r, and ¢, =1 — ) super(r) is the set of all super-regions of r.

s€super(r) Cs-

Based on Kikuchi free energy, (40) presents general belief propagation algorithm:

Mrs = a[z ¢r\s (xr\s) H mr”s”]/ H Myt sty

Tr\s mngn €M (r)\M(s) mr g €M (r,s)

by = oy (x’r) H Myrg,

Mt gt eM(r)

where m,s(x5) are the messages between region r and its direct sub-region s, M (r) is the set
of messages in region r, M (r,s) is the set of messages that start in sub-regions of r and also
belong to M (s).

1.3.4 Norm-Product Belief Propagation

Recently, (42) presents a unified message passing architecture which generalizes sum-product

algorithm, max-product algorithm, and tree-reweighted sum-product and max-product algo-
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(Norm-Product Belief Propagarion): We are given nonnegative local evidence ¢;(2;). and nonnegative arrays
a(Xa), where o C {1, ...,n}. Let &o = 4 + Ciq and & = ¢ +Eﬂ:€_-'\"[i) o
1) Set ny_o(Xq)=1foralli=1,...,n. o€ N(i) and x,.
2) Fort=1.2,..

a) Fori=1,...n do:

1/(etsa)\ "o

v-'!?: Yo e *N—U) Mea—i (\Tz) = Z wru (XQJ H Njsa [Xr})
X\ JEN (a)\t
. « S
;% @) T mySi()
o BEN (i)
Va € N(i)Vxs nisa(Xe) 7z Yo (Xa) H Wieva (%)
TN,_.‘_;E; (x) FEN(a)\i

The norm-product belief propagation algorithm, where the messages ma—s () are computed with respect to the Ly .5, nom. For cq = 1,65 =
1—d;, e;0 = 0 it reduces to the belief propagation algorithms, sum-product when € = 1 and max-product when ¢ = 0. Whenever c,, is the weighted number
of spanning trees through edge o, and ¢; =1 — Eae.-\"(z) co and i = U it reduces to the tree-reweighted belief propagation algerithms (sum-TREP and
max-TRBP). Whenever ¢, > 0.¢;, ¢;5 = 0 the norm-product is guaranteed to converge. and if also € > 0 it converges to the global optimum of the program

Figure 9. Norm-Product belief propagation in (24).

rithms. They present a set of convergent algorithms called norm-product belief propagation
based on convex-free energy and linear programming. The norm product belief propagation is

shown in Figure 9.

1.4 Conclusion

Graphical models are a useful tool to visualize the relationship between random variables.
Utilizing the structure of graphs, efficient inference algorithms are proposed. For tree structured
graph, all inference algorithms will give exact marginal probabilities, whereas for graphs with
loops, some algorithms fail to obtain exact values. However, various approximation algorithms
are proposed for loopy graphs and provide good results. Loopy belief propagation is such an

approximation algorithm which empirically demonstrated good performance.
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Since loopy belief propagation algorithm is an iterative method, convergence should be
guaranteed for it to work properly. However, for some graphs,it is not the case. Some papers
have presents sufficient conditions for the convergence of belief propagation algorithm. Though
loopy belief propagation will obtain convergent beliefs, the exactness of the beliefs compared
with the true marginal probabilities is not ensured. (40) has proved that stable fixed point
of belief propagation corresponds to the local minimal value of Bethe free energy. In order
to guarantee the algorithm to search toward minimal points of the free energy function, some

gradient descent based approximation algorithms are proposed.



CHAPTER 2

MESSAGE ERROR ANALYSIS OF LOOPY BELIEF PROPAGATION

FOR THE SUM-PRODUCT ALGORITHM

2.1 Introduction

Belief propagation is known to perform extremely well in many practical statistical infer-
ence and learning problems using graphical models, even in the presence of multiple loops.
The use of the belief propagation algorithm on graphical models with loops is referred to as
Loopy Belief Propagation (LBP). Various sufficient conditions for convergence of LBP have
been presented; however, general necessary conditions for its convergence to a unique fixed
point remain unknown. Because the approximation of beliefs to true marginal probabilities
has been shown to relate to the convergence of LBP, various methods have been explored
whose aim is to obtain distance bounds on beliefs when LBP fails to converge. People pre-
sented their performance analysis of LBP with respect to convergence and accuracy in litera-
tures (40)(36)(22)(17)(25)(18)(27)(31).

In this chapter, we derive tight error bounds on LBP and use these bounds to study
the dynamics—error, convergence, accuracy, and scheduling—of the sum-product algorithm.
Specifically, in Section 2.2 and Section 2.3, we rely on the contractive mapping property of
message errors to present novel uniform and non-uniform distance bounds between multiple

fixed-point solutions. Several graphical networks are investigated and used to demonstrate that

21
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the proposed distance bounds are tighter than existing bounds. We subsequently use these
bounds to derive uniform and non-uniform sufficient conditions for convergence of the sum-
product algorithm. Moreover, in Section 2.4, we analyze the relation between convergence and
sparsity of graphs, and extend the convergence perspective of walk-summability from Gaussian
graphical models to general graphical models. In Section 2.5, we present bounds on the distance
between beliefs and true marginals by applying SAW trees and show that the proposed bounds
can be used to improve existing bounds. Furthermore, we explore the use of the upper-bound
on message errors as a criterion to rank the priority of message passing for scheduling in asyn-
chronous LBP. We then present a case study of LBP by studying its dynamics on completely
uniform graphs and analyzing its true fixed points and message-error functions in Section 2.6.
Finally, we discuss the extension of the proposed message error analysis to the max-product

algorithm in Section 2.7. We conclude the paper in Section 2.8.

2.2 Message-Error Propagation for the Sum-Product Algorithm

Belief propagation originated from exact inference on tree structured graphical models,
though for graphs with loops it shows remarkable performance of approximate inference. BP is
synonymously called sum-product algorithm for marginalization of global distribution or max-
product algorithm to compute Maximum-A-Posteriori (MAP). In this paper, we will mainly

talk about sum-product algorithm for graphs with loops.
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(a) (b)

Figure 10. Graphical models: (a) message passing in a portion of a belief network; (b) a
simple graph; and (c) Bethe tree (all nodes and edges) and Self-Avoiding Walk tree (black
solid only) of (b).

2.2.1 Loopy Belief Propagation Updates

Let us consider a general graphical model G = (V,E) whose distribution factors as follows:

NESEI | EMENERY | KAENE (2.1)
(s,t)EE

sevV

where Z is a normalization factor, ¥s (s, z¢) is the pairwise potential function between random
variables z; and x4, and ¥s(zs) is the single node potential function on zs. (s,t) denotes an
undirected edge, V is the set of nodes, and E is the set of edges. We assume that all the

potential functions are positive.
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Figure 10(a) illustrates the message passing mechanism used in BP. The updating rule of
the sum-product algorithm for the message sent by node ¢ to its neighbor node s at iteration @
is:

mis(%)0</1/Jts($ta$s)¢t(l’t) H miyt(ay)dry, (2.2)

u€l's\s
where I'; is the set of neighbors of node ¢. The belief, or pseudo-marginal probability of x;, on

node t at iteration 1, is:

Bi(xe) o thr(wy) [T mie (). (2.3)

uel't
A stable fixed point has been reached if mi,(zs) = mii'(zs), Vs € V. The pairwise belief of

random variables xg, z; at iteration i is defined as:

Bl (a1, ws) o< sl asn(e)a(ws) [ mialan) [ misas). (2.4)

u€l\s pel\t

The computation tree first introduced in (43) is always applied in the analysis of LBP. Bethe
tree and SAW tree are two types of computation trees used in (25), which will also be used
in the rest of the paper. Both Bethe tree and SAW tree are tree-structured unwrappings of a
graph G from some node v. The Bethe tree, denoted as T (G, v,n), contains all paths of length
n from v that do not backtrack, while the SAW tree, denoted as Tsaw (G, v,n), contains all
paths of length n < |V| + 1 that do not backtrack and have all nodes on the path unique. The
belief on node v at iteration n in synchronous LBP is equivalent to the exact marginal of the

root v in the n-level Bethe tree.
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Figure 10(c) illustrates the Bethe tree and the SAW tree for the graphical model in Fig-
ure 10(b). For synchronous BP, each iteration of (Equation 2.2), (Equation 2.3) and (Equation 2.4)

corresponds to a level in the Bethe tree.

2.2.2 Message-Error Measures

Various approaches have been presented to derive convergence conditions for the sum-
product algorithm, including analyzing contraction property of message errors on belief net-
works. Define message error as a multiplicative function e (x,) that perturbs the fixed-point

message mys(zs). The perturbed message at iteration 7 is hence

ﬁlis (zs) = mts(:cs)eis(:vs).

Dealing with normalized messages, we define fized-point incoming message products as

Mts(fﬁt)O(UJt(fUt) H mut(-Tt),

uel\s

and perturbed incoming message products as

My (o) ocbr(ze) [ miy(ae),

u€l\s

and incoming error products as

Efs(:nt): H eit(xt)-

uel\s
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We have

M (2¢) o< Mys(24) Ef(24).

Thus, the outgoing message error from node t to node s at iteration ¢ + 1 is:

¢ () = gt (@ws) _ [ s (w0, 28 Mys(w) B (w)day [ Gus(@y, 20) Mg (1) deds
s mys(Ts) [ his(we, wg) Mys(w4) Ef(21)daveda [ es(@e, xs) Mys(2e)day

In the following, we will introduce two measures on message errors.

2.2.2.1 Dynamic-Range Measure

The dynamic-range measure of error introduced by (17) is defined as:

i eés(a)
_— l N 2'
d(ets) ajabx 6%8(19) ( 5)
We have d(el,) — 1 when el (z) — 1. In (17) [Th.8] it was shown that when d(is) =

maxg p.c,d ﬁiz Ezsg is finite, the dynamic-range measure satisfies the following contraction:

i1y d(is)?d(Ef) + 1
d(ets )S d(th)Q—i-d(E%S) )

(2.6)

in other words, based on the dynamic-range measure, the outgoing message error is bounded

by a non-linear function of the potential function and the incoming error product.
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2.2.2.2 Maximum-Error Measure

To study the dynamics of message error propagation, dealing directly with errors is more
interesting than dealing with dynamic range. We thus introduce the following mazimum mul-

tiplicative error function as an error measure:

max 6i+1(33s) — max fT/Jts(ib”t,st)Mts(wt)Etis(fUt)dfft f¢t*($t)Mts(1Ut)det

Ls fwt*(-xt)Mts(xt)Egs(xt)dxt 8 f¢ts(xt7xs)Mts(xt)dxt7

(2.7)

where Yy (2¢) = [ Yus(z4, z5)dxs. It is immediate that the maximum-error measure approaches
one when multiplicative errors vanish. We will show later that this error measure satisfies the

following contraction:

; d(rs)d(br)d(EL) + 1\
maxetjl(xs) < ( (eI (0ns) "’d(Egs) > . (2.8)

Ts

Dynamic-range measure and maximum-error measure are equivalent when the maximum
and minimum of an error function are reciprocal. By comparison, maximum-error measure
gives an absolute error, while dynamic-range measure gives a relative error which is invariant
to scaling. We will show in the following of the paper that maximum-error measure should be
used, when we are interested in absolute errors. Furthermore, both defined in dynamic-range
measure, d(1s) and d(1)4) correspond to two types of matrix norms on 5. d(t1) in the RHS of
Inequality in (Equation 2.8) characterizes the effect of normalization factor on max,, eff* ().

We will discuss the influence of d(¢+,) on error bounds in Section 2.2.4.
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2.2.3 Strength of Potential Functions

(16), (17) and (18) have defined measures of strength of potential functions respectively,
which help to obtain milder convergence conditions than those only related with topology of
graphical models. In the following, we will show the relationship between beliefs and strength

of pairwise potential functions.

2.2.3.1  Strength of Potential functions in (16)

(16) defined oy as the strength of a pairwise potential function ts(x¢, zs) meeting the

following equation:

1 —  max l/}ts(l‘bws)wts(i'tai's)'

1-— Ot,s Tt,Ts,%t,2s ¢ts ($t> js)wts(i'ta xs)

This strength is related with the correlation of LBP marginals as follows:

Bts(xt;-fs) < 1
Bt(.’L't)Bs(i's) - 1- Ut75’

which was then utilized to give a milder convergence condition than the one only depending on

graph topology.
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2.2.3.2  Strength of Potential functions in (17)

(17) proposed the dynamic-range measure d(¢s) as the strength of potential functions
Yis(xt, x5). Let us restate the definition of the strength of potential functions and its relationship

with message errors in Section 2.2.1 as follows:

_ Pis (xtyil's)
d(rs) = MaAXyy,25,20,8s \/ Yyy (24,85 "

d¢s 2dE5 +1
dlews) < Goeacas

2.2.3.3  Strength of Potential functions in (18)

(18) mentioned a measure of the strength of potential function ;s(z, xs), which is defined

as:
Q,bts(xt,xs)wts(fi't:fs) _
N(¢ ) — d)ts(jtyxs)wts(xt:is) 1 — ]' - V ]‘ - O-t78 (2 9)
ts ajt#;ﬁt,ms#iﬁs ths(xtyxs)wts(itai's) + 1 1 + £/ ]. — O't78 ' '
Vis(Ze,25)Yts(Te,85)

They defined log dynamic range measure as metric of errors. Let A;s be the log message

reparameterization of message m;s. That is,

Ats (xs) = log mys (ﬂfs)

Denote A as the difference of log messages. Thus, we have

ANgs(s) = log mys(xs) — logmys(xs) = log es(xs).
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By the quotient norm and Equation (41) in (18), we have the following metric of error

_— 1
IAN]| = 5 Sup |ANs(z5) — As(2))| = log d(eys)- (2.10)

Ts,Tg

Using the quotient mapping approach of parallel LBP update in (18), we will find the
relationship between the strength of potential functions in (Equation 2.9) and the metric of

message errors in (Equation 2.10) in the following.

Because [[AMe|| < 37 erp s ||gi‘—:;\|||A)\utH and Hg//\\ﬁ || < N(¢s) by Equation (36-45) in (18),

we have

logd(ets) < N(trs) Zueft\s log d(eut) < N (ts)log d(Ets),

or, d(ews) < d(Ets)Nw“).

We can observe that the smaller N(vy) is, the smaller is d(e;s); therefore, the faster is the
contraction of errors. The previous inequality reveals another result on contractive property of
message errors beside the one in (Equation 2.6).

In the following, we use the maximum-error measure in (Equation 2.7) to explore upper

and lower bounds on message errors, and derive upper bounds on the distances between beliefs.

2.2.4 Upper- and Lower-Bounds on Message Errors

Let us first introduce a lemma that will be used to prove our following theorem.
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Lemma 1. For fi, f2, g1, g2 all positive,

St 2 < max[ﬁ, 2 , it f > min[ﬁ, é]
g1+ 92 g1 92 g1+ g2 g1 g2

Proof. The left inequality is proved in (17). For the right inequality assume without loss of

generality that f1/g1 < fa/g2 so that figs < fagr = fige+fion < o+ frgr = L < Ll O
In the following, we shall omit reference to the iteration number of the messages and errors

for simplicity and clarity of the presentation.

Theorem 2. Multiplicative outgoing errors are bounded as:

( d(trs)d(ve) + d(Eyy) >2

d(P1s)d(Prx)d(Eys) + 1 ) 2
d(Yrs)d(Yr)d(Ers) + 1 .

< mineys(w,) < ers(w) < maxer(z) < < A(t1)d(t) + d(Ers)

Ts Ts

Proof. Similar to the analysis in (17, Lemma 26), for (Equation 2.7), max es(xs) reaches its
maximum when ¢y (24, 75) = 1+ (d(1s)® — D)Xy (21), Yex(@e) = 14 (d(1hix)® — 1)xa(2) and
Eis(z¢) = 1+ (d(Eys)? — 1)xe(zt), where xy, Xx and xg are indicator functions. Define the

quantities:

My = /Mts(xt)X¢($t)d$t, Mp Z/Mts(iﬁt)x*(&"t)dxt, Mg = /Mts(J?t)XE(xt)dﬂ?t,
Mag = [ Mulepxs(eoxe(oden, Map = [ Moz,

a1 =d(hs)? =1, ar=dWw)’ -1, B=d(Ey)?* -1
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The maximum multiplicative error is upper-bounded by max,, e;s(zs) < Aj where

Ay — max 1+ a1Ma+ Mg+ a18Map 1+ aaMp
! M 14+ asMp+ BMg + asBMBE 1—1—041MA.

The maximum is obtained when Map = M4 = Mg =1 — Mg and Mpg = 0, which gives

L+ (1 +B+a1f)Mp 1+ as — asMg
A1 = max
Mg 1—|-042+(,6—a2)ME 14+ a1 Mg

Taking the derivative wrt Mg and setting it to zero, we obtain

max g (5) < A = d(Wts)d(Yre)d( i) + 1 (2.11)

B ( d(ths)d(Yee) + d(Ets) )2'

Similarly to what we have done so far, by our Lemma 1, we can lower-bound min,, ess(xs)

with respect to (2, s), V() and Eis(xt), to obtain

min eyg(xs) >
Ts

( d(P1s)d(Ves) + d(Ers) )2 A11

d(r)d(hr)d(Es) +1) — Ay (2.12)

O]

Theorem 3. The upper bound on the multiplicative error provided in Theorem 2 is tighter than

the following upper bound from (17, Th.2 and Th.8):

(W) 2d(Ers) + 1>2 _A, (2.13)

2
max egs(2s) < d(ers)” < ( d(ts)? + d(Eys)
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Proof. Because A; in (Equation 2.11) is increasing in d(t) we conclude that (Equation 2.11)

implies (Equation 2.13), i.e., A; < Ag, because

¢t* Inax ¢t* a max fwts a,Ts dws
wt* b fd]ts b7 5 dxs

s B
max = Imax g
c,d ¢ts (b, d) a,b,c,d T,bts(b, d)

O

We can see how d(1)y,) tightens the upper-bound by analyzing the log-distance between Ay
and Ag. Let d(¢) = Kd(14s), where 1/d(¢ys) < K < 1. Therefore, the log-distance between

A1 and As is denoted as

Kd(4s)*d(Eis) + 1 d(hs)® + d(Eys)

D(K) =log Ay —log Ay =2 x log { Kd(0n)? + d(Erl) () 2B £ 10

We can easily find that the first gradient D(V(K) > 0 when d(Eys) > 1. Thus, the maximum
log-distance between A; and Ay is obtained at K = 1/d(1s). In other words, when d(¢) = 1,

our upper-bound A; is tighter than Ay at farthest.

2.3 Distance Bounds on Beliefs

In the study of convergence, we are interested to know how beliefs will vary at each iteration,
when LBP fails to converge. We will show that beliefs are bounded given the strength of
potential functions and the structure of the graph. In the following, we will present our uniform

distance bound and non-uniform distance bound on beliefs. Based on those bounds, we further
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present uniform convergence condition and non-uniform convergence condition for synchronous

LBP.

2.3.1 Uniform Distance Bound

Corollary 4. (Uniform Distance Bound)

The log-distance bound of fixed points on belief at node s is

wts wt*)g +1
Zl wts (¢t*)+5) ’

tel's
where £ should satisfy
d(wts)d(wt*)g +1 2
loge = max log .
(s,p)€EE teTop ( d(Yrs)d(Ps) + € )

Proof. Let Ayi(x) = (%)2@ > 1,ut € E. Therefore,

aEL) < [T ety = [ 225Vl oo o ] AwdEL).

min /e’ (x¢)

u€l\s uel\s u€l¢\s
Thus, we have
mauXE;‘*'1 (zs) < H maxeZ+1 < H'l H Ays(d(EL))
T
° tel\p teT,\p
i
H Ags(ely) < H Ays( max €l,) = Az( max €l).
tels\p tels\p

tels\p tels\p
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The term eif! is an upper-bound on the incoming error product ELi!(zs) at iteration
i+ 1, while max;er,\, g!. is the maximum of the upper-bounds on the incoming error products
{Ei,(z),t € Ts\p} at iteration i. We hope to achieve that eif! < maxyer\,el,. Denoting
€ = MaXser,\p gt let us introduce an error bound-variation function:

i+1

o — log max el e>1, (2.14)

Gsp(loge) =log Az(e) —loge > loge
ter\p

which describes variation of error bound after each iteration. When Gg,(loge) = 0, the log-
distance bound log e will reach a fixed point, which is the maximal distance between message
products at various iterations. Because Ggi)(log g) < 0 for loge > 0 and Gg]lg)(oo) = —1/2,
G%) (loge) will decrease until it is equal to —1/2. Therefore, it only has one crossing point
besides loge = 0 (zero crossing point). This nonzero crossing point is a stable fixed point of
function Gp(loge). In other words, once loge leaves the zero crossing point, it will stay at this
stable crossing point, loge*, which corresponds to the upper bound on error products.

Because the distance between fixed points of Bg(xs) is

log Es(xs) = log H ets(djs) <log H Ats(E*)a

tel's tel's

we can obtain the log-distance bound on Bg(zs) by taking the maximum &*. O
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Adopting the upper-bound Ay in (Equation 2.13), the error bound-variation function is:

wts
GL (1o e)=1lo
tp(log e I PTEONE
tels\p

1
iy ) — loge.

(2.15)

Let us denote our error bound-variation function in (Equation 2.14) as Gsop(log ). We can see

that Gsop(log g) < Ggp(log ). In other words, the uniform distance bound using our upper-

bound A is tighter than that using (17)’s upper-bound As, which is illustrated in Figure 11.

Errar variation functions

T T o + Ggp(lng(S)) .
© o Gl flegfs)

[ e +  logimas, Esp(x)) Ing(maxx E 0 |4

Iog(men(>< ESP(}{))—Iog(max>< Els(x)) or Gsp(log(g))

@, —|: :|,.?_? = (
l-n n

d(p)=~n/A=m,d(@.)=1,

(p M, E,)

s

R i i i i ;

Iog{max, E () or logig)

Each dotted curve corresponds to a specific M, .

0 0s 1 15 2 25 3 |max, £, (x¥)=max

M)’
H((‘QS‘M(TS )3 H1

H(%s“ Is) Hl

Figure 11. Error bound-variation functions versus true error-variation function for the local
graph of node s. Potential functions on edges (t1,s), (t2, s), (t3, s) are the same. We also
impose the same incoming error product E;s on nodes t1,t2,t3. The dotted curves depict the

true error variation functions, {logmax, F,(x)

enveloped by our error bound-variation function GsOp(log £).

—log max, Fis(x),t € I's\p}, which are
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Figure 12. Four simple graphical models: (a) a four-node fully connected graph; (b) a partial
graph that has one less edge than (a); (¢) a nine-node fully connected graph ; and (d) a 3 x 3
grid that is a partial graph of (c).

When the error bound-variation function is always less than zero, the maximum of error
bounds decreases after each iteration of LBP. In other words, LBP will converge. Therefore,

our uniform distance bound in Corollary 4 will lead to a sufficient condition for convergence of

LBP.

Theorem 5. (Uniform Convergence Condition)

Based on maximum-error measure, the sufficient condition for the convergence of sum-product

algorithm is

d(@rs)d(Prs) — 1
(GPEE, GFZ\ A () +1
s\P

N
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Proof. Let us revisit the error bound-variation function in (Equation 2.14):

d(Yes)d(Pes)e + 19 1o
(¢t5) (¢t*) +ée ) ! 8¢

which describes the variation of the error bound after each iteration. To guarantee that LBP
converges, it is sufficient to require Ggp(loge) < 0,Vloge > 0. Let z = loge. The second
derivative of Gp(2) is

(2)(5) — d(es)d ()€ (d(rs)d(Ype))? — 1)(1 — %)
Gsfn ( ) =2 X Z (d(dfts)d("pt*)ez + 1)2(d(1/1ts) (d’t*) ¥ 62)2 S 07

when d(¢5)d(¢) > 1 and z > 0. When z > 0, Ggp(2) is strictly concave.

The first derivation of G,(2) is

M) () = e ((d(is)d(Yi))* — 1) -
G =2 2 (agin)e + D) )

Because G4p(z = 0) = 0, if the first derivative Ggp)( = 0) < 0, we will have Gg,(z > 0) < 0.

Therefore,
G(l) =2 (d(trs)d(ie))* — 1) o0
’ tEFE:\p d(trs)d w o) F D)(d(Wes)d(Yee) + 1) <
S)d(hn) —1 1
= < =
tepzsz\p s)d( *) +1 2



Lemma 6. Our sufficient condition Ztél—‘s\p%

condition in (17), which is 3 e\, % <1.

)W) 1y o (i) -1
Proof. 2(d§w;§d@;§+1) = dszsggﬂ'
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< % is worse than the sufficient

O

This shows that dynamic-range measure is better than maximum-error measure with respect

to the sensitivity of the measure to convergence. Nevertheless, as for the upper bound on a

multiplicative message error e;s(z), mazimum-error measure gives a tighter result, which is

shown in Theorem 3.

Inspired by the sensitivity of dynamic-range measure to convergence, we present the fol-

lowing improved uniform distance bound, which first calculates the fixed-point values of er-

ror bounds in dynamic-range measure, and then computes the error bounds among beliefs in

maximume-error measure.

Corollary 7. (Improved Uniform Distance Bound)

The log-distance bound of fixed points on belief at node s is

wts %*)6 +1
Z l sz)ts (’9th*) +é

tel's

where & should satisfy

loge = max log
(s,p)eE teTo\p

) )

d(wts)zg +1
d(wts)Q +é

Proof. Using the approach in (17, Theorem 12) to obtain distance bounds on incoming error

products in dynamic-range measure and applying our Theorem 2, we obtain our corollary. [J
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Figure 13. True distance, uniform distance bounds and non-uniform distance bounds for the
graph in Figure 12(a) with various n’s. The empirical critical value of n for LBP to converge
ismp < 0.75.

Let see how our uniform distance bound and improved uniform distance bound perform for

graphical models in Figure 12 by comparison to the Fized-point distance bound in (17). Let
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Figure 14. True distance, uniform distance bounds and non-uniform distance bounds for the
graph in Figure 12(c) with various n’s. The empirical critical value of n for LBP to converge
isp < 0.67.

all the pairwise potential functions be

1
potentials be

. Therefore, d(i1s) =

1

n l-n

where > 0.5 and all the single node

-1 n

n/(1 —n) and d(¢) = 1 for ¥V (¢, s)

e E.
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Figure 15. True distance, uniform distance bounds and non-uniform distance bounds for the
graph in Figure 12(b) with various n’s. The empirical critical value of ) for LBP to converge
is n < 0.83.

We compare the following bounds in our simulations: UDB, our uniform distance bound
in Corollary 4; Improved-UDB, our improved uniform distance bound in Corollary 7; Ihler-
UDB, Fixed-point distance bound in (17, Theorem 13). Figure 13 - Figure 16 illustrate the

performances of those bounds for graphs in Figure 12(a), (c), (b) and (d), respectively.
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Figure 16. True distance, uniform distance bounds and non-uniform distance bounds for the
graph in Figure 12(d) with various n’s. The empirical critical value of n for LBP to converge

isp < 0.79.

Graphs in Figure 12(a) and (c) are uniform (uniform degrees, uniform potential functions).

Given a specific 7, all nodes have the same distance bound. For those two graphs, the empirical

critical values of  with respect to the convergence of LBP are 0.75 and 0.67 respectively. We can

see that, for various 7’s, our Improved-UDBs are very close to the true errors between beliefs.

Our UDBs become tighter when 7 increases, while Thler-UDBs become looser. From Figure 13
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and Figure 14, we can see that, compared to Ihler-UDB, our UDB requires stricter critical values
of 1 to ensure error bounds to be zeros. Specifically, for Figure 13, when 1 = 0.745, our UDBs
are non-zeros and Thler-UDBs are zeros; hence, our UDB requires n < 0.745 for the convergence
of LBP, while Thler-UDB only requires n < 0.75. Nevertheless, the critical values by our UDB
are 0.735 for Figure 12(a) and 0.66 for Figure 12(c), which are close to the empirical critical
values. Based on our UDB and Thler-UDB, our Improved-UDBs will approximate zeros when
7 approaches 0.75 and give tightest distance bounds for any 7.

2.3.2 Non-Uniform Distance Bound

Figure 12(b) and Figure 12 (d) are non-uniform graphs. Because uniform distance bounds
are computed locally, beliefs on the nodes with different topologies will have different error
bounds, which can be observed from Figure 15 and Figure 16. We can also find that when
the true errors are zeros, uniform bounds are not all zeros. In other words, n must be smaller
than the empirical critical value to ensure the largest uniform distance bounds to be zero.
Furthermore, in such cases, uniform convergence conditions derived from uniform distance
bounds will not perform well as for uniform graphs. Therefore, when every loop contains
potentials with various strengths and each node has different topology, we present the following

non-uniform distance bound and improved non-uniform distance bound.

Corollary 8. (Non-uniform Distance Bound)

The non-uniform log-distance bound of fized points on belief at node s after n > 1 iterations is

Q!)ts ¢t*)5ts +1
Zl wts (wt*) + 51‘,5 ) 7

tel's
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where €k, is updated by

. d(Pur)d(Pur)en; ' + 1
log e uegt\s log( d(¢ut) (wu*) + €Ut )

with initial condition

logg’ll,bt: Z log(d(wvu)d(wv*))z'

vely\t
Proof. The result can be easily proved from Corollary 4, by defining the error bound-variation

function in (Equation 2.14) as follows:

Gis(loge,) =log [ Au(ely') —logel, = log((Wut) ()i + 10

)% —logey,.
u€l't\s u€l¢\s d("but) (wu*) + Eut

O]

Similarly, based on the fact that the dynamic-range measure gives better convergence con-
dition than the maximum-error measure, we improve the previous non-uniform distance bound

in the following.

Corollary 9. (Improved Non-uniform Distance Bound)
The improved non-uniform log-distance bound of fixed points on belief at node s after n > 1

iterations is

Q!)ts wt*)ets +1
Z l wts 1/%*) + 5ts ) ’

tel's
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where €k, is updated by

- d(wut)%i;l +1
loge!, = g lo ut__
Bt g d(Yut)? 551

u€l\s

with initial condition logel, = 2 ver,\¢ 10g d(thpu)?.
Proof. The proof is similar to that for Corollary 7. O

Let see the performaces of our non-uniform distance bound and improved non-uniform dis-
tance bound for the graphs in Figure 12 compared with the non-uniform distance bound in (17,
Thm. 14). We denote the bounds in our simulation as follows: NUDB, our non-uniform dis-
tance bound in Corollary 8; Improved-NUDB, our improved non-uniform distance bound in
Corollary 9; Ihler-NUDB, non-uniform distance bound in (17, Theorem 13).

For uniform graphs in Figure 12(a) and (c¢), NUDB performs exactly the same as UDB.
However, for non-uniform graphs in Figure 12(b) and (d), because NUDB propagates error
bounds throughout the whole graph rather than on a local neighborhood, NUDBs are tighter
than UDBs, which can be observed from Figure 15 and Figure 16. For various n’s, our
Improved-NUDBs always approach the true errors. Therefore, when our Improved-NUDB is
zero, 1) almost equals the empirical critical value to ensure convergence of LBP. Though worse
than Improved-NUDB, our NUDB performs better than Thler-NUDB when 7 is far way from

the area of convergence.

2.3.2.1 Non-Uniform Convergence

Based on our Improved-NUDB or Thler-NUDB,; a sufficient convergence condition of LBP

can be derived, which is based on the dynamic-range measure of propagating errors.
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For each cycle-involved vertex v, Tp(G, v, n) is the corresponding Bethe tree. Let Vg be the
set of vertices in the Bethe tree. For w; € Vp,i =0, ...,|Vp| — 1, [(w;) is the labelling function

which maps w; to the original vertex in G. Let [(wp) = v.

Theorem 10. (Non-Uniform Convergence Condition)
For a graphical model G(V,E), {Tp(G,v,n),v € V} is the set of n-th level Bethe trees. The

non-uniform sufficient condition for the convergence of sum-product algorithm is:

<1,

3 d(W1(ws)iwe))* — 1 3 A(Wiwigw)” — 1 > AW i(wy))? — 1
A(WPi(w;)i(we))? + 1 AP, )i(w)? + 1 A V1w, )i(wy))? + 1

(2.16)

max
I(wo)=veV
w

iGFwO w; El—‘wi \wo wrel“wq\wp

where I'y,, is the set of neighbors of w;.

Proof. Recall that in the proof of wuniform convergence condition, we use an error bound-
variation function Ggp(loge), which is originally to describe (log 52;1 —loget,), for ¥(s,p) € E.

For each Tp(G,v,n), let us introduce the following error bound-variation function:

d(Y1(w;)1(wg)) *Ew;wy +1
Go({logewu, }loge) = zwierwo log d(’l/jl((wi))ll((u?o)))Q-O—Ew?mO — loge,

2
> dWu(w)1(w;)) " Ewjw; +1

108 Ewiwy = 2w ery, \wp 108 AW1w;)i(wy)* Tewjuw;

d(wl(wr)l(wq))2€+1
10g quwp - Ewrerw‘]\wp log d(wl(wr)l(wq))2+5 ’

where {w, } is the set of leaf nodes of T5(G,v,n).
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To guarantee LBP to converge, it is sufficient to have G, (loge) < 0 for Vloge > 0. Because
Gy(loge = 0) = 0, when G/ (loge = 0) < 0, we will definitely have G,,(0 < loge < §) < 0, where
J is a small positive value. When G, (loge) is concave, ¢ can be infinity so that the convergence
of LBP is true for Vloge > 0. However, because G,(loge) is not guaranteed to be concave, we

will only obtain local convergence for an infinitesimal §.

o d(¢l(wj)l(wi))25iji+1
& 1w )i(w;)) > Fewjw;

Define fu,w; (Ewjw;) = . Thus, we have the first derivative of

Gy ({log ew;uw, },1loge) as follows:

0G, ({log ewuwo },loge) ST Fowe D Fwe Do oy — L.

Odloge w; €T g w; €T, \wo Wy €l wq \wp
afd d()*—1 . . . .
where f' = Jac(lsgg:) = (d(w)gs(jf’f)(d(f)2+€). Plugging loge = 0 into the previous equation, we
obtain our non-uniform convergence condition. O

When we derive our non-uniform convergence condition based on the SAW tree, we will have
the following corollary. For each cycle-involved vertex v, Tsaw (G, v,n) is the corresponding
SAW tree. Let Vg be the set of vertexes in the SAW tree. For w; € Vgaw,i =0, ..., [Veaw|—

1, I(wy;) is the labelling function which maps w; to the original vertex in G. Let l(wg) = v.

Corollary 11. Non-uniform convergence condition (SAW tree)
For a graphical model G(V,E), {Tsaw (G,v,n),v € V} is the set of SAW trees. The non-
uniform sufficient condition for the convergence of sum-product algorithm is:

max
l(w0)=U€V
wi;

Z d(W1(ws)iwe))* — 1 Z A(Wrwi(wn)” — 1 Z A(Wr(w,yi(wy))* —
= (Wi )iwo))? +1 A(WPi(w)iwy))? + 1

wj €, \wo wyrElwg \wp

<1,



49

where I'y,, is the set of neighbors of w;.

When a graph has uniform potential functions with strength d(1)), to ensure convergence,
it is sufficient to have
max > Mz_l > Mz_l > Mz_l <1 (2.17)
Hwo)=veV d(¥)? +1 wyeTm o d(¢)? +1 e\, d(y)? +1
Let us apply our non-uniform convergence condition to the graphs in Figure 12(b) and (d)
with uniform potential functions as in the previous simulations. For the graph in Figure 12(b),
we obtain the critical value n < 0.78 for convergence of LBP, which is closer to the empirical
value n < 0.83, compared to n < 0.75 obtained by uniform convergence condition. For the graph
in Figure 12(d), we obtain the critical value n < 0.77, while the empirical value is n < 0.79
and the critical value obtained by uniform convergence condition is n < 0.67.

2.4 Convergence of Loopy Belief Propagation

2.4.1 Sparsity and Convergence

To compute our non-uniform convergence condition is not easy, when the graph is not sparse
or not symmetric. Nevertheless, our Theorem 10 can be used to deduce convergence properties
of sparse graphs.

It lacks theoretical verification that the more sparse a graph is, the less stricter is its con-
vergence condition. However, the definition of sparse graphs is vague; therefore, to be confined,
we would relate sparsity with partial graphs. Let us define partial graphs and introduce the

convergence property of such graphs in the following.
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Definition 1. (Reduction)
A path composed of two edges (v1,v2) and (ve,vs) can be reduced to a path composed of one edge

(v1,v3), where Yy, ps (To,, Toy) = f% Yyvs (Toy s Tog ) Vugvs (Tug Tug )dTe,, when there is no branch

on the path.

Definition 2. (Extension)

A path composed of one edge (v1,v3) can be extended to a path composed of two edges (v1,v2)

and (/U27 7}3), where foQ wvl'l}Q (x’l)l 9 xU2)¢U2’1)3 (1‘1)2 9 x’l}g)dxvg - ¢’U1’U3 ($U1 9 x’l}g) .

Definition 3. (Partial Graphs)
For two graphical models G1(V1,E1) and Go(Va,Ey) after reduction and extension, there exists
an isomorphism between graphs G1(Vi,E;) and G2(Vs, ES), when Vi C Vo and E5 C Eo. When

Eo — ES is cycle-involved, we call G1 a partial graph of Go and denote it as Gy C Ga.

Theorem 12. (Strictness of Convergence Condition for Two Partial Graphs)

Given Gy and G as defined in Definition 3, assume that G1 C Go. Assume the dynamic-range
measures of potential functions for edges in E1 are not greater than those of potential functions
for corresponding edges in E5. Then, when LBP for G3(V2,E2) converges, LBP for G1(Vy,E;)

must converge; however, the reverse implication is not true in general.

Proof. Because G; C Gg and Ey—E3 are cycle-involved, T5(G1,v,n) C Tp(Ga,v,n). Therefore,
LHS of Inequality (Equation 2.16) for Go has more summands than the corresponding quantity
for G;. When G, satisfies the convergence condition, G; must satisfy it. However, when G

satisfies the convergence condition, G may not satisfy it. O



o1

When the potential functions of a graph are uniform, we have the following corollary.

Corollary 13. (Critical Values of Convergence for Two Partial Graphs)

ni o l—=mn
Given Gy C Go, Gy and G have uniform potential functions v; = ,i=1,2

L—mi  mi
on all edges. Then, the critical values for convergence of LBP satisfy na < 1.

Proof. Because LHS of (Equation 2.17) for G, has more summands than the corresponding
quantity for Gy, we easily have d(12) < d(v¢1) to satisfy the inequality. Because d(1;) =

ni/(1 —n;), we get m2 < n1. O

Our Theorem 12 and Corollary 13 can be easily extended to strictness of convergence con-

dition of LBP for a set of partial graphs, and for those with uniform potential functions.

Corollary 14. (Strictness of Convergence Condition for Set of Partial Graphs)

Given G C Ga... C Gy, assuming the dynamic-range measures of potential functions on iso-
morphous edges of those graphs are correspondingly non-decreasing in the previous partial order,
LBP convergence for G, implies LBP convergence for G,, where m > n and m,n =1,...;k.

However, the reverse implication is not true in general.

Corollary 15. (Critical Value of Convergence for Set of Partial Graphs)

nio l—mn
Given G1 C Go... C Gy, Gy,..., G have uniform potential functions ,1<i <

L—mi  mi
k on all edges. Then, the critical values for convergence of LBP satisfy ng < ng—1-.. < 11.

By our Corollary 14 on partially ordered graphs, we can conclude that graphs with less cycle-

induced edges are more sparse and thus have weaker convergence condition. It is intuitively
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true that the strength of potential functions for Figure 12(a) or Figure 12(c) should be weaker

than that for Figure 12(b) or Figure 12(d) to ensure convergence of LBP. However, it can be

soundly verified by our previous corollaries.

2.4.2 Walk-Summability and Convergence

Theorem 10
(Bethe Tree)

Theorem 10
(N-th Level Bethe Tree)

Theorem 10
(Bethe Tree)

Walk-Summable
(p(W)<1)

Corollary 11
(SAW Tree)

(a) (b)

Figure 17. Diagram summarizing mildness of convergence conditions. The SAW tree is a
partial tree of the N-level Bethe tree, therefore, convergence condition based on the SAW tree
is stronger.

When a model is related to a Gaussian Distribution, the analysis of its properties becomes
comparatively simple. Proposition 21 in (44) states that “If a model on a (Gaussian) graph

G is walk-summable, then LBP is well-posed, the means converge to the true means and the
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LBP variances converge to walk-sums over the backtracking self-return walks at each node”.
Enlightened by the analysis for Gaussian graphical model, we will extend its walk-summability
perspective to general graphical models and relate the convergence property of LBP with walk-
sums in the following.

Let R be the correlation matrix of a Gaussian graphical model. When ), R! converges,
where R;; = |R;;| and [ is the length of walk, the Gaussian graphical model is walk-summable.

Let p(R) be the spectral radius of R. The previous definition of walk-summability is equivalent

to the spectral radius satisfying p(R) < 1. For a Gaussian graphical model, the interaction
between two random variables is the correlation coefficient. However, for a general graphical
model, we have multi-dimensional potential functions. We hope to find a scaler quantity to

represent the interaction between two random variables as well. In Theorem 10, we add up

d(wts)Q_l

all the n-th step walks from a root node, where a walk on edge (¢, s) is the quantity PCTREESE

Similarly to the correlation coefficient, we can treat this quantity as the strength of the inter-

action. Let W be the strength matrix with entry wss = %. When a general graphical

model satisfies p(W) < 1, we say it as walk-summable, which has also been shown to be re-

lated with the convergence of LBP. (18) present a convergence condition for general graphical

model: spectral radius p(W) < 1, by using a different strength matrix w5 = dlns)*—1 where

d(tes)2+1°

cZ(@/;ts)Q = MaXy, 2. i ds Zizggzgiigi;z; This convergence condition is equivalent to the walk-

summability of the graphical model with the strength matrix w.
Let us compare the walk-summability of a general graph with our non-uniform convergence

condition in Theorem 10. Because p(W) < 1 is equivalent to |[W™||; < 1, N — oo (18), and
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the walk-sum in the LHS of (Equation 2.16) for a N-level Bethe tree is smaller than |[W |1, we
can derive that our non-uniform convergence condition in Theorem 10 is milder than p(W) < 1,
which is illustrated in Figure 17(a).

When the convergence condition based on N-level Bethe tree is satisfied, the convergence
condition based on infinite Bethe tree must be satisfied, because the error bounds are guaranteed
to decrease after IV iterations of error propagation. Similarly, convergence condition based on
N-level Bethe tree is milder than that based on SAW tree. Mildness of convergence conditions

is shown in Figure 17(b).

2.5 Accuracy and Convergence Rate of Loopy Belief Propagation

In the following, we will analyze the performance of LBP with respect to accuracy and

convergence rate.

2.5.1 Accuracy Bounds for Loopy Belief Propagation

Recently, (25) presented an accuracy bound for LBP which relates the belief of a random
variable to its true marginal. He showed that there exists a configuration on some nodes of the
SAW tree rooted at certain node s of the original graph, such that the true maginal at node s is
equal to the belief at root s of the SAW tree. Therefore, given certain external force functions
on a subset of nodes, he adopted the non-uniform distance bound in (17, Thm. 14) to obtain
an accuracy bound between beliefs and true marginals.

Given d(p(z)/b(z)) < 4, his accuracy bound is as follows:

52b(x)
(=00 =P S T A )

(2.18)
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where § is an error bound in dynamic-range measure, p(x) is the normalized true marginal and
b(z) is the normalized belief. Note that ¢ in (25, Lemma 5) should be §2.

Because our improved non-uniform distance bound has been shown tighter than his non-
uniform bound, we can improve his accuracy bound between the belief and the true marginal.
Let max; | logp(z)/b(x)| < loge, where € is an error bound in maximum-error measure applying
our Corollary 8, under certain external force functions on a subset of nodes of the SAW tree.
Therefore, we have the accuracy bound as b(z)/e < p(z) < eb(x), where ¢ < §2. Combining

our accuracy bound with the bound in (Equation 2.18), we have the improved bound

b(z)
+ (1 - 0%)b(z)

52b(x)
1—(1-62)b(x) b

max{b(z)/e, 5 } < p(z) < min{eb(z),

2.5.2 Rate of Convergence and Residual Scheduling

For an iterative algorithm such as LBP, the rate of convergence is an important crite-
ria of performance. We will analyze the convergence rate of LBP by looking into the de-
creasing gradient of error bounds on messages. The error bound-variation function Gp,(loge)
in (Equation 2.14) is a measure of the variation of error bounds between successive iterations;
on the other hand, it reflects how fast LBP converges, because the smaller Ggp(loge) is, the
faster error bounds decrease. Because dynamic-range measure is better than maximum-error
measure in terms of convergence of LBP, we will use the error bound-variation function as

follows:

s 1
Ggp(loge) = log H djt €+ —loge,
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where ¢ is an error bound in dynamic-range measure on incoming error product. We will use

the first derivative of the function as a metric on the rate of convergence:

_ e((d(¥is)" — 1)
Gg))(logE) - tGFZ\p (d(is)?e + 1) (d(thrs)? +¢) -

Recall that Gg}) (log ) should be less than zero to ensure convergence. When we have infinites-
imal error disturbance, \nglo)(O)| will be used as the local rate of convergence. Because our rate
of convergence varies with each direction of message passing, messages on the direction with
the greatest rate will be updated prior to others in dynamic scheduling.

Some works have been done to utilize message residuals as a way of priority in dynamic
scheduling by (29) and (30). Rather than calculating future message residuals, (30) utilized
their upper-bounds as estimates of message residuals in their scheduling algorithm RBPOL. They
adopted maximum-error measure as a metric of message residuals, which was defined by them as
r(mys) = max,, |logeis(xs)|. They showed that by the contraction property of maximum-error
measure it can be upper-bounded as 7(m¢s) < 3-,ep\ s 7(Mut). However, their upper-bound is
not theoretically sound, because they ignored the normalization factor in their proof. Therefore,
we can modify their RBPOL by utilizing our upper-bound in (Equation 2.8). However, from
some simulation results, the rate of convergence of their original heuristic algorithm is not

substantially improved.
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2.6 Message Errors for Completely Uniform Binary Graphs

In Section 2.3, we discussed uniform and non-uniform distance bounds on beliefs. An error
bound-variation function was introduced to study the variation between error bounds at one
level and those at its upper-level in the Bethe tree. However, to study the mechanism behind
message passing, we are more interested to know the variation of true errors. Because it is
usually hard to identify the true error-variation function except for binary graphs, in this
section, we will explore fixed points and true error variation functions for binary graphs.

Let us first introduce a well-studied binary graph — Ising model. The probability measure

of Ising model can be expressed as:

1
P(:L‘) = 7 eXp (( ;EE JstTsxp + g]es%s)a (2.19)

corresponding to s (s, x1) = exp (Jaxsze) and ¢s(zs) = exp (0szs) in (Equation 2.1). Because

exp (Jst) exp(—Js)
{zs} are +1-valued, potential functions can also be expressed as and
exp (—Jst) exp(Jst)

e€xp (95)
. However, rather than working on the Ising model, we will study a completely uni-

€xp (_98)
form model (uniform connectivity, uniform potential functions) in the following, which has the

a b c
pairwise potential functions and single-node potential functions , Where a,b,c,d

b a d

are positive. Similar to (Equation 2.3), we will multiply single-node potentials in beliefs and

only discuss the influence of pairwise potential functions on message errors.
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We can easily obtain that a completely uniform graph has uniform messages.

Property 1. For a completely uniform graphical model, when synchronous LBP reaches a

steady state, all messages are the same.

Proof. Completely uniform graphs are topologically invariant for each node. In other words,
each message has the same LBP update equation. If some messages are different, for the

symmetric network, LBP will not reach a steady state. O

Because messages have the same LBP update equation, we can calculate the fixed-point

messages exactly and discuss the distances between them.

2.6.1 Fixed Points and Quasi-Fixed Points

Let us first discuss fixed-point messages for completely uniform graphs. Assume the degree
Y x
of each node is k. Let moy = denote the outgoing message and my, =
I-y 1—2
denote each incoming message. Therefore, we have the following LBP updating function:

az® 4+ b(1 — x)*

v=F0 = e o

(2.20)

We can easily find that (Equation 2.20) is symmetric with respect to the point (x = 0.5,y = 0.5).
Synchronous LBP update corresponds to the fixed-point iteration function x,,+1 = F(z,,), where
n is the iteration number. When z,41 = x,,, LBP message reaches a fized point. However, we
sometimes have x, 1, = =, or F*(z) = z, where F*(z) is the composition function of F(x) with

itself k& times, which shows kth-order periodicity. We define the solutions to F' k(a:) =x,k>1
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as quasi-fired points, among which a belief network will oscillate. In the following, we will show

that LBP for completely uniform binary graphs will have at most second order periodicity.

Property 2. LBP updating function in (Equation 2.20) has at most three real fixed points.

Proof. The second derivative of F'(x) is as follows: when a > b

>0,z € (0,0.5)

a— Dak-2(1 — k-2
F®(a) = (2o-k- a4 Qoth-1)(1-0))x [ = =8 0 e (05,)
—0,2=0,1,0.5

We can see that F'(x) is strictly convex when 0 < x < 0.5 and strictly concave when 0.5 < x < 1.
Similarly, for a < b, F(z) is strictly concave when 0 < x < 0.5 and strictly convex when
0.5 < x < 1. When this function intersects with an arbitrary line, there must be at most three
crossing points. As shown in Figure 18(a), it must have at most three crossings with y = x;

similarly with y =1 — 2 in Figure 18(b). O

We will show the symmetry of fixed-point messages for uniform binary graphs as follows.

Property 3. For a completely uniform binary graph, synchronous LBP will either converge to

the unique fized point , or converge to one of and when a > b (fer-
0.5 1—a* x*
x* 1—a*
romagnetic), or oscillate between and when a < b (anti-ferromagnetic).
1—z* x*

When a > b, x* is the solution to x* = F(z*); otherwise, x* is the solution to 1 — x* = F(z*)
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Figure 18. LBP updating function in (Equation 2.20) for a > b and a < b.

y=F ()& »=F(y),a=8 b=2 k=3

y=F(x)& »=F(y),a=2 b=3 k=3

Proof. Let us analyze the fixed points by solving the set of equations

which corresponds to second order periodicity z = F?(z).
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(2.21a)

(2.21D)

The set of equations is depicted

in Figure 18 for a > b and a < b respectively. We can easily find that F(z) and F(y)
are symmetric with respect to y = z. Moreover, because F'(x) is symmetric about the point
(0.5,0.5), we have F/(1 —x) = 1— F(x). Therefore, it is easy to see that F'(z) and F(y) are also
symmetric with respect to y = 1 — x. Let us check whether the two functions are symmetric
with respect to other lines such as y = 0 + ax. Substitute y = 4+ az and = = é(y - B)

a(y—B)* +b(a—(y—B))"

in (Equation 2.21a). We have 8+ ax = O )L For this equation to be always
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equivalent to (Equation 2.21b), we have (o = 1,8 = 0) or (o = —1,8 = 1). Thus, the set of
equations is only symmetric with respect toy =z and y =1 — .

When y = F(z) and z = F(y) intersect, they must have crossing pointsony = zory = 1—x.
In the following, we will show that they do not cross elsewhere. When a > b, let us assume
these two functions have one crossing point A not on ¥y = x and y = 1 — z, which is illustrated
in Figure 18 (a). Due to the symmetry between F'(x) and F(y), they must have the other three

crossing points B, C' and D shown in Figure 18 (a) respectively. Both functions must go through

>0,a>b

those points. The first derivative of F(z) is F)(z) = k((z?;l?))(:ii:;()lk:-?:);l = , which
<0,a<b

shows that function F'(x) is either monotonic increasing or monotonic decreasing. Because
yp < ya, when xp > x4, we arrive at a contradiction with the monotonic increasing property
under the condition a > b. Similar result is for a < b. According to Property 2, y = F(x) and
x = F(y) have at most three real crossings points with an arbitrary line. Therefore, we can see
that the set of equations will have at most three crossing points with either y =x or y =1 —z.

The set of equations in (Equation 2.21a) and (Equation 2.21b) has a naive fixed point

(0.5,0.5). However, it is only stable when the set of equations in (Equation 2.21a) and (Equation 2.21b)

k(a—b)

crosses nowhere else on y = x and y = 1 —x. When a > b and F(l)(%) = atd)

> 1, we can
see that the belief network will either converge at fixed point E or at fixed point F on y = x.
In this case, the fixed point at 2 = 0.5 is an unstable point. When a < b and F(V(3) < —1,
the belief network will eventually oscillate between E and F on y = 1 — x, which is shown in

Figure 18 (b). The fixed point at = 0.5 is again an unstable fixed point. Because F(x) is



62

symmetric with respect to (x = 0.5,y = 0.5), points E and F are symmetric with respect to

(x =0.5,y =0.5). O

From the previous property, we can conclude that completely uniform binary graphs will
have at most second order periodicity. In other words, F?*(z) = r < F?(z) = z and
Fn=ly) =2 & F(z) = .

Let us calculate the fixed points and quasi-fixed points for the uniform graph in Figure 12(c)

nz3+(1—n)(1—x)3

U and 1 — 3 = 2 HE0E ields the

with ¢« = npand b =1 — 7. Solving x = Br1-a)

fixed points and quasi-fixed points respectively, for the graph in Figure 12(c). Specifically,

—24n—+/—4+8n—3n2 —2+77+\/—4+877 3n? } and

2(—2+n) 2(—2+n)

we can obtain four solutions of fixed points {%, %,

—4/ 2 /
four solutions of quasi-fixed points {%, 3 1+ (11 +772)n 3 1+77+ (11 Jﬂfn S’ }. When n > 2/3, the

graph has two real fixed points except 0.5; when 7 < 1/3, the graph has two real quasi-fixed
points except 0.5; when 1/3 < n < 2/3, the graph has one real fixed point 0.5. For instance,
when n = 0.7, we have two stable fixed points (0.9071,0.0929) and (0.0929,0.9071); when
n = 0.3, we have two quasi-fixed points (0.9071,0.0929) and (0.0929,0.9071). We observe that
both cases have the same strength of potential function d(z)? = 0.7/0.3, though their dynamic
characteristics are different.

Based on Property 3, we find that for completely uniform graphs, the maximum multi-
plicative error and the minimum multiplicative error between two fixed-point messages are
reciprocal. In other words, d(e(z)) = maxe(x). Therefore, compared to our uniform distance

bound in Corollary 4, we have a tighter distance bound as follows.
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Corollary 16. (Uniform Distance Bound for Completely Uniform Binary Graph)
G(V,E) is a completely uniform binary graphical model. The log-distance bound on beliefs at

node s is

Q;Z)ts 5+1
Zl 2+’

tel's

where € should satisfy

d(wts)QE +1

loge = max

2
(s#)eB T d(vis)® + €
Proof. logmax Es = logd(Es) < ,p logd(ets) < > i cp, log %. O

For the uniform graph in Figure 12(c), when n = 0.7, we have the true log-distance equal to
2.2785, while our previous log-distance bound in Corollary 16 obtains 2.2785, which is exactly

equal to the true value, and our Improved-UDB in Corollary 7 obtains 2.3318.

2.6.2 True Error-Variation Function

In this section, we characterize the true error-variation function for a completely uniform

binary graph. We have the following message updating equation:

megut 1 a b ME"

a+b )
(1 —m)eg“t b a (1 - M)ES
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where M is the product of fixed-point incoming messages, m is the fixed-point outgoing message,
E'™ represents the product of incoming errors and e®* represents the outgoing error. Assuming

E™ is the same for each node at a level on the Bethe tree, we have the following error equation:

ou (aMEi"+b(1—M)Ei")k
B (aM +b(1 — M))* + (bM + a(1 — M))* AT b AT

- (CLME?I +b(1 - M)Eﬁn)k + (bME{" +a(l - M)Eén)k (M E#" +a(1—M)E™)* ’
(bM+a(1—M))F

out
E 2

where E°“ is the product of outgoing errors flowing into a node at the upper level. When

True error variation function

0.04
0.02} )
X:1.182
— Y:-0.0002203
w 0 ] | ] ] R
% x:05263 '\ X:1.709
g Y: 0.0001408 M=(0.5, 0.5) Y: -8.0746-005
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X
3 004l M=(0.8467, 0.1533) |
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£ M=(0.1533, 0.8467) \
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log(max E™)

Figure 19. True error variation function when Ms are fixed-point messages for the completely
uniform graph in Figure 12(c). a = 0.7, b = 0.3. The fixed-point messages are:
M = (0.8467,0.1533), M = (0.1533,0.8467) and M = (0.5,0.5).
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B > Ei and a > b, we have E{* > EZt. Therefore, letting E denote Ei", we obtain the

true error variation function:

G(log(E)) = log max E°“* — log max E™

= og ((@ME £ (1 ME))* (aM + b(1 — M)k + (bM + a(1 — M))k lou B
= L8 (AT T oL = a0k (aME + b1 — ME))F 1 (bME + a(l - ME)F ~ 8%

(2.22)
when 1 < E < 1/M and a > b.

An example of the true error variation function is illustrated in Figure 19. The curve of
G(log E') varies with the choice of M. When G(log E') does not cross the horizontal axis except
log E = 0, log ¥ will eventually decrease to zero. In such a case, LBP converges to a unique
fixed point. However, when G(log E) crosses the horizontal axis besides log E = 0, log E will
decrease to stable points of solutions of G(log F) = 0, which implies that the product of the
incoming errors at one level equals the product of the incoming errors at its upper level. In other
words, errors will not decrease after one LBP update. From the example in Figure 19, we can
observe that the zero-crossing points of log F correspond to the exact log distances between two
fixed-point messages. Therefore, our true error function in (Equation 2.22) characterizes the
true distance between fixed points, when LBP does not converge. Furthermore, from the curve
corresponding to the unstable message M = (0.5,0.5) in Figure 19, we can find that a small

perturbation on the message will easily change it to a stable one. On the other hand, as observed
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from curves corresponding to M = (0.8467,0.1533) or M = (0.1533,0.8467) in Figure 19, the

stable message can still be perturbed into other stable message by a big perturbation.

2.7 Error Bound for the Max-Product Algorithm

Our goal is to apply message error analysis on the max-product algorithm, which is the
LBP algorithm for MAP estimation. We present here an upper-bound on max-message errors.

Max-product algorithm works well for MAP estimation, which aims to obtain a configuration
that maximizes (Equation 2.1). We can formulate the MAP problem as follows: Zyap =
arg max, P(x).

For a tree-structured graph, when the MAP configuration is unique, max-product algorithm
in (45) can provide max-marginals which correspond to the MAP configuration. However, for
graphs with cycles, max-product algorithm can still provide remarkable good approximations.

The max-product update rules are:

mll,;s ($5) X MaXgy, Prs (xh $s)wt(1‘t) HuEFt\S ngl(xt% (223)
Bi(xy) o< ¥y () [Toer, mi(@e).- (2.24)
B (w1, 5) o s (e, w6) e (20)0s(25) [Tuer,\s Mt (@) Tper g Mps (s)- (2.25)

Similarly to sum-product algorithm, we can define message errors and analyze the error prop-
agation of max-product algorithm. By way of p-norm-product belief propagation in (42), we

present the following contraction property of max-product message errors.

Corollary 17. max,, e;s(zs) < min((d(ws)d(¥i))?, d(Es)?), where ¥y (2) = maxy, ¥s(2e, T5)-
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Proof. Max norm is equivalent to the p-norm when p tends to oo, which is defined in the

following for an arbitrary function f(z):

max (o) = 5@l = ( [ f(w)pdar>1/p oo

Therefore, the message error for p-norm-product message passing is

(f (Wrs (g, 5) Mis(a4) Eps(a4) )Pday) /P o ([ (rs (@, 5) Mys(24))Pdaydas) /P
(f (s (g, 25) Mys(wt) B (24) )Pdydas ) /P (f (s (e, T5) Mys(e))Pday )1 /P

€ts (xs) =

Let us denote 11 (1) = ([ (¢1s(24, 75))Pdzs)/P. The maximum-error measure is thus as follows:

[ s, 20) Mas(20) Bus (@) Py [ (W) Mys )P )”p
[ (V@) Mys(y) Egs(x4) )Pday J (es (e, 25) Mys () )Pday .

max e;5(rs) = max (
Ts Ts

By similar approach to the proof for Theorem 2, we have

e B 41

I%%X ets(vs) < ( d(1V1s)Pd ()P + d(Eys)P

When p — 00, we have max, e5(zs) < min(d(wts)Qd(zpt*)Q, d(Ets)Q), where ¥y, (z) = maxy, Yis(xe, x5).

O]

However, we have not yet obtained distance bounds on beliefs (pseudo-max-marginals) for

the max-product algorithm, which remains an open problem and the focus of our future work.
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2.8 Conclusion

In this paper, we presented tighter error bounds on Loopy Belief Propagation (LBP) and
used these bounds to study the dynamics—error, convergence, accuracy, and scheduling—of
the sum-product algorithm. Specifically, we derived tight upper- and lower-bounds on error
propagation in synchronous belief networks. We subsequently relied on these bounds to provide
uniform and non-uniform distance bounds for the sum-product algorithm. We then used the
distance bounds to obtain uniform and non-uniform sufficient conditions for convergence of the
sum-product algorithm. We investigated the relation between convergence of LBP with sparsity
and walk-summability of graphical models. We also showed that upper-bounds on message
errors can be utilized to determine a priority for scheduling in sequential belief propagation.
Moreover, we studied the accuracy of the bounds on the sum-product algorithm based on our
error bounds. We also presented a case study of LBP by characterizing the dynamics of the
sum-product algorithm for completely uniform graphs and analyzed its fixed and quasi-fixed
(oscillatory) points. Finally, we provided an upper-bound on the message error in the max-
product algorithm, and presented the extension of our approach to deriving distance bounds

on beliefs for the max-product algorithm as an open problem.



CHAPTER 3

BELIEF PROPAGATION AND COMPUTER VISION PROBLEMS

In this chapter, we will introduce some applications of belief propagation algorithm on
computer vision problems, such as stereo matching and image segmentation. Those problems

are usually called labelling problem and modelled by Markov Random Fields (MRF's).

3.1 Introduction to Labelling Problem

Let us first introduce the general MRF's for labelling problems. One MRF model is shown in
Figure 20, where white nodes correspond to observed variables, and shadowed nodes correspond
to latent variables for labelling. We want to obtain the Maximum A Posteriori (MAP) of the
states of latent variables given the states of observations. The MRF model is usually defined

as follows:

PX]Y) O<H¢s vo,ys) [] vst(ze ),

(s,t)€E
where X is the set of labelling variables, Y is the set of observed variables, and E is the set of
edges.
The MRF model can also be expressed using energy function, when the joint probability is

defined as P(X|Y) x exp{—E(X,Y)}, where:

BE(X[Y) ZE T, ys) + Y Balwg, ).

(s,t)eE
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Figure 20. MRF model for image labelling problem.

Specifically, the general framework for labelling problems is summarized as follows:
Objective: f = argminyer, E(f),
E(f) = ZpGP Dp(fp) + Z(p,q)EE W(fpv fq)’
P: the set of pixels,
[E: the set of edges,
L: the set of labels, for instance, disparity, intensity, segment,
f+ the labelling function,
E(f): energy function of labelling problem,

D,(fp): the cost of assigning certain label to pixel p, called data cost,

70



71

W (fp, fq): the cost of assigning label to two neighboring pixels, called discontinuity cost.

To solve the energy minimization problem, we will use the min-sum algorithm of belief
propagation, which is given as follows:
Message Updates: m’ " (2;) = & + ming, (Eg(zs, 21) + Es(s, ys) + D okel\t mi(s)),
Beliefs: bs(xs) = k + Eqs(xs,ys) + Zkel‘s mfs(xs),
where k is a constant, and 7T is the final iteration. After the algorithm converges, we have
xs = argming,_ bs(Zs),.

3.2 Stereo Matching

We will introduce the application of belief propagation to stereo matching problem using
the MRF model in (14). For stereo matching problem, given the left image and right image of
one scene captured by a stereo camera, we want to calculate the depth map of the objects in
the scene. In other words, given the number of depth levels, we want to label each pixel with a
certain level. To accomplish this labelling problem, we usually model the energy function based
on several penalty functions. The MRF model presented in (14) is as follows:

Objective: 021611[1) g pd(ds) + min Z pp(ds, dy),

d57dt
(s5t)

pa(ds) = miIOlF(SdeaI)(l — 05) + 1c(05)0s,
0s€

Pp(dSv dt) = lmienL ¢(d57 dt)(l - l8,t) =+ 'Y(ls,t)a
s,t



(b) Ground truth (c) Max-product result

(e) Ground truth (f) Max-product result

(g) Map: image (h) Ground truth (1) Max-product result

r

(j) Graph cut result (k) Bayes diffusion result (1) Sum-product result

Figure 21. Stereo matching result from (14).

72



73

where

D: smooth disparity field of a view,

L: line process to represent the presence of depth discontinuity,

O: binary process to indicate occlusion region,

F(s,ds,I): matching cost function,

Ne(0s): penalty function for occlusion,

¢(ds, d;): penalty function for non-smoothness when no discontinuity,

v(ls,¢):penalty function for discontinuity.

For detailed definition of penalty functions, readers are kindly referred to (14). We show
some results in Figure 21 using the previous MRF model from (14). We find that both sum-
product algorithm and max-product algorithm were implemented, and the former performs
better for the Map image in (g). More cues, such as region similarity, motion estimation,
help to make the stereo matching model better. (46) added motion cues from stereo video to

augment the disparity estimation model.

3.3 Image Segmentation

Image segmentation is a hot topic, on which people presented a great number of algorithms
using various approaches. Among image segmentation problems, the simplest case is to sepa-
rate one object from the background, which is called binary image segmentation. Graph cut
works well for this problem. However, to segment several objects, some algorithms are either

computationally expensive or fail to give good results. Belief propagation is one of the suc-
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Figure 22. Results of three examples with multi-labels from (47).

cessful algorithms which provide good performance of segmentation. Recently, some interactive
segmentation methods have been presented. In this section, we will use (47) to illustrate image
segmentation as a labelling problem.

The MRF model used in (47) is as follows:

E(1) = Z V(lpa lq) + Z Dp(lp)7

(p,q)€E pEP
(
min; |[C(p) = K ()l lp = 1,...,n
Dp(lp) = :
| min [C) = KP(), 1 = n+1
(
0,if 1, =1,
V(lp,lg) =
d, otherwise
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O: point set of foreground object,
B: point set of background object,
D,(l,): minimum color distance,
C(p): color of p,
K l? (7): mean color of the [, cluster by K-means,
K%(j): mean color of the background by K-means,
V (lp,lg): penalty function for label jumping,
d: standard deviation of all the color distance.
Min-sum algorithm was used to solve this energy minimization problem. We show the results
from (47) in Figure 22. We also implement an interactive image segmentation application and
apply sum-product belief propagation to solve the labelling problem. We will discuss the affect

of V(l,,1,) on the convergence of belief propagation in 3.5.1.

3.4 Speed-up Methods for Belief Propagation

Though belief propagation has reduced the computation cost of labelling problem, for large
image size, it is still very time consuming. The computation cost is O(nk?T), where n is the
number of pixels, k is the number of labels, and 7" is the unit processing cost. Some works have
been done to speed up belief propagation. (48) presented efficient belief propagation based on
some special models. We will introduce some techniques used in (48) here.

Let us recall the energy function.

E(f) =Y Do)+ > V(fu o).

peP (p,9)€E
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Figure 23. Hierarchical level for multi-grid belief propagation in (48).

Usually, we have V(f,, fy) = V(fp — fg). In such a case, the message update is as follows:

mpg(fa) = min(V(fp = fo) + A(fy));

p

h(fp) = Dp(fp) +ng;1(fp)-
When we assume Potts model for V(f, — f,) as follows:

0,if z=0
V(l‘) = ’

d, otherwise

message passing can be simplified as follows:

m;q(fq) = min(h(fy), H}Ln h(fp) + d).
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Since {h(fp)} only need to be calculated once, the computation cost reduces to O(nkT"). Linear
model and quadratic model are also presented in (48).

Another technique is to use multi-grid (hierarchical) belief propagation. (48) used the
hierarchy to initialize messages at successively finer levels to reduce message passing iterations.
For instance, after messages propagate on Level 1 in Figure 23, they are passed to level 0 and

propagate on that level. Reader can refer to (48) for more detail.

3.5 Performance Analysis of Belief Propagation for Image Segmentation

In this chapter, we will illustrate our theoretical results on convergence of sum-product

algorithm for binary graph, using an image segmentation application.

3.5.1 An Image Segmentation Application

Our segmentation application is shown in Figure 24. We implemented binary segmentation,
which separates one object from the background. We used a simple Markov Random Field model

for label random variables and used sum-product algorithm to obtain marginal probabilities.
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Specifically, we want to calculate P(X|Y'), where X represents label variable and Y represents

color feature. We have the following model:

Objective:  max P(X|Y)
P(X|Y) «xPY|X)P(X)

PY|X) = H (Z \i(2m) 7 |Ei,1‘|%1 eXP{—%(y — i) T (Y — pi)}),
yey i

P(X) = H exp{f(xhxj)}?
zi,r;€X

«, if Ty = T4

Bd(yi,yj), otherwise

where X is the set of label variables, x = 0 for foreground, x = 1 for background, Y is the set
of color feature variables, « is the parameter to emphasize uniformity, 8 is the parameter to
emphasize color difference, d(y;,y;) is the color difference between pixel ¢ and pixel j, p;, and
¥« are the mean color and variance for the foreground when x = 0 or the background when
z=1.

We use Gaussian Mixture Model for data cost function P(Y|X) to model color feature given
certain label. In the smoothness function P(X) of our MRF model, parameter « is to make
neighbor labelling locally homogeneous, and parameter (§ is to flip neighbor labelling when the

neighboring pixels have big color difference.
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After sum-product belief propagation algorithm converges and gives pseudo-marginal prob-
abilities, we assign the label with bigger posterior to each pixel. For example, if P(z; = 0|y;) >
P(xz; = 1|y;), we label pixel i as foreground. We also implemented max-product belief propa-
gation to solve this MRF model, and found that it gave quite similar results as sum-product
algorithm. The authors in (14) implemented both sum-product algorithm and max-product
algorithm for stereo matching application. They observed that in most cases sum-product al-
gorithm gave overly smooth results. But they showed one result for which sum-product gave
better results, which is shown in Figure 21 in the thesis. Here, we show segmentation results
by sum-product algorithm and verify the theoretical results we have derived in 2.6.

Recall the uniform binary graph in 2.6 of Chapter 2, which has potential function

a b
Vo, 2 (T3, T5) = . We have proved in Property 3 that for a completely uniform bi-

b a
nary graph, when a > b, LBP will converge to certain fixed point; when a < b, LBP will

oscillate between two quasi-fixed points which have reverse states. Our smoothness functions

exp{a} exp{8* d(yi,y;)} _
Py, (x5, 15) = , are not uniform over the graph be-

exp{3 * d(yi, y;)} exp{a}
cause of the color difference. However, they are usually distinctly different only for the pixels

on edges. Therefore, we will still have segmentation results complying with Property 3, when
we choose various « and (8

Using our interactive image segmentation application (49), we first need to draw an area
that includes the interested object, and enter o and S to set the MRF model, and then we run

sum-product algorithm or max-product algorithm to obtain segmentation. From our simulation
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results, we observe that for our MRF model when o > [ * d(y;,y;), the segmentation result
will converge; otherwise, the segmentation result will oscillate. In other words, when labelling
homogeneous is dominant, segmentation will converge to a certain result, see the results in
Figure 25 (c), and Figure 26 (c); when color difference is emphasized, the segmentation will
oscillate between two reverse labelling results, see Figure 25 (d) and (e), and Figure 26 (d) and
(e).

3.6 Conclusion

Belief propagation has been widely used in solving image labelling problems such as im-
age segmentation and stereo matching. In literature, people usually use max-product belief
propagation to obtain maximum a posteriori (MAP) estimation based on a Markov Random
Fields (MRF) model. We have both implemented sum-product belief propagation algorithm
and max-product belief propagation algorithm to solve MAP of labelling variables for image
segmentation. We found both algorithms give similar results for our specific MRF model. Fur-
thermore, through our interactive image segmentation application, we verify our theoretical

results on pseudo-marginal probabilities for binary graphs.
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Figure 25. Image segmentation example: bird.(a) Original Image; (b) Selected Area; (c)
Segmentation Result for « = 4 and § = 1; (d) Segmentation Result for « =0 and =1 at
some iteration 7; (e) Segmentation Result for « = 0 and § = 1 at some iteration i + 1.

Figure 26. Image segmentation example: flower.(a) Original Image; (b) Selected Area; (c)
Segmentation Result for « =4 and § = 1; (d) Segmentation Result for « =0 and 5 =2 at
some iteration 7; (e) Segmentation Result for « = 0 and 3 = 2 at some iteration i + 1.
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