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Abstract

Detecting text in natural 3D scenes is a challenging prob-
lem due to background clutter and photometric/gemetric
variations of scene text. Most prior systems adopt ap-
proaches based on deterministic rules, lacking a systematic
and scalable framework. In this paper, we present a parts-
based approach for 3D scene text detection using a higher-
order MRF model. The higher-order structure is used to
capture the spatial-feature relations among multiple parts
in scene text. The use of higher-order structure and the
feature-dependent potential function represents significant
departure from the conventional pairwise MRF, which has
been successfully applied in several low-level applications.
We further develop a variational approximation method, in
the form of belief propagation, for inference in the higher-
order model. Our experiments using the ICDAR' 03 bench-
mark showed promising results in detecting scene text with
significant geometric variations, background clutter on pla-
nar surfaces or non-planar surfaces with limited angles.

1. Introduction

Text detection in natural 3D scenesis an important but chal-
lenging problem. Scene text provides direct information
about the scene and event. It therefore can be used as ef-
fective features for image recognition, search and retrieval.
Figure 1 shows some examples of scenetext, illustrating the
variations of 3D shape, lighting, and background cluttered-
ness.

There have been much prior work on text detection,
but most of them use ad hoc rules, lacking a systematic
framework. Such approaches are difficult to generalize and
achieve robust performance. They can be classified as tex-
ture based [10][ 1], region based [9][12], or hybrid [7]. Spa-
tial layout analysisis also used in some of the systemsin a
rule based setting.

Text lines or words can be model ed as multi-part objects,
where characters are disconnected parts. There has been
some prior work on parts-based object detection and motion
analysis. For example, in [2][5], a part constellation model
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Figure 1. The examples of scene text in images

is proposed to detect multi-part object with supervised and
unsupervised learning. Spatia relations of parts are mod-
eled using covariance matrix. In [4], Objects are modeled
as trees. Detecting objects is realized by matching model
trees and input pictures. In[13], human motion detection is
realized by a parts-based approach, where the parts model-
ing is limited to triangulated decomposable graphs. 1n [8],
a parts-based approach is proposed to detect human body.
Boosting is applied to combine wesk classifiers correspond-
ing to different body part assemblies. In[15], agraph parti-
tioning approach is devel oped to group individual partsinto
objects. However, no probabilistic structure is presented to
support systematic learning.

Markov Random Field (MRF) is an undirected graphi-
cal model, having widespread applications in computer vi-
sion. MRF with pairwise potential and belief propagation
has been applied in many low-level vision applications [6].
However, in order to detect multi-part objects, pairwise po-
tential is often inadequate since it only captures two-node
constraints. For example, in the text detection task, the pair-
wise potential cannot capture the unique spatial relationship
that every three characters should be aligned on a straight
line or asmooth curve. Another limitation of the traditional
pairwise MRF model isthat the state potential function does
not incorporate the observed features. This makes it diffi-
cult to model the parts relations for general applications.
For example, if we need to enforce that the ”land” region
should locate below the " sky” region in anatural image, the
coordinate difference of the two regions is necessary to be
taken into account.



In this paper, we propose a parts-based object detection
system vialearning a high-order MRF model. The method-
ology is applied to detect scene text in images. The prob-
lem is formulated as calculating the beliefs (the marginal -
ized probability) at nodes that correspond to automatically
segmented regions. In order to realize efficient probabilistic
inference, avariatioanl method similar to Bethe approxima-
tion [14] is developed, which is converted into higher-order
belief propagation equations. Supervised learning of this
high-order MRF model is realized by maximum likelihood
estimation.

Compared with prior systems. The proposed generative
statistical framework incorporates higher-order constraints
and takes advantage of the efficient inference algorithms.
The proposed higher-order MRF model is also unique in
that it uses potential functions considering inter-part rela-
tional attribute.

The higher-order MRF model is evaluated against the
pairwise MRF model using a set of public benchmark im-
ages. The experiments show a substantial performance im-
provement accredited to the adoption of the higher-order
statistical model. Moreover, the results aso show that the
presented method is extraordinarily robust even for text in
severely cluttered background or with significant geometric
variations. These evidences confirm the advantage of the
higher-order MRF model for parts-based detection of scene
text and probably broader categories of objects.

The paper is organized as follows: Section 2 describes
the formation of the region adjacency graph. Section 3 for-
mulates the text detection problem using MRF model. Sec-
tion 4 presents the approach for designing potential func-
tions, which is followed by the learning approaches de-
scribed in section 5. Section 6 discusses the problem of
multiple text lines with its solution. Experimental setting
and results are described in section 7. Finally, section 8
summarizes the contribution and future work.

2. Region adjacency graph formation

Region adjacency graph (RAG) is used to model the prop-
erties of parts and parts relations. In this model, each node
represents a segmented region, and each edge representsthe
likely relations between two regions. Region detection is
realized by a mean-shift segmentation algorithm [3].

The edges between nodes are established according to
the spatial positions of the regions. An edge is established
only if the minimum distance between two regions is less
than a predetermined threshold. The value of the minimum
distance threshold (MDT) should allow three consecutive
characters form athree-clique (i.e. triangle). Larger MDT
would yield denser graph and more cliques, resulting in
more computation cost. The optimal selection of MDT re-
mains an unsolved issue for future exploitation. A straight-

Figure 2: Region segmentation and adjacency graph. Seg-
mented regions are indicated with green borders.

forward method is to use a multi-pass detection procedure,
inwhichasmall MDT is started and subsequently increased
until text is detected.

Nested regions, such as a bounding box and its encom-
passed characters, would not be connected by edges, in or-
der to prevent unnecessary computation. Moreover, the re-
gions that touch image boundaries are assumed to be back-
ground. They are therefore eliminated to save computation
resources. One example of RAG is shown in the Figure 2.

3. Formulating text detection using
MRF

Based on a RAG, the corresponding Markov Random Field
(MREF) is constructed by attaching each node i a state ran-
dom variable X; taking value from a label set. In text de-
tection, the label set consists of two labels: "text” (X; = 1)
or "non-text” (X; = 0). The observed features include one-
node features y,; extracted from each region i, and three-
node features ;. extracted from every three connected re-
gions (or athree-clique in RAG). Text detection therefore
can be modeled asthe probabilistic inference problem given
all observation features. The overall relations can be mod-
eled as ajoint probability p(x,y), with z = {z;]1 < i <
NYyandy = {yi,yix]l < 4,5,k < N} where N isthe
region number. Text detection is therefore the problem of
computing the marginal (or belief)

plaily) =Y plz,y)/p(y) (@)

Labeling a region as text or non-text is realized by like-
lihood ratio rest of the two opposite hypotheses (x; =
1,text;x; = 0,non-text):

plz; =1ly)  plz;=1,y)

p(zi =0ly)  plzi =0,y) 2 A @

where \ is a threshold, which can be adjusted to vary the
precision and recall rate.



3.1 Parwise MRF

Pairwise MRF has been applied in a variety of low-level
vision applications. Thejoint probability of apairwise MRF
can be written as

plz,y) = %Hlﬁij(iri,yj) [T o) ©)

where Z is the normalization constant, ;;(x;,y,) 1S
the state comparability function, ¢;(x;,y;) captures the
compatibility between the state and observation. The
margina probability of MRF can be calculated by Belief
Propagation[14].

For multi-part object detection in cluttered background,
one needs to identify the parts and group them into assem-
blies by accommodating the relations of the parts. This
requires identifying structures in the adjacency graph, not
only verifying the compatibility between two nodes. For
example, in text detection, we need to verify if three re-
gions are aligned on a straight line approximately. These
constraints cannot be addressed by pairwise potentials and
require functions involving more than two nodes.

3.2 Higher-Order MRF with belief propaga-
tion

To overcome the limitation of the pairwise MRF, we attempt
to utilize MRF model with higher-order potentials while
keeping computational efficiency of the belief propagation.

We adopt a unique generative model accommodating
higher-order constraints, as visualized in Figure 3(Left), in
which the observation features are not only defined at node
but also three-cliques. Here we omit two-node potentialsin
order to simplify the computation and due to the fact that
two-node constraints can be also incorporated in the three-
node potentials if the graph is dense. It is not difficult to
show that this model can be factorized as following:

1
p(z.y) = [T oo ws,e)pyinlwi zs,an) T | plyileo)

ijk

4

Where y; is the observation feature vector at node n;.
yijkisthe clique-level relational feature, which is extracted
from the entire set of nodesin the clique and is used to char-
acterize the attribute relations of the three nodesin the same
clique. Examples of clique features may include the rela-
tions of locations, shapes, and symmetry among the nodes.
The higher-order potentials and clique features allow this
model perform local pattern matching and evolve towards
higher-scale hidden structures. The potential function con-
taining the clique featuresis crucial for multi-part relation-
ship modeling. ;;x(x;, z;, ) IS the potential imposing
prior constraint,and p(y;;x|x:, z;, xk).p(yi|z;) is the prob-
ability density functions at three-cliques and nodes respec-

tively. Here we implicitly assume that the observation fea-
tures y;;x,y; are independent.

By combining the prior constraints and emission proba-
bilities, this model is equivalent to the following MRF with
inhomogeneous potentials:

1
plz,y) = 7 H%jk(i%Ij,fl?k,yijk)cbﬁp(ﬂ%yi) ©)
ijk

where ngk(xi, xj, Tk, Yijk) and ¢ (x;, y;) are the inhomo-
geneous potential functions.

In the rest of the paper, we use shorthand
Vige(wi,xj, o) and @i(z;) for @i (zi, ), ok, yije)
and ¢ (z;, y;) to simplify notations.

It has been shown that the belief propagation (BP) in
pairwise MRF is equivalent to the Bethe approximation
[14], atype of variational approximation. For higher-order
MRF, we can use asimilar variational approximation to ob-
tain a higher-order version of the belief propagation. The
detailed derivation is described in the Appendix.

The message passing rule for higher-order BP is as fol-
lowing (also illustrated in Figure 3(Right))

Mk () N> > &3 (@) () iji (zi, 75, 7k

T j T

II Mink (k) 11

(L) ENp (R)\(4:7) (L,n) €N (3)\(4,F)

Ming(x;)  (6)

where ) is a normalization factor so that the message
computation will not cause arithmetic overflow or under-
flow. N, () is the node pair set in which each node pair
forms a three-clique with the node i. Once the messages

converge, the beliefs are computed using
bi(xi) = ki) H mjki(2;) (7)

(4,k)€Np (4)

Where k is a normalization factor. Messages are uniformly
initialized as a constant, typically 1.

Figure 3: (Left) MRF with higher-order potential, node fea-
tures, and clique-level relational features (Right) The mes-
sage passing of the high-order belief propagation



Figure 4: The reinforcement of the beliefs as the number of
charactersincreases

Besides using the proposed higher-order BP, an alter-
native approach is to reduce the higher-order MRF to a
pairwise MRF by clustering nodes and inserting additional
nodes [16]. This process needs careful redesign of the po-
tential functions and has to introduce extra delta-function-
like potential functions, which may cause unstable message
updates. It is therefore more straightforward to use the
above higher-order version of belief propagation to perform
inference.

Intuitively, the higher-order BP rules perform local pat-
tern matching (by three-node potential with clique-level
relational features) and pass around the evidences to the
neighboring nodes to enhance or diminish the beliefs. To
show this, Figure 4 shows the inference results from in-
puts with different numbers of characters. The brightness
of each node (corresponding to a character) shown in the
figure represents the belief of being "text” object. We note
that more charactersresult in higher beliefs of theindividual
characters due to the interactions of the nodes.

Because the region adjacency graph is automatically
generated, the topology of the graph is often loopy. Thus,
in theory, the convergence of the BP cannot be guaranteed.
However, our experiments on actual images so far have not
observed significant divergences of message updates. This
is probably due to the appropriate designs of the potential
functions, or because the magnitudes of oscillations are too
small to be observed.

4. Design of the Potential Functions

In order to effectively detect text, we need to carefully de-
sign the potential functions and emission probabilities in
Eq. (4). The prior potentials are discrete probability mass
functions. For emission probabilities, we have to adopt
parametric probability density functions so that the model
can be properly learned. In our system, we assume that the
P(Yijk|xi, x5, x1),p(yi| ;) both have the form of Gaussian
function or mixture of Gaussians.

Inthefollowing, we describe afew featuresfor one-node
and 3-node potential functions. Note the functions are gen-
eral and other features can be added when useful, not only
limited to the set we currently include in the implementa-
tion.

4.1 Theone-node potential

In our current implementation, only aspect ratio is used as
the feature for one-node potential. The distribution of the
aspect ratio is modelled as Gaussian functions. There are
two Gaussian pdfs. one for state O and another one for
state 1, denoted as Go(yi) = N (o, Xo) and G1(y:) =
N (111, %1) respectively.

This model is accurate in the absence of segmentation
errors. However, in many cases, multiple character regions
may be merged dueto poor region segmentation. To accom-
modate the mixed types of regions (single character regions
and merged regions), we can use mixture of Gaussians to
model the distribution.

4.2 Thethree-node potential

Three-node potential functions are used to enforce the spa-
tial and visua relationship constraints on the cliques. The
clique feature vector is extracted from every three-clique,
the component of this vector is described as follows.

a) Minimum Angle
Thefeature is defined as the sinusoid of the minimum angle
of the three-clique, i.e.:

Yijk(1) = sin(ming,b,,),m =1,2,3.

where 6,,, is one of the angles of the three-clique. For a
text line, the minimum angle should be close to 0. For text
on a non-planar surface, the angle is assumed to be small
(e.g., text on acylindrical surface). Note that the statistical
modelling approach allows for soft deviation from a fixed
value, and thus non-planar text with small angles can also
be detected.

b) Consistency of the region inter-distance

For most scene text in an image, the difference of the
character inter-distance is approximately the same. The
featureis defined as,

Yigk(2) = [IVall = [[vall

where v,v, are the two laterals with the maximum angle
inthe triangle.

¢) Maximum color distance

The feature is defined as the maximum pairwise color
distance of the three regions. The use of this feature is
based on the fact that the text regionsin atext line have near
uniform color distribution. The color distance is defined in
the HSV space. For greyscale images, we can replace the
color distance with the intensity difference athough it may
not be as robust as using color.



d) Height consistency of the character

The constraint enforces that the heights of the three
character regions are approximately the same. The height
divergenceratio is defined as

yzjk(4) = (hmal‘ - hmin)/hnLin

where h,,;, and hy,,e, are the minimum and maximum
height of the three regions. English characters usually are
written with fixed discrete levels of height. Thus a mixture
of Gaussian s model would be adequate.

5 LearningtheHigher-Order MRF

Learning the Higher-Order MRF is realized by the maxi-
mum likelihood estimation. Suppose M images are used in
training. We want to estimate the optimal parameter set 4 to
maximize the likelihood of the whole set of images.

M
0 = argmaxy Z lnp(z™,y™|0) (8)

m=1

™ y™ isthe state vector and observation feature vector in
the mth image, where =™ is labelled by annotators. Ac-
cording to Eq.(4), thejoint log likelihood of z,y in one im-
age can be factorized as

Inp(z,y) = > (i, x5, wkl0z) + ©)
ijk

Z Inp(yiju|zi, €5, Tk, Oys3) + Z Inp(yi|xi, 0y1) —InZ

ijk i

Where 6, is the parameter for the state prior probability
mass function. 6,3 is the parameter of the probability den-
sity function for the three-clique relational feature. 6, is
for the one-node observation density. Since these three
functions have independent parameters, the learning pro-
cess can be carried out separately. The maximum likelihood
estimates of 63,0, are obtained by simply calculating the
mean and variance (or covariance matrix) of the Gaussian
functions using the labeled data. 4, isthe prior distribution
parameter, which can be calculated by counting the number
of the state configurations in the training data.

The features presented in Section 3 require the poten-
tial functions of each cligue invariant to permutation of la-
bel assignments of the states in the same clique. For a
three-clique, there are 8 different configurations, but due
to the permutation invariance, there will be only 4 dif-
ferent configurations (z;, z;, x;) = (111),(x;, xj, ) =
(100),(z;, xj, xk) = (100), (x;, x5, zk) = (000). Asan
example, (z;,x;,xr) = (111) means al three nodes in the
clique are text regions. Correspondingly, we have Gaussian
pdfs:

Gu11(yijk) = p(Wijklze = 1,25 = 1,2 = 1) = N (pa11, B111)

Figure5: (Left) Themissin detecting multipletext linesdue
to cross-text-line (CTL) cliques. (Right) the results after
potential function modification.

G110(yijx) = p(yijklz: = 1,25 = 1,2 = 0) = N (p110, L110)
Gioo(yije) = pyigklzi = 1,25 = 0,2 = 0) = N(p100, X100)
GOOO(yijk) = p(yijk|$i =0,z; =0,7 = 0) = N(#Oom E000)

6 Maodification of the potential func-
tionsfor multipletext lines

The above detection algorithm works well when the im-
age only contains single text line or the text lines are apart
far away. However, if two or more text lines are close to
one another, the algorithm will miss one or more text lines,
as shown in the Figure 5. Such miss of detection is due
to the negative constraint produced by the cross-text-line
cliques (marked as dashed red lines in the Figure 5(Left)).
In this case, the value of G110 (yijk)aGlOO (yijk),Gooo (y”k)
may be much larger than G111 (y;;x) for a cross-text-line
clique. The one-dimensional illustration of this situation is
shown in the Figure 6, where the red (blue) curve indicates
the potential function trained from "text”-"text”-" non-text”
(text-text-text) cliques. Consequently, assigning the " non-
text” label to one of the nodes in the cross-text-line three-
clique will yield higher overal likelihood (as shown in the
dashed line). One way to fix this problem is to modify the
Gh11(yi5,) potentia function such that it only has positive
constraint effect within the desired feature range by the fol-

CTR Clique

>
Yiik

Figure 6: The potential functions and the modified version
of G111 (yijx)



lowing operator

G111 (Wijk) = sup{G110(Wijr ), G100 (Wijk), Gooo (Yijk) }

The resulting function is shown in Figure 6. There-
fore if the three-node feature is far from the mean
of the Gaussian, it no longer gives higher value for
G110(Yijk):Gro0Yijk ) Gooo (Yijk) compared with
G111 (yijk).  This modification shows very significant
improvement in the experiments while it does not signifi-
cantly impact the non-text regions. Figure 5(Right) shows
the results by using the modified potentials. One potential
drawback of the above modification is that it may raise
the belief of the non-text region and thus increase false
alarms. However, if the text line has enough characters,
the likelihood ratio test with higher threshold will correctly
regject those non-text regions. Another problem is that
some singleton regions disconnected with any other region
may exist in image. No three-node potential constraint
is imposed on these nodes. Consequently, the beliefs are
totally determined by the one-node potential function,
which is often inaccurate. To handle this problem, we can
let the one-node potential only give negative constraint to
non-text region if the features are quite different from the
learned Gaussian mean. Thus, the one-node potential is
modified using:

G (yi) = sup{G1(y:), Go(yi))}

7 Experimentsand results

To evaluate the proposed approach, we evaluate the perfor-
mance using a public dataset used in the scene text detec-
tion competition in ICDAR 2003 [11]. The dataset con-
tains 20 images with different natural conditions, for ex-
ample, outdoor/indoor, background clutter, geometric vari-
ations, lighting variation, etc. All are colored imagesin the
RGB format.. The resolution of these images is very high
with a typical size 1280x960. To reduce the computation
cost, we resize these images to about 640x480. Thistest set
is limited since only images containing text are included.
In order to evaluate the capability of the system in reject-
ing false regionsin the cluttered images, another ten images
with cluttered background but without text are added to the
data set.

A cross-validation procedure is used to test the algo-
rithm: the data is divided into two subsets, each of which
aternates as training and testing set in a two fold cross-
validation process. In the learning stage, each image first
segmented by the mean-shift algorithm, and the segmented
regions are manually labeled astext or non-text. Cross-text-
line cliques are excluded from training to avoid confusion.
We measure the precision and recall of the text region de-
tection. Recall is the percentage of the ground truth text

Precision
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Figure 7: Precision recall curve, (Top) The comparison of
ROC curve by using conventional pairwise MRF (dashed
blue) and proposed method (red). (Bottom) The ROC curve
of detection in set 1(green) set 2(blue) and average(red).

regions that are detected, while precision is the percentage
of the correct text regions in the detected regions. The ac-
curacy is measured at the character level.

We use the MRF model with pairwise potential as the
baseline for comparison. The relational features are added
into the pairwise model. It usestwo featuresin the two-node
potential - the color difference and height consistency. The
one-node potential is the same as that used in the proposed
higher-order MRF. The potentials are learned from labeled
data. Inferenceisrealized by standard belief propagation. A
precision-recall curve (ROC curve) is generated by varying
the threshold of the likelihood ratio, as shown in Eq.(2).

The performance comparison is shown in Figure 7(Top),
which indicates that the higher-order MRF model signifi-
cantly outperforms MRF with pairwise potential. Note in-
terestingly there seems to be a turning point at 0.85/0.85
as precision/recall. The performance variance when us-
ing the cross-validation process is shown in Figure 7(Bot-
tom), showing that the proposed method is stable over dif-
ferent training/testing partitions. Unfortunately, to the best



of our knowledge, there is no public-domain performance
data over the same benchmark set that we can compare.

Note that these results have not included the text regions
missed in the automatic segmentation process. The miss
rate of region detection is about 0.33. This makes the op-
timal recall (including segmentation and detection) about
0.67. The region detection miss is mainly due to the small
text size. The inference computation speed excluding seg-
mentation varies from 0.5 second to 30 second per image
on a Pentium 111 800MHz PC depending on the number of
the cliques. The average inference speed is 2.77 second per
image. The speed of segmentation and region formation is
about 0.2 second to 5 second per image, depending on the
image size and the content complexity of the image. The
speed is improvable, since no code optimization and |ook-
up-tableis used currently.

Figure 8 shows some detection results by the proposed
higher-order MRF model. The results show that the method
is very robust to background clutteredness and geometric
variations, and is able to detect text on curved as well as
planar surfaces. Detecting text on curved surfaces is hard
to achieve by conventional systems using fixed rules, where
hard constraints are usually used. Our system achievesim-
proved performance in this aspect by using soft constraints
captured by the statistical method. Furthermore, the issue
of character merging is successfully handled if the merged
regions remain on the same planar or curve surfaces. To
compare with MRF with pairwise potential, Figure 9 shows
its output, which illustrates that without using the higher-
order congtraints, the pairwise MRF is very vulnerable to
the clutter.

8 Conclusion

We have presented a statistical method to detect text on pla-
nar or non-planar with limited angles in natural 3D scenes.
We propose a MRF model with higher-order potential and
incorporate intra-part relational features at the clique level.
The proposed method is systematic, learnable, and robust to
the background clutter and geometric variations. The sys-

Figure 9: Output from the pairwise MRF model (brightness
of nodes represents the probability as "text”)

tem can be readily modified for the general multi-part ob-
ject detection, for instance human body detection. We also
plan to add more features and constraints into the system to
further boost the detection performance.
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9 Appendix

Let b;(z;) denotes the one-node belief and b1 (z;, z;, k)
denotes three-node belief. Let N, (¢) be the node pair set in
which each node pair forms a three-clique with the node i.

The energies associated with nodes and cliques can be
define as

Ei(z:) = —Ingi(z:)
Eijr(zi, x5, xr) = —Intiju (i, 25, xx) — Ings (z;)
—Ing;(z;) — Ing;(z;).
Then the Gibbs free energy [14] is

G:Z Z bijk(l’iyxj:xk)(Eijk(xh$j7$k)+

ijk xiTjT)

lnbi]'k(xi’xjv xk)) - Z(% - 1) Z bz(xz)(Ez(ml) + lnbl(acl))

i

Where g; is the degree of the node i. Therefore the La
grangian multipliers and their corresponding constraints are

Tijk Z bijk(xi, xj,xK) — 1 =0, Tiizbi(zi)*lzo

TiHTj,Th i
Niki(xs) + bi(mi) — Z Zbijk(iti,ﬂﬁj:mk) =
i Tk

The Lagrangian L isthe summation of the G and the mullti-
plier terms. To maximize L, we have

oL —0 =
abijk(xi,:pj,xk)
Inb;jk(xi, zj, xk) = Eijie(zi, 25, 1) + 1+ Njra(xs)
FAkig (T5) + Aijr(Tr) + Tijk
oL

Bz O T

Inb;(z:) = —Ei(x:) + ki) + 1}

1
g —1 Z

(4,k)ENp (3)

where r/ isthe rearranged constant.
By using change of variable or defining message as:

)\]1“(1}2) =In H

(I,n)eNp (D)\(4,k)

Mini (T3)

We obtain the following equations
bi(w) = kei(z) ]
(J,k)ENp (1)
bij(xs, x5, xx) = kijr(xs, x5, or) ds (x1) 5 (x5) dr (k)
H Mini (T4) H Ming () H
1L,nE€Np (i)\j,k 1,nE€Np(G)\ik 1,n€Np (k)\i,j

Apply the constraint b;(z:) = > > jyk bijk(Ti, T4, Tk),
J "k
we obtain

M (@) =AY > 6 (@) (@n)in (@i, wn)

Tj T

H Mink(Tk) H

() eNp (K)\(4,5) (L,n)eNp (H)\(E,k)

Mk (i),

Mink (Tr)

M ()

Which is exactly the message passing rulein Eq. (6).



