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Robust Label Propagation on Multiple Networks
Tsuyoshi Kato, Hisahi Kashima, and Masashi Sugiyama

Abstract—Transductive inference on graphs such as label prop-
agation algorithms is receiving a lot of attention. In this paper,
we address a label propagation problem on multiple networks and
present a new algorithm that automatically integrates structure in-
formation brought in by multiple networks. The proposed method
is robust in that irrelevant networks are automatically deempha-
sized, which is an advantage over Tsuda et al.’s approach (2005).
We also show that the proposed algorithm can be interpreted as an
expectation–maximization (EM) algorithm with a student- prior.
Finally, we demonstrate the usefulness of our method in protein
function prediction and digit classification, and show analytically
and experimentally that our algorithm is much more efficient than
existing algorithms.

Index Terms—Expectation–maximization (EM) algorithm, label
propagation, multiple networks.

I. INTRODUCTION

R ECENTLY, network-structured data is becoming increas-
ingly popular in the field of machine learning [2], [3], [1],

[4]–[7]. Network-structured data is usually represented as an
undirected graph, where each node represents an example, and
each edge represents a relationship between two examples. For
example, in protein networks, proteins are represented as nodes,
and relationships among proteins such as physical interactions
and expression similarities are represented as edges. If we want
to predict the functions of the proteins in a network, the task is
essentially formalized as a classification problem on a network.
Since we are usually given both labeled examples and unlabeled
examples prior to the training stage, the task can be handled as a
semisupervised problem or a transduction problem [8], [2], [9],
[3], [10], [1]. Learning in such a setting is called graph-based
learning (Section II).

A generally accepted approach to graph-based learning is
label propagation [11], [3], [12], [13] (Section III). Label propa-
gation assumes that a pair of nodes connected by an edge should
have similar predictions, and the resultant optimization problem
is easily solved in a closed form.

Let us consider the situations where we are given multiple
data sources, or multiple networks. In the case of protein func-
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tion prediction, a wide variety of data sources are available,
such as gene expression data, amino acid sequences, phyloge-
netic profiles, and subcellular locations. For label propagation,
we have multiple networks corresponding to those multiple data
sources. Since different data sources are likely to contain dif-
ferent information, we expect that effective integration of the
complementary pieces of information will enhance the predic-
tive performance.

To integrate multiple networks, a natural choice is to take
a weighted sum of the graph Laplacians [5]. Tsuda et al. [1]
proposed a method that determines the weights automatically.
However, as expected from the characteristics of support vector
machines (SVMs) [14]–[16], their algorithm assigns large
weights to networks irrelevant to the task, where a network is
irrelevant if it is not concordant with the classification result
of the scores of nodes in a network. Therefore, Tsuda et al.’s
method is not robust in a situation where noisy networks are
included in the set of given networks (see also Section VI).

In Section IV, we present a new robust transductive learning
method that makes predictions by integrating different net-
works. Similar to Tsuda et al.’s method, our algorithm optimizes
the weights in a linear combination of graph Laplacians. The
advantage of our algorithm is that the weights are chosen so that
informative data sources for prediction are automatically em-
phasized even in the presence of irrelevant networks. Section V
justifies our algorithm by using a probabilistic framework for
emphasizing the weights of relevant networks. Our probabilistic
model employs the student- distribution [17], which provides
robust predictions. The probabilistic model based on the stu-
dent- distribution can be interpreted as a latent variable model
in which the expectations of the latent variables are naturally
derived as the weights of the graph Laplacians. Accordingly,
our algorithm automatically yields an integrated network with
a statistically estimated linear combination. Our algorithm is
very fast. We show the fact analytically in Section VII and
experimentally in Section VI. For evaluation of the prediction
performance, we conduct experiments on label propagation for
protein function classification. The experimental results reveal
that the proposed method is promising in Section VII. The final
section summarizes this study and discusses future work.

Notation: In this paper, vectors are denoted by boldfaced
lower case letters and matrices by boldfaced upper case letters.
Elements of vectors and matrices are not boldfaced. The trans-
position of a matrix is denoted by , and the inverse of
is denoted by . The identity matrix is denoted by .
The -dimensional vector whose all elements are one is denoted
by . We use to denote the set of real numbers, to denote
the set of -dimensional real vectors, and to denote the
set of real matrices. The set of real nonnegative numbers
is denoted by , and the set of -dimensional real nonnega-
tive vectors is denoted by . We use to denote the set of
symmetric matrices, to denote the set of symmetric
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positive–semidefinite matrices, and to denote the set
of symmetric strictly positive–definite matrices. The sym-
bols and are used to denote not only the standard inequal-
ities between scalars, but also the componentwise inequalities
between vectors.

II. GRAPH-BASED LEARNING PROBLEM

Let us start with the definition of the graph-based learning
problem, including two problem settings, learning from a single
network and learning from multiple networks. Suppose that we
are given examples: the first examples are labeled by

, where . The remaining examples are
unlabeled and we wish to predict the labels of these unlabeled
examples. For learning from a single network, we use an undi-
rected network over nodes. Each node represents an example.
The network is described by a normalized symmetric adjacency
matrix satisfying . Every edge has a positive
weight and no edge is a self-loop (i.e., for ). The edge
set is expressed as

In this paper, we wish to perform learning from multiple net-
works. If the number of networks is , we have adjacency
matrices corresponding to the different networks, denoted by

. Our setting is often said to be transductive.
Typical transductive setting has a large number of unlabeled ex-
amples and a small portion of examples are labeled. However,
we assume many examples are labeled as usual learning settings
assume. The assumption is needed for robust label propagation,
as detailed later.

Graph-based learning determines the score vector
from the given labels and the link information ( in the case
of a single network, and in the case of multiple
networks). For calculating the score vector , a typical
formulation is the regularized least squares problem.

Networks are usually constructed in two stages [2]. First, we
compute the distances among all the pairs of examples, and
then determine the edges based on the distances. From the dis-
tances, the edge set of the network is determined by finding the

-nearest neighbors or by picking pairs with distances smaller
than a threshold.

III. EXISTING LABEL PROPAGATION ALGORITHM

WITH SINGLE NETWORK

In this section, we review a graph-based learning approach
[3] for a single network. The task here is to determine the score
vector from the link information and the labels .
For calculating the score vector , the typical algorithm
we consider here solves the regularized least squares problem
defined by

where , and are constant. If the score is greater
than a threshold, then it is classified as positive, and otherwise,
it is classified as negative. Using the graph Laplacian defined by

the minimization problem can be rewritten as

(1)

where is a diagonal matrix with

if
if

i.e., the th diagonal element of is one if the th node is la-
beled, or otherwise zero. Therein, we have defined

IV. ROBUST LABEL PROPAGATION ALGORITHM

This section presents a new algorithm for robust label prop-
agation on multiple networks. The task is to predict the score
vector from the labels and the network structures

. A choice is integration of multiple networks followed
by applying the algorithm for a single network described in
the previous section. A way for integration of networks is su-
perimposition. In order to emphasize the informative networks,
we consider weighted linear combination of networks. Let

be the weights. The integrated adjacency matrix and
the integrated graph Laplacian are then, respectively, given by

and

Once the weights are determined, we obtain scores in the same
way as for the standard label propagation

(2)

How do we compute the weights? We determine the weights
iteratively with the following update rule using the current :

(3)

where is a positive constant. In Section V-D, we will show that
the update rule is naturally derived from an EM algorithm. Note
that

where is the th element in . If a node is likely to
belong to the same class as an adjacent node, label propagation
algorithms work well. In other words, an informative network
should have the property that adjacent nodes tend to have similar
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predictions. For that reason, the value of is large for a
network irrelevant to the task, whereas is small for a
relevant network. Since the term is in the denominator
of (3), the weights of relevant networks become large and the
weights of irrelevant networks become small. Our algorithm is
summarized as follows.

1: Set the initial weights .

2: repeat

3: Update the scores using (2).

4: Update the weights using (3).

5: until convergence.

V. PROBABILISTIC INTERPRETATION

In this section, we give a probabilistic interpretation of our al-
gorithm. We begin by presenting a probabilistic model for label
propagation with a single network, and show that the maximum
a posteriori (MAP) estimation coincides with the solution of
the label propagation approach. We next extend the probabilistic
model to the case of integration of multiple networks with fixed
weights. We then introduce a prior distribution of the weights.
Finally, we derive an EM algorithm for MAP estimation ac-
cording to that probabilistic model, and show the equivalence
between the EM algorithm and the iterative algorithm described
in Section IV.

A. Label Propagation With Single Network

We here give a probabilistic interpretation of label propaga-
tion with a single network. The label propagation method can
be viewed as performing MAP estimation of the score vector

in the probabilistic model described below. The score vector
is in the set of model parameters. The observations
are drawn according to the Gaussian distribution

(4)

where is a Gaussian density function of the obser-
vation with mean and covariance
defined by

(5)

The prior distribution of the model parameters is defined by the
multivariate Gaussian distribution

Zhu et al. [11] also use a similar prior distribution. MAP estima-
tion finds the value of the model parameters , which maximizes
the posterior probability

(6)

Since the denominator of (6) is constant for maximization, MAP
estimation is equivalent to maximizing the following objective
function:

We can see that the values of at the maximum of the posterior
probability function are equal to the solution of (1). Thus, the
probabilistic interpretation is established.

B. Label Propagation With Fixed-Weight Network Integration

We next extend the probabilistic model introduced above to
the integration of multiple networks with fixed weight .
A probabilistic model associated with this weighted integration
is given by the conditional probabilities in (4) and the prior

(7)

Using a small constant such that , we add a small positive
value to the diagonal elements of the graph Laplacian

Since any graph Laplacian is positive semidefinite, the matrices
are strictly positive definite. Exploiting this feature, we

change the prior as follows:

(8)
where is a normalizing constant. Taking the limit , we
can confirm that (8) is reduced to (7) (see Appendix I). Thus, we
see that the prior of the model parameters for the fixed weight
integration of multiple networks is expressed as the product of
Gaussians [18]. This rearrangement facilitates development of
the probabilistic version of our robust label propagation algo-
rithm on multiple networks.

C. Prior Distribution Over Network Weights

We have seen the probabilistic model for label propagation
with given weights. Here let us consider the situation where the
weights are unknown. We introduce a prior distribution of the
weights and marginalize out the random variables of the weights
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from the expressions. The weights are marginalized in the prob-
abilistic model described below, but finally obtained as the ex-
pected values defined later in (16). We employ the Gamma dis-
tribution for the prior of the weights. The Gamma distribution
is defined by

for . In the probabilistic model described
here, each component of a network in (8)

is replaced with an infinite mixture of Gaussians

(9)
where is a positive constant. In this model, the mixture coeffi-
cients are expressed by the Gamma distribution, and the weights

can be viewed as latent variables. If is
chosen to be smaller, the prior of the weights is flatter.

Our probabilistic model can be seen to employ a robust prior
for the score vector. The function in (9) is equal to the student-
density function [17] with mean zero, covariance , and
degree of freedom , where the density function of the student-
distribution is generally defined by

with mean , covariance , and degree of
freedom . The student- distribution has a heavier tail
than Gaussian. As degree of freedom increases, the student-
distribution approaches Gaussian. Thus, the prior can be viewed
as the product of student- distributions [19] given by

(10)
where is a normalizing constant. Student- distributions
are often used for modeling noisy data robustly [20], since
heavy-tailed distributions such as student- distributions are
robust against outliers. The algorithm described below offers
a robust tool for label propagation, implicitly exploiting the
heavy-tailed property of student- distributions.

D. EM Algorithm for MAP Estimation

We devised an EM algorithm for MAP estimation of ac-
cording to the model with the prior in (10). We here describe
the EM algorithm and show that the EM algorithm is reduced
to the iterative algorithm presented in Section IV. Given that
the constants , and are determined in advance,
MAP estimation finds the model parameters, which maximize
the objective function

(11)

From (9) and (10), the logarithm of the prior is rewritten as

(12)

where is a normalizing constant, and the function is
defined by

(13)

We introduce an arbitrary distribution such that

and

Using Jensen’s inequality, each component in the second term
in (12) is bounded from below as

(14)

where denotes the entropy of the distribution .
The inequality holds with equality when the density function

maximizes the lower bound [21]. Specifically

(15)
where is the optimal distribution. Our EM algorithm at-
tempts to maximize the lower bound in (14). The EM algorithm
consists in E-step and M-step: E-step computes the optimal dis-
tribution , and M-step maximizes the logarithm of the pos-
terior probability with respect to the model parameters . Note
that (15) implies that the logarithm of the posterior probability
is equal to the lower bound in M-step. Variational analysis de-
rives the optimal distribution to be computed in E-step as

where “const” denotes the terms independent of (see
Appendix II for derivation). Let us denote the expectation of

over by

(16)
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We now derive the update rule of M-step. With the help of (11),
(12), (15), and (16), the logarithm of the posterior probability
can be rewritten as

(17)

where “const” here denotes the terms independent of . From
this expression, we can see that plays the role of the weights
for the linear combination of networks. Hence, will now be
called weights. The derivative with respect to is expressed as

which leads to representing the update rule for the score vector
as

(18)

If we take the limit , (16) and (18) become (3) and (2),
respectively.

The EM algorithm is then summarized as follows.
E-step: Update using (3) for .
M-step: Update using (2).

The two steps are repeated until convergence. Thus, the
equivalence between the iterative algorithm given in the pre-
vious section and the EM algorithm is established.

EM algorithms are guaranteed to converge to a local optimum
[22], so is our algorithm. Currently, we just choose the equal
weights as the initial point; we may use a multipoint search
strategy to further improve the performance, although this in-
creases the computational cost.

VI. RELATED WORK

Besides our algorithm, there exist several studies [2], [5], [1]
on learning with multiple networks. Tsuda et al. [1] have pro-
posed a label propagation algorithm. The task in their paper is
exactly the same as ours: to predict the labels of nodes from mul-
tiple networks. We refer to their algorithm as TSS. They pose the
following optimization problem:

The dual problem is given by

where is the dual variable corresponding to the inequality
. Once the optimal values of the dual variables

are obtained, the scores are recovered by minimizing

(19)

with respect to the score vector , where

Equation (19) implies that TSS also integrates networks and per-
forms label propagation. The dual variables are the weights of
integration. In terms of this point, TSS is similar to our label
propagation algorithm. However, TSS does not assume the exis-
tence of irrelevant networks. If we used TSS in such a situation,
TSS would be confronted with a difficulty. At the optimum, if

, we have , since the optimal satisfies the
Karush–Kuhn–Tucker (KKT) condition

as described in [1]. If , then is zero and the cor-
responding dual variable can take because of the
similar reason. If , then must be positive, and
thereby the corresponding dual variable becomes . As
mentioned in Section IV, the value of of irrelevant net-
works tends to be large. Therefore, TSS gives large weights
to irrelevant networks and deprives relevant networks of their
weights. Hence, TSS cannot be expected to achieve good per-
formance when noisy networks are included.

Argyriou et al. [2] have proposed a kernel-based approach
for combining different networks. Their method is based on
semidefinite programming/support vector machine (SDP/SVM)
[23], which is formulated as a semidefinite programming
problem, and which performs training of SVM and optimiza-
tion of the weights of the kernel matrices simultaneously. First,
they convert each graph Laplacian into the Laplacian kernel
matrix, and then efficiently solve the optimization problem by
exploiting the sparsity of the graph Laplacians. However, their
method yields an integrated kernel matrix, not the integrated
graph Laplacians. For recovering a network from the integrated
kernel matrix, we would consider a reverse procedure that com-
putes the inverse of the integrated kernel matrix. However, the
inverse matrix is not sparse anymore, and generally produces
a fully connected network. Hence, if one wanted to obtain the
predictions as well as the integrated network, their approach
could not meet that requirement directly.

Let us discuss the computational complexity of the proposed
algorithm. A Laplacian matrix is typically sparse and the
number of nonzero elements is if the network
is connected. According to Spielman and Teng’s work [24], our
M-step in (2) can be computed in , while E-step in (3)
takes in time nearly linear in . Thus, the total complexity is
nearly linear in , where is the number of iterations. This
is the same order as TSS. Thus, our method is as computation-
ally efficient as TSS, while ours is more robust against noisy
networks. SDP/SVM takes [25] so it is generally much
slower than ours. Argyriou et al.’s method becomes faster if
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Fig. 1. Here we are given three networks ��� ���� and ��� , as depicted in (a)–(c) where up-pointing triangles, down-pointing triangles, and circles denote nodes
with � � ��� � � ��, and unknown label, respectively. The true class labels of nodes are depicted in (i). (d)–(f) are the prediction results of label propagation
on an individual network. The results of our algorithm and TSS are shown in (g) and (h). The shade of the edges represents the network weights. (a) ��� and ���;
(b) ��� and ���; (c) ��� and ���; (d) ��� and ��������	; (e) ��� and ��������	; (f) ��� and ��������	; (g) proposed; (h) TSS; and (i) true labels.

the least square loss is chosen and some techniques for sparse
matrices are combined [26].

VII. EXPERIMENTS

We first illustrate the utility of our label propagation algo-
rithm with a synthetic data set. We then show the performance
of our algorithm with real biological data and handwritten digits.

A. A Synthetic Example

The three artificial networks we used for the demonstration
are depicted in Fig. 1(a)–(c). Note that they have ten common
nodes. We assume that the first five nodes are the positive nodes,
and the last five nodes are in the negative class. Nodes 1, 3, 6,
and 8 are assumed to be labeled, and the remaining nodes are
unlabeled. Most of the edges in and connect nodes with
the same class labels, whereas the edges in connect nodes

with opposite class labels. Hence, and are relevant to the
task, but is irrelevant.

We begin with a demonstration of label propagation individ-
ually on a single network. The prediction results are shown in
Fig. 1(d)–(f). For , nodes 2 and 7 are correctly predicted, but
nodes 4, 5, 9, and 10 cannot be predicted because these four
have no paths to any labeled nodes. For , no unlabeled nodes
can be classified because of the same reason. For , nodes 4,
5, 9, and 10 are classified, but the predictions are wrong due to
the irrelevant edges. The results suggest that correct predictions
cannot be made individually from any single network. We have
to at least combine these networks for better predictions.

Now let us see the results of label propagation on the integra-
tion of networks. Fig. 1(g) depicts the prediction results of our
algorithm. All the nodes are correctly classified. The resultant
weights are . The shading of the edges
in the figures represents the weights . The weight of the third
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TABLE I
PROTEIN FUNCTION PREDICTION USING GRAPH-LEARNING ALGORITHMS. THE LEFT TABLE REPORTS THE ROC SCORES (AREAS UNDER THE ROC CURVES) AND

THE WEIGHTS USING ��� AND ��� . THE RIGHT TABLE IS WITH THE TWO DECOY NETWORKS ��� ���� ADDED. THE SHOWN WEIGHTS

ARE NORMALIZED SO THAT THE SUM IS ONE

network is automatically determined to be small. As a result,
the labels of all of the nodes are correctly predicted. Fig. 1(h) is
the result of TSS. The values of weights produced by TSS were

. The algorithm thus assigned a large
weight to , which caused poor predictions.

B. Protein Function Prediction

Next we performed an experiment on protein function pre-
diction [23].1 The task is a binary classification problem to pre-
dict whether each protein is ribosomal. Out of 760 proteins in
total, 92 proteins are ribosomal. We used two types of input
data consisting of the protein interaction network [27] and the
gene expression data [23]. The gene expression data was con-
verted to a 5-nearest-neighbor network.2 The two networks are
denoted by and , respectively. In order to test the ro-
bustness to the presence of noise, we added two decoy networks.
The decoy network was made from by randomly shuf-
fling the node indices. The decoy network was made in the
same way as . We tested two cases: in the first case, only
the two relevant networks and were used for the pri-
mary input, and, in the second case, all four networks were used.
All the graph Laplacians derived from these networks were nor-
malized so that the diagonal elements were one and divided by
the number of edges. We randomly choose 20% of the nodes as
unlabeled nodes. We performed fivefold cross validation over
the labeled nodes to choose , and for the pro-
posed algorithm. For performance evaluation, we performed re-
ceiver operating characteristic (ROC) analysis while changing
the threshold of classification, and computed the ROC scores
(i.e., the areas under the ROC curves).

We compared our method with two existing methods: Tsuda
et al.’s method (TSS) [1], and Argyriou et al.’s kernel-based
method (SDP/SVM) [2]. The hyperparameters of TSS and
SDP/SVM are also chosen using fivefold cross validation.
Table I summarizes the results evaluated with the ROC scores
averaged over ten trials. Each row represents the predic-
tive performance as an ROC score and the weights for each
of the networks. The weights for networks are denoted by

and .
We used the Wilcoxon test for the statistical significance

of the difference among the ROC scores. Without decoy
networks, no significant differences can be observed among
the three methods. Next we statistically tested whether each
algorithm lost significant performance due to the presence of
noisy networks. Adding the decoy networks, the performance
of TSS degrades significantly (P-value , respectively).

1The data set is available from http://noble.gs.washington.edu/proj/sdp-svm/
2We also varied the number of nearest neighbors, but similar results were

obtained.

Fig. 2. Accuracy of prediction against the number of decoy networks.

In particular, TSS assigns large weights to noisy networks,
and thereby damages the prediction performance severely. In
contrast, no significant performance loss was seen for proposed
and SDP/SVM (P-value and , respectively).

In order to further investigate the robustness of the proposed
method, we increased the number of decoy networks. Fig. 2
shows the ROC scores of proposed, TSS, and SDP/SVM
methods. TSS performs considerably worse as the number of
decoy networks increases. However, proposed and SDP/SVM
successfully maintain their performance.

In summary, the proposed algorithm achieves comparable
classification accuracy to SDP/SVM, yet it provides the opti-
mally integrated network .

C. Digit Classification

We also tested our algorithm on handwritten digit recogni-
tion. We used 200 images randomly chosen from the MNIST3

handwritten digit data set for each digit. We gave class labels
to 160 of the 200 images, and the remaining 40 images were
unlabeled. We posed a binary classification problem, which is
to classify the odd digits from the even digits. Therefore, the
number of nodes is and the number of labeled nodes
is for the binary classification task.

The networks we used were constructed as follows. We
first computed the -nearest-neighbor graphs for
and obtained . The first network is the
1-nearest-neighbor graph, i.e., . The second network

was constructed by removing the edges included in the
1-nearest-neighbor graph from the 2-nearest-neighbor graph,
i.e., . Similarly, we obtained five networks
for . In addition, in order to illustrate
the robustness of the proposed method, we added five decoy
networks, denoted by . Each decoy network was

3The data set is available from http://yann.lecun.com/exdb/mnist/

Authorized licensed use limited to: IEEE Xplore. Downloaded on January 17, 2009 at 02:11 from IEEE Xplore.  Restrictions apply.



42 IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 20, NO. 1, JANUARY 2009

TABLE II
DIGIT CLASSIFICATION USING GRAPH-LEARNING ALGORITHMS. THE UPPER TABLE REPORTS THE ROC SCORES (AREAS UNDER THE ROC CURVES) AND THE

WEIGHTS USING THE FIVE NETWORKS ��� � � � � ���� . THE LOWER TABLE IS WITH THE FIVE DECOY NETWORKS ��� � � � � ���� ADDED.
THE SHOWN WEIGHTS ARE NORMALIZED SO THAT THE SUM IS ONE

Fig. 3. Computational time.

constructed by shuffling the order of the node indices of one of
. In total, we obtained ten networks. All of the

graph Laplacians derived from these networks were normalized
such that the diagonal elements are one. We performed cross
validation over the labeled nodes to choose , and

for the proposed algorithm. For performance evaluation, we
computed the classification accuracy on the test set.

Table II summarizes the results evaluated with accuracies av-
eraged over five trials. Similar to the results on protein function
prediction, TSS assigned large weights to noisy networks, and
thereby which degrades the prediction performance of TSS se-
verely (P-value ). In contrast, proposed and SDP/SVM
did not lose performance seriously (P-value and ,
respectively).

D. Computational Time

We analyzed the running time of our label propagation
algorithm. We constructed five networks in the similar way for
building from the digit images. We randomly
chose digit images from the MNIST data set and varied the
number of nodes. The average running time on five trials are
plotted in Fig. 3. SDP/SVM was about 30 times slower than our
algorithm in all cases. Our algorithm was also much faster than
TSS. It is because TSS resorts a MATLAB function fmincon.
The function is an implementation of a gradient-based numer-
ical algorithm that is not known to be very efficient.

Fig. 4. Generalization performance against EM iterations.

E. Generalization Performance Against EM Iterations

Finally, we investigated the generalization performance
against EM iteration of our label propagation algorithm. We
used the two protein networks and and eight decoy
networks for this investigation. The results are plotted in Fig. 4.
Initially, our implementation starts with equal weights, so the
generalization performance was low due to the existence of
decoy networks. At the second iteration, the ROC score almost
reached the finally obtained ROC score. Therefore, if one
stopped the algorithm at second iteration, our algorithm could
become even faster and yet achieve a satisfactory generalization
performance.

VIII. CONCLUSION

This paper proposed using student- distributions to perform
robust label propagation with different networks including the
presence of irrelevant networks. Our algorithm consists of two
phases: weighted network integration and label propagation.
The network integration is done so that the weights reflect how
relevant each network is to the task. The label propagation is
performed on the integrated network. We described the two
operations as the E-step and M-step operations, respectively,
of the EM algorithm. Thus, our algorithm is intuitively under-
standable and statistically well supported.

Although our algorithm already has the compelling property
of functioning with the integrated networks, we are considering
how to modify our algorithm so as to produce a sparse solution.
That will be future work for this area.
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APPENDIX I
RELATION BETWEEN (8) AND (7)

The right-hand side of (8) can be rearranged as

Since

for

we get

Therefore, the two priors in (7) and (8) are equivalent at the limit
.

APPENDIX II
DERIVATION OF (17)

We here derive (17). Substituting (12) into (11), we get

Equation (15) holds immediately after E-step. Therefore

From the definition of the function in (13)

The second term, the forth term, and the last term do not depend
on . If we denote the terms independent on by “const,” we
obtain

By substituting the definition of the multivariate Gaussian in (5),
we obtain

Equation (17) is thus derived.
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