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Abstract. A social network consists of people (or other social entities)
connected by a set of social relationships. Awareness of the relationship
types is very helpful for us to understand the structure and the char-
acteristics of the social network. Traditional classifiers are not accurate
enough for relationship labeling since they assume that all the labels are
independent and identically distributed. A relational probabilistic model,
relational Markov networks (RMNs), is introduced to labeling relation-
ships, but the inefficient parameter estimation makes it difficult to deploy
in large-scale social networks. In this paper, we propose a community-
based pseudolikelihood (CBPL) approach for relationship labeling. The
community structure of a social network is used to assist in constructing
the conditional random field, and this makes our approach reasonable
and accurate. In addition, the computational simplicity of pseudolikeli-
hood effectively resolves the time complexity problem which RMNs are
suffering. We apply our approach on two real-world social networks, one
is a terrorist relation network and the other is a phone call network
we collected from encrypted call detail records. In our experiments, for
avoiding losing links while splitting a closely connected social network
into separate training and test subsets, we split the datasets according
to the links rather than the individuals. The experimental results show
that our approach performs well in terms of accuracy and efficiency.

Keywords: Social networks, Relationship labeling, Community
structure, Pseudolikelihood, Conditional random fields.

1 Introduction

Social networks are a ubiquitous paradigm of human interactions in real world.
People in social networks are connected to each other by different types of re-
lationships, such as family, friendship, co-working, collaboration, contact, etc.
Given a snapshot of a social network with content and link structure, can we
infer the types of the relationships between the individuals? This question can
be formalized as the relationship labeling problem. Labeling relationships is one
of the most significant problems in the research of social networks. For instance,
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in a criminal network, the labels of the relationships between the criminals can
help the police to discover regular patterns about the organization and oper-
ation of the criminal group. Considering another example of a social network
which consists of all the mobile users in a particular region, knowing the type of
the relationship between each pair of communicated users can greatly help the
mobile service providers to develop targeted marketing strategies.

In many real world applications, a common situation of the relationship la-
beling task is that, some small part of the relationships in a social network can
be directly labeled in some way, while the others cannot be labeled directly
and inference is needed. This is so-called within-network learning. For exam-
ple, in a criminal network, some relationships between the criminals can be la-
beled through the police investigation, while the others must be labeled in other
ways. Similarly, in a mobile phone call network, a few relationships between the
communicated users can be labeled through the service packages (i.e., family
packages or group packages) ordered by the users, but more other relationships
cannot be labeled in this way.

The basic idea for classifying the relationships is employing traditional classi-
fiers in the flat setting by using the content attributes of the relationships, where
all the labels are assumed to be independent and identically distributed (IID).
However, this completely ignores the rich information of the link structure, which
generally reflects the common patterns of interactions among the individuals in
a social network. Therefore, Taskar et al. [1] and Zhao et al. [2] adopt rela-
tional Markov networks (RMNs) [3], a statistical relational learning framework,
to classify the relationship labels in webpage networks and terrorist networks
respectively, but the inefficient parameter estimation makes it very difficult to
deploy this model in large-scale social networks. In addition, the definition of the
relational clique templates will greatly affect the prediction accuracy of RMNs
in practice.

In this paper, we propose a community-based pseudolikelihood (CBPL) ap-
proach to labeling relationships in social networks. In our approach, we use the
community structure of a social network to assist in constructing the conditional
random field (CRF). As we know, community structure is one of the most im-
portant properties of complex networks [4]. According to the notion of “birds
of a feather flock together”, individuals in the same community tend to have
the same type, and thus relationships starting from the same individual and
terminating in the same community tend to have the same label. Fig. 1 depicts
an example fragment of a terrorist social network [2] from the Profiles in Terror
(PIT) knowledge base. A dashed ellipse indicates a community, and the vari-
ous relationship types are distinguished by different line styles and colors. This
figure clearly illustrates the correlation between the relationship labels and the
community structure of the network.

As an efficient alternative of likelihood, the pseudolikelihood measure [5] is
often employed to approximate the joint probability distribution of a collection
of random variables with a set of conditional probability distributions (CPDs).
This technique effectively resolves the time complexity problem which the RMN
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Fig. 1. An example fragment of a terrorist social network

model is suffering and makes our approach more efficient for handling large-scale
social networks.

We present experiments using our approach on two real-world social networks,
one is a terrorist social network [2] and the other is a phone call network we col-
lected from encrypted call detail records (CDRs). A problem we often encounter
in the experiments on within-networks is that splitting a closely connected net-
work into separate training and test subsets will lose the information of the
links that go from one subset to another. In our experiments, for avoiding losing
such information, we split the datasets according to the links (i.e., relationships)
rather than the individuals. This ensures that each link will appear in either a
training subset or a test subset. The experimental results show that our pro-
posed approach is much more accurate and efficient than the RMN approach on
the task of relationship labeling in social networks.

The rest of the paper is organized as follows. The next section provides a brief
discussion of related work. Section 3 presents our approach in detail, followed
by the experimental evaluations in section 4. Finally, we give the conclusion and
future work in section 5.

2 Related Work

As discussed earlier, it is not accurate enough for relationship labeling in social
networks by only using the content attributes, since the rich information of link
structures is completely ignored. Taskar et al. [1] treat the relationship labeling
problem as a task of link prediction and use RMNs to predict the labels of the
links between the Computer Science department webpages from three universi-
ties in American. RMNs [3,6] are a joint probabilistic modeling framework for
an entire collection of related entities building on undirected graph models, and
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provide a form of collective classification in which we can simultaneously decide
on the class labels of all the relationships together rather than classify each re-
lationship separately. Zhao et al. [2] pay their attention to the counter-terrorism
domain. They extract a terrorist social network from the PIT knowledge base
(http://profilesinterror.mindswap.org/) and try to predict the types of the rela-
tionships between the terrorists. RMNs are also employed for their experiments.
Since two terrorists can be related in multiple relationships, multi-label classifi-
cation is considered.

There are two problems with using RMNs for labeling relationships in social
networks:

– The computational complexity of learning RMNs is very high. That is be-
cause multiple rounds of approximate inference (e.g., loopy belief propa-
gation) are required over the entire dataset. Especially in our relationship
labeling task, the number of relationships is the squared magnitude of the
number of individuals in a social network. So the training time is usually
unacceptable if the scale of the social network is too large. In addition, nu-
merous short, closed loops in large-scale RMNs usually cause the belief prop-
agation algorithm to return a poor approximation and even not to converge
to a stationary state.

– The prediction accuracy of the RMN model directly depends on the defini-
tion of relational clique templates. For relationship labeling, the most direct
method is to construct dyad cliques for any pair of relationships which have
a common individual and triad cliques for any triple of relationships which
connected end to end. However, this will not always be correct in case the
individuals in the same clique are not of the same type. So the labeling
accuracy will be affected to some extent.

In this work, we propose to use the pseudolikelihood technique to estimate the
labels of relationships in social networks. Since pseudolikelihood can only cap-
ture the local dependencies and ignores the indirect effects between the non-
neighboring variables, it may lose some accuracy in practice. However, we must
consider a tradeoff between the prediction accuracy and the computational com-
plexity in relational learning, especially in case the scale of a social network is
very large. Actually, as an efficient alternative measure of likelihood, pseudo-
likelihood has been successfully used in the relational learning field. Richardson
and Domingos [7] proposed optimizing a pseudolikelihood measure to learning
an Markov logic network (MLN) [8], where the full joint distribution is approx-
imated as a product of each variable’s probability conditioned on its Markov
blanket. Relational dependency networks (RDNs) [9], an undirected graphical
model for relational data introduced by Neville and Jensen, approximate the full
joint distribution of an entire dataset with a set of CPDs based pseudolikelihood
techniques. Xiang and Neville [10] developed a semi-supervised pseudolikelihood
expectation maximization (PL-EM) algorithm, which has been demonstrated to
be effective in within-network learning.

Community structure is used in our proposed approach to assist in construct-
ing the CRF of a social network, and we believe that this will amend the limi-



A Community-Based Pseudolikelihood Approach for Relationship Labeling 495

tation of the pseudolikelihood measure and make our approach more reasonable
and accurate. The property of community structure has been successfully used
to describe the dependencies between the variables in relational data. Neville
and Jensen [11] proposed latent group model (LGM), which posits that the
class labels of the objects in a relational dataset are related to their group (or
community) types. Within each group, the class labels are conditionally inde-
pendent given the group type. Another relational model similar to LGM is the
latent social dimension (LSD) model [12], which extracts latent social dimen-
sions of objects from a modularity matrix defined on the modularity measure
[13] and then considers these dimensions as normal features of objects for pre-
diction tasks. The above two models demonstrate that the community structure
is really very helpful for relational learning.

Wang et al. [14] studied the mining of advisor-advisee relationship from re-
search publication networks and proposed a time-constrained probabilistic factor
graph (TPFG) model, which is an unsupervised approach and suitable for the sit-
uation that not any labeled relationships can be used as supervised information.

3 Approach

We use a graph G = (V, E) to represent a social network, where V is the set of
individuals, and E is the set of links (i.e., relationships) between the individuals.
Suppose that the content attributes of the individuals and the link structure are
known, and some relationship labels are observed, then our task is to predict the
remaining unobserved labels.

In relationship labeling, we need to make relationships the first-class citizens.
Given an instantiation I of our schema, the pseudolikelihood PL(I) is the prod-
uct of the conditional probability of each variable Yi(i ≤ |E|) given its Markov
blanket MB(Yi). So we need to specify the neighboring relationships for each
relationship e ∈ E, i.e., to construct a Conditional random field (CRF) for all
the relationships over the entire social network. CRFs are undirected graphical
models that were developed for labeling sequence data [15], and are well suited
for discriminative training, which generally provides significant improvements in
classification accuracy over generative training given sufficient training exam-
ples [16]. As discussed in section 2, simply letting two relationships which have
a common individual be the neighboring nodes in the CRF will not always be
appropriate. Consequently, we resort to using the community structure of the
social network to assist in constructing the CRF. For maintaining the structural
integrity of the social network, we detect its communities over the entire dataset,
rather than on the training and test subsets respectively. After the construction
of the CRF, the pseudolikelihood model is trained and tested on the training
and test subsets respectively. The detailed steps of our approach are as follows.

3.1 Step 1: Community Detection

We first run a community detection algorithm on the graph G of the social
network instantiation I. According to whether intersecting communities are
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generated, community detection algorithms can be divided into non-overlapping
and overlapping algorithms. Non-overlapping community detection supposes that
every individual only belongs to a single community, while overlapping commu-
nity detection considers the natural phenomenon that one person may belong to
multiple groups in real world, thus allows an individual to belong to more than
one communities. Many sophisticated community detection algorithms have been
developed in recent years and Fortunato [17] provides a detailed summary.

People can select non-overlapping or overlapping community detection al-
gorithms according to the overlapping property of a social network, i.e., if an
individual can belong to multiple communities. In this paper, for comparing
the performance of different community detection algorithms, we use both non-
overlapping and overlapping algorithms. It is noted that, a community detection
algorithm is needed to be executed only once for a social network instantiation,
no matter how to split the training and test subsets subsequently.

3.2 Step 2: Conditional Random Field Construction

We construct the CRF based on both the original social network and the com-
munity results obtained in Step 1. The principle is very simple: we treat the
relationships in the original social network as the nodes in the CRF, and then
establish a link between any pair of relationships if they start from the same
individual and terminate in the same community. Fig. 2 lists all the possible
community structures of any two neighboring relationships, in which (c) and (f)
are overlapping communities. Concretely, we establish a link between any pair
of relationships with a community structure like (a), (b), or (c) in the figure,
while the situations like (d), (e), and (f) are ignored. Finally, we add the content
attributes into the CRF as the evidence for each relationship.

We use F = (Y,x, r) to denote the CRF of the instantiation I, where Y is
the set of label variables and x is the set of content attributes and r is the set of
links between the relationships. After the construction of the CRF, the Markov
blanket of each label variable is determined.

(a) (b) (c)

(d) (e) (f)

Fig. 2. All the possible community structures of two neighboring relationships
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3.3 Step 3: The Pseudolikelihood Model

Given the CRF F = (Y,x, r), for each label Yi, pseudolikelihood models use a
local CPD P (yi|MB(yi)) to represent the conditional probability of the label
value yi, where MB(yi) is the state of the Markov blanket of Yi in the data.
It is noted that, for simplifying the representation, we let the Markov blanket
MB(Yi) contain not only the neighboring label variables but also the content
attributes of Yi. We maximize the following pseudolikelihood

P (y|x, r) =
n∏

i=1

P (yi|MB(yi)), (1)

where n is the number of label variables in F .
Let each pair of neighboring nodes in F to be a clique with a potential φ,

according to the fundamental theorem of Markov random fields [18], the condi-
tional probability P (yi|MB(yi)) can be factorized over all of the cliques:

P (yi|MB(yi)) =
1

Zi(xi, ri)

∏

vj∈MB(yi)

φ(yi, vj), (2)

where Zi is the local partition function (or normalization constant) given by

Zi(xi, ri) =
∑

y′
i

∏

vj∈MB(y′
i)

φ(y′
i, vj). (3)

Therefore, computing pseudolikelihood is very efficient because the local parti-
tion function is simply a sum over a single variable.

The potential is often represented by a log linear combination of a set of
features:

φ(yi, vj) = exp{
∑

k

wkfk(yi, vj)}

= exp{w · f(yi, vj)}, (4)

where wk is the weight of the feature fk.

Parameter Learning. The goal of parameter learning is to determine the
weights of the features in the pseudolikelihood model. Maximum a posterior
(MAP) training is used to learn the pseudolikelihood model. To avoid overfitting,
we assume the prior of the weights w is a zero-mean Gaussian. The log of the
MAP objective function is as follows:

PL(I,w) = log
(
P (y|x, r)

∏

k

P (wk)
)

= log P (y|x, r) +
∑

k

−w2
k

2σ2
− log

√
2πσ2

=
n∑

i=1

( ∑

vj∈MB(yi)

w · f(yi, vj) − log Zi

)
− ||w||22

2σ2
+ C. (5)
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PL(I,w) is a concave function and we can estimate the parameters w by
maximizing the log-pseudolikelihood by using a variety of gradient-based opti-
mization algorithms, such as conjugate gradient or quasi-Newton. For computing
the gradient, the derivative of PL(I,w) with respect to wm is given by

∂PL(I,w)
∂wk

=
n∑

i=1

∑

vj∈MB(yi)

{
fk(yi, vj) − EPw

[
fk(yi, vj)

]} − wk

σ2
, (6)

where the expected feature values is related to Pw:

EPw

[
fk(yi, vj)

]
=

∑

y′
i

{
fk(y′

i, vj)Pw(y′
i, vj)

}
. (7)

The time complexity of computing the gradient in equation (6) is O(n∗r), where
n is the number of label variables and r is the number of links in the CRF F .
Comparatively, the complexity of learning an RMN model is much higher because
approximate inference is required, and generally the complexities of approximate
inference algorithms are very high. For example, the complexity of loopy belief
propagation is O(m ∗ n ∗ r2), where m is the number of iterations. Furthermore,
the use of community structure also reduces some computational cost, since the
removal of some unreasonable links among the relationships makes the CRF a
little sparser. In conclusion, our CBPL model is much more efficient then the
RMN model in terms of computational complexity.

Inference. Given the observed content attributes x and the parameters w, the
task of inference is to determine the relationship labels. As we know, loopy belief
propagation (LBP) [19,20] is often used to inference CRFs. Our inference algo-
rithm is very similar to LBP, which estimates the marginal distribution of each
label variable approximately by sending local messages through the graph struc-
ture of the model. We initialize the marginals and values of the label variables
by using only the content attributes, and then update them iteratively with the
state of their Markov blankets at the previous time, until each of the variables
does not change any more. The detailed procedures of the inference algorithm
are presented in Algorithm 1.

4 Experiments

In this section, we present a set of experiments to evaluate our CBPL approach.
We performed relationship labeling on two real-world datasets, and compared
the performance of our approach with that of the RMN model. The results of
the content-only relationship labeling were taken as our baseline.

4.1 Datasets

TerroristRel1. It is a public dataset contributed by Zhao et al. [2] and collected
from the PIT knowledge base. The dataset contains information about terrorists
1 http://www.cs.umd.edu/projects/linqs/projects/lbc/
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Algorithm 1. CBPL-Inference

Input: content attributes x, links r, parameters w
Output: labels Y
// initiation:1

foreach label variable Yi do2

foreach value yi do3

// initialize the local CPD by using only the content attributes4

P (0)(yi|MB(yi))← ∏
xj∈MB(yi)

φ(yi, xj)/Zi(xi, ri);5

end6

Y
(0)

i ← arg maxyi P (0)(yi|MB(yi));7

end8

// iteration:9

repeat10

foreach label variable Yi do11

foreach value yi do12

// update the local CPD by using the state of MB(yi) at t-113

P (t)(yi|MB(yi))← ∏
v
(t−1)
j ∈MB(yi)

φ(yi, v
(t−1)
j )/Zi(xi, ri);14

end15

Y
(t)

i ← arg maxyi P (t)(yi|MB(yi));16

end17

until each variable Yi satisfies Y
(t)

i = Y
(t−1)

i ;18

and their relationships and was designed for labeling the relationships between
the terrorists. It consists of 244 terrorists and 840 relationships between them.
Each relationship is described by a 0/1-valued vector where each component
indicates the absence/presence of one of the total of 1224 distinct features. Each
relationship can be assigned one or more labels within the labels of Family
(16.0%), Colleague (54.2%), Congregate (12.4%), and Contact (17.4%).

PhoneCallNet. We collected a phone call network from the encrypted CDRs
of the mobile users in an area in northern China obtained from one of the largest
mobile service providers in China. The CDRs recorded all the phone call and
short message (SM) events occurred within about 15 days in July 2010. We
extracted 1623 mobile users and 4295 distinct relationships between them. For
each relationship, we derived 9 statistical properties (as listed in table 1) from the
CDRs and took them as the content attributes. All these statistical properties
were normalized by being divided by the total call count, the total call duration,
and the total SM count, respectively.

Manually labeling the relationships in this dataset for testing was not an easy
task. We used the service packages provided by the mobile service provider to
label the relationships. Actually, all the instances in our dataset were collected
among the users who ordered at least one family or group package. Then the
relationships between the users who ordered the same family package were la-
beled with Family (22.0%), and the relationships between the users who ordered
the same group package were labeled with Group (63.3%), and the remaining
relationships were labeled with Common (14.7%).
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Table 1. The statistical properties of the relationships in the PhoneCallNet dataset

Feature Description

call busy count the call count between 08:30 and 17:30 h on weekdays

call free count the call count between 17:30 and 08:30 h on weekdays

call weekend count the call count on weekend

call busy duration the call duration between 08:30 and 17:30 h on weekdays

call free duration the call duration between 17:30 and 08:30 h on weekdays

call weekend duration the call duration on weekend

sm busy count the SM count between 08:30 and 17:30 h on weekdays

sm free count the SM count between 17:30 and 08:30 h on weekdays

sm weekend count the SM count on weekend

4.2 Experimental Setup

Baseline. Our approach is a link-based classification method in the relational
learning field, so we focused on the comparison of our method with a repre-
sentational relational learning model (i.e., RMNs). However, for achieving more
information, we take the results of the content-only relationship labeling as our
baseline. Traditional classifiers, such as näıve Bayes, logistic regression or SVM,
can be used to perform content-only relationship labeling. In our experiments,
we chose to use the conditional Markov Networks [3] in the flat setting as a
representative.

Community Detection Algorithms. In our CBPL approach, we respectively
employed the Infomap algorithm2 [21] as the non-overlapping community detec-
tion algorithm and the Greedy Clique Expansion (GCE) algorithm3 [22] as the
overlapping one. The Infomap algorithm, proposed by Rosvall and Bergstrom,
finds the best cluster structure of a graph by optimally compressing the informa-
tion describing the probability flow of random walk and has a complexity that is
essentially linear in the size of the graph (i.e., O(|E|)). It is considered as one of
the best community detection algorithms so far [23]. The GCE algorithm is one
of the newest overlapping community detection algorithms to detect the inter-
secting communities in social networks. It identifies distinct cliques as seeds and
expands these seeds by greedily optimizing a local community fitness function,
and then finally accepts only those communities that are not near-duplicates of
communities that have already been accepted.

Relational Clique Templates. For the RMN model, we defined two relational
clique templates as follows: 1) dyad cliques for any pair of relationships which
have a common individual; and 2) triad cliques for any triple of relationships
which connected end to end.

2 http://www.tp.umu.se/˜rosvall/code.html
3 http://sites.google.com/site/greedycliqueexpansion/
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Feature Functions. Feature functions are needed to be defined for both our
CBPL approach and the RMN model. All the cliques can be divided into two cat-
egories: the cliques which consist of one label variable and one content attribute
belong to the category of evidence cliques, while the cliques which contain only
label variables belong to the category of compatibility cliques. For the evidence
cliques, we defined a feature with the form of f(yi, xj) = yixj , where yi = ±1,
and xj ∈ {1, 0} for the TerroristRel dataset and xj ∈ [0, 1] for the PhoneCall-
Net dataset. For a compatibility clique, we simply use a single feature to track
whether all of its labels are the same.

Multi-label Classification. For the TerroristRel dataset, since two terrorists
can be related in multiple relationships, multi-label classification was considered.
We used a simple way that learned and tested a binary (one-against-rest) clas-
sifier for each of the four labels respectively, and then computed their average
performance.

Dataset Splitting. A problem we often encounter in within-network learning
is that directly splitting a closely connected network into separate training and
test subsets would lose a lot of links which go from one subset to another.
Consequently, we split our datasets according to the relationships rather than
the individuals. Specifically, we put each relationship into the training or test
subset with a certain probability, and in this case an individual might be in both
the two subsets simultaneously. For evaluating the performance of our approach
in different proportions of the observed labels, we randomly chose 10%, 20%,
30%, 40%, and 50% relationships, respectively, as the observed data for training,
and the remaining relationships were used for testing.

4.3 Results and Discussions

The relationship labeling accuracies of the various approaches for the two datasets
are shown in Fig. 3 and Fig. 4 respectively. Each experiment in this study was
repeated 10 times and the results were averaged. From the two figures we can see:

1) The prediction accuracies of the relational approaches (whether the RMN
model or our CBPL approach) are much better than that of the content-only
approach. This demonstrates that the link structure is a very important
source of information, and the relational approaches are able to learning
social networks effectively by integrating information from content attributes
of individuals as well as the links between them.

2) Our CBPL approach outperforms the RMN model (increases the labeling
accuracies by around 2-4% for the TerroristRel dataset and 3-5% for the
PhoneCallNet dataset respectively). And this demonstrates that the com-
munity structure is really very helpful for relationship labeling in social
networks. Although the pseudolikelihood technique ignores the indirect de-
pendencies and may lose some accuracy, the use of community structures
makes up for this deficiency to a large extent by describing the local direct
dependencies more reasonable and more accurate.
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Fig. 3. Average classification accuracies for the TerroristRel dataset
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Fig. 4. Average prediction accuracies for the PhoneCallNet dataset

3) For the TerroristRel dataset, the CBPL approach based on overlapping com-
munity detection slightly outperforms the one based on non-overlapping
community detection. The situation is just the opposite for the PhoneCall-
Net dataset. We believe this is due to the different community structure
properties of the two datasets. That is, the overlapping nature of the com-
munities in the TerroristRel dataset is quite strong so the CBPL approach
based on the GCE algorithm performs better, and on the contrary, the over-
lapping nature of the PhoneCallNet dataset is weak so the CBPL approach
based on the Infomap algorithm performs better.

4) Because the number of content attributes of the PhoneCallNet dataset is
fewer (just 9 statistical properties), the increases of the labeling accuracies
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along with the proportion of observed labels are not obvious for the vari-
ous approaches. Therefore, if more features about the relationships between
the communicated users were observed, the prediction accuracies could be
higher.

The average training times of the various approaches along the proportion of
observed labels for the two datasets are shown in Table 2 and Table 3. From the
tables we see that: 1) our CBPL approach, whose training speeds are almost of
the same order of magnitude as those of the flat model, is much more efficient
than RMNs; and 2) the increasing rates of the training times of RMNs become
much higher along with the growth of the proportion of observed labels, while
those of CBPL are almost nearly linear.

Table 2. Average Training Times (Seconds) for the TerroristRel Dataset. All the
results were computed on a PC with CPU 3.0 GHz and 2 GB RAM. Note that the
time of community detection was not contained in the training times of our CBPL
approach, since it is only in several milliseconds and very short comparing with the
time of learning the pseudolikelihood model.

Proportion of Observed Labels
Approach

10% 20% 30% 40% 50%

Flat Model 0.81 2.06 3.64 7.79 11.83

RMNs 4.49 25.86 96.41 289.05 820.60

CBPL (Infomap) 2.01 6.02 15.48 34.85 51.27

CBPL (GCE) 2.53 7.91 18.96 39.58 58.73

Table 3. Average Training Times (Seconds) for the PhoneCallNet Dataset

Proportion of Observed Labels
Approach

10% 20% 30% 40% 50%

Flat Model 0.79 1.64 2.45 3.31 5.87

RMNs 6.53 33.62 133.84 437.76 1362.54

CBPL (Infomap) 1.26 4.92 12.85 27.41 46.05

CBPL (GCE) 1.67 5.63 15.39 32.27 53.72

5 Conclusion and Future Work

In this paper we studied the problem of relationship labeling in social networks
and proposed a community-based pseudolikelihood approach. In our approach
we use the community structure, one of the most important properties of com-
plex networks, to assist us in constructing the conditional random field and the
pseudolikelihood measure is employed to approximate the joint probability dis-
tribution of a collection of relationship label variables. The use of community
structures makes our approach more reasonable and more accurate to describe
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the dependencies between the variables in relational data, while the pseudolike-
lihood technique effectively resolves time complexity problem which the RMN
model is suffering and makes our approach much easier to deploy in large-scale
social networks.

We applied our CBPL approach to the task of relationship labeling on some
real-world social networks, including a terrorist relation network and a mobile
user phone call network. The experimental results showed that our approach
performs well in terms of accuracy and efficiency.

There are still some works can be improved in the future. Firstly, this paper
first proposes using community structure to improve link-based classification and
the experiments show that the community information is really useful in prac-
tice, but the quantification of the community information should be researched
further. Secondly, since our proposed approach is a supervised learning tech-
nique, fully-labeled data is needed for training the model and we must split en-
tire social networks into separate training and test subsets in practice. Actually,
semi-supervised learning may be more suitable for such partially labeled within-
networks. Therefore, the development of semi-supervised community-based rela-
tionship labeling methods will be one of our future research topics. Lastly, this
paper is focused on the relationship labeling problem of ordinary social networks
which consist of individuals as well as the relationships between them. The gen-
eralization of our approach to multipartite or even multimode networks could
also be one of our future works.
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