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Abstract  This paper reviews important advances that have been made in the past decade for topic
modeling of large-scale document network data. Interest in topic modeling is worldwide and
touches a number of practical text mining, computer vision and computational biology systems
that are important in text summarization, information retrieval, information recommendation,
topic detection and tracking., natural scene understanding, human motion categorization and
microarray gene expression analysis. The main focus of this review is on the recent advances of topic
modeling techniques for document network data. We introduce the four major characteristics of
document network data and the current state-of-the-art topic models, with descriptions of what
they are, what has been accomplished, and what remains to be done. Document network data
contain dynamic, higher-order, multiplex, and distributed structures. Prior efforts on topic mod-
els focus on modeling parts of these structures for topic detection and tracking. To handle all doc-
ument network structures, we discuss a three-dimensional Markov model that solves dynamic,
higher-order, multiplex and distributed structures within a unified framework. In addition, we
also discuss the integration of three-dimensional Markov models with type-2 fuzzy logic systems
for distributed computing with words. Besides document network structure modeling, we also
discuss the inference and parameter estimation method in terms of energy minimization for three-

dimensional Markov models.

Keywords topic models; document network data; data mining; computing with words; type-2

fuzzy logic systems
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2
Background
Topic models with high-precision not only summarize discovery.

large-scale documents such as huge amount of scientific and

technical literatures, government documents, community
documents and news files, but also predict and track impor-
tant and promising research topics from the scientific arti-
cles. Recently, variants of topic models have found many im-
portant applications in text mining. computer vision and com-
putational biology, for example, topic detection and tracking
of historical scientific articles with time stamps, unsupervised
activity perception in crowded and complicated scenes, and

large-scale microarray gene expression analysis and medicine

This paper introduces topic modeling of large-scale doc-
ument network data. The main focus of this review is on the
four major characteristics of document network data and the
current state-of-the-art topic models. Latent Dirichlet Allo-
cation (LLDA) is the classic topic model, based on which vari-
ants of improved topic models can be developed. However,
LDA only uses content similarity to exchange topic informa-
tion, but ignores other important information existing in
external link structure of the document network data. such as

citation, hyperlink and co-tagged relations. In this article,
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we introduce the four major characteristics of document
network data, such as dynamic, higher-order, multiplex and
distributed properties, and discuss the state-of-the-art
improvement of topic models for document network data.
Furthermore, we propose the three-dimensional Markov
models and type-2 fuzzy logic systems to handle these char-
acteristics within a unified framework. We also discuss the
inference and parameter estimation method to minimize the
energy of the three-dimensional Markov models.
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Our research group focuses on the development of pat-

tern recognition and machine learning techniques, and some

key applications in computational biology and bioinformatics.
We have accumulated several related work. For example, we
propose variants of type-2 fuzzy graphical models published
in Pattern Recognition and IEEE Transactions on Fuzzy Sys-
tems. We develop several variants of Markov models for
handwritten Chinese character recognition published in IEEE
Transactions on Pattern Analysis and Machine Intelligence
and Information Sciences. We also develop graphical models
for human promoter recognition and biomedical text mining
published in Bioinformatics, Briefings in Bioinformatics,
BMC Bioinformatics, Physical Biology. Physical Review E,
Information Processing & Management, and IEEE Transac-
tions on Computational Biology & Bioinformatics. This paper
summarizes and extends our current research to hierarchical
Bayesian models. which lays a solid foundation for the future

applications in text/image mining and computational biology.



