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Abstract  Given topics, probabilistic topic model based topic tracking automatically determines
the attributions, such as effectiveness, dynamic evolution etc. , from topic related events with
different place and time stamped documents, which has become a focus research of big data mining.
Most of existing topics tracking methods using topic model adopt Online Gibbs sampling (OGS)
and Online Variational Bayesian (OVB) to infer the parameters of Latent Dirichlet Allocation (LDA)
model. Solving the problems of the growth of memory size with the increasing data sets in tradi-
tional offline algorithms of LDA model, OGS and OVB can be used to deal with massive datasets
as well as data streaming, but the accuracy and speed of both methods need to be further im-
proved. In this paper, we propose Online Belief Propagation (OBP) based on improved factor
graph of LDA model for tracking the changing of topic. Turning to the approximate inference
of OBP algorithm on factor graph model, the proposed method first splits the massive data set
into different segments, and then computes the gradient descent of the current segment using the
results of previous training parameter. This results in topic tracking with the faster and more
accurate. Experimental results of four big data sets indicate that OBP algorithm outperforms both

OGS and OVB from the accuracy and speed of topic tracking. Moreover, this paper also proved
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theoretically the convergence of the proposed OBP algorithm. In addition, the specific application

of topic tracking is presented.
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as an important algorithm for dealing with massive data set in
text mining, computer vision, etc.

This paper proposes Online Belief Propagation (OBP)
algorithm based on improved factor graphic of Latent
Dirichlet Allocation (LDA) model to obtain more accurate
results of topic tracking. LDA model is the classic topic

model, which based on probabilistic Latent Semantic analysis
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(PLSA). Existing LDA model with OGS or OVB algorithms
cannot efficiently deal with massive dataset and result in the
problem of low precision and speed. Moreover offline BP
algorithm outperforms the other offline algorithms, such as
GS and VB. To further improve the precision and speed of
online algorithms using LDA models, this paper proposes
OBP algorithm using message propagation. The experimental
results of four public big data sets prove that proposed OBP
is better than other online algorithms, which produces more
precision information of topic tracking from the related infor-
mation,

This work is supported by National Natural Science
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61170020, 61301299). The significance of this paper depends
on two aspects. First, this paper reviews the current online

algorithms for topic models, and proposes high-precision

online OBP algorithm using improved factor graphical LDA
model. Second, the proposed algorithm provides a more
accurate topic tracking, which may inspire some related
machine learning applications.

Our research group focuses on the method and applica-
tion of pattern recognition, machine learning, image and
video process and computer vision. Several papers are pub-
lished. For example, we published “Advances in Topic Mod-
els for Complex Document Network Data” in Chinese Journal
of Computers. We also published “Online Belief Propagation
Algorithm for Probability Latent Semantic Analysis” in
Frontiers of Computer Science. This paper summarizes and
extends our current research, which gives a solid foundation
for the future research and applications in text/image/video

classification and topic tracking.



