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Abstract Internet has become defacto information source of real world events. Algorithms to
detect the topics of abundant news on the Internet precisely are very important to the organization
and tracking of different events. Topic modeling provides users with methods to organize, understand
and summarize large collections of textual information on Internet. Latent Dirichlet Allocation
(LDA) is one of the commonest topic model methods. In the LDA model, each document is modeled
as a mixture of topics that are present in the corpus. However, existing LDA-based methods
generate topics without considering hierarchical relation of different topics and furthermore the
number of topics need to be provided in these LDA-based methods in advance which brings great
challenges to unsupervised topic detection. As an extension of the LDA model, the hierarchical
Dirichlet process (HDP) is a nonparametric Bayesian approach to clustering topics in the corpus.

HDP uses a Dirichlet process to capture the uncertainty in the number of topics, which means
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HDP can automatically select the number of topics in the corpus. However, for hierarchical text
corpus with highly correlated topics, such as topics share overlapping structure and some topics
have sub topics, HDP method has difficulty digging out hidden hierarchical structure and will
introduce noises into topics easily. In order to solve these problems, a novel method named Flow
Hierarchical Dirichlet Process nonparametric Bayesian model (FHDP for short) is proposed in
this paper for modeling topics with hierarchical structure. In order to make better use of words
that imply domain-specific information rather than corpus-specific words, we assume that a document
is composed of some topics and different topics can flow into other topics. FHDP takes advantage of
common information between topics in same domain by applying a vital operation called “flow”,
which produces better hierarchical analysis of topics in the corpus. We introduce a new concept
“room” in Chinese Restaurant Franchise (CRF), which represents domain-specific information in
the corpus. Based on the concept of “room”, a new flow operation is proposed for CRF process.
Based on the standard Gibbs sampling algorithms, we design a new Markov chain Monte Carlo
(MCMC) algorithm to implement the sampling for the CRF with flow operation. Finally, we get
the distribution parameters of FHDP model. The main contributions of FHDP are: (1) reducing
FHDP solves
the problem that HDP can obtain ambiguous topic and expands the application field of HDP.

meaningless information when modeling topics with hierarchical relationships.

(2) enhancing the utilization of implicit fields information in the word co-occurrence, as a result
the hierarchical relationship of different topics becomes clearer. To evaluate the performance of
FHDP, comprehensive experiments are conducted on synthetic and two real data sets. LDA and
HDP are used as comparative methods. We use GridSearch method to determine the number of
topics in different data sets with the lowest degree of confusion. The experiment results show
that FHDP significantly outperforms HDP and LDA in terms of Silhouette Coefficient, coverages
of topics, per word log likelihood and other indicators. FHDP can be used to model real corpus
with hidden hierarchical structure.

Keywords  hierarchical Dirichlet process; topic model; Bayesian nonparametric model; Markov

chain Monte Carlo; flow hierarchical Dirichlet process
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Background

With the rapid development of social media, the text on the
internet has become a main media of message communication.
The topic model is a popular tool for automatically discovering
and exploring hidden topics in the document. Hierarchical
Dirichlet Process (HDP for short) is a widely used method in
research filed of topic model, which does not require a given
number of topics in advance. But HDP still faces many
challenges in analyzing large-scale internet texts because
some features of them, such as multiple sources of internet

texts, unclear topic boundary, the nesting of topics, and so on.

The features of FHDP are as follows: (1) Solving the

problem that the topic is unclear when using the HDP to
model corpus with complex topic structures, and enlarging
the application domains of HDP; (2) The meaningless word
in the topic of FHDP is reduced, so the hierarchy of the topic
becomes more explicit, and the hierarchical relationship
among complex hierarchical topics can be analyzed using
FHDP.
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