$38 % AT it (21 HL =23 Eile Vol. 38 No. 7
20154 7 A CHINESE JOURNAL OF COMPUTERS July 2015

T MB-HDP %= 2 p i {8 = @15 IR

ANoH o 5 REE E = HRMA

CPILREE BR 2 SEAR B A AE R T 510006)

W E RS RZIME A A EE T R, A M BB £ B Latent Dirichlet Allocation (LDA)
URAE BB et ZEEH. T A SIS IR 328 MEE SR T — A% F 43 )% Dirichlet i3 # (Hierarchical
Dirichlet Process, HDP) fJ 4 Z: % D1 i 52 78 MB-HDP. 8 56 . £ 4 S8 19 0 3 57 B B & A ml 38 e iy s 2.4 )
FHCEE A B (105 B P 24588 DL R 1% bR 48 o SR 32 A O 19 7 J2. LA ik 1R T e S A 1 50 90 A o ) A5 R )5 L B
Chinese Restaurant Franchise (CRF) X fik 8 E vE 47 £ 8 88 &% )5, %3 — N #H % 1) Markov Chain Monte Carlo
(MCMOC) R H#EJ5 3, 4  MB-HDP #5270 4 73 41 S50 5250 3¢ B 48 28 B 32 M 0T o L P 2% RT3 RS 70 & 4% 2 S5 48
. MB-HDP # R B & f F LDA Fil HDP B Fi A 5

KW EMAZ B 5 )2 Dirichlet if 2 ; MB-HDP
HEESES TP391 DOI S 10.11897/SP.J.1016. 2015. 01408

Topic Mining from Microblogs Based on MB-HDP Model

LIU Shao-Peng YIN Jian OUYANG Jia HUANG Yun YANG Xiao-Ying

(Department o f Computer Science, School of Information Science and Technology , Sun Yat-Sen University , Guangzhou 510006)

Abstract  Topic models have become important tools to mine latent topics from microblogs.
However, most existing models are derived from Latent Dirichlet Allocation (LDA) and require a
pre-determined number of topics. In order to mine topics from microblogs automatically, we propose
a hierarchical Bayesian nonparametric model named MicroBlog-Hierarchical Dirichlet Process
(MB-HDP). Firstly, our model assumes non-exchangeability of data which is suitable for the
microblog application. Secondly, to tackle the sparsity problem caused by the short tweets, the
temporal information, user’s interests, and semantic #hashtags are integrated to aggregate
topic-related tweets into lengthy pseudo-documents. Thirdly, the Chinese Restaurant Franchise
(CRF) extension is adopted in modeling topics. Finally, we present a Markov Chain Monte Carlo
(MCMC) sampling for posterior inference in the MB-HDP. Experimental results show that the
MB-HDP clearly outperformed both LDA and HDP from three different perspectives: the quality

of generated latent topics, the perplexity of held-out content and the model complexity.
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Background

This paper studies the problem of topic mining from
microblogs. Recently, Microblogging services have grown at
an unprecedented rate and become a valuable source of
extremely up-to-date information. Topic models can effec-
tively explore such huge volume of information and improve
the user experience by offering a list of interesting topics.
The advantages of this technique are threefold. Firstly, it
provides a reflection of the current main interests of the
community and thus reduces the risk of information overload.
Secondly, information seekers can collect valuable news easily.
Finally, it is useful for government to monitor the Internet
public sentiment.

In last decade, several topic models have been developed
for topic mining from microblogs, including the parametric
models and the nonparametric models. Although the parametric
models derived from the LDA are widely used in practical
applications, they require a pre-determined number of topics,
which is difficult to set appropriately without any prior
knowledge of the microblog corpus. The nonparametric models
based on the HDP are more suitable for topic mining because
they can determine the number of topics automatically. For
simplicity, the nonparametric models make an exchangeability
assumption that any permutation of the data would result in
the same outcome. This assumption poses a problem for the
microblog domain where there are clear temporal patterns of

corpus and topics. Later on, several temporal-aware HDP

mining and artificial intelligence.
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models are devised into use. However, these models ignore
other useful dependencies among tweets including user’s
interests and semantic #hashtags.

In this paper, we present a hierarchical Bayesian non-
parametric model, MB-HDP, to automatically mining topics
from microblogs. Firstly, our model assumes non-exchangea-
bility of data which is suitable for the microblog application.
Secondly, to tackle the sparsity problem caused by the short
tweets, the temporal information, user’s interests and
semantic #hashtags are integrated to aggregate topic-related
tweets into lengthy pseudo-documents. Thirdly, the Chinese
Restaurant Franchise (CRF) extension is adopted in modeling
topics. Finally, we present a Markov Chain Monte Carlo
(MCMC) sampling for posterior inference in the MB-HDP.
We demonstrate the superiority of the MB-HDP on a real
dataset from three different perspectives: the quality of
generated latent topics, the perplexity of held-out content
and the model complexity. The results are satisfactory and
the MB-HDP clearly performed better than its competitors.
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