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Time Series Topic Model Considering Dependence to Multiple Topics

Sasaki Kentaro1,a) Yoshikawa Tomohiro1 Furuhashi Takeshi1

Abstract: This pater proposes a topic model that considers dependence to multiple topics. In time series

documents such as news, blog articles, and SNS user posts, topics evolve with depending on one another,

and they can die, be born, merge, or split at any time. The conventional models cannot model the evolution

of all of the above aspects because they assume that each topic depends on only one previous topic. In this

paper, we propose a new topic model which assumes that a topic can depend on previous multiple topics.

This paper shows that the proposed topic model can capture the topic evolution of death, birth, merger, and

split and can model time series documents more adequately than the conventional models.
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YOMIURI ONLINE *1
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*1 http://www.yomiuri.co.jp/
*2 http://mainichi.jp/
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École d’été de probabilités de Saint-Flour,XIII, Berlin,
Springer, pp. 1–198 (1985).

[4] Blei, D. M. and Lafferty, J. D.: Dynamic topic models,
Proc. ICML’06, ACM, pp. 113–120 (2006).

[5] Blei, D. M., Ng, A. Y. and Jordan, M. I.: Latent dirichlet
allocation, the Journal of machine Learning research,
Vol. 3, pp. 993–1022 (2003).

[6] Ferguson, T. S.: A Bayesian analysis of some nonpara-
metric problems, The annals of statistics, Vol. 1, No. 2,
pp. 209–230 (1973).

[7] Minka, T.: Estimating a Dirichlet distribution, Technical
report, MIT (2000).

[8] Neal, R. M.: Markov chain sampling methods for Dirich-
let process mixture models, Journal of computational
and graphical statistics, Vol. 9, No. 2, pp. 249–265
(2000).

[9] Sethuraman, J.: A constructive definition of Dirichlet
priors, Statistica Sinica, Vol. 4, pp. 639–650 (1994).

[10] Si, J., Mukherjee, A., Liu, B., Li, Q., Li, H. and Deng,
X.: Exploiting Topic based Twitter Sentiment for Stock
Prediction, Proc. ACL’13, pp. 24–29 (2013).

[11] Sun, Y., Tang, J., Han, J., Gupta, M. and Zhao, B.:
Community evolution detection in dynamic heteroge-
neous information networks, Proc. MLG’10, ACM, pp.
137–146 (2010).

[12] Teh, Y. W., Jordan, M. I., Blei, M. J. and Blei, D. M.:
Hierarchical dirichlet processes, Journal of the american
statistical association, Vol. 101, No. 476 (2006).

[13] Wallach, H. M.: Topic modeling: beyond bag-of-words,
Proc. ICML’06, ACM, pp. 977–984 (2006).

[14] Wei, X., Sun, J. andWang, X.: Dynamic Mixture Models
for Multiple Time-Series, Proc. IJCAI’07, pp. 2909–2914
(2007).

[15]

2009 (2009).

[16]

Vol. 93, No. 6, pp. 978–987 (2010).

6ⓒ 2014 Information Processing Society of Japan

Vol.2014-MPS-100 No.3
2014/9/25


