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Topic modeling is a fandamental technique to analize symblic data using latent variables called topics. Latent
Dirichlet allocation (LDA) is one of the most famous topic models and assumes that a given data set is a set of
symbols. Because of this assumption, LDA cannot exploit sequential information such as the order of words. A
hidden Markov model (HMM) is a famous probabilistic model for sequential data and several topic models based
on HMM have been proposed. However, it is known that HMM-based topic models are too slow to apply huge
sequential data. In this paper, we propose the repair topic model (RTM) which is a new topic model for modeling

huge sequential data.

In RTM, sequences are compressed by the Repair algorithm which is a grammar based

compression algorithm. Thanks to employing the Repair, RTM exploits sequential information as a compressed
grammar and is much faster than HMM-based topic models because RTM works on the compressed grammar.
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Step Text Rules

0. abcababc A,2a, A,2b, A,~c
L AAAAAAAA ADAA,

2. AAAAA, ADAA,

3. AAA
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Dataset D 1% R S S* M M
Brown 500 47,341 5,382 1,045,281 775,131 352,725 459,409
Reuters 19,065 81,731 17,553 2,514,931 1,600,113 1,452,767 1,362,720
Mail(u) 50 37,399 17,153 2,277,440 1,504,763 219,132 393,690
Mail(m) 5,000 37,399 17,051 2,279,665 1,511,619 1,165,259 1,222,030
MovieLens 942 1,682 459 90,252 87,337 90,252 87,337

£1. K&T7—4Y bOXER D,
DEZY)

M4 127 —&%y M5 RTM, LDAL, LDA2 O &
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