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Abstract

The corpus is the key to natural language processing tasks. The Google Books corpus is by far the
largest ephemeral corpus, which is widely used to evaluate the phenomena and patterns of discip-
lines, languages, and even cultures in social development from temporal and spatial dimensions, but
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it has been questioned by many scholars due to the identification problem and metadata problem in
its construction. The current common processing methods mainly extract all possible data from the
corpus and pre-process from the original data, which are time-consuming and laborious. In this pa-
per, we propose to transform the corpus noise problem into a time series anomaly detection prob-
lem by using the traditional time series model and Markov dynamic coding to achieve time series
anomaly detection. Experimental results show that Markov not only preserves temporal correlation
and frequency structure, but also provides a natural inverse operation—mapping graphs back to time
series, which overcomes the shortcomings of the traditional time series model and finally effectively
solves the local quality alignment problem of the corpus.
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BEL, B 8 FNEE, AR IIE. PUPEE. VE. 5, 8. BKRE. e skiE, 1
HETE AR S AL, R A R I D R .
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FATU, RN “ A4 (Culturomics)” R A A S TE R FE .

W 708 o ¥ R S AT SR 42 48 DA FE AT A 0015 5 S50, T 7 b R HH SR R S04k
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RIERaS, FExtit s B,
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Figure 1. Diagram of “de facto” anomaly detection of traditional time series models
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Figure 2. Diagram of “de facto” anomaly detection of Markov Model
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