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Survey for Methods of Parameter Estimation in Topic Models
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Abstract Topic models extract low-dimensional representation of the topic from high-dimensional sparse data set of
word by using fast machine learning algorithms,achieving a word document clustering. It is an important work in this
field to study the model parameter estimation. The paper detailed the probabilitic latent semantic analysis model, the la-
tent Dirichlet model and basic methods of parameter estimation in topic model. In addition, the paper gave an experimen-
tal analysis of perplexity in topic model.
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