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Text Similarity Calculation Algorithm Based on SA_LDA Model
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Abstract Many information processing techniques are based on computing the similarity of text. However, the tradi-
tional method of similarity calculation based on vector space model has the problems of high dimension and poor seman-
tic sensitivity,so the performance is not very satisfactory. This paper proposed a self-adaptive LDA (SA_LDA) model
based on traditional LDA model. It can manually determine the number of topic. Applying it in text similarity calcula-

tion, it can solve the high dimensional and sparse problem. Experiments show that this method improves the accuracy of
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similarity calculation and the effect of text clustering compared with VSM.
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