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Abstract: Due to the short length of the document, the co—occurrence information of the words in the short text is very scarce, which cau-
ses the sparseness of the short text. The sparseness of information has also become one of the reasons why the traditional topic model is
difficult to make breakthrough progress on short texts. For short text classification, it is very important to make full use of every word in
essay and solve its sparseness. For this,word embedding is extended based on Word2vec model to solve its sparsity ,and word vectors are
converted into probabilistic semantic distribution to measure semantic relevance. For the extended feature vector of short text, the im-
proved feature weight algorithm is used and the semantic relevance is introduced to handle the extended word feature vector. This method
can distinguish the importance degree of words in the extended short text so that we can get more accurate semantic relevance. In this pa-
per,we adopt KNN algorithm to study the short text classification. The experiment shows that we can extend short text features by learn-
ing semantic correlation obtained from external corpus,which can effectively improve the classification effect of short texts.
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