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Improved Autoencoder Based Classification Algorithm for Text

XU Zhuo-bin

(Information and Network Center, Xiamen University, Xiamen, Fujian 361005, China)

ZHENG Hai-shan PAN Zhu-hong

Abstract Vector representation of words is the premise of applications in text mining. In order to improve the effective-
ness of autoencoders in words embedding and the accuracy of text lassification, this paper proposed an improved autoen-
coder and applied it for text classification. Based on traditional autoencoder,a global adjustable function is added to the
latent layer, which adjusts smaller absolute values to bigger absolute values and implements the sparsity of characteristic
vector in the latent layer. With the adjusted latent characteristic vector.a full connected neural network is used to classi-
fy text. The experiments on 20news dataset show that the proposed method is more effective in words embedding,and

has better performance in text classification.
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Fig. 1 Structure of improved autoencoder
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Fig. 2 Schematic diagram of vector sparsity in latent layer
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