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CNN-+LSTMAttention
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(School of Information,North China University of Technology ,Beijing 100144 , China)

Abstract ; For the classification and recognition task of marketing news, the long—term and short—term memory neural network LSTM and
convolutional neural network CNN used by traditional methods have a low classification recognition rate. Therefore,we propose a long
and short—term memory ( LSTMAttention) that combines CNN and introduces attention mechanism to improve the ability to identify and
classify marketing news. Firstly,the matrix formed by the word vector of the marketing news text is obtained by word2vec and input into
the traditional machine learning classification model. Based on this, model fusion technology is used to fuse the model with better classifi-
cation in a single model, and finally the classification results of fusion model and single model are obtained and compared. The
experiment shows that after introduction of the attention mechanism in the basic model of LSTM, the accuracy,recall and F1 values reach
67.01% ,66.07% and 0. 680 respectively,and the accuracy,recall and F1 value after model fusion of CNN and LSTMAttention further
reach 68.29% ,71.27% and 0.692. Tt is shown that the neural network model based on the fusion of CNN and LSTMAttention has a
better final classification effect than a single model,and can achieve the purpose of improving the classification and recognition effect of
marketing news text.
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