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A Study of the Short Text Classification with CNN and LDA
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Abstract:The application of convolution neural network to classify texts is a research hotspot in the field of natural

language processing.The traditional input matrix only extracts the word vector matrix in the word granularity level,neglects

the expression of the whole semantic feature of the text granularity level,which leads to the problem of insufficient text

features representation.This paper proposes a text representation matrix,which combines word2vec and LDA topic model,not

only considers the word meaning and ,but also combines thematic semantic features,and inputs CNN to classify the text,so

as to enrich the characteristics of the pool layer and achieve the effect of precise classification.The text classification

experiment shows that proposed method achieves a certain degree of improvement in F value compared with KNN and SVM

classification algorithms.
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Fig.1 Algorithm flow
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Tab.2 Experimental data table

Data Dss [Ds] Train Test
Film 6986 27944 6210 776
Food 4866 25404 4326 540
Manga 10021 35073 8908 1113
Entertainment 5872 29360 5220 652
Constellation 2698 21584 2398 300
Military 3649 18790 3244 405
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Tab.3 CNN parameter configuration
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Tab.4 Comparison of the classification accuracy of the

three algorithms

ik Methodl Method2 Method3
Film 68.9% 82.1% 83.9%
Food 63.2% 85.9% 86.1%
Manga 71.6% 88.4% 91.2%
Entertainment 59.5% 63.2% 68.4%
Constellation 48.6% 70.6% 73.2%
Military 52.3% 75.9% 80.5%
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5 #ZEif(Conclusion)
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