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Improved Convolutional Neural Network
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Abstract: We proposed a short text classification model based on improved convolutional neural
network. Firstly, different coding methods were used to map short text to distributed representation
in different spaces, and digital features of different granularities were extracted as multi-channel
inputs of short text classification model. Extracting concept features from standard knowledge base as
prior knowledge to improve the semantic representation ability of short text. Secondly, the self-coding
learning strategy was added to the full connection layer, on the basis of approximate identity, the
digital features were further combined to simulate the relevance within the data. Finally, the principle
of relative entropy were used to increase the sparsity limit of the model, reduce the complexity and
improve the generalization ability of the model. The effectiveness of the proposed model was verified
by short text classification experiments on the open source dataset.
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Table 1 Parameters of dataset
C L N |V ] Test
MRD 2 20 10 662 18 765 CV
SST 5 18 11 855 17 836 2 210
TREC 6 10 5952 9 592 500
CR 2 19 3775 5 340 CV
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Table 2 Influence of widths of convolution kernel on classification accuracy
[1,2.3] [2,3,4] [3,4,5] [4,5.6] [5,6,7]
MRD 83.5 84.4 84.6 84.2 83.0
SST 47.5 49.3 51.7 48.5 47.2
TREC 92.1 93.1 94.7 93.4 92.8
CR 84.2 84.6 85.8 85.2 84.8
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Fig.4 Influence of K values on generalization error of model
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Table 3 Influence of concept distributed representation on classification accuracy of model
YAGO FreeBase
ICNNSTCM-2 ICNNSTCM-3 ICNNSTCM-2 ICNNSTCM-3
MRD 83.9 84.6 83.1 84.2
SST 48.5 49.8 50.7 51.7
TREC 93.0 94.7 92.8 93.2
CR 84.6 85.8 84.0 84.6
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Table 4 Performance comparison between ICNNSTCM model and other models
MRD SST TREC CR
ICNNSTCM-static 83.5 48.1 91.6 84.2
ICNNSTCM-dynamic 84.6 51.7 94.7 85.8
CNN-non-static'?’ 81.5 48.0 93.6 84.3
CNN-multichannel**?] 81.1 47.4 92.2 85.0
DCNN!# — 48.5 93.0 —
SV Ms:!® — T 95.0 —

Paragraph-Vec!"’ — 48.7 = —
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