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Abstract Text classification is the basis of many natural language processing tasks. Convolutional neural network (CNN) can be
used to extract the phrase level features of text,but it can’t capture the structure information of text well; Recurrent neural net-
work (RNN) can extract the global structure information of text,but its ability to capture the key pattern information is insuffi-
cient. Attention mechanism can learn the distribution of different words or phrases to the overall semantics of text.key words or
phrases will be assigned higher weights, but it is not sensitive to global structure information. In addition, most of the existing
models only consider word level information. but ignore phrase level information. In view of the problems in the above models,
this paper proposes a hybrid model which integrates CNN,RNN and attention. The model considers the key pattern information
and global structure information of different levels at the same time,and {uses them to get the final text representation. Finally,
the text representation is input to the softmax layer for classification. Experiments on multiple text classification datasets show
that the model can achieve higher accuracy than the existing models. In addition, the effects of different components on the per-
formance of the model are analyzed through experiments.
Keywords Text classification, Key pattern information,Global structure information, Hybrid model, Text representation
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Table 1  Statistics of experiment datasets
Dataset Class  Length Size Test Size

MR 2 20 10662 CV
SUBJ 2 23 10000 Ccv
TREC 6 10 5952 500
CR 2 19 3775 CcV
SST5 5 18 11855 2210
AGNews 4 45 127600 7600
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Table 2 Experimental parameter setting

S S HE

R 200

R KN 3

R H 200
Dropout_pro( # # %) 0.5
BILSTM ¥ # # 7C /> % 100

Optimizer (£ 14 £) Adam Optimizer[19]
LS 5X107°

batch_size(#th K A /M) 64
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Table 3 Comparison of accuracy
BT 2 9%9)
Model MR SUBJ TREC CR SST5 AGNews

CNN-non-static 81.5 93.4 93.6 84.3 48.0 92.3
CNN-static 81.0 93.0 92.8 84.7 45.5 —
MVCNN — 93.69 — — 49.6 —

VDCNN — 88.2 85.4 - 49.6 91.3

LSTM 75.9 89.3 86.8 78.4 - 86. 1

BILSTM 79.3 90.5 89. 6 82.1 — 86. 2
Self-attentive 80.1 92.5 - — 47.2 —
C-LSTM — — 94. 6 49.2 -
Conv-RNN 81.9 94.13 — — 51.67 —
BiLSTM-2DCNN 82.3 94.0 96. 1 - 52.4 -
CNN_ Attention_LSTM  82.3 — — — 48.0 —
BGRU-CNN 82.3 94. 4 — 86.0 50.2 —
DC-BiGRU_CNN 83.4 94.9 96. 2 51.9 -
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Table 4 Influence of different levels of information on performance
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W R AR R 82.7 94.3 95.6
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Fig.5 Influence of convolution kernel size on performance
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