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Fig. 1 Structure of the recurrent-convolutional neural network
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Table 1  Precision of sentiment analysis of different datasets

KW/ %
(e ZIFR HRIEIR
(SST) (SST) PR

MV -RNN 82.9 44. 4 87.6
RNTN 85.4 45.7 89.3
PCNN 85.4 45.9 89.7
RCNN&C -RNN 85.8 46. 1 89. 8
Pruning —PCNN 85.1 45.6 89.3
Pruning —~RCNN&C —-RNN 85.5 45.8 89. 6
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Table 2 Recall of sentiment analysis on different datasets
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Table 6 F1 score of sentiment analysis on DianPing dataset

AR/ % F1 {8
HiA :{i‘rﬁ,@? FRIH — A — H :J}(rﬁ@
(SST) (SST) T (HRIEEA)
MV -RNN 81.6 45. 4 84.9 MV -RNN 78.5 4.7 71.1
RNTN 86.3 48.6 87.3 RNTN 80. 8 44.0 75.2
PCNN 86. 4 49. 4 88.9 PCNN + GAN 83.5 47.8 78.6
RCNN&C-RNN 87.8 50.2 89.7 RCNN&C-RNN 83.7 47.9 80.3
Pruning - PCNN 86.2 48.9 88.2 Pruning —-PCNN + GAN 83.0 47.1 78. 1
Pruning - RCNN&C ~RNN 87.4 49.7 88.9 Pruning - RCNN&C - RNN 83.3 47.6 79.7
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Table 3 F1 score of sentiment analysis on different datasets

G387 F1 {8

F1 {8
F A TR LB
(SST) (SST) PRE
MV -RNN 82.2 44.9 86.2
RNTN 85.8 47.1 88.3
PCNN 85.9 47.6 89.3
RCNN&C-RNN 86.8 48.1 89.7
Pruning —PCNN 85.6 47.2 88.7
Pruning —-RCNN&C -RNN 86.4 47.7 89.2
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Table 4  Precision of sentiment analysis on DianPing dataset

K5/ %
H — I S— | V]
B (HREREAS)
MV -RNN 78.0 42.2 73.1
RNTN 80.3 42.6 75.7
PCNN + GAN 83.3 47.9 80. 1
RCNN&C-RNN 83.5 47.6 80.6
Pruning —PCNN + GAN 82.8 47.1 79.5
Pruning - RCNN&C - RNN 83.1 47.4 79.9
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Table 5 Recall of sentiment analysis on DianPing dataset

A1/ %
L S o N
TR (FEWEEAS)
MV -RNN 79.1 43.2 69.3
RNTN 81.4 45.6 74.7
PCNN + GAN 83.7 47.8 77.2
RCNN&C-RNN 83.9 48.2 80. 1
Pruning—PCNN + GAN 83.2 47. 1 76.7
Pruning -RCNN&C -RNN 83.5 47.9 79.6
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Table 7 Precision of sentiment analysis aggregating

negative word on DianPing dataset

Bl i
5% B 0 5E T
MV -RNN 62.4 56.2
RNTN 81.4 72.6
PCNN + GAN 81.4 76.3
RCNN&C-RNN 81.7 77.2
Pruning ~PCNN + GAN 81.4 75.9
Pruning ~-RCNN&C - RNN 81.6 71.0
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Fig.7 Comparison of training time cost between

unpruned model and pruned model
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Table 8 Precision of models with different parameters on

DianPing dataset

- IR/ % SRR/
TR ALY IR %
PCNN + GAN 83.3 47.9 100
Pruning —PCNN + GAN -1 82.8 47. 1 76. 56
Pruning—PCNN + GAN -2 82. 1 46.7 70. 39
RCNN&C-RNN 83.5 47.6 100
Pruning—-RCNN&C-RNN -1 83.1 47. 4 78. 37
Pruning—RCNN&C -RNN-2 82.9 47.2 73.24
5 %k
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A neural network compressed sentiment analysis method based on
combined group and exclusive sparsity regularization

HUANG Lei DU ChangShun "

(School of Economics and Management, Beijing Jiaotong University, Beijing 100044, China)

Abstract: In the current internet environment, text sentiment analysis is one of the most important tasks in the field
of public opinion monitoring and analysis of customer service satisfaction. Deep network models offer a great im-
provement over the traditional methods in sentiment analysis tasks, since large-scale networks enable a deep model
to fit nonlinear data effectively and large-scale data resources provide the possibility to train such a large-scale mod-
el and guarantee its generalization ability. However, the time and space costs of the deep model still restrict its ap-
plication. This paper proposes a neural network compressed sentiment analysis method that combines group spar-sity
and exclusive sparsity regularization. We first construct an analysis model composed of RCNN and C-RNN which is
integrated by a gate unit. Group sparsity and exclusive sparsity regularization are then introduced in order to make
the model compressed. Experiments on different data sets verify the effectiveness of our method.

Key words: sentiment analysis; convolutional neural network; recurrent neural network; gate unit; model com-

pression
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