38k Mo R M CH AR R Vol. 38 No. 6
2017 £ 11 H Journal of Huaqiao University (Natural Science) Nov. 2017

doi: 10. 11830/ISSN. 1000-5013. 201606077

ZREEZERBEBNIMEMER
RS SN
X I, B4 E

R A 2 S EOR 2Rt BT 36102D)

WE: 5B G 2% X T AR5 AT $2 O 0S5 R 25 1 28 9 2% 19 1 S8 I L 1 3k B I 3 B2 o — ol 19 2
T2 RUBE Y A5 BTG B0 1 22 ) 26 A D ) 4 UM 22 T8 2% b B 22 ROST DB A8 R TS LA £ B SR R AT A
R AL A8 B Pl 22 0 255 R ISR B I A2 B 0 K 1 BB ) 3 R AT L5 ) 1 1 5 A TG AR R L DA TAT 8 RS A A U g 26
1E55. LA R R 5 L SCARNE BT FE T B L SO B B B RS L

KW : XARNESE; BRMEMLE; HHRMERME; KRENICIL:; ZRE

hEHES: TP 391.4 XERFRER: A XEHS: 1000-5013(2017)06-0875-05

Sentiment Classification With Multiscale Convolutional
Recurrent Neural Network
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(College of Computer Science and Technology. Huaqgiao University, Xiamen 361021, China)

Abstract; Combining the advantages of convolution neural network (CNN) for feature extraction and recur-
rent neural network (RNN) for long shot-term memory. a new model based on multiscale convolutional recur-
rent neural network is proposed. This model utilize multi-size filter of CNN to extract word feature which con-
tain a rich context information and use the long short-term memory algorithm of RNN to reflect the grammati-
cal relations about the word and the sentence, and then completing the sentiment classification task. The ex-
perimental results show that: through comparing with many other sentiment classification, this new model has
a high accuracy.
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Fig. 1 Model architecture with multiscale convolution recurrence neural network
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