378 1 o B F 2% 5 i B R Vol. 37 No. 1
2020 4F 1 H MICROELECTRONICS & COMPUTER January 2020

S| A& EE0WE, X B 30 L A5, FE T ARG SRR AR fal G 1Y) v SCSCAS I B A BT L . 2 53R ML, 2020, 37
(1):80-86. [WANG L Y,LIU C H,CAID B,et al. Chinese text sentiment analysis based on joint network and attention model

[J]. Microelectronics &.Computer,2020,37(1):80-86. ]

ETFHRBESNEF ISR X XXRFESH

GRIUT R TR 5 TRRBE WL 3RO 130205)

H B AMELEEFRHLHECNNEEME T HE R ALk, TE o fHR —Bhk ESHMEREE, UK
TR IK B B BT SCAH X AR B9 [5] B0 3% SCAT At 3 OO 4R ) F A R A W 4 4 A gk A N AV BEAT I R o AT
FAF Ry A Al E A BIGRU f2 CNN-BIGRU 4T iy 5K & W 45 38 BURFAE , R A CNN By 32 22 3] #8 4 R UK B R AR AE . B
FU R Wi TR A 2R 4 2 W 26 (BIGRUD BAT IR % 3] i BB AL TR AE B 3] B . 5 — 7 | ALl BIGRU 42 8L £ T X
RN FEHREFR. REEETE EINEEAVHHATHEERNE LR, BRES Tk EHEE LHTS
413 b SE B % 7 SR IRAR 92, 36089 F1 A, 45 sk WA SR W A AL 6 B R B AR K BB R

KBIR: R E W% BIGRU; i & A LH 5 o UK F &

hE4S#E . TP391 XEFRIRE . A XEHS. 1000—7180(2020)01—0080—07

Chinese text sentiment analysis based on joint
network and attention model

WANG Li-ya, LIU Chang-hui, CAI Dun-bo,ZHAO Tong-zhou, WANG Meng

(College of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China)

Abstract; For the traditional convolutional neural network (CNN), the information between the same layer of
neurons cannot be transmitted to each other, and the feature information at the same level cannot be fully utilized,
and the problem of long-distance context-related features cannot be extracted. In this paper, based on the Chinese
text, this paper proposes a model of character-level joint network feature fusion for sentiment analysis. Based on the
character level, BIGRU and CNN-BiGRU parallel joint network are used to extract features, and CNN's strong
learning ability is used to extract deep features and reuse. The two-way threshold cyclic neural network (BiGRU)
performs deep learning and enhances the model’s ability to learn features. On the other hand, BiGRU is used to
extract context-related features to enrich feature information. Finally, the attention mechanism is introduced
unilaterally to perform feature weight distribution to reduce noise interference. Multi-group comparison experiments
were carried out on the dataset. The method obtained 92. 36 % F1 value. The results show that the proposed model
can effectively improve the accuracy of text classification.
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