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Text sentiment analysis that introduces a double recurrent

mechanism deep learning model

HU Renyuan, LIU Jianhua, WANG Xuan, LUO Yixuan, LIN Honghui
(School of Information Science and Engineering, Fujian University of Technology, Fuzhou 350118, China)

Abstract : Deep neural network models usually use attention mechanism or fusion convolutional neural network
for feature extraction. However, due to the fact that the features grasped by the attention mechanism are too
simplified, there is a problem that the extraction features are not perfect. Therefore, the recurrent mechanism
was introduced into the convolutional neural network, and a double recurrent convolutional neural network
model was constructed to improve the feature extraction ability of the model. Then the model was combined
with the bidirectional long and short-term memory network, so as to put forward a hybrid model with the atten-
tion mechanism and stronger feature extraction capability ( BILSTM-CNN) , which was applied to sentiment
classification tasks. Experimental analysis of sentiment classification shows that the BiLSTM-DRCNN neural
network model has good performance, and the comprehensive evaluation index is increased by more than 2%
compared with the fusion convolutional neural network ( CNN) and the double-loop long short-term memory
neural network ( BiLSTM) model. Compared with the BiLSTM-CNN and Fusion Model models, the compre-
hensive evaluation index is improved by nearly 1%, and the convergence is faster.

Keywords : bidirectional long and short-term memory neural network ; double recurrent convolution neural net-
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Fig.1 Long and short-term memory network
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Fig.2 Bidirectional long and short-term

memory network
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Tab.1 Test data statistics
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EN Twitter-Train 1883 2465 7335
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ARWFFEAEBETT DRCNN AR ML SR FH T 4%
DIEA R, EE T 2GR FE SR HUE S
S R 2 T B AR 3 T, AT X 4
Sl B S O H S SR R A .
ZYWIRK513%] T RCB J2 A1 DRCNN 2t
¥, nT LIS DRCNN 203K H0Ckh 2 H RCB J2
TREEN 2 B BRI AL
3.5 Xttbxim

(1) CNN #58Y , JEF Sk [ 13 4 by 25 8 ) 2%
BT ELAT 98 R )RR AIE 42 BUBE ), (R A7 Z W )



388

R TR B4l

920 &

TR B G 2R LA RS 1) ) A

(2) BiLSTM #5271, JEF S0k [ 14 148 g 2 8t
PR 28 A5 AT LAA B B) P 51 (E i A SCA T3]
AT B 2 8 Z FRAE L HRE ), JCikA S|
) I R

(3) ATT-CNN BiRL SEFSCR[ 15 1B
PLHRI S I AL S 2845580 CNN H il LTRSS E 1Y
5 AR, A3 R H 500 A T 3 3K A I JRRAR 1
{HIZBA Te A )+ R SUE B

(4) ATT-BiLSTM A&#Y . JEFSCilk[ 16 42 H i1
AR IHUE R e 4 il
il T CNN JEik R IR T B A o R i
[, AR AT 55 s R . v B O
o R T B 9 [T B, 8 8 FH P A TR) £ 17 T
P o AHRZAR AR i — 20 BUT SR, R U
AR,

(5)Fusion Model ##Y. B+ 3CRk[ 6 ] 42 H n0 4%
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Tab.3 Results of different models on 4 datasets

. 020 Cov19 IMDB Twitter
P/'% R/'% ¥/% P/% R/'% ¥/% P/'% R'% ¥/% P/% R/'% ¥/%
CNN 86.67 79.32 8221 7299 67.87 70.40 86.55 86.06 86.26 759 7558 76.75
BiLSTM 92.83 82,55 87.18 7493 6545 69.86 87.02 86.00 86.60 77.92 77.21 78.44
ATT-CNN 87.72 83.89 8496 73.39 67.62 70.48 84.52 88.36 86.47 78.01 77.63 77.81
ATT-BiLSTM 94.23 82.21 87.26 73.10 68.97 71.07 86.63 89.54 87.88 79.61 77.70 78.94
Fusion Model 89.83 83.92 86.77 75.09 68.75 71.82 86.38 89.52 87.92 79.36 77.35 79.15
BiLSTM-CNN 91.17 86.58 88.04 74.19 69.43 71.83 85.08 91.15 87.99 79.11 78.05 79.39
BiLSTM-DRCNN  91.87 87.25 89.04 74.66 69.97 7231 86.80 89.68 88.20 79.28 77.77 80.17

TE: PR F 2 IR HEAR A 15 FI (R,

SR A WNES =ik KR 2 rH TS
BRI 7 SR I AN B AR, CNN A BILSTM 1) -
YIF1 43802 78.07% F1 79.54% ;1 ATT-CNN
HIATT-BiLSTM A R (4 5F- 2 F1 43 4 Lo 56 Atk 119
CNN Fl BiLSTM #5584 SR $E = 1 0.8% 1 0.68%
5 BiLSTM-CNN ¥ £ 155 A1 AH [, BILSTM-DRCNN
PERAE 4 DRPRE EFH L RS T
0.62% , 7E Twitter 28 95 5 LA B SR 2 = T
1.02%; 5 CNN-BiLSTM #% A 44 [, BiLSTM-
DRCNN #RI7E 4 N 4E T r9~F3 F1 3BTt

T 0.97%, 1E 020 K i L BRI RCR 4T T
2.27%., P IMDB %4l 5 24 24 84 4 , BiLSTM-
DRCNN £ %I 41 % F SOTA E ) CNN-LSTM il
CNNu #E R 7E R 24608 FF2E i 0.3%, L
S-LSTM A= H 2.05% , W SGH i B b,
BiLSTM-CNN #RI7E 4 A5 4 1 AR L )
F1 43-% k. CNN-BiLSTM A1 F1 73%0150.39%
e fdi A BiLSTM A LU 7 AR 4 b 2= 2] 2] |
FOCfE BS PR id CNN 47 457 AE 2B 1 CNN-
BiLSTM fAIAF7E CNN A FRJ5 B 15 e 8 B 2 5
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&

AR E T 3 LHTH Al S50, 38 Ok i AR AR A
(R 2H G 7 NI s o I 28 25 4 45 5 1ok
IS UFE BiILSTM-DRCNN #7145 %04 . B %€, Bil-
STM-DRCNN #i %1 1 DRCNN F LSTM 0% )5 4H
B BiLSTM-LSTM 4% %15k 45 il DRCNN 1Y 42 J fE
J1. Hk, ¥ BILSTM-DRCNN #5133 2 3 HL
TR 2 BiILSTM-DRCNN &) BE 5 | A VE 7

FIBLA R A5 23 X ABE 2 (1 S 06 25 S 7 A e,
J& B BILSTM #B 43 ] LSTM 18 %5 J5 4H i LSTM-
DRCNN, 4nutt ] DL 3 Ukt BiLSTM 422 O3 [ {5
RS LY LSTM 280 B 1) 475 2 RS AU 235 SR 7 A= 5
M, SEERZERNE 4 Fis .,

T 4 T UL AETRILE 4 AR B4R 1 I E
153 7 JdFn) F1 43488, 5 BILSTM-LSTM #iRIAH L,
BiLSTM-DRCNN HAI7E 4 MR FSEY) F1 43
B T 1.41% 15 Twitter B4 F455 72.42%,
5 BiLSTM-DRCNN “#: % 4 Ht., BILSTM-DRCNN £
REPRIETE T 1.26% , (REE 7R 2 S AL XA
SR R . T LSTM AR AR SR A
HF BILSTM #8431 LSTM-DRCNN A5 % 52 56 245 B mf
PIFE ), BILSTM-DRCNN AT T 0.75% , Hirp
7E IMDB £ F ek TH T 1.31%,
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Tab.4 Results of ablation experiments of different models on 4 datasets

s 020 LHYSEEGEER Covl9 LAYSCIRZEIR  IMDB LAYSKIRZEN  Twiter [ AYSLIRLE R
P/% R/% ¥/% P/% R/% ¥/% P/% R/'% F¥/% P/% R/% F/%

BiLSTM-LSTM 88.93 85.48 87.24 92.11 829 87.25 90.54 86.45 88.55 91.87 87.25 89.04
BiLSTM-DRCNN”  75.37 67.89 71.38 74.77 68.78 71.55 74.54 69.29 71.67 74.66 69.97 72.31
LSTM-DRCNN 87.41 88.52 87.70 89.70 85.84 87.73 81.91 92.76 86.89 86.80 89.68 88.20
BiLSTM-DRCNN ~ 78.59 76.92 77.75 76.96 79.03 78.14 78.26 81.02 79.59 78.77 81.62 80.17

3.7 REEVIZRREE S AT

XL GRS [ A TS 30, Ak 5 P,
FEARRINT IR 06 Fp o 428 A B TR R A5 0 a5, SR AR
4 FhEHEEE I 10 1> epoch B9 BT I 25 B[] A5 %
Fo, BIBR T A0 BILSTM W 45 45 44 fl AR R | TRy
BiLSTM i AN B P A PE VI AR |- I L
it CNN 2% St F A 2 ORI

=5 BB 4PMEIEELIIZ 10 4 epoch Y
Bl ZRET A
Tab.5 Total time for each model to train

10 epochs on 4 datasets

TR t/s
BiLSTM 564
ATT-BiLSTM 588
Fusion model 668
BiLSTM-CNN 640
BiLSTM-DRCNN 706
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RLOMA T HERZIAUEE VIR RIER T 24 s, 42
H 1Y BILSTM-DRCNN S SRFERT fiz 1, {0 S0
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BiLSTM-DRCNN X . 55 4 2 A58 52 2 B A 24 1)
TREE 27 I AR ST DL SR e SSC3 e AR F Ea
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Fig.6 Convergence rate analysis
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