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Abstract

Online public opinion has become a research field that cannot be ignored nowadays, and the use of
deep learning techniques for sentiment analysis of public opinion texts can be used to take appropriate
decisions on events. This paper proposes a public opinion analysis model based on CNN BiLSTM and
multi head attention (CBLMALtt) to address the issue of precise semantic and emotional feature extrac-
tion in current online texts due to changes in text sequence length and complex text meanings. The
model trains and learns from both online text data and aspect level data. Firstly, a variant of Convolu-
tional Neural Network (CNN) is used to extract advanced semantic features from text. Secondly, the ex-
tracted features are transferred as input to the bidirectional short-term memory network (BiLSTM)
layer, and the context features in the text are captured and represented using the characteristics of this
layer. Then, the BiLSTM layer is directly used to calculate the input data. Finally, among the variables
obtained by the two methods, the output hiding representation is transferred to the multi head atten-
tion layer, and the output layer of the softmax activation function is used to classify the emotional po-
larity. We evaluated our model on publicly available datasets and compared the average accuracy and
F1 values on these datasets, indicating that our method outperforms traditional models by more than
two percentage points. In addition, we also conducted ablation studies to demonstrate the impact of
different document level weights on learning techniques.
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Figure 1. CBLMALtt model structure
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Table 1. Statistics of experimental data

1. LIRS

Positive Neural Negative

Dataset

Train Test Train Test Train Test
Lapl4 994 341 464 169 870 128
Restl4 2164 728 637 196 807 196
Restl5 912 326 36 34 256 182
Restl6 1240 469 69 30 439 117
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WRAE Macro-F1 18I H) & T HAh g% L 77 . PABS-BIGRU 7E RES16 L HIUERfiZR B, N 89.30%, M4
HIJTIAE Macro-F1 B _EIMERI R i s, N 69.35%. FE2EICAHRAIIE, FoAI TR Bea IR I iz Ak
FPATAE T — 2o L R 3 Ry SRS R 8508 ok 138 FH 40, b K 2 B0 AS SR 28 10 AR H i
. EAEERR, IRATHTTVELE RES1S Ml RES16 $dE 4 FEGS T B35 408 Macro-F1 8.

4.4.

Table 2. Results of model comparison

2. RENSLEER

RES14 LAP14 RESI5 RES16
Method
Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1
ATAE-LSTM 77.20 67.02 68.70 63.93 78.48 60.53 83.77 61.71
IAN 79.26 70.09 72.05 67.38 78.54 52.65 84.74 55.21
RAM 80.23 70.80 74.49 71.35 79.98 60.57 83.88 62.14
MGAN 81.25 71.94 75.39 72.47 79.36 57.26 87.06 62.29
AOA 79.97 70.42 72.62 67.52 78.17 57.02 87.50 66.21
Ours 81.96 73.16 76.53 69.63 80.07 63.68 87.30 69.35
4.5. jHR4SELE

N T IR FEARSCHR Y AR PR AN [ A BT 20 f BEL IR 0 Wi 5 SR RE RS, e 3EAT 17 VM RS SR OB 7T
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LR SF

AR 3 B o I8N b 2 4sAN [R5 43 (S 2, mT A3 0 7E &N 5 BRI B 45 R b, B4A 1 CNN
A Bilstm 7EPUAMN R LRI IR R UL A 2, TAEMAZ ki B ibLil G, #EfZA Macro-F1 #H 1
AR T, SR1 CNN A Bilstm 2H & JG FEAR I 22 3kid B L S 2E DY AN Ei 48 E IR IETA &
FK. o, AR BRI A k4 R R ILEEAR TR .

Table 3. Results of ablation studies
% 3. HHTSLER

RES14 LAP14 RES15 RES16
Method
Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1

CNN 71.77 68.50 67.71 65.10 76.68 61.38 83.88 65.65
Bilstm 78.75 67.66 71.94 68.22 78.04 60.13 86.55 66.02
CNN-MAtt 78.84 69.18 72.32 68.78 78.62 62.02 84.23 66.31
Bilstm-MA(tt 80.18 71.40 75.63 69.04 78.66 60.53 86.82 66.39
CNN-Bilstm 81.06 72.42 74.96 68.93 79.17 62.32 85.50 66.01
Ours 81.96 73.16 76.53 69.63 80.07 63.68 88.14 72.40

AL, AR SO R SO AN [ 253 SRAR FUA [R] SCAS A EAS [F) 54 B b o s 28 7= A (1) 52
FLSEIR S IR NEE 4 fvR. HIERATAL AE 0.1 2 1.0 2 [A][# A EE & R L R AR bkl i, A 1.0 1
AR PV REAR BB fE o 3RS S UL B A8 B SCRY B EE AN [R], 2 P ABE AR 1) 1 e RSO AR O 1) 2
RETEABIR, RSO E, BRHMCOR A 2k 2Rk,

Table 4. Results of document weight ablation

4. MHENEHBMER

RES14 LAP14 RES15 RES16
' Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1
0.1 79.20 69.01 68.54 65.22 78.55 56.83 84.66 68.33
0.2 79.10 69.17 68.10 66.77 78.10 57.18 83.02 68.43
0.3 78.55 68.24 67.66 66.35 78.32 57.34 85.12 67.63
0.4 78.02 67.86 68.24 67.31 78.39 58.22 83.46 69.25
0.5 78.22 68.21 69.21 66.58 79.62 59.31 84.61 70.06
0.6 79.55 69.12 68.02 67.62 79.12 58.62 85.15 69.53
0.7 79.35 67.77 69.43 68.12 78.22 59.33 83.56 71.44
0.8 80.14 68.45 70.56 67.66 78.47 60.22 85.72 70.82
0.9 79.46 70.14 69.55 68.21 79.65 59.03 85.39 71.05
1.0 81.96 73.16 76.53 69.63 80.07 63.68 88.14 72.40

4.6. EREHXM

AT N E BRI AT GRUR MU T REXS S AR R VR BE I, ASCRGBUZMEH A 1 2] 4
BEATHE LT, HAERWIE 2 o, mSEIRg RS, KGR H B0y 2 i, SRR RERCR
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Figure 2. Effect of number of convolutional layers on accuracy and F1 value respectively

2. ERENHE S XNERERM F1 BRI

4.7. BH D

N T BERSTE INTEMTHL T CBLMAt R PERE, 7EASHY Ao i 5 HoAh P MR AR = AN IR = 45
AT, B4R 5 fiR.

Table 5. Case studies

5. =l
Case study Label Prediction Model
\ Neg. IAN
1. The qua.hty of. this person is really low, it’s Neg. N Neg. MGAN
really disgusting.
\ Neg. CBLMALt
X Neg. IAN
2. Although he looks fierce, he is indeed a Pos. N Pos. MGAN
good person.
V Pos. CBLMALt
X Pos. IAN
. . .
3. I think What. he said is okay, buF I can’t Neu. « Neg. MGAN
find any evidence to support him.
V Neu. CBLMALt

FE=AEGIF, BARHRBEER AR ISR, P80 Som A HShRgs, = MR T 45 R
SRTETM B, IR F N A SRt TRINGE RAEAT HIT . 2R 1 TR F AR T R
Rt oromg, B =MERAEBEAT T TG #R A5 T IER RS R RSB 2 A 1 R AR
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