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Multimodal Sentiment Analysis Based on Attention Neural Network

LIN Min-hong and MENG Zu-giang

School of Computer, Electronics and Information, Guangxi University, Nanning 530004 , China

Abstract In recent years,more and more people are keen to express their feelings and opinions in the form of both pictures and
texts on social media.and the scale of multimodal data including images and texts keeps growing. Compared with single mode da-
ta,multimodal data contains more information. It can better reveal the real emotion of users. Sentiment analysis of these huge
amounts of multimodal data helps to better understand people’s attitudes and opinions. In addition,it has a wide range of applica-
tions. In order to solve the problem of information redundancy in multimodal sentiment analysis task, this paper proposes a multi-
modal sentiment analysis method based on tensor fusion scheme and attention neural network. This method constructs the text
feature extraction model and image feature extraction model based on attention neural network to highlight the key areas of image
emotion information and words containing emotion information,so as to make the expression of each feature more concise and ac-
curate. It fuses each modal feature using tensor fusion method in order to obtain the joint feature vector. Finally,it uses support
vector machine for sentiment classification. The experimental results of this model on two real Twitter data sets show that com-
pared with other sentiment analysis models, this method has a great improvement in precision rate,recall rate,F1 score andaccu-
racy rate.
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1 just want to go out and
get an ice cream...

A girl is crying near a damaged
house where two militants were
killed in a gunfight with
security forces in Awantipora
village in Pulwama district.

Best of my travel in
Mecklenburg-Vorpommern,
#Germany, Day 2 :
Impressive #sunset, nice
landscape and #clouds!
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Fig. 1 Examples of images and texts from twilter
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Fig. 2 Framework of attention-based neural network model for

multimodal sentiment analysis
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Table 1  Details of experimental data set

Type Name Positive Negative
Twitter1269 769 500
Image dataset
Twitter10699 8443 2256
Text dataset TwitterText 58659 73221
Twitter603 470 133
Multimodaldataset
Twtter2014 1008 1006
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» https://datahack. analyticsvidhya. com/contest/practice-problem-twitter-sentiment-analysis/

3 https://download. pytorch. org/models/vggl16-397923af. pth
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Table 2 Experimental results on Twitter2014 dataset

F1 score=

Model Precision Recall F1 score Accuracy
VGG16 0.6216 0.5833 0.6018 0.6137
BiGRU -Text 0.7505 0.7133 0.7314 0.7378
NNM 0.8107 0.7391 0.7732 0.7830
CNNa 0.7325 0.6329 0.6791 0.7006
ABIGRU -Text 0.8313 0.7917 0.8110 0.8153
ANNM 0.8817 0.8284 0.8542 0.8585

%3 FE Twitter603 ZUHR4E | 5280 45

Table 3 Experimental results on Twitter603 dataset

Model Precision Recall F1 score Accuracy
VGG16 0.7762 0.7085 0.7408 0.6136
BiGRU -Text 0.8043 0.7872 0.7957 0.6849
NNM 0.8228 0.8298 0.8263 0.7280
CNNa 0.8084 0.7809 0.7944 0.6849
ABIGRU -Text 0.8463 0.8319 0.8391 0.7512
ANNM 0.8565 0.8766 0.8665 0.7894

M3 3 M4 ] LU L A SO 4R I 19 ANNM #8475
IRIEAE R Z BB ORI, 5340 ER 3 h T A BB
K2R 3 W2 F1 score B 45 A 40HE AH LU ki S AR SH 47, T
T A8 5 AT AR 15 BOAR LE BEAG . 3 1 A0 U6 B L A5 A0 X IE
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