55 234 4 4 LGRS Vol. 23 No. 4
20244F 4 H Software Guide Apr. 2024

BT3B ET NGB E TS

P, ZFRREBRE, TR, BoLm

b R K A AALE R Ak KX 430079)

—~

W B RGHRRIN T ERFAMABEALTFESPHRETLHABLHE, RE R SR IERAS AR REF
M, Ao, AR E NN G AT AT 2 W % T T8 EE Ak aA SRR BT EA L AR R A T
SRR R ISR G B AR, R A A S IRk S A R B T S M A BAE, R A LKA A EE IR IR
BB ALF AL T G BT B, RAPHERRE SR AL, RO LB SHIE FHACRAE, A A IHEE Lt
ATIRIE R B, 183t b % by ik AT PRAR VA B At 1 S0 S AL A HEAT I Bk S 0h G S AT RRAR R LR BT e By R AR

KEEIR : PSR SIT; 2 KEE N IEmk b B R A

DOI: 10. 11907/rjdk. 231294 FHAMFE(FRERS)FHRIRG (0SID) :
FE DK S :TP391 X EKFRIZAG : A X E S :1672-7800(2024)004-0178-08

Graphic Sentiment Analysis Based on Pairwise Attention Mechanisms

LI Jinzhe, WU Yuxian, CAI Junkai, WANG Chengji, JIANG Xingpeng
(School of Computer Science , Central China Normal University , Wuhan 430079, China)

Abstract: Traditional sentiment analysis methods are unable to effectively handle a large amount of multimodal graphic and textual data on so-
cial platforms, exposing the problem of poor performance in multimodal feature fusion. To this end, a multimodal sentiment analysis model
based on dual attention mechanism fusion is established by combining attention mechanism and feedforward neural network. This model utiliz-
es pre trained models to extract text and image features, strengthens public features belonging to multiple modalities using a cross modal fea-
ture fusion module, extracts effective information from private features belonging to a single modality using a single modal self attention mod-
ule, and finally concatenates and fuses multimodal features to achieve efficient representation of multimodal data. Validation experiments were
conducted on the Twitter image and text dataset, comparing with various methods and conducting ablation experiments on internal modalities ,
confirming that the proposed model has good sentiment classification performance.
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Fig. 1 Graphic example of MVSA dataset
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Fig.2 Structure of multi-head attention mechanism
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Table 1 Multimodal data label determination example
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Fig. 4 MVSA dataset prediction example
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Fig. 6 Ablation experiments results of removal of unimodal self-attentive mechanisms
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Fig.7 The impact of PAM layers on model performance
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