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Multimodal Fine-grained Sentiment Analysis Based on Aspect Perception
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Abstract: The existing multimodal fine-grained sentiment analysis models have problems of insufficient extraction of textual and vi-
sual features and neglect of guiding role of aspect during modality fusion. To address these issues, an aspect percept multimodal fine-
grained sentiment analysis model was proposed. Firstly, a semantic alignment module was designed to capture aspect clues in imag-
es, enhancing aspect awareness. Secondly, an aspect-oriented syntactic dependency graph and an emotion syntactic graph attention
network were constructed to explore complex dependency relationships related to aspect in the text from multiple perspectives.
Thirdly, a multi-feature encoding module was developed to extract rich visual feature clues. Finally, a dual cross-attention mecha-
nism was introduced to obtain bidirectional interaction information between text and image modalities. The quality of aspect features
was further improved using a gated semantic graph convolutional network and an aspect masking mechanism, while an attention
mechanism was employed for aspect percept modality fusion. The experimental results demonstrated that, compared to baseline
models, the proposed model achieved average accuracy improvements of 3.00 and 2.78 percentage points on the Twitter-2015 and

Twitter-2017 public datasets, respectively, along with average Macro-F'1 score increases of 3.50 and 2.53 percentage points. These
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findings confirmed the model's effectiveness in enhancing the performance of multimodal fine-grained sentiment analysis.

Key words: syntactic dependency graph; multi-feature encoding; emotion syntax graph attention network; gated semantic graph con-

volutional network
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Table 3 Parameter settings

29 Twitter-2015  Twitter-2017
IR AL 8 9

SRSk 2X10°° 2X10°°
Dropout 0.9 0.9
Batch size 16 16
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LTINS 32 32
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fIE I 5T

FITE'®' (Face-sensitive Image-to-emotional-
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KEF-TomBERT """’ (A Knowledge-enhanced
Framework—Target-oriented Multimodal BERT ) #4J
A R TE 1 o A SR R LR OCHEAR D, R s A
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Table 4 The experimental results of the algorithms on the
datasets Twitter-15 and Twitter-17
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Table 5 Comparison experiments of different ANPs detectors
%

Twitter-2015 Twitter-2017

% Acc Macro-F1 Acc Macro-F1
Twitter-2015 Twitter-2017 SentiBank 79.14 75.02 71.19 69.75
B Acc  Macro-F1  Acc  Macro-F1 DeepSentiBank 79.91 75.65 72.89 70.36
MIMN 71.84 65.69 65.88 62.99 )
ESAFN® 73.38  67.37  67.83  64.22 6 HBEBER
SaliencyBERT! 77.03 79.36 69.69 67.19 Table 6 Results of ablation experiment
TomBERT? 7715 7175 7034 68.03 %
GLFFCA+BERT®  77.72 7421 7115  69.45 wo Twitter-2015 Twitter-2017
EF-CapTrBERT™  78.01 73.25 69.77 68.42 Acc Macro-F1 Acc Macro-F1
HiMT!6! 78.14 73.68 71.14 69.16 w/oS 78.56 74.25 72.41 69.07
FITE®! 78.49 73.90 70.90 68.70 w/oR 77.16 73.11 69.92 67.81
KEF-TomBERT! 7868  73.75 7212  69.96 w/oE 78.64 73.42 70.84 68.98
AMIFNE 78.69 75.50 72.29 70.21 w/oM 79.78 75.38 72.74 69.85
AP-MFG 79.91 75.65 72.89 70.36 w/o A 79.15 75.02 72.32 69.72
w/oD 79.74 75.22 72.72 69.62
AN, X B WK AR B R KEF-TomBERT , 7¢ w/oG 79.72 74.92 72.71 69.55
Twitter-2015 B2 & F I HEH R T+ T 1.23 4 AP-MFG 79.91 75.65 72.89 70.36
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Fig. 3 The influence of the quantity of ANPs on prediction performance
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Fig. 4 The influence of node attention calculation times on prediction performance
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Fig. 5 The influence of relational attention calculation times on prediction performance
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Fig. 6 The influence of attention levels of emotion syntactic graph on prediction performance
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Fig. 7 The impact of the numbers of network layers on the performance of the gated semantic graph volume
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