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Aspect-level multimodal sentiment analysis via object-attention

ZHU Chaojie', YAN Yuming?, CHU Baochang?, LI Gang?, HUANG Heyan', GAO Xiaoyan®

(1. School of Computer Science & Technology, Beijing Institute of Technology, Beijing 100081, China; 2. Beijing Huadian E-Com-
merce Technology Co., Ltd., Beijing 100073, China; 3. Faculty of Information Technology, Beijing University of Technology,
Beijing 100124, China)

Abstract: Aspect-level multimodal sentiment analysis (ALMSA) aims to identify the sentiment polarity of a specific as-
pect word using both sentence and image data. Current models often rely on the global features of images, overlooking
the details in the original image. To address this issue, we propose an object attention-based aspect-level multimodal
sentiment analysis model (OAB-ALMSA). This model first employs an object detection algorithm to capture the de-
tailed information of the objects from the original image. It then applies an object-attention mechanism and builds an it-
erative fusion layer to fully fuse the multimodal information. Finally, a curriculum learning strategy is developed to
tackle the challenges of training with complex samples. Experiments conducted on TWITTER-2015 data sets demon-
strate that OAB-ALMSA, when combined with curriculum learning, achieves the highest . These results highlight that

leveraging detailed image data enhances the model’s overall understanding and improves prediction accuracy.
Keywords: aspect-level sentiment analysis; multimodal; sentiment analysis; object detection; self-attention; natural lan-

guage processing systems; deep learning; feature extraction
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Fig.2 Impact of cluster quantity on the average number of
incorrect samples
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Table 1 Experimental data statistics
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Table 2 Results of contrast experiment
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Wk TD-LSTM 0.6830  0.6143
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ModalNet-BERT 0.7903  0.7250
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OAB-ALMSA 0.7839  0.7427
OAB-ALMSA-CL  0.7869  0.7479
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Fig. 3 Impact of iteration levels on model performance
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Table 3 Ablation experiment results

TH R A ACC Mac-F,
OAB-ALMSA-CL 0.7869 0.7479
OAB-ALMSA 0.7839 0.7427
w/o HRSRIE )2 0.7772 0.7259
wio ISR G 2 0.7733 0.7222
wlo R 0.7782 0.7216

w/o Object-Attention 0.7676 0.7208
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Table 4 Performance segmentation for length of aspect

ot e lenAspect=1 lenAspect=2
TH Rl AR
ACC F, ACC F,
w/o Object-Attention  0.755  0.710  0.778  0.728
wio BEBISRIAZ 0755 0702 0.788  0.740
wio ARASREZ 0744 0689  0.788  0.740
OAB-ALMSA 0.772 0733 0.789  0.745
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[Eddie] and the Faithfull Pearl
Jam fans in Buenos Aires . Photo
by @ epozzoni # PISA2013
Human Label: (positive)

w/o 1%£{8)Z: (neutral x)
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OAB-ALMSA : (positive V)
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OFFICIAL: [Martin] St . Louis

announces retirement from the
National Hockey League . # NYR

Human Label: (negative)
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OAB-ALMSA: (negative \)

(b) Zfi2
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Fig. 4 Experimental examples
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