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Text-Image Gated Fusion Mechanism for Multimodal Aspect-based Sentiment Analysis

ZHANG Tianzhi' ,ZHOU Gang"*,LIU Hongbo' , LIU Shuo' and CHEN Jing'
1 Information Engineering University,Zhengzhou 450001, China

2 State Key Laboratory of Mathematical Engineering and Advanced Computing,Zhengzhou 450001, China

Abstract Multimodal aspect-based sentiment analysis is an emerging task in multimodal sentiment analysis field, which aims to
identify the sentiment of each given aspect in text and image. Although recent research on multimodal sentiment analysis has
made breakthrough progress,most existing models only use simple concatenation in multimodal feature fusion without consider-
ing whether there is semantically irrelevant information in image with text, which may introduce additional interference to the
model. To address the above problems.this paper proposes a text-image gated gusion mechanism(TIGFM) model for multimodal
aspect-based sentiment analysis, which introduces adjective-noun pairs(ANPs) extracted from the dataset images while text inter-
acts with image, and treats the weighted adjectives as image auxiliary information. In addition, multimodal feature fusion is
achieved by constructing a gating mechanism that dynamically controls the input of image and image auxiliary information in fea-
ture fusion stage. Experimental results demonstrate that TIGFM model achieves competitive results on two Twitter datasets,and
then validate the effectiveness of proposed method.

Keywords Multimodal aspect-based sentiment analysis,Gated fusion mechanism, Adjective-noun pairs, Image auxiliary informa-
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Table 1  Statistics of two Twitter datasets

Twitter-2015 Twitter-2017
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Table 3 Experimental results of TIGFM and comparison baselines

on two Twitter datasets

7]
Twitter-2015 Twitter-2017
A A - .
Acc Fl1 Acc Fl
1% Res-Target 59. 88 46. 48 58.59 53.98
AE-LSTM 70. 30 63.43 61.67 57.97
. MGAN 71.17 64. 21 64.75 61.46
S BERT 74,15 68. 86 68.15 65. 23
RoBERTa 76.28 71.36 69.77 68. 00
MIMN 71. 84 65. 69 65. 88 62.99
ESAFN 73.38 67.37 67. 83 64.22
1R+ TomBERT 77.15 71.75 70. 34 68.03
X AR CapBERT 78.01 73.25 69.77 68. 42
CapRoBERTa 77.82 73.38 71.07 68.57
TIGFM 78. 66 73.89 72.12 70. 58
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Fig.4 Ablation results of TIGFM [€79)
Lo Twitter-2015 Twitter-2017
L
Ace F1 Ace F1
TIGFM 78. 66 73.89 72.12 70.58
% B IAL 77.37 72.32 71.61 69. 80
% % IGM 78.24 73.26 71.96 70. 39
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Table 5 Effect of batch size on model performance
%
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batch size B &

Acc F1 Acc F1
8 77.47 73.16 71.82 70. 44
16 78. 66 73.89 72.12 70.58
32 78.08 73.25 71.94 70.51
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Table 6 Case analysis of CapRoBERTa and TIGFM
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bright stars christian concert
ANPs christian saint empty trash
young adult energetic performance
holy cross favorite club
Hse (Madonna, Pos) (One Love Manchester,Pos)
CapRoBERTa  (Madonna, Neu) (One Love Manchester, Neu)
TIGFM (Madonna, Pos) (One Love Manchester,Pos)
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