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A visual question answering model for joint relational reasoning based on
gating mechanisms

HU Ting, HE Lili

( School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; The lack of accuracy in extracting visual objects related to the problem and the lack of reasoning ability of the
relationship between visual objects are two main reasons for the lack of reasoning ability of the existing visual question—answering
model. To solve these two problems, this paper proposes a gated mechanism—based joint relation reasoning visual question answering
model (VARG) , which uses the visual attention mechanism to focus on multiple areas related to the problem, extracts the top N
areas most relevant to the problem through the screening mechanism, and establishes visual relation features on this basis for visual
relation reasoning. The gating selection mechanism is introduced to dynamically control the contribution of visual features and visual
relation features to the answers, to improve the visual reasoning ability of the model. Experiments on VQA V2 data set demonstrate
the validity of the model.
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Fig. 1 Structure diagram of joint relation reasoning visual question answering model based on gating mechanism
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Fig. 2 Guided attention module
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Fig. 3  Total accuracy of the model under different filtering

parameters
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