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Text-based Visual Question Answering with Al Design
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ABSTRACT: It analyzes the effectiveness of the text visual question answering model based on Al design, aiming to
better guide the construction of current artificial intelligence models with Al design, and improve model performance and
user experience. It is based on the traditional text visual question answering framework, and the current model can be im-
proved by combining Al design. Specifically, it includes strengthening relationship mining based on the principles of
scenario design, predicting answer keywords according to the needs of different levels of understanding, and analyzing the
problems that the model will face when it is put into application. Modifying the model based on Al design can further
improve the performance of the model, and modeling the cognitive differences of different ages through Al design to
guide response generation can improve the overall user experience. Through theoretical analysis and experimental com-
parison, it can be concluded that Al design is an important step in the application of Al technology. Reconstructing the
model based on Al design can improve the performance of the current model, solve the user experience problems that will
be faced in the implementation of Al technology, and meet the needs of different groups of people.
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Fig.1 Text visual question answering task
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