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Abstract

Recently, chatbots have been applied in various fields and have shown good results, and many
attempts to use chatbots in shopping mall product recommendation services are being conducted on
e-commerce platforms. In this paper, for a conversation system that recommends a fashion that a user
wants based on conversation between the user and the system and fashion image information, a
transformer model that is currently performing well in various Al fields such as natural language
processing, voice recognition, and image recognition. We propose a multimodal-based improved
transformer model that is improved to increase the accuracy of recommendation by using dialogue
(text) and fashion (image) information together for data preprocessing and data representation. We also
propose a method to improve accuracy through data improvement by analyzing the data. The proposed
system has a recommendation accuracy score of 0.6563 WKT (Weighted Kendall's tau), which
significantly improved the existing system's 0.3372 WKT by 0.3191 WKT or more.
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[SEP]
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