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ABSTRACT

Task-oriented chatbots prevail in various filed with the artificial intelligent dialogue system. The need for chatbots in
customer services is growing, especially in education businesses given that there are many user inquiries and
consultation requests. However, current dialogue systems only function as simple reactions or predetermined and
frequently used actions. Meanwhile, the research about customized recommendation systems through artificial intelligence
is very active with a wide variety of educational content. Although a dialogue system and a recommendation system is
a core element in this domain, it has a limitation in that it is being conducted separately. Therefore, we present a
study on a recommendation system that can recommend user-customized lectures combined with a dialogue system.
With this combination, our system can respond to additional functions beyond these limitations. Through our research,
we expect that work efficiency and user satisfaction will be improved by applying chatbots in education domains that
are becoming more diversified and personalized.
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