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ABSTRACT

In this paper, we discussed the necessity and importance of introducing feature stores to establish a
collaborative environment between data engineering work and data science work. We examined the
technology trends of feature stores by analyzing the status of some major feature stores. Moreover, by
introducing a feature store, we can reduce the cost of performing artificial intelligence (Al) projects and
improve the performance and reliability of Al models and the convenience of model operation. The future task
is to establish technical requirements for establishing a collaborative environment between data engineering

work and data science work and develop a solution for providing a collaborative environment based on this.
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