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Incremental learning and object recognition system
based on intelligent HCI. a survey
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Laboratory of Intelligent Information Processing, Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190,
China)

Abstract ; Intelligent HCI systems focus on the interaction between computers and humans and study whether com-
puters are able to apprehend human instructions. Moreover, this study aims to make the interaction more independ-
ent and interactive. To some extent, incremental learning is a way to realize this goal. This study briefly introduces
the tasks, background, and information source of intelligent HCI systems; in addition, it focuses on the summary of
incremental learning. Similar to the learning mechanism of humans, incremental learning involves acquiring new
knowledge on a continuous basis. This allows for the intelligent HCI systems to have the ability of self—growth. This
study surveys the works that focus on incremental learning, including the mechanisms and their respective advanta-
ges and disadvantages, and highlights the future research directions.
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Fig.4 The conditions of incremental learning
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