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Abstract: One of the limitations of robotics is that it is difficult for robots to adapt to fickle tasks. A robot will inevitably
forget the knowledge from old environments or tasks when facing new environments or tasks. In order to summarize re-
search in continual learning for robotics, firstly, the framework and evaluation protocols in continual learning were intro-
duced. And then necessity and challenge of continual learning in the robotics were expounded. The research for continual

learning was also summarized. Finally, the prospect of continual learning was predicted and some valuable research di-

rections were put forward.
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