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Supervised continual learning has been studied extensively on internet-based datasets,
but embodied scenarios are one of the most promising directions.

Does traditional continual learning extend to embodied scenarios?

Visual Odometry Continual Learning in Embodied Scenarios
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Domain-incremental, single regression task
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Not really.

Embodied scenarios introduce: Even in a simple embodied setup (domain However, the added complexities

- Additional challenges (longer sequences, incremental, single task, coarse granularity, associated with an embodied system can
sensor and control noise, less common passive-only environmental interaction), actually become advantageous: multiple
tasks, complex real-world dynamics). naive incremental learning presents a large sensors and actuators mean that additional

- New problem dimensions (continual performance gap wrt IID, and known CL information is often available, and can
scenario granularity, levels of interaction).  techniques are not sufficient to close it. significantly alter the learning problem.



