Make Robots Plan Faster: Evaluating Action Sampling Efficiency using Generative Models
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To better perform everyday chores, such as organizing a bookshelf, home robots Forward noising Process
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plan both what to do and how to do. Solving this challenge, known as Task and
Motion Planning (TAMP), combines a symbolic planner for high-level actions
(e.g., pick up the book) with an action sampler that generates continuous motion
parameters (e.g., how far to extend the arm). Recent work uses Generative
Models as samplers, allowing robots to learn distributions of possible actions.
However, poor samples can cause action failures, increasing planning time and
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reducing efficiency. This work investigates the trade-off between sampling image.
qguality, the number of samples used, and their impact at task planning time
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