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Motion Planning in Practical Environments
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Research Questions

() What are good representations for generalizing to unseen environments?

¢ How can generative models learn task constraints like collision avoidance?



PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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Key-configuration environment representation
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Key-configuration environment representation
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Training with TrajOpt-based motion planning loss
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Training with TrajOpt-based motion planning loss
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Post-processing with trajectory optimization
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Quantitative Evaluation
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Qualitative Evaluation

colliding/collision-free
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Ablation Studies

@ Key-configuration representations vs Point-cloud representations?

@ Is training with motion-planning costs helpful?
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Test-Time Guidance

Q Improvement on trajectory generation through test-time guidance

() Additional computational overhead for guidance
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Conclusion

Key ideas
() task-related environment representation in C-space
() training with motion-planning loss
() post-processing with trajectory optimization

Main results

faster computation compared with pure planners

outperforming generative-model-based motion planners

* Project page:
https://kiwi-sherget.qgithub.io/PRESTO
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