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Challenges

& Sample-based methods: High computational costs
& Optimization-based methods: Sensitivity to initialization

% Generative models: Poor generalization to unseen problems

Research Questions

' What are good representations for generalizing to unseen
environments?

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

Results

-‘-——-——--—--——.— ————————————————————

ate

--------------------------------------------------------------------------------------------------------

_____________________________________________________________________

e e e e e e @ e e e e e e

Penetration depth Collisionr

Time [sec] (log scale)

—e— Bi-RRT —e— TrajOpt SceneDiffuser -#-- Motion Planning Diffusion (MPD) ® PRESTO (Without Post-Processing) =—g== PRESTO

The University of Texas at Austin ON ROBOTICS AND AUTOMATION

KAIST A L

ATLANTA

PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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