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Abstract

Kinodynamic planning deals with the physical
effects of systems while conducting motion
planning. Depending on problems, it is hard to model
the state equations of the system under the study.
To solve such a problem, physics engine has been
considered as one of the valid methods. In this
paper, we present a learning—based state
propagator for kinodynamic planning, which

approximates the system's state response. Our

state propagator learns the pairs of states, controls,
duration, and corresponding states of the system
using neural networks. This state propagator makes
a planner consider state response of the system
whose state equation is unknown. We compare the
performance of the learning—based state propagator
with the one using a physics engine. We show that
our method finds a path faster with more samples.
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