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PhD Project Description

This project looks to:
o Combine methods from both Al and optimal control into optimal
motion planning
o Primarily reinforcement learning and generative Al
o Align with safety-critical applications. Thus achieve some level of
guarantee
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Discrete State Lattice

(a) Discretization of the continuous
state space into a lattice.

Planning the movement of a vehicle from A to B while minimizing
some cost.

Satisfy system dynamics and safety constraints.

State lattice and motion primitives.

Known costs to go between states, becomes a graph search.
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Motion Primitives
(b) Precomputed motion primitives

connecting neighboring lattice states.

LINKOPINGS
II.“ UNIVERSITET

4/24



o Use reinforcement learning (RL) to learn motion primitives for a
tractor with a dolly and a trailer. Start in an initial state, goal is to
reach a given final state. Considering both forward and backward
motion.

o Kinematic (bicycle) model from [1]. Assume o € [—F, Z].

Figure: An illustration of the tractor, dolly, and trailer system.

o Jackknifing when 35, 83 are too large.
KT
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o State-constraints are known to be a hard challenge for RL [2].

o Have constraints on final state and that 2, 33 € [~ 7, 5].
o Violations are penalized.

o When reversing, the system is unstable.

o Using a complementary LQ-controller to help stabilize.
o Called residual policy learning [3].

o Long horizons and sparse rewards.

o Addressed through gradually increasing the horizon.
o Called curriculum learning (a chain of transfer learning).
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o The system has an inherent symmetry, it can be mirrored in both
x-axis and y-axis.

o The problem remains the same, except for that the optimal control
changes sign.
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a) Mirroring in x-axis (b) Mirroring in y-axis
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Forward - slight turn
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Forward - slight turn
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Forward - challenging turn
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Forward - challenging turn
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Forward motion primitives
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Results

Usage of symmetry - forward

Average evaluation return across iterations
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: Comparison of mirroring and no mirroring for forward motion
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Reversing - slight turn
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Reversing - slight turn
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Reversing - challenging turn
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Reversing - challenging turn
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Backward motion primitives
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Results

Usage of symmetry - reverse

Average evaluation return across iterations
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Figure: Comparison of mirroring and no mirroring for reverse movement
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Results

Usage of LQ-controller for stabilization - reverse

Average evaluation return
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Figure: Comparison of using LQ-controller or not when reversing
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o Usage of symmetry was crucial to enable learning.

o LQ-controller accelerated learning, but seemed to degrade
performance. Could be due to the combination of residual policy
learning and constrained actions.

o Better at sharp turns for forward motion. When reversing, perhaps
must be on the edge of stability. In a noisy environment, this can be
problematic.
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Convergence can still be improved. Verify, through optimal control,
that the neural network can represent the policy.

Improve final convergence through optimal control generated samples?

The system is reversible, i.e. the controls for a given motion primitive
is reversed if velocity changes sign. This should make it possible to
accelerate learning further.

How to combine residual policy learning with action constrained
learning.
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Thanks for listening!
Questions?
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