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ABSTRACT

This paper introduces model-based meta reinforcement learning as a control for the manipulator of an underwater
construction robot. Model-based meta reinforcement learning updates the model fast using recent experience in a real
application and transfers the model to model predictive control which computes control inputs of the manipulator to
reach the target position. The simulation environment for model-based meta reinforcement learning is established using
MuJoCo and Gazebo. The real environment of manipulator control for underwater construction robot is set to deal
with model uncertainties.
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