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Abstract

Underwater robots in shallow waters usually suffer from turbulent flows and strong waves.
Such disturbances may frequently exceed the robot’s control constraints, thus severely
destabilize robot during task operation. Conventional disturbance observer and model
predictive control are not particularly effective since they heavily rely on a sufficiently ac-
curate dynamics model. Learning-based controllers are able to alleviate model dependency
and achieve high computational efficiency. Learned control policies normally specialize on
one dynamics model, and may not directly generalize to other models. Transfer learn-
ing offers a pathway to bridge the mismatch between different dynamics models. In this
thesis, reinforcement learning algorithms are applied that enables optimal control of un-
derwater robots under unobservable excessive time-correlated disturbances, and transfer
learning algorithms are implemented for control policy adaptation under dynamics model

mismatch.

History Window Reinforcement Learning (HWRL) and Disturbance Observer Network
(DOB-Net) are developed for disturbance rejection control. Both algorithms jointly op-
timize a disturbance observer and a motion controller, and implicitly learn embedding
of disturbance waveforms from motion history of robot. A modular design of learning
disturbance rejection controller is also developed. A Generalized Control Policy (GCP) is

trained over a wide range of disturbance waveforms, an Online Disturbance Identification
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Model (ODI) exploits motion history of robot to predict the disturbance waveforms, which
served as input to GCP. Together, GCP-ODI provides robust control across a wide variety

of disturbances.

Transfer learning algorithms are applied to address the mismatch between a mathematical
model of system dynamics developed from the fundamental principles of dynamics and an
empirical model of system dynamics derived from real-world experimental data. Hybrid
Policy Adaptation (HPA) is first proposed where learning a model-free policy under the
empirical model is accelerated by pre-training a model-based policy with the mathematical
model. Transition Mismatch Learning (TML) is then proposed that learns a compensatory
policy based on the modular architecture of GCP-ODI through minimizing transition

mismatch between the mathematical model and the empirical model.

Numerical simulations on a pose regulation task have demonstrated that HWRL, DOB-
Net and GCP-ODI can successfully stabilize the underwater robot across a wide range of
disturbance waveforms, and outperform conventional controllers and classical RL policies.
Both HPA and TML achieve satisfactory control performance when deployed under the

empirical model, with high sample efficiency and avoidance of initial exploratory actions.
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