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Abstract

Modern engineering systems are designed to achieve high performance in safety, stability, and
efficiency, yet their operation is often challenged by uncertainties arising from environmental
disturbances and varying operating conditions, necessitating the use of active control strate-
gies. By integrating sensing, computation, and actuation, active control enables adaptive and
reliable system response in real time. Recent advances in machine learning have introduced
data-driven control approaches that allow real-time decision-making without explicit online
optimization. However, these methods are inherently limited by a trade-off between sample
efficiency and modeling bias: approaches that reduce modeling bias often require extensive
interaction with the environment, while more sample-efficient methods rely on approximate
models that may lack accuracy and generalizability. These challenges highlight the need for
frameworks that enable reliable predictive control in partially or fully unknown environments
while remaining computationally efficient. Addressing this gap, this thesis develops a suite
of novel machine learning methodologies for learning parsimonious and generalizable mod-
els, enabling rapid and reliable prediction of complex nonlinear dynamical systems under
parametric uncertainty, and facilitating efficient computation of optimal control policies for
interaction-free, model-agnostic, predictive, and scalable decision-making.

The central challenge in model-agnostic predictive control lies in the limited availability of
accurate physical knowledge, without which reliable planning of control actions becomes dif-
ficult. Existing data-driven approaches typically rely on black-box surrogate models, which
often suffer from poor generalization beyond the training regime. Recent advances have ad-
dressed this limitation by discovering interpretable governing equations, yielding models that
are physically consistent and capable of generalizing over long prediction horizons. Build-
ing on this progress, this thesis proposes an interpretable Lagrangian discovery framework,
where Lagrangian descriptions are identified directly from data in an explicit and structured
form. By integrating the resulting models with classical Model Predictive Control (MPC), a
model-agnostic MPC framework is developed that enables predictive control in partially or
fully unknown environments. This approach eliminates the need for continual online model
updates, rendering MPC both practical and effective for complex real-world systems.

While the proposed model-agnostic data-driven MPC framework eliminates the need for re-
peated online model updates, its real-time deployment remains constrained by the computa-
tional cost of repeatedly simulating the discovered physics using high-fidelity solvers. This lim-



itation is particularly significant in predictive control, where system evolution must be evalu-
ated over a finite horizon at each control step. To address this bottleneck, this thesis introduces
the Wavelet Neural Operator (WNO), an operator learning framework that learns a parameter-
ized mapping between function spaces, enabling rapid inference of complex spatiotemporal
dynamics. By leveraging the timefrequency localization properties of wavelets, WNO effec-
tively captures evolving spatial features. Furthermore, by combining wavelet-domain con-
volution with an integral formulation inspired by Greens theorem, WNO learns an implicit
Greens kernel which, coupled with nonlinear activations, provides an efficient and accurate
approximation of the underlying nonlinear operators.

Building on WNO, this thesis introduces the Multi-Fidelity Wavelet Neural Operator (ME-WNO)
and the Neural Combinatorial Wavelet Neural Operator (NCWNO) to address data efficiency
and generalization challenges in operator learning. ME-WNO exploits the correlation between
expensive high-fidelity data and inexpensive low-fidelity data (e.g., from reduced-order mod-
els or coarse discretizations) to learn accurate high-fidelity solution operators. In parallel,
NCWNO reduces data requirements by learning a combinatorial operator across multiple so-
lution mappings and rapidly adapting to new physical systems with minimal additional data,
thereby functioning as a foundation-like neural operator capable of generalizing across fam-
ilies of partial differential equations. By replacing repeated evaluations of computationally
expensive solvers with WNO-based surrogates, the proposed framework enables accelerated
planning, efficient adaptation, and continual learning without retraining from scratch, es-
tablishing a scalable and computationally efficient paradigm for surrogate-based predictive
control.

Although neural-operator-enhanced model-agnostic MPC improves efficiency over classical
MPC, real-time deployment remains constrained by the cost of online optimization. Deep
reinforcement learning (DRL) offers an alternative via parameterized policies executable at
inference; however, purely data-driven DRL is sample-intensive, while model-based variants
suffer from inaccuracies due to online model learning. To address these limitations, this thesis
introduces the Model-Agnostic Predictive Temporal Difference (MAP-TD) framework, which
leverages a pre-trained, interpretable, and parsimonious dynamics model discovered offline
using sparse Bayesian learning. This enables accurate long-horizon prediction and efficient
policy learning via temporal-difference optimization, augmented with a terminal value func-
tion. Additionally, a hybrid simulation strategy combining high-fidelity solvers and a WNO-
based surrogate is employed to accelerate training, resulting in interaction-free and sample-
efficient control.

Finally, the feasibility of the proposed MAP-TD framework is demonstrated on two large-scale
benchmark problems: wind-induced vibration mitigation in a flexible skyscraper and flow-
induced vibration control in flow past a cylinder. In both cases, MAP-TD learns control policies
that can be directly deployed without retraining, enabling real-time control. By leveraging a
parsimonious dynamics model with sustained predictive capability, the framework eliminates
the need for online model updates and avoids direct interaction with the environment during
training, resulting in significantly improved sample efficiency. Quantitatively, MAP-TD achieves
approximately 3000 times faster inference compared to classical MPC, while maintaining com-
parable or improved control performance, highlighting its effectiveness for efficient control in
high-dimensional systems with unknown dynamics.
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sifafgaarett @ gwifad gtar g, fSaeh eror afeea d=or orifaat & srasgerar 3= gidt
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