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Abstract

Practical engineering systems inherently exhibit uncertainties arising from factors such as
random variations in geometry, material properties, boundary conditions, and loading sce-
narios. Despite these uncertainties, ensuring that systems consistently meet desired perfor-
mance standards during operation remains a critical requirement. Consequently, the quan-
titative assessment of these uncertainties is indispensable, necessitating their systematic
incorporation into analysis and design frameworks. Achieving this demands robust method-
ologies that integrate probability, statistics, and the principles of mathematical and physical
sciences for uncertainty quantification and reliability analysis. However, such frameworks
often encounter computational bottlenecks, particularly due to the reliance on expensive
numerical solvers. On the other hand, analytical approximation methods may yield un-
reliable solutions or fail to handle irregular domains and high-dimensional input spaces
effectively.

Traditional surrogate-based approaches offer partial relief from these challenges but are
not without their own limitations. They often struggle with high input dimensionality, re-
quire extensive training data, exhibit limited generalizability beyond the training domain,
and face difficulties in addressing long-term, time-dependent problems. These shortcom-
ings underscore the need for innovative modeling methodologies that are computationally
efficient and scalable. This thesis addresses these gaps by developing a suite of advanced
machine-learning methods tailored to solve stochastic mechanics problems under paramet-
ric uncertainty, providing a foundation for accurate, reliable, and scalable uncertainty quan-
tification in complex engineering systems

Dealing with high dimensional inputs is one of the persisting problems in uncertainty quan-
tification and reliability analysis. Traditional approaches often rely on dimensionality re-
duction techniques to identify a low-dimensional manifold, enabling surrogate models to
be trained in this reduced space. Unsupervised dimensionality reduction methods, such as
Principal Component Analysis (PCA), are widely used to approximate lower-dimensional
representations based solely on input variable information. However, these methods dis-
regard the target data (i.e., the quantity of interest) and often fail to effectively reduce
dimensionality, particularly when all input variables contribute nearly equally to the out-
put. To overcome these limitations, this thesis proposes a novel approach for solving high-
dimensional reliability analysis problems. The proposed method employs the active sub-



space algorithm to learn a low-dimensional manifold by leveraging the gradient informa-
tion of the response variable. Recognizing the challenges in gradient estimation, the frame-
work integrates a sparse learning algorithm with the active subspace method, resulting in
the Sparse Active Subspace (SAS) algorithm. This approach projects high-dimensional in-
puts onto a reduced-dimensional space identified by SAS, where a more accurate surrogate
model, the Hybrid Polynomial Correlated Function Expansion (HPCFE), maps the inputs to
the output response. The resulting framework proves highly efficient for time-independent
reliability analysis in high-dimensional systems. However, direct application to dynamic
systems remains a limitation, necessitating further advancements.

Modeling the reliability of complex and nonlinear dynamical systems remains a signifi-
cant challenge in structural reliability and uncertainty quantification, as most traditional
methods are constrained to time-independent systems. To address this limitation, this the-
sis introduces a Koopman operator-based approach for time-dependent reliability analysis.
Koopman theory enables the transformation of nonlinear dynamical systems into linear
ones by identifying intrinsic coordinates, allowing the seamless computation of time evolu-
tion even for systems exhibiting nonlinear or chaotic behavior. However, determining these
intrinsic coordinates has traditionally been a challenging task.

To overcome this, a novel deep learning framework is developed that learns Koopman ob-
servables in an end-to-end manner, subsequently using these observables for time marching
the systems dynamic response. Two distinct architectures are proposed: one tailored for
systems with uncertainties in initial conditions and the other designed for systems with
uncertainties in underlying parameters. These frameworks demonstrate robustness and
the ability to generalize to unseen environments, effectively handling out-of-distribution
predictions. However, despite its strengths, the direct application of the Koopman-based
approach to long-term response prediction does not yield satisfactory results. This necessi-
tates extending the frameworks capabilities to address such scenarios. To this end, a novel
operator learning approach, referred to as the “Waveformer”, is proposed to model dynam-
ical systems with enhanced accuracy and scalability. The Waveformer integrates wavelet
transforms for capturing the spatial multi-scale behavior of the solution field with trans-
formers for modeling long-horizon temporal dynamics. Numerical evaluations highlight
the Waveformers exceptional performance in learning solution operators, significantly sur-
passing existing state-of-the-art operator learning methods, particularly in extrapolation
tasks. Furthermore, waveformer performs exceedingly well in solving uncertainty quantifi-
cation and time-dependent reliability analysis problems. This advancement paves the way
for more reliable and efficient modeling of dynamical systems under uncertainty.

While the developed frameworks demonstrate strong performance in uncertainty quantifi-
cation for high-dimensional systems, they are notably data-intensive, relying on extensive
training datasets that are typically generated using computationally expensive solvers. This
reliance poses a significant challenge for scaling these methods to more complex systems.
To address this, Physics-Informed Neural Networks (PINNs) have emerged as a promis-
ing alternative. By embedding governing physical laws directly into the training process,
PINNs reduce the dependency on labeled data. However, standard PINNs encounter limi-
tations when applied to problems with complex solution domains or discontinuities, as the
reliance on automatic differentiation creates a computational bottleneck and impacts per-
formance. To overcome this limitation, a novel Stochastic Projection-based Gradient-Free
Physics-Informed Neural Network (SP-PINN) is proposed. This framework combines the
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stochastic projection theory with the principles of PINNs, and is proven to be efficacious in
problems involving the regular domain, complex domain, and complex response. Unlike
traditional PINNs, SP-PINN avoids the reliance on automatic differentiation, allowing for
the incorporation of non-differentiable neural network architectures, such as convolutional
neural networks, into the training process. This flexibility makes SP-PINN particularly effec-
tive across a range of problems, including those with regular domains, irregular geometries,
and intricate solution responses. However, despite its success in achieving high accuracy for
fixed input conditions, SP-PINN requires retraining whenever boundary conditions, initial
conditions, or source terms change, limiting its applicability to stochastic mechanics prob-
lems. To address this limitation, a physics-informed wavelet neural operator (PIWNO) is
proposed in this thesis that can seamless solve both time-dependent and time-independent
reliability analysis problems. By integrating physical principles directly into the learning
process, PIWNO eliminates the need for labeled training data generated by conventional
solvers, offering a robust and efficient framework for solving families of parametric PDEs
across a variety of engineering and scientific domains.

The final part of this thesis extends the development of advanced operator learning frame-
works to address two critical applications: reliability analysis using the PIWNO and cardio-
vascular modeling with the geometry-adaptive waveformer. For reliability analysis, PIWNO
was employed to tackle high-dimensional engineering systems governed by parametric un-
certainties, including diffusion-reaction systems and fluid flow through porous media. Both
time-independent and time-dependent reliability analysis problems were tackled. By inte-
grating physical laws directly into the learning process, PIWNO eliminates the dependency
on labeled datasets, offering an efficient and scalable solution for quantifying uncertainties
and reliability analysis in high-dimensional stochastic systems. For cardiovascular mod-
eling, the waveformer was extended to handle irregular anatomical geometries and the
time-dependent dynamics of cardiovascular systems. A geometry-adaptive approach was
developed, transforming data from the irregular spatial domain into a regular latent space
to efficiently learn patient-specific dynamics. The results obtained are found to be highly
accurate, with a coefficient of determination over 0.9 in most cases. These advancements
illustrate the potential of the developed frameworks to tackle diverse real-world problems,
from engineering reliability to biomedical applications, while addressing computational
challenges and enabling scalable, efficient solutions.
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