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Abstract of Thesis 

Technological advancements over the past centuries have been profoundly influenced by scientific
discoveries, ranging from Newton's laws and the Navier-Stokes equations to the Black-Scholes model
for financial markets. These scientific breakthroughs are achieved through diverse approaches, with
data-driven methods emerging as a promising tool for the sparse identification of partial
differential equations (PDEs), which are interpretable symbolic representations that govern system
dynamics across various scientific fields. Data-driven methods are particularly compelling due to
their flexibility and accuracy, as they require minimal prior knowledge and can adapt to complex
data, contrasting with traditional first-principles-based derivations. However, significant
challenges persist in developing robust data-driven methods for identifying governing PDEs
automatically. The key difficulty lies in optimizing for the true sparsity of system dynamics,
typically governed by a few dominant physical variables, especially when training data is of poor
quality, which naturally leads to inaccuracies in computed features. To address this issue, this
study proposes a noise-aware machine learning framework that integrates denoising physics-informed
neural networks (PINNs) with sparsity-promoting regression for robust PDE discovery. The automatic
PDE identification of the framework is guided by a new uncertainty-penalized Bayesian information
criterion (UBIC) that signifies the true governing structures with high success rates, outperforming
conventional criteria like AIC and BIC (Akaike and Bayesian information criterion, respectively).
UBIC incorporates quantified PDE uncertainty, a penalty for uncertainty in parameter estimation,
alongside the traditional model complexity, often defined by the number of nonzero parameters.
Numerical results confirm the successful application of the proposed framework for PDE discovery from
noisy spatio-temporal data. Additionally, this study introduces an effective way to train generalized
PINNs using adversarial multi-task learning. These contributions collectively are expected to advance
the frontier of data-driven scientific discovery, paving the way for more interpretable modeling of
complex systems.
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