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Abstract
This study aims to advance sensitivity analysis for strongly non-linear atmospheric and oceanic systems. Conventional adjoint-based sensitivity analysis relies on a tangent-linear approximation, which often breaks down as non-linear effects accumulate during model evolution. Moreover, constructing and maintaining adjoint models for complex geophysical systems remains technically demanding and time-consuming. To address these challenges, we investigate the potential of the Fourier Neural Operator (FNO) as a differentiable surrogate capable of estimating sensitivities directly from non-linear data through automatic differentiation.
Using the Lorenz‑96 system as an initial testbed, we show that FNO-derived gradients can approximate adjoint sensitivities in weakly non-linear regimes, while also suggesting a complementary pathway for capturing non-linear sensitivity structures that linear methods may overlook. A key finding is that training on continuous time-series data is essential for obtaining physically meaningful gradients, highlighting the importance of learning the underlying dynamical evolution rather than only endpoint mappings.
Motivated by these encouraging results, we extend this framework toward more realistic oceanic flows, with a particular focus on identifying sensitive regions for variables such as sea-surface temperature and upper-ocean dynamical fields. Such data-driven, differentiable surrogates offer a scalable alternative to manual adjoint development by enabling efficient assessment of how perturbations propagate through non-linear dynamics.


