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Many relationships in the applied sciences can be modeled by an operator G : U → V with prominent
examples arising from partial differential equations. A central question is how variations in the input, for
instance different coefficient functions or forcing terms, affect the corresponding solution. Solving the underlying
PDE for each new input is typically computationally prohibitive.

Recently, neural-network-based approaches such as PINNs or DeepONets have been proposed to address this
problem by learning the operator itself, enabling fast evaluation for new inputs. While these methods often show
impressive empirical performance, their black-box nature makes rigorous analysis and interpretability difficult.

We pursue a different, kernel-based, approach to operator learning. Our method follows a two-stage sampling
strategy. First, we sample the space of input functions U and generate input–output pairs in U ×V, by applying
the operator G. In a second step, these functions are discretized at scattered spatial points, yielding fully
discrete data. By concatenating two kernel-based reconstructions, we obtain an approximation of the operator
G. This framework allows for a rigorous analysis of the approximation error. Moreover, we can incorporate
ideas from physics-informed learning, enabling the enforcement of structural properties such as divergence- or
curl-freeness directly at the reconstruction level.

In this talk, I will discuss the two-stage sampling process and the challenges it entails, present new error
estimates for the resulting kernel-based operator approximation, and outline possible extensions toward physics-
informed kernel-based operator learning.


