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Data-based approaches are gaining increasing attention for generating or improving simulation 
models in CSE. Application settings comprise modelling from data, i.e. measurements are given, and 
we aim to find a model, that can be used for simulation, or approximative surrogate modelling, 
where a model is given and a cheap surrogate model is constructed based on simulation data of the 
former. 
 
In this presentation I focus on kernel methods for generating such models. These powerful 
techniques have proven to be successful in various applications in data-science such as pattern 
recognition, machine learning, bioinformatics, etc. In addition to relevant applicability, they also 
enable elegant mathematical analysis in so called reproducing kernel Hilbert spaces (RKHS). 
 
In the context of dynamical systems, kernel methods can be used for sparse vectorial function 
approximation, for example by vectorial support vector regression or the vectorial kernel 
orthogonal greedy algorithm (VKOGA). 
For the VKOGA theoretical analysis can be given in terms of local optimality and convergence rates 
[2,3]. Extensions including regularization can cope with noise in the observed target values. The 
resulting approximants allow efficient computational acceleration in multiscale problems [4]. Also 
they enable higher-level simulation tasks such as efficient sampling for uncertainty quantification  
of stochastic PDEs, where they outperform other state-of-the art methods [5]. A recent application 
demonstrates the use for inverse problems by parameter 
and state estimation [6].  
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