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ABSTRACT

Simulations have become a very important tool in engineering sciences throughout the last decades.
However, when applied to engineering problems, they often require large amounts of computation
time and may run multiple weeks or even months on modern supercomputers. Despite the increasing
computational capabilities, some typical problems cannot be tackled easily: In order to control,
optimize, or – more recently – generate digital twins for industrial applications, multiple of these
costly simulations need to be performed.

This motivates the growing popularity of Model Order Reduction (MOR) techniques. MOR meth-
ods approximate the Full Order Model (FOM) with a Reduced Order Model (ROM) at much lower
computational costs by drastically reducing the degrees of freedom. Besides analytically motivated
approaches for the construction of the ROMs like, e.g. Proper Orthogonal Decomposition (POD)
[2], recently efforts have been made to employ data-based approaches like, e.g. Artificial Neural
Networks (ANNs), as well.

Motivated by the problem of inverse shape design for profile extrusion dies, we want to examine and
compare different data-based approaches for the construction of the ROMs. We mainly concentrate
on the idea and applicability of Invertible Neural Networks (INNs) [1]. The architecture of this
special type of ANN is by construction analytically invertible. They are trained on simulation data
of the forward process and simultaneously learn the inverse process implicitly.

We will present first results obtained with our trained INN models and compare their accuracy and
generalization to other more established data-based approaches like Regression Models or Decision
Trees.
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