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Figure 10. Flow around selected shape. The top row shows the appearance of a strong vortex (white
outline) caused by the bottom of the shape. The bottom row shows a weak vortex (black outline)
caused by the top of the shape, appearing after the strong vortex.

3.6. Very Large Solution Sets

To demonstrate the scalability of FDA to its extremes, we generated 1,000,000 solutions,
shown in Figure 11. It can be clearly seen that E and u,,, have an almost linear relationship
(Figure 11a). However, the relationship is not purely linear, as can be seen from the
minimum, mean, and maximum fitness isolines (Figure 11c).

Figure 11. 1,000,000 solutions generated by VAE (a), subselection of 10,000 shapes (b), isolines of min,
mean and max fitness (c), and zoomed in shape regions (d).

The user can zoom in on specific regions of interest to perform a more in-depth analysis
of local morphological effects (Figure 11d).

Finally, the entire example FDA system is shown in Figure 12. By using a classical
encoding to bootstrap a quality—diversity algorithm, which efficiently samples a fast CFD
simulation, it is possible to produce a large, diverse set of instances or shapes. A data-driven
encoding is then developed to generate even more shapes, allowing the user to analyze
morphological dimensions in the latent space as well as perform other in-depth analyzes.
The following forms of interaction between the user and the system can be distinguished:
analysis of morphological space, morphological and flow features, generating variations of
shapes, selecting shapes and constraining the QD process in further iterations.
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Figure 12. FDA implementation example. First, the QD process is bootstrapped with a predefined
spline encoding. Using surrogate models to assist with predicting and sampling examples based on
their quality and diversity, QD produces an archive of the solution space that is presented to the user.
A data-driven encoding can be trained based on the shapes from the QD archive. Using this encoding
and the archive, the user can analyze the solution space. They can then zoom in on a region of that
space, analyze data-driven morphological features, their correlation to flow features and interact with
the system. The data-driven encoding both compresses the search space and can serve for further
investigation and search and provide new diversity metrics to be fed back into the QD process.

4. Discussion and Conclusions
4.1. Discussion

The ability to efficiently understand and analyze the full space of solutions and their
behavior provides a powerful support tool for engineers. Possible answers to the questions
asked in the introduction (Section 1) were given in this article, but we also outlined avenues
for future research. We showed that direct encodings can provide us with a bootstrapping
mechanism for FDA in fluid mechanics. FDA efficiency is increased using statistical models
that are able to predict both the quality of solutions as well as their similarity. The models
are used to guide the sampling method towards a diverse set of optima. Surrogate-assisted
QD provides an efficient sampling method to find high-performing solutions based on
either a manually defined encoding, for bootstrapping, or a data-driven encoding. A
GPU-based LBM solver was used to determine the quality and diversity/similarity of
solutions. Although other CFD solvers may also be suited, this particular LBM solver is
tuned towards automated flow simulations around diverse shape sets. The results can be
returned to the user, who can analyze the results efficiently and influence the sampling.
This interactive analysis, supported by visualization tools that allow users to “zoom in” on
regions of interest (as demonstrated in Section 3.3 and Figure 11), is a core component of
the FDA framework and relies on the methods discussed in our prior work [4,11]. A latent
model can be trained on the resulting set, providing a bootstrapped generator of high-
quality solutions and a means to visualize and understand how morphological features are
correlated to flow features.

Improvements of the presented ingredients of FDA are many, since the respective
fields are developing quickly. Novel QD methods might improve the efficiency of the
search even more. Examples of these methods are the integration of a faster derivative-
free optimizer [99], adding differentiability when it is available [100], exchanging the
sampling function [101], integrating reinforcement learning concepts (see [102]), exploring
co-evolutionary approaches within QD (see [103]), or further integration of deep learning
methods [104]. They are examples of how the search itself can be made more efficient and
effective. The GM can be improved further by keeping track of research on disentangling
the latent dimensions, making them more interpretable for humans.

New insights often lead to new focuses in the analysis of complex domains. The
current development in evolutionary algorithms and machine learning enables us to more
deeply understand problem domains, even when they are as expensive as fluid dynamics.
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4.2. Conclusions

This paper introduced Full Domain Analysis (FDA), a methodological framework
designed to synthesize evolutionary computation, machine learning, and simulation
for the comprehensive exploration of complex engineering design spaces. We estab-
lished the core components of FDA—(1) Encodings, (2) Search, (3) CFD, (4) Efficiency,
and (5) Visualization—and reviewed the state of the art for each, integrating recent ad-
vances to demonstrate the framework’s relevance and power. The primary contribution of
this work is not a single new algorithm, but the formalization of this synergistic approach
and the demonstration of its utility through an illustrative 2D fluid dynamics example.
We showed how surrogate-assisted quality—diversity search, combined with generative
models, enables the efficient generation and interactive analysis of vast and diverse solution
sets. While our illustrative example was intentionally limited in scope, we have outlined
how emerging techniques like hybrid RANS-LES, diffusion models, and differentiable
QD position the FDA framework to scale to more complex, real-world 3D turbulent flow
problems. Ultimately, FDA provides a structured pathway for engineers to move beyond
single-point optimization, fostering deeper domain understanding and accelerating the
discovery of innovative and robust designs.
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Abbreviations

The following abbreviations are used in this manuscript:
FDA full domain analysis

QD quality—diversity

MMO multimodal optimization

MOO multiobjective optimization

BO Bayesian optimization

GP Gaussian process model

FFD free form deformation

CPPN compositional pattern producing networks
SAO surrogate-assisted optimization

NSGA-II non-dominated sorting genetic algorithm

GM generative model
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VAE variational autoencoder

GAN generative adversarial network

GA genetic algorithm

NURBS non-uniform rational b-splines

CFD computational fluid dynamics
SPHEN surrogate-assisted phenotypic niching
LBM lattice Boltzmann method
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