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Computational Fluid
Dynamics (CFD)
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focus
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Evolutionary Algorithms

https://youtu.be/bwB6PulBS9
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Evolutionary Algorithms
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SAIL is
desighed to:

e [[luminate the
problem space

e Be Data Efficient

e Accurately model
the underlying
function
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MAP-Elites
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How we express a physical objectin a
compact form
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MAP-Elites
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Gaussian Processes

e Can make extrapolations with little data

e Extrapolating points is computationaly
cheap

e |ncludes a confidence with each
extrapolation



Gaussian Processes
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Setup: Create Gaussian

Process

e Select random individuals f(z)
e Create Gaussian proccess
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SAIL Algorithm

Termination: Produce
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Median Design Mast Optimal Design
Found by SAIL Ever Found by CMA-ES




‘Taken from [1]

Challenges

e CFD Simulations for drag calculation are
expensive
e How do you represent a velomobile shape?

e How do you run a traditional optimizer
here?
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Velomobile Experiment
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No optimizer or MAP-Elites



Velomobile Experiment
Results

Evaluated Performance
Deformation Parameterized
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Velomobile Experiment
Results

Model Accuracy by Encoding
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Taken from [1]
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Questions?

Get in touch!

scot0530@morris.umn.edu

github.com/morrislenny
linkedin.com/in/leonid-scott
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