
Wing Design Via SAILWing Design Via SAIL
Leonid Scott

Spring 2019 Computer Science Senior
Seminar

University of Minnesota Morris



https://www.southernspars.com/wp­
content/uploads/2017/06/RG170611AmCupL2R5compressed
jpg





Foil design is hardFoil design is hard



Foil design is hardFoil design is hard
Naiver StokesNaiver Stokes

https://en.wikipedia.org/wiki/Navier%E2%80%93Stokes_equat
ions

https://en.wikipedia.org/wiki/Navier%E2%80%93Stokes_equations


Foil design is hardFoil design is hard
Naiver StokesNaiver Stokes

NOPE
NOPE

https://en.wikipedia.org/wiki/Navier%E2%80%93Stokes_equat
ions

https://en.wikipedia.org/wiki/Navier%E2%80%93Stokes_equations


Computational FluidComputational Fluid
Dynamics (CFD)Dynamics (CFD)

http://www.oerc.ox.ac.uk/news/ashton­
focus

http://www.oerc.ox.ac.uk/news/ashton-focus


OptimizersOptimizers

https://ageconsultants.com.au/groundwater­modelling­
calibration/

https://ageconsultants.com.au/groundwater-modelling-calibration/


timizerstimizers

Optimizer CFD

Optimizes Foil Validates
Performance

Chooses new foil

tended Design Cycletended Design Cycle

xN times



timizerstimizers

Optimizer CFD

Optimizes Foil Validates
Performance

Chooses new foil

ctual Design Cyclectual Design Cycle

xN times



timizerstimizers

Optimizer CFD

Optimizes Foil Validates
Performance

Chooses new foil

ctual Design Cyclectual Design Cycle

xN times

Optimizer



OptimizersOptimizers

https://ageconsultants.com.au/groundwater­modelling­
calibration/

https://ageconsultants.com.au/groundwater-modelling-calibration/


OptimizersOptimizers
Why use theWhy use the
optimizer this way?optimizer this way?



The global optima might
not account for some
outside factor

OptimizersOptimizers
Why use theWhy use the
optimizer this way?optimizer this way?



The global optima might
not account for some
outside factor
The optimizer might
optimize towards the
wrong optima

OptimizersOptimizers
Why use theWhy use the
optimizer this way?optimizer this way?



The global optima might
not account for some
outside factor
The optimizer might
optimize towards the
wrong optima
Inspiration

OptimizersOptimizers
Why use theWhy use the
optimizer this way?optimizer this way?



The global optima might
not account for some
outside factor
The optimizer might
optimize towards the
wrong optima
Inspiration

OptimizersOptimizers
Why use theWhy use the
optimizer this way?optimizer this way?

IlluminationIllumination



Evolutionary AlgorithmsEvolutionary Algorithms

https://www.youtube.com/embed/bwB6PulBS9A?
enablejsapi=1&mute=1&autoplay=1

https://youtu.be/bwB6PulBS9
A

https://www.youtube.com/embed/bwB6PulBS9A?enablejsapi=1&mute=1&autoplay=1


Evolutionary AlgorithmsEvolutionary Algorithms

https://www.youtube.com/embed/bwB6PulBS9A?
enablejsapi=1&mute=1&autoplay=1

https://www.youtube.com/embed/ncyFAmrWgWc?
start=90&mute=1&enablejsapi=1

https://youtu.be/bwB6PulBS9
A
https://youtu.be/ncyFAmrWgWc?
t=90

https://www.youtube.com/embed/bwB6PulBS9A?enablejsapi=1&mute=1&autoplay=1
https://www.youtube.com/embed/ncyFAmrWgWc?start=90&mute=1&enablejsapi=1


Data-Efficient DesignData-Efficient Design
Exploration through Surrogate-Exploration through Surrogate-

Assisted IlluminationAssisted Illumination

SAIL isSAIL is
designed to:designed to:

Taken from [1]



Data-Efficient DesignData-Efficient Design
Exploration through Surrogate-Exploration through Surrogate-

Assisted IlluminationAssisted Illumination

Illuminate the
problem space

SAIL isSAIL is
designed to:designed to:

Taken from [1]



Data-Efficient DesignData-Efficient Design
Exploration through Surrogate-Exploration through Surrogate-

Assisted IlluminationAssisted Illumination

Illuminate the
problem space
Be Data Efficient

SAIL isSAIL is
designed to:designed to:

Taken from [1]



Data-Efficient DesignData-Efficient Design
Exploration through Surrogate-Exploration through Surrogate-

Assisted IlluminationAssisted Illumination

Illuminate the
problem space
Be Data Efficient
Accurately model
the underlying
function

SAIL isSAIL is
designed to:designed to:

Taken from [1]



SAILSAIL



SAILSAIL

MAP-ElitesMAP-Elites
For Illumination

GaussianGaussian
ProcessesProcesses

To model problem
space

BayesianBayesian
OptimizationOptimization
Quality Control of
Gaussian Process



SAILSAIL

MAP-ElitesMAP-Elites
For Illumination

GaussianGaussian
ProcessesProcesses

To model problem
space

BayesianBayesian
OptimizationOptimization
Quality Control of
Gaussian Process

Taken from [1]



MAP-ElitesMAP-Elites IlluminationIllumination

GenomesGenomes
How we express a physical object in a
compact form

https://www.comsol.com/blogs/optimize­naca­airfoil­designs­
with­a­simulation­app/

https://www.comsol.com/blogs/optimize-naca-airfoil-designs-with-a-simulation-app/


MAP-ElitesMAP-Elites IlluminationIllumination

PhenotypesPhenotypes
The characteristics of an individual

behavior function
Lift

b(x)

Cross Sectional Area

Drag

b(x) =< L,D,A >

Phenotype

feature space



MAP-ElitesMAP-Elites IlluminationIllumination

FitnessFitness
An assessment of "Goodness"

behavior function
Lift

b(x)

Cross Sectional Area

Drag

b(x) =< L,D,A >

Phenotype

feature space

f(b(x))

Low

High

fitness



MAP-ElitesMAP-Elites IlluminationIllumination

FitnessFitness
An assessment of "Goodness"

f(x) = Lift(x)−b∗Drag(x) + c∗Area(x)

behavior function
Lift

b(x)

Cross Sectional Area

Drag

b(x) =< L,D,A >

Phenotype

feature space

f(b(x))

Low

High

fitness



MAP-ElitesMAP-Elites IlluminationIllumination

behavior function
Lift

b(x)

Cross Sectional Area

Drag

b(x) =< L,D,A >

Phenotype

feature space

f(b(x))

Low

High

fitness

Lift

Drag

Cross Sectional Area

High lift
Medium drag
Medium cross sectional area box.



MAP-ElitesMAP-Elites IlluminationIllumination



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

Feature Space OutcomesFeature Space Outcomes



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

Feature Space OutcomesFeature Space Outcomes

::



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

Feature Space OutcomesFeature Space Outcomes

::



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

Feature Space OutcomesFeature Space Outcomes

::
::

F ( ) ≤ F ( )



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

Feature Space OutcomesFeature Space Outcomes

::
::

F ( ) ≤ F ( )



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

for generation in I
    x  <- random_individual(X)
    x' <- random_variation(x)
    b' <- behavior_function(x')
    feature_space_insert(x', b')

1
2
3
4
5

Feature Space OutcomesFeature Space Outcomes

::
::

F ( ) ≤ F ( )



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

for generation in I
    x  <- random_individual(X)
    x' <- random_variation(x)
    b' <- behavior_function(x')
    feature_space_insert(x', b')

1
2
3
4
5

Termination condition
is reached

Feature Space OutcomesFeature Space Outcomes

::
::

F ( ) ≤ F ( )



MAP-ElitesMAP-Elites IlluminationIllumination
SetupSetup

TerminationTermination

EvolutionEvolution

Create random set
of solutions, X
Add them to the
feature space

for generation in I
    x  <- random_individual(X)
    x' <- random_variation(x)
    b' <- behavior_function(x')
    feature_space_insert(x', b')

1
2
3
4
5

Termination condition
is reached
Return individuals and
behaviors

Feature Space OutcomesFeature Space Outcomes

::
::

F ( ) ≤ F ( )



Why not just use MAP-Elites?Why not just use MAP-Elites?



Why not just use MAP-Elites?Why not just use MAP-Elites?
 



Why not just use MAP-Elites?Why not just use MAP-Elites?
 

It runs the model a lotIt runs the model a lot



Gaussian ProcessesGaussian Processes



Gaussian ProcessesGaussian Processes
Can make extrapolations with little data



Gaussian ProcessesGaussian Processes
Can make extrapolations with little data
Extrapolating points is computationaly
cheap



Gaussian ProcessesGaussian Processes
Can make extrapolations with little data
Extrapolating points is computationaly
cheap
Includes a confidence with each
extrapolation



Gaussian ProcessesGaussian Processes

https://scikit­
learn.org/0.17/modules/gaussian_process.html

https://scikit-learn.org/0.17/modules/gaussian_process.html


Bayesian OptimizationBayesian Optimization
Upper Confidence Bound: 

UCB(x) = μ(x) + kσ(x)

https://www.adco­engineering­



Bayesian OptimizationBayesian Optimization
Upper Confidence Bound: 

UCB(x) = μ(x) + kσ(x)

https://www.adco­engineering­



Bayesian OptimizationBayesian Optimization
Upper Confidence Bound: 

UCB(x) = μ(x) + kσ(x)

https://www.adco­engineering­



Model RecapModel Recap
AcquisitionAcquisition

FunctionFunction



Model RecapModel Recap
AcquisitionAcquisition

FunctionFunction

Gaussian ProccessGaussian Proccess



Model RecapModel Recap
AcquisitionAcquisition

FunctionFunction

Gaussian ProccessGaussian Proccess

CFDCFD



Model RecapModel Recap
AcquisitionAcquisition

FunctionFunction

Gaussian ProccessGaussian Proccess

CFDCFD

Naiver StokesNaiver Stokes NOPE
NOPE



SAIL AlgorithmSAIL Algorithm
Setup: Create GaussianSetup: Create Gaussian
ProcessProcess

Evolution: ProduceEvolution: Produce
Acquisition MapAcquisition Map

Termination: ProduceTermination: Produce
Prediction MapPrediction Map



SAIL AlgorithmSAIL Algorithm
Setup: Create GaussianSetup: Create Gaussian
ProcessProcess

Select random individuals
Create Gaussian proccess

M

P

f(x)



SAIL AlgorithmSAIL Algorithm
Evolution: ProduceEvolution: Produce
Acquisition MapAcquisition Map
Within computational budget:

Create acquisition function
Illuminate with MAP-Elites



SAIL AlgorithmSAIL Algorithm
Evolution: ProduceEvolution: Produce
Acquisition MapAcquisition Map
Within computational budget:

Create acquisition function
Illuminate with MAP-Elites

M

P

f(x)



SAIL AlgorithmSAIL Algorithm
Evolution: ProduceEvolution: Produce
Acquisition MapAcquisition Map
Within computational budget:

Create acquisition function
Illuminate with MAP-Elites

M

P

f(x)

M

P

f(x)
Acquisition

function

GP
prediction

GP
confidence 



SAIL AlgorithmSAIL Algorithm
Evolution: ProduceEvolution: Produce
Acquisition MapAcquisition Map
Within computational budget:

Create acquisition function
Illuminate with MAP-Elites

M

P

f(x)

M

P

f(x)

UCB(x)

M

P

Acquisition
function

GP
prediction

GP
confidence 



SAIL AlgorithmSAIL Algorithm
Evolution: ProduceEvolution: Produce
Acquisition MapAcquisition Map
Within computational budget:

Create acquisition function
Illuminate with MAP-Elites

M

P

f(x)

M

P

f(x)

UCB(x)

M

P

Acquisition
function

GP
prediction

GP
confidence 



SAIL AlgorithmSAIL Algorithm
Termination: ProduceTermination: Produce
Prediction MapPrediction Map

Grab only the GP-Prediction
Illuminate with MAP Elites



SAIL AlgorithmSAIL Algorithm
Termination: ProduceTermination: Produce
Prediction MapPrediction Map

Grab only the GP-Prediction
Illuminate with MAP Elites

M

P

f(x)



SAIL AlgorithmSAIL Algorithm
Termination: ProduceTermination: Produce
Prediction MapPrediction Map

Grab only the GP-Prediction
Illuminate with MAP Elites

M

P

f(x)

f(x)

M

P



SAIL AlgorithmSAIL Algorithm
Termination: ProduceTermination: Produce
Prediction MapPrediction Map

Grab only the GP-Prediction
Illuminate with MAP Elites

M

P

f(x)

f(x)

M

P

M

P



Velomobile ExperimentVelomobile Experiment

ChallengesChallenges
CFD Simulations for drag calculation are
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here?
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