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New aircraft configurations = Unknown behaviors
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New aircraft configurations = Unknown behaviors
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Aircraft design developments required:
- alarge number of design variables
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Context at ONERA

New aircraft configurations = Unknown behaviors

C built as a black box (derivative-free & expensive-to-evaluate)

Aircraft design developments required:
a large number of design variables

mixed integer variables

multimodal constraints (convex or non-convex, equality or inequality,é )

multiobjective optimization (OWE vs Fuel mass,é )

Multiobjective optimization
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New aircraft configurations = Unknown behaviors

C built as a black box (derivative-free & expensive-to-evaluate)

Aircraft design developments required:
- alarge number of design variables

- mixed integer variables
- multimodal constraints (convex or non-convex, equality or inequality,é )
- multiobjective optimization (OWE vs Fuel mass,é )

- multifidelity data from simulations and computer experiments
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New aircraft configurations = Unknown behaviors
C built as a black box (derivative-free & expensive-to-evaluate)
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Bayesian optimization applied to aircraft design

/Newconcepts \
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Two frameworks

SMT. Surrbgate Modeling Toolbax
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modeling methods, sampling techniques,
and benchmarking functions

*  Focus on derivatives (training derivatives used for
gradient-enhanced modeling, prediction derivatives)

¢ New Kriging based surrogate models for higher
dimension (KPLS and KPLS-K)

*  Noisy Kriging to handle uncertainties on data

= Multifidelity Kriging with or without noise (MFK
MFKPLS)

*  Mixture of experts technique for
heterogeneous functions
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Two frameworks
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Open source python toolbox: surrogate o
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modeling methods, sampling techniques,

and benchmarking functions

Focus on derivatives (training derivatives used for
gradient-enhanced modeling, prediction derivatives)

New Kriging based surrogate models for higher
dimension (KPLS and KPLS-K)

Noisy Kriging to handle uncertainties on data

Multifidelity Kriging with or without noise (MFK,
MFKPLS) X
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heterogeneous functions

Mixed integer Kriging to handle discrete and

categorical variables
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5 Mono & multi objective Bayesian optimizer
5 Mono & Multi fidelity sources

5 Handling non linear objectives & constraints (black
box, no derivative available)

5 Equality & inequality constraints
(1 ~ 100 constraints)
5 Intermediate dimension problem  ~ o
(1 ~ 100 variables) e
- Heterogenous variables (continuous, discrete,
categorical)

. Costly evaluation (CFD, FEM, objective and/or
constraints) SMT

5 Based on SMT toolbox for surrogate models
i Remote access via a web interface
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W Models to handle mixed variables (continuous, discrete,

categorical)

_ Hybrid variables
Variables types:

A Continuous (x) Ex: wing e

length 0 1 2 3 4 5
A Integer (z) Ex: winglet AR AL A &
number

A Categorical (u) Ex: Plane i N
shape / material properties @ 74
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Variables types:

categorical)
Hybrid variables

A Continuous (x) Ex: wing e
length 0 1 2 3 4 5
A Integer (z) Ex: winglet SARALARAR) SRAR) &
0o 1 2 3
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A Categorical (u) Ex: Plane \

shape / material properties
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Models to handle mixed variables (continuous, discrete,

Categorical variables: n variables, n=2

ul=shape
u2= color

Levels: L,levels forlin1,.n,L;=3, L,=2

Levels(ul)= square, circle, rhombus
Levels(u2)= blue, red

Categories: 6! E, 2*3=6
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- Blue square

- Blue circle

- Blue rhombus
- Red square

- Red circle

- Red rhombus
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From continuous to mixed-integer Gaussian process
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From continuous to mixed-integer Gaussian process

issian Processes for regression (1D Case) Training Data
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From continuous to mixed-integer Gaussian process

issian Processes for regression (1D Case) Training Data

N Exponential kernels
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From continuous to mixed-integer Gaussian process

B Exponential kernels
: \\\ n
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From continuous to mixed-integer Gaussian process

B Exponential kernels
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From continuous to mixed-integer Gaussian process

-~y predict EXponenUal kernels
n
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State-of-the-art approaches
A Continuous relaxation

Example with 1 categorical variable and two levels
A Red color

A Blue color

C One-hot encoding: Categorical variable replaced by two
continuous variables denoted by X, and X,

Alfg 8 + Q pdT8 + Blue color
Alfg 8 1+ Q Tdp8 + Red color

E. C. Garrido-Merchéan, and D. Hernandez-Lobato. ADeal ing with caakgedivali abdesntagBaryesi an OpNeurooonmpuaing vol.r8B80WA020f pages 2085 i ar
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State-of-the-art approaches
A Continuous relaxation

Example with 1 categorical variable and two levels
A Red color
A Blue color

C One-hot encoding: Categorical variable replaced by two
continuous variables denoted by X, and X,

Alfg 8 + Q pdT8 + Blue color
Alfg 8 1+ Q Tdp8 + Red color

» relaxed dimension
o"he VN g

A continuous kernel

n
k090 = [ Texp (= = o5 (xf - xj))

Jj=1
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State-of-the-art approaches

A Gower distance

Example with 2 variables:
A @dRed color / Blue color,

A o [rip]

> (0 cHmRGo ) YOMA PAmE | o
> (0 c)h( i) wWOABAHA |Img md ™™

M. Halstrup. i BBora@plmization of Mixed Discrete-Cont i nuous Optimi zation Probl ems?o

PhD thesis. TU Dort mund, 2016.
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State-of-the-art approaches

= continuous dimension

o"he "N q°
A Gower distance lcategorblmcal variables
. . '] h LVN =I H h P
Example with 2 variables: wor 8 Bl

A @dRed color / Blue color,

A v [rip] oF ey

f
. .. o oV o‘ﬁ{'—'

> (( ChE)RG o ) wOARI DA ™| p& er ]

s (( )i dim)) wWOABAHA | ™ FEE O

M. Halstrup. i BBora@plmization of Mixed Discrete-Cont i nuous

Optimization Probl emso. PhD thesis. TU Dort mund, 2016.
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State-of-the-art approaches

= continuous dimension

o"he VN g*
A Gower distance lcategog}:}cal variables
iy - | i
Example with 2 variables: L B -
A @dRed color / Blue color, R
A o~ [rip] o> e’hP
. - o o v Q‘H{P
> (0 m)h(oo o) wOAAT DA m| p& .
> (( o)A i) WOABAA | ™| 1@ FE&E o
FEE
[ n
A fimixedo kernel [k0e".w*,0) = [ Jexp (=s(c} cpess(ch e[ Texp (=5 = xose () - x)))
j=1 j=1
M. Halstrup. i BBoa@pkmization of Mixed Discrete-Cont i nuous Opti mi zation Probl emso PhD thesis. TU Dortmund, 2016.
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State-of-the-art approaches + continuous dimension

o*he "N g°
A Gower distance lcategorblmcal variables
dpiLy : 4 B
Example with 2 variables: et B Rl
A &dRed color / Blue color, R
A o~ [rip] o> e’hP
v LILY
N Y~ WL 12 Y ~ AL ~ .Hr
> (0 m)h(oo o) wOAAT DA m| p& .
> (0 c)h( i) wWOABAHA |Img md ™™ FEE

[ n
A ﬁmIXEdf) kel‘ne| ]\'(H'r.\t‘s.(')) — Hexp (_S(C’j:‘(.;)(_);:llls(("j:.(‘j))l——[eXp( ( — X )H(Om(\J _\;))
j=! L,_J j=! L, J

A P-for every categorical variable A P-for every cont variable

M. Halstrup. i BBoa@pkmization of Mixed Discrete-Cont i nuous Opti mi zation Problemso. PhD thesis. TU Dortmund, 2016.
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State-of-the-art approaches
A Homoscedastic hypersphere mixed kernel

Pelamatti, J., Brevault, L., Balesdent, M., Talbi, E.-G., and Guerin, Y., Overview and Comparison of Gaussian Process-Based Surrogate Models for Mixed Continuous and Discrete Variables: Application on
Aerospace Design Problems, Springer International Publishing, 2020, pp. 189i 224
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Unification of the mixed models

A Every model can be written as

k(w", w ]_[ oo ]_[ exp (-(x; ] .x"}))
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Unification of the mixed models

A Every model can be written as
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The naive Exponential kernel (Full model)

A Extension of the Exponential kernel

Li Lj
[Ri((b(@i))]fg;,fg = exp (Z Z Heﬂ'}" — ecg]j|P/2 (©:)],57 |lecr — ecs]yr P/Q)
1=11"'=1
[5 ] viw
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The naive Exponential kernel (Full model)

A Extension of the Exponential kernel

L; L;
[Ri(P(O:))]ei g = exp (Z Y leer — ees)i [ [®(0,)]; 7 |[ecr — ecs]r p/g)
=1 1'=1

H dsiw = (= ([2(0)]e e + [P(O)]gi 6 + [2(O:)]6s ¢i + [P(O)]gi i)
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The naive Exponential kernel (Full model)

A Extension of the Exponential kernel

Li L
2
[R?((b(@?))]fg,fg — exp (Z Z Hﬁczf - ecg]j [(I)( 1)14,7" [{9(:;’ — e(:f]j" v/ )
1=1 i'=1

H dsiw = (= ([2(0)]e e + [P(O)]gi 6 + [2(O:)]6s ¢i + [P(O)]gi i)

= exp ( [‘P(O )]pz g [(I)(O )]f‘” f*) €xp ( 2[{D((_)i)]£?552)
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The naive Exponential kernel (Full model)

A Extension of the Exponential kernel

L; L;
[Ri(®(03))]ei ¢ = exp ( S5 Jleer — easli P 1000 [leer — ety p/g)
1=1 1'=1
Hdlww = (- (0O + [®(O)]e e + [@(O:)]es.es + [(O0)]es )

= exp (—[®(0i)]p i — [®(O)]ei ) exp (—ﬂfb(@ﬂgm)
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The naive Exponential kernel (Full model)

A Extension of the Exponential kernel
Li L
2 2
[Ri($(0:))]s 1 = exp (ZZ ey — ecali "2 [8(00)]7 [leer — ectlyr|” )
1=11"'=1

H dsiw = (= ([2(0)]e e + [P(O)]gi 6 + [2(O:)]6s ¢i + [P(O)]gi i)

= exp (—[®(0i)]p i — [®(O)]ei ) exp (—2[‘“91‘)}&,@)
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The naive Exponential kernel (Full model)

A Construction of the correlation matrix ‘Y

Rebonato, R. and Jéckel, P. (1999) The Most General Methodology to Create a Valid Correlation Matrix for Risk Management and Option Pricing Purposes. Journal of Risk, 2, 17-28.

Ex .
FRANGARE /___9_'.&'?_1\ L /-K ‘ |G’»f\ A general Exponential kernel to handle mixed-categorical variables 12

;,,.., .
it o




The naive Exponential kernel (Full model)
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