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Different strategies

Pressure f
(aerodynamics)

| Displacements u
wing span, z (structures)

Lambe, A. B., & Martins, J. R. (2012). Extensions to the design structure matrix for the description of multidisciplinary design, analysis, and optimization processes. Structural and Multidisciplinary
Optimization, 46(2), 273-284.

Jasa, J. P., Hwang, J. T., & Martins, J. R. (2018). Open-source coupled aerostructural optimization using Python. Structural and Multidisciplinary Optimization, 57(4), 1815-1827.

Hwang, J. T., & Martins, J. R. (2018). A computational architecture for coupling heterogeneous numerical models and computing coupled derivatives. ACM Transactions on Mathematical Software
(TOMS), 44(4), 37.

Gill, P. E., Murray, W., & Saunders, M. A. (2005).
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SNOPT: An SQP algorithm for large-scale constrained optimization. S
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Different strategies
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Lambe, A. B., & Martins, J. R. (2012). Extensions to the design structure matrix for the description of multidisciplinary design, analysis, and optimization processes. Structural and Multidisciplinary
Optimization, 46(2), 273-284.

Jasa, J. P., Hwang, J. T., & Martins, J. R. (2018). Open-source coupled aerostructural optimization using Python. Structural and Multidisciplinary Optimization, 57(4), 1815-1827.

Hwang, J. T., & Martins, J. R. (2018). A computational architecture for coupling heterogeneous numerical models and computing coupled derivatives. ACM Transactions on Mathematical Software
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Different strategies
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Lambe, A. B., & Martins, J. R. (2012). Extensions to the design structure matrix for the description of multidisciplinary design, analysis, and optimization processes. Structural and Multidisciplinary
Optimization, 46(2), 273-284.

Jasa, J. P., Hwang, J. T., & Martins, J. R. (2018). Open-source coupled aerostructural optimization using Python. Structural and Multidisciplinary Optimization, 57(4), 1815-1827.
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Different strategies

Gradient-based Gradient-free
algorithm algorithm
Derivatives of Black box
objective and functions
constraints

Costly functions
Methods for replaced by

computing derivatives surrogate models
(coupled adjoint)

Exploration design,
Source codes Trade-off studies, Optimization
available Sensitivity analysis, P

Uncertainty analysis

Audet, C., & Hare, W. (2017). Derivative-free and blackbox optimization. Berlin: Springer International Publishing

Powell, M. J. (1994). A direct search optimization method that models the objective and constraint functions by linear interpolation. In Advances in optimization and numerical analysis (pp. 51-
67). Springer, Dordrecht.

Forrester, A., Sobester, A., & Keane, A. (2008). Engineering design via surrogate modelling: a practical guide. John Wiley & Sons
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Different strategies

Gradient-free
algorithm

Black box

functions

Costly functions
replaced by
surrogate models

Exploration design,
Trade-off studies,
Sensitivity analysis,

Generic approach
Extension to multiple

disciplines Uncertainty analysis

Optimization

Audet, C., & Hare, W. (2017). Derivative-free and blackbox optimization. Berlin: Springer International Publishing

Powell, M. J. (1994). A direct search optimization method that models the objective and constraint functions by linear interpolation. In Advances in optimization and numerical analysis (pp. 51-
67). Springer, Dordrecht.

Forrester, A., Sobester, A., & Keane, A. (2008). Engineering design via surrogate modelling: a practical guide. John Wiley & Sons
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MDO at ONERA/DTIS: fields of investigation

LO/L1/L2 New disciplines Python-based
tools library (certification, design framework
thermal&electrical,
DEP, &)

Advanced metamodels:

A/C design :
Advanced MDO mixture of experts,

formulations capability KPLS, multi-fidelity
dedicated to for new concept

A/C design studies

Optimization
MDO T : Algorithms
i s Reliability Analysis \ )
uncertainties ) ,» :
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Methodology developments: Surrogate Mod

11

Definition of a metamodel library dedicated to Aircraft
design

A Models to handle a large number of design
variables

= New Kriging models: KPLS & KPLS-K

= CO0-Kriging with heteroscedastic Noise
A Models to handle heterogeneous function

- Mixture of experts (MOE)

A Models to handle heterogeneous variables
= Kriging based on continuous relaxation
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Gaussian process or Kriging model

m— reference
e gp, *=5,6=5
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D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):1197 139, 1951
C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.
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the uncertainties in
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D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):1197 139, 1951
C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.
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D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):1197 139, 1951
C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.
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D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):1197 139, 1951
C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.
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Gaussian process or Kriging model
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Estimation of
hyperparameters
d; (i=1,6 ,d) by MLE

!

Covariance matrix

!

Prediction (Jand variance i
estimations at a new point

D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):1197 139, 1951
C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.
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[DOE (LHS)J

Estimation of
hyperparameters
d; (i=1,6 ,d) by MLE

\f/

Covariance matrix

X
C Hyperparameters tuning l
C

Number of h%/rf)ter:padr_amete_rs ; Prediction (and variance i
nereases wi € dimension estimations at a new point
(number of design variables)

C Curse of dimensionality

D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):1197 139, 1951
C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.
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Hyperparameters tuning
Number of hyperparameters

Increases with the dimension d
(number of design variables)

C Curse of dimensionality

C
C

13 N. Bartoli

C Exploitation of information

provided by Partial Least
Squares technigue (PLS)
to reduce the number of
hyperparameters

KPLS and KPLS-K
models

Wold H (1966) Estimation of Principal Components and Related Models by
Iterative Least squares, Academic Press, New York, pp 3911 420

Bouhlel, M. A., Bartoli, N., Otsmane, A., and Morlier,  Jmproving kriging
surrogates of high-dimensional design models by Partial Least Squares
dimension reduction, 6 St r u cMultidis@plinarg @ptimization, Vol. 53,

No. 5, 2016, pp. 935i 952.

Bouhlel, M. A., Bartoli, N., Otsmane, A., and Morlier, J . Imprévedin
Approach for Estimating the hyperparameters of the Kriging Model for
high-dimensional problems through The Parti al Least Sq
Mathematical Problems in Engineering, Vol. 2016(4), May 2016
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How to consider mixed integer variables?

Categorical variables: n variables, n=2
ul=shape

HHHTHH u2= color
A Continuous (X) Ex:winglength ( 1 2 3 4 5§

Variables types:

Levels: L,levelsforlinil,..n, L,=3, L,=2
Levels(ul)= square, circle, rhombus

A Integer (z) Ex: winglet number I‘H‘H‘I""‘H‘I‘H‘H‘I" Levels(u2)= blue, red

0 ] 2 3 Categories: b 2*3=6
A Categorical (u) Ex: Plane shape / ~Blue square ” -

material properties _Blue circle
- Blue rhombus
- Red square — 6 possibilities
- Red circle

- Red rhombus

—

C Continuous relaxation

E. C. Garrido-Merchan, and D. Hernandez-Lobato. ADeal ing with cabaégedi vakriabtdesni egB8ayesi an OplNeuratonzpating, vwin380(2020h G
pages 20-35
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Focus on mixed integer

Continuous relaxation

Example with 1 categorical variable and two
levels

A Red color
A Blue color

1 categorical variable replaced by two
continuous variables denoted by X; and X,

Alf X;>X, => (1., 0.) => Blue color
AIf X,<X, => (0.,1.) => Red color

E. C. Garrido-Merchan, and D. Hernandez-Lobato. AiDealing with caaktgedi valti abtlesnt ag8rayesi an OpNeurocongpatingi voln380K2020) G

pages 20-35
Saves, P., Bartoli, N., Diouane, Y., Morlier, J., & Lefebvre, T. (2021, March). Enhanced Kriging models within a Bayesian optimization framework to handle both continuous and categorical

inputs. In SIAM CSE21
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Focus on mixed integer

Continuous relaxation

1 continuous variable x, 1 categorical variable z with 10 levels

Toy function surrogate

[ cos(3.6m(x—2)) +x—1 if z=1,
2cos (1. 1mexp ()~ >+ 2 if z=2,
cos I:E:l'[.‘l.’} " ;I if z—3 B True model B surrogate model mean, DOE de taille 20 ]
3 An(e—1))- 21 i z= ;
x ms(.alm:x—._—T z =4, i
e ‘
— T if z=05, 2 \
fl:xlz}:izmﬁl:%ﬂpl:—l’*.ﬂz—;} i ij\- E:'ﬁ, ) -
2 X
X X -
X008 (3.4\11.1:}—3 1 if =z=7 .
-1 X . o
I(_ms('EI]_E} f2 i z=8 B
& r
— ? + I i.F = g‘. =
In(x +0.5) : : : - : - : : : : - 0
F A ' 1 . X X . 1 ) X X .
i o mEIISEEI':I '\4'"';_ 3 —1.3 i = — 10. 0.0 02 0.4 06 0.8 10 0.0 02 0.4 06 0.8 10
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How to handle multi-information sources?

T
e

A Access to different information sources that approximate
w w with varying accuracy and cost
Hierarchical relationships among information sources: low-fidelity / high-fidelity

C Use low-fidelity information to enhance the high-fidelity model:
MFK models

A Recursive co-Kriging formulation: JHevels of fidelity

MHF = P HLF + s = O)_ _1 + Us,
2 o : Mk = Pk—1 Hk—1 T Mo,
_ P p 2 2
YHF =P 9LFr T U5 T = Pr—1 Tg—1 T T,

A Different scaling factors ” @, extension to KPLS & KPLS-K

A Design of experiments adapted to multifidelity (rested DoE)
®w OW

Kennedy, Marc C., and Anthony O'Hagan. "Bayesian calibration of computer models." Journal of the Royal Statistical Society: Series B (Statistical Methodology) 63.3 (2001): 425-464.
Le Gratiet, Loic, and Josselin Garnier. "Recursive co-kriging model for design of computer experiments with multiple levels of fidelity." International Journal for Uncertainty Quantification 4.5
(2014).
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Multifidelity Kriging example with 2 levels

15 { = HF reference p 15 1 —— HF reference
#
-== HFGP o 4 ptS H F === LFGP
10{ e HFdoe S 101 ['FF:GE
e LFdoe i » p » oe
c | 11 tS L I: 5| M. Confidence Interval 99%
- =,
01 0
-5 - —5 1
-10 . -10
1.0
x X
151 — HF rn.affarence 15 { —— HF reference
""" M“';'F' GP —--  MultiFi GP
md e HFdGE w4 e HFdoe
e LFdoe . e LFdoe .
5 5| M. Confidence Interval 99%
= =,
[]' D'
_5 - _5 |
_10 1'{] _10 T T T T T T
X 0.0 0.2 0.4 0.6 0.8 1.0
X

Vauclin, R., iD®veloppement de mo dles r@duits multi-f ®litelén vue de l@ptimisation de structures a®onautiques,0o Master Thesis rep., ISAE-SUPAERO/ Ecole des Mines St Etienne, July 2014
Meliani, M. fHigh Dimensional Efficient Global Optimization via Multi-Fidelity Surrogate Modelingfi Master Thesis rep., ISAE-SUAPERO, 2018
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The (nested) dataset contains:

Post-Doc Andres Lopez Lopera (2020-2021)

Multifidelity Kriging example with 3 levels

T
1.0

154 === High Fidelity (HF) 1’
=== Intermediate Fidelity (IF) /
=== Low Fidelity {LF) H
104 ® HF doe ," °
. e J,f’,’;» B 4 high-fidelity (HF) design points
L s . . - : :
= o i/ B 5 intermediate-fidelity (IF) design points
~~~~~ P 4 B 8 low-fidelity (LF) design points
s & - - /,r'""w\‘ o
-"."" )
- -
—10 — T T ‘
0.0 0.2 0.4 0.6 0.8 1.0
X
(a) True functions and design points
L 15 — MFGP-HF
MF-GP - IF
MF-GP - LF
10 A 101
— 5 T x 5 ]
= =
= >
o]
]
0.‘2 O:ﬁ O.Iﬁ 0:8
x

T
0.4

T
0.6

T T
0.8 1.0

—10 T
0.0

. Bartoli

T
0.2

(b) Independent GP models

-10 T
0.0

(¢) Multi-fidelity GP model
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Blended Wing Body database

-
& o> & & & o
& & & & &
o o o o o o
| distence_y_pi_to_y_p? | |
I T 7 15y
x_leading_edge_p0 distance_y_p2_t6_y_p2_1
x_leading_edge_p0_1 ] <f-palentpa
x_leading_
edge_pl
_leading_
edge_p2
wing_chord_po_1  leeding edge_p2_1 x leading_edge_p3
wing_chord_p
wing_chord_p1
wing_chord_p:

| | |
0_1
- ¥_p0 ™ |
T Lo Z; Wy p3

s \
wing_chord_p3_1
| |
| | | wing_chord_p3
|
|

¥op2
T

Axlsx

Example of the configuration of a BWB studied in Europe

Inputs x: 7 design variables including,

- wing chord P2 - wing span - wing thickness ratio 0, P2

- taper ratio P3 - wing sweep PO, P2
Output y: Drag coefficient (CD) for a fixed lift coefficient (CL).

- The nested database contains 3 levels of fidelity, each with 241 observations:
- lowest- and medium-fidelity: empirical models

- high-fidelity: CFD based on Euler equations

Gauvrit-Ledogar, J., Tremolet, A., & Brevault, L. (2020). Blended wing body design. In Aerospace System Analysis and Optimization in Uncertainty (pp. 385-419). Springer, Cham.
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Blended Wing Body database: 2D results

- For illustration purposes, we consider as inputs:

x = (wing span, wing thickness ratio P0)

- The multi-fidelity GP is trained with:

e Fidelity O: DoE
= Fidelity 1: DoE
4 Fidelity 2: DoE

B 50% of the lowest fidelity database:
(x0,i> Yo,i 1<i<121

B 15% of the intermediate fidelity database:
(x1.6, 11,0 )1<i<37

B 7.5% of the highest fidelity database:

(22,6, ¥2.i 1<i<19

2D dataset used for training the model

Lopez-Lopera, A. F., Bartoli, N., Lefévre, T., & Mouton, S. (2021, March). Data fusion with multi-fidelity Gaussian processes for aerodynamic experimental and numerical databases.
In SIAM Conference on Computational Science and Engineering (CSE).
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Blended Wing Body database: 2D results

- For illustration purposes, we consider as inputs:

x = (wing span, wing thickness ratio P0)

E GP - fidelity 2
4 Fidelity 2 DoE

19 HF training points

222 HF validation points ||| J[ ‘ Fidelity 2 test data

MF-GP - fidelity 2
a4 Fidelity 2 DoE
Fidelity 2 test data

: ‘ 0115 0115
0110 ‘ | j0.0110
0105 A 0.0105
010Qp 7 10.0100p,
0095 A 16.0095
0090 10.0090
.0085 D& 10.0085
0080 ‘ 0080

0.20 S 0.20
0.19 o 0.19 o
0.18 é'_\°

X
0.17 »
&

30.0 _ I
40.0 ; S 375400 ' 0.16‘&;{-
Wi, 425 A 015 & Wi, . 42.5 < 01s &
9 Spq 45.0 & 9 Spa, 45.0 &
n 4715 014 N n 475, 014 N

50.0

(a) Classical GPat £ = 2

(b) Multi-fidelity GP at £ = 2

Predictions on the 2D BWB database

Lopez-Lopera, A. F., Bartoli, N., Lefévre, T., & Mouton, S. (2021, March). Data fusion with multi-fidelity Gaussian processes for aerodynamic experimental and numerical databases.

In SIAM Conference on Computational Science and Engineering (CSE).
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By considering the 7 inputs with the same DoE used in the 2D example:

RMSE = 5.2 x 10—* RMSE = 2.9 x 10—*
A KRG - Fidelity 2 /" A MFK- Fidelity 2 ,/'

0.012 | 0.012 -

0.011 A 0.011 -
wn w
5 5
= E
® 0.010 A 2 0.010
(=% (=%

0.009 A 0.009 -

0.008 A 0.008,4

0.008 0.009 0.010 0.011 0.012 0.008 0.009 0.010 0.011 0.012
observations observations
(a) Classical GP at ¢ = 2 (b) Multi-fidelity GP at ¢ = 2

ground truth vs predictions (£ 1 standard-deviation confidence intervals [68%])

Predictions on the 7D BWB database

Lopez-Lopera, A. F., Bartoli, N., Lefévre, T., & Mouton, S. (2021, March). Data fusion with multi-fidelity Gaussian processes for aerodynamic experimental and numerical databases.
In SIAM Conference on Computational Science and Engineering (CSE).
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Yo(xei) +cei=Vei, €0i~N (077'1%,5)

with noise variance parameters Tii cRY, for(=0,....Landi=1,...,n

=== High Fidelity (HF)

159 - Low Fidelity (LF) /
—— MFGP - HF B 4 HF design points
—— MFGP - LF
10 Confidence Interval 99% HF : .
Confidence Interval 99% LF . 12 LF deSIgn pOIHtS
5 |
>
0 -
75 .
-10

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
X

Heteroscedastic multi-fidelity GP regression example

. 77 can be fixed

ONERA
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AS

Yo(xei) +cei=Vei, €0i~N (077'1%,5)

with noise variance parameters ’rg'?.,- cR", for/=0,...,Landi=1,...,n
15 { === High Fidelity (HF) R | . .
-~~~ Low Fidelity (LF) ! B 4 HF design points
e HF doe F . .
10{ e LFdoe ! M 12 LF design points
!
] I /! with 4 repetitions
! Iy
- ) I
n ® - i
0 L TR e .--_ .\\ 'I:/
\\ ,Iv'
-5 ’/'/”’-"':\ ~"
o e
-10 ~‘§’ Ll L T ] ]
0.0 02 04 06 08 10

ONERA

HDR defense - N. Bartoli




Yo(xei) +cei=Vei, €0i~N (077'1%,5)

with noise variance parameters Tii cRY, for(=0,....Landi=1,...,n

-== High Fidelity (HF)

1 -~ Low Fidelity (LF) /. . .
—— MFGP - HF / B 4 HF design points
—— MFGP - LF J ‘ _
10 1 Confidence Interval 99% HF ; M 12 LF design points
Confidence Interval 99% LF . o
@ HF doe with repetitions * with 4 repetitions

5| @ LF doe with repetitions

ONERA
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WT data: LRM Configuration
5 campaigns : F1 andS1MA
7 ' = L N

L]
[T

10"

Run = 01050
Mach = 0.7563
= 5045/

o =8.043°
2 CXC=1068.5e-4,0 =36.6e-4

€2C=0.729, 0 = 0.028
CMAAC=0.041, ¢ = 0.018

. . Outputs Symbol
LRM Configuration (Large Reference Model) .
Drag Coefficient Cy
Inputs Symbol Side Force Coefficient Cy
Mach Number M Lift coefficient C,
Reynolds Number Re Rolling Moment Coefficient Cy,

Angle of Attack [deg] «
Slideslip Angle [deg] o}

Objective: to build a reliable Multi-Fidelity GP model that takes into account several
sources of data (Wind Tunnel + CFD Simulation) along with its uncertainty
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Pitch Moment Coefficient Cu
Yaw Moment Coeflicient Cy
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CFD & WIND TUNNEL database

Internship R. Conde-Arenzana and Post-Doc A. Lopez-Lopera - 2021 with S. Mouton (ONERA/WT)
High fidelity  Low fidelity
Wind Tunnel elsA CFD

Mach Number (M) [0.01, 0.95] [0.01, 0.97]
Reynolds Number (Re) [1 x 10°]  [0.77, 6.60] [0.1, 30.0]
Angle of Attack (o) [deg] [-9.3,20.5] [-10.0, 30.0]
Number of samples 250 2000

A For the analysis, only the wing
Fidelity body configuration and zero
WS CFD slideslip angle data are taken
W Wind-Tunnel into account  H=0

A Nested design of experiments
via LHS (Latin Hypercube
Sampling)

10

o [deg]

—10 1

1] 1 2 3
Re * 107 o [deg]

Conde Arenzana, R., Lopez-Lopera, A.F., Mouton, S., Bartoli, N., Lefebvre, T., Multi-fidelity Gaussian process model for CFD and wind tunnel data fusion, Aerobest 2021, Portugal
' ONERA
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CFD & WIND TUNNEL database

A
-

Internship R. Conde-Arenzana and Post-Doc A. Lopez-Lopera - 2021 with S. Mouton (ONERA/WT)
High fidelity  Low fidelity
Wind Tunnel elsA CFD

Mach Number (M) [0.01, 0.95] [0.01, 0.97]
Reynolds Number (Re) [1 x 10°]1  [0.77, 6.60] [0.1, 30.0]
Angle of Attack (@) [deg] [-9.3,20.5] [-10.0, 30.0]
Number of samples 250 2000

Uncertainties associated to each point

BB CFD CFD ‘ - CFD

0 ] . ”
074 ©  Wind-Tunnel P e  Wind-Tunnel

e Wind-Tunnel

0.2 1
0.6 4

0.1 1

Cy

N
O 0.4

0.0 4
0.3
~0.1 1
0.2 1

0.1 0.2 4

0.0 1

T T T T T T T T
-10 -5 0 5 10 15 20 25

10 5 0 5 10 15 20 25
a [deg]

C Use of multifidelity GP with heteroscedastic noises

Conde Arenzana, R., Lopez-Lopera, A.F., Mouton, S., Bartoli, N., Lefebvre, T., Multi-fidelity Gaussian process model for CFD and wind tunnel data fusion, Aerobest 2021, Portugal
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MFK for CFD & WIND TUNNEL data fusion

Preliminary results

A Test: 1000 points from the database Y YO JEL @ *)

Kriging with WT data Multi-Fidelity approach
Training:100 % HF (250 points)  1'@ining:100% HF (250 points)
+ 100% LF (2000 points)

C; (rmse: 0.0204) C; (rmse: 0.0139)
4GP (Wind-Tunnel) - C, L7 1254 | GP (Multi-Fidelity) - C, at
1.25 4 { Iy ;
1.00 1
1.00 -
0.75
2 0.75 1 9
=] o 0.504
= 0.50 4 =
2 2
—g 0.25 g 0.25
= £
- 2 0.001
—025 —0.25
—050 —0.50 1
r rd
050 —025 0.00 025 050 075 1.00 1.25 050 —025 0.00 025 050 075 1.00 125
observations observations

C Adaptive DOE to add « well chosen » points (CFD or WT)
via an adapted acquisition function

Conde Arenzana, R., Lopez-Lopera, A.F., Mouton, S., Bartoli, N., Lefebvre, T., Multi-fidelity Gaussian process model for CFD and wind tunnel data fusion, Aerobest 2021, Portugal
QR
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Models dissemination via open-source toolb

SMT 1.2.0 documentation »

U Linked to an open source Surrogate Modeling
AEROSPACE
Toolbox (SMT) (since July 2017) ENGINEERING

UNIVERSITY of MICHIGAN

Aaccess to new Kriging based surrogate models @ |
1538 >~

for higher dimension (KPLS and KPLS-K) L1 b

Aaccess to noisy Kriging to handle ONERA
uncertainties on data |

Aaccess to multifidelity Kriging with or
without noise (MFK, MFKPLS) o

Ixed | igi jupyter

@ python’

github.com/SMTorg/smt

Surrogate Modeling Toolbox

i@ tooibox (AT} In m Bython peckege that containe = collection of surrogeis modeling methods,

Bouhlel, M. A., Hwang, J. T., Bartoli, N., Lafage, R., Morlier, J., & Martins, J. R. (2019). A Python surrogate modeling framework with derivatives. Advances in Engineering Software, 135, 102662.

Z ONERA
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MDO at ONERA/DTIS: fields of investigation

LO/L1/L2 New disciplines Python-based
tools library (certification, design framework
thermal&electrical,
DEP, &)

Advanced metamodels:
A/C design mixture of experts,
Advanced MDO

i KPLS, multi-fidelity
formulations Capablllty
dedicated to for new concept

A/C design studies

MDO
with modeling
___uncertainties

\ Optimization

Algorithms
Reliability Analysis
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Optimization problem in the field of aircraft des

L AR \
s a4
e~

38

\

mind f(x) d design variables
xeR . .
s.t. m mixed constraints

c1(x) <0--¢j(x) =0 cn(x) <0

A Main characteristics for aircraft design problem

To T Jo I I

Mono-objective, multi-constraints (1 ~ 100 constraints)
Intermediate dimension problem (1 ~ 100 variables)
Heterogenous variables (continuous, integer, categorical)

Costly evaluation (CFD, FEM, objective and/or constraints)
Handling non linear constraints (black box, no derivative available)

A Applications
A Disciplinary solvers (aerodynamic, structure, prop
A Overall aircraft design process

N. Bartoli
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How to build an efficient iterative process? '

A Find the global minimum with a limited budget of
function evaluations

A Use Bayesian information to detect interesting and
promising areas (exploitation/exploration trade-off)

C SEGOMOE optimizer

Global aspect
A

__ Genetic
SEGOMOE algorithms

/

Gradient-
based
algorithms

Evaluation cost

N. Bartoli, T. Lefebvre, S. Dubreuil, R. Olivanti, N. Bons, J.R.R.A. Martins, M.-A. Bouhlel, J. Morlier, Addptive modeling strategy for constrained global optimization with application to
aerodynamic_wing d e s i derospace Science and Technology, 90, 85-102., 2019

: . .. ONERA
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SEGOMOE

SEGO MOE

Super Efficient Global Mixture Of Experts
Optimization

Global optimization with

limited number of function Combination of surrogate

Jordan, M. ., Jacobs, R. A, AHi erarchi caComput :
Jones, D. R., Schonlau, M., and Welch, W. J ., fi Eoptimization efrexpengivie o b z? K1994) 181i 214. ) _ _ _ N
black-box functions, ® J cofiGlaba dptimization, Vol. 13, No. 4, 1998, pp. 455i 492. Bettebghor, D., Bartoli, N., Grihon, S., Morlier, J., and Samuelides, M. , ASurrogate

approximation using a mixture of experts base:q
Multidisciplinary Optimization, Vol. 43, No. 2, 2011, pp. 243i 259

Liem, R. P., Mader, c. A., and Martins, J. R. R. A., s
Aerodynamic Performance Prediction for Missiol
\ol. 43, 2015, pp. 126'|'l\

Sasena, M., Flexibility and efficiency enhancements for constrained global design
optimization with Kriging approximations, Ph.D. thesis, niversity of Michigan, 2002
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