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Future aircraft concepts

Goals:
« Extend design space exploration and bring to light « unexpected » concepts
» Avoid the definition of sub optimal configurations
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Gaussian process (or Kriging model)

- . (<P, x%) € (R)? f(x) € R
| 11 points o
i
f@) = Y(@) = N(@),s*(x)

A Gaussian process (GP) is characterized by:

5 J - N
> . « jts trend
\ - I p
Y e~ EN } uxP) e R
AR AN SIS a . .
N N S a et N i - its correlation kernel
N/ W\\ ;ll k xp xq ER
\ , N CRADER )

% < N
08 10

 Need a hierarchical distance

k(xP,x7) = f[dhier( 0, xP,x7)]

=» Hyperparameters tuning
« Estimation of hyperparameters

\ Hl-,i=1,...,n by MLE /

=» The number of hyperparameters increases with
the dimension n

D. Krige, A statistical approach to some basic mine valuation problems on the Witwatersrand, 1951, Journal of the Southern African Institute of Mining and Metallurgy.
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Objectives of this work

= What: allow accessible ML models & optimization methods to | .
efficiently tackle heterogeneous datasets P i e

- : 4
* Mixed-variable P
-
« Points do not share same variables
* Bounds of variables may change
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= Why: models that tackle heterogeneity require massive amount R
of data (inaccessible) & accessible models or methods typically T
divide into smaller ones (inefficient) =

* Bounds of variables may change

« Limited data (generalizability)

« Structure/information lost (optimization)
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= What: allow accessible ML models & optimization methods to

efficiently tackle heterogeneous datasets P i ‘
«  Mixed-variable B ‘
» Points do not share same variables .
elerogenous

 Bounds of variables may change data

of data (inaccessible) & accessible models or methods typically

= Why: models that tackle heterogeneity require massive amount f\/\/;
L
divide into smaller ones (inefficient) =

« Limited data (generalizability) Heterogenous
data

« Structure/information lost (optimization)

= How: formalize domains & distances, because (most) ML & e
optimization are fundamentally distance-based

Graph-structured space
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Mixed variables

Hybrid variables

Variables types:

« Continuous (Cont) ExX: wing bt

length 0 1 2 3 4 5
* Integer (Int) Ex: winglet )

number o 1 2 3
« Categorical (Cat) Ex: Plane S

shape / material properties i
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Mixed variables

Hybrid variables Categorical variables: n variables, n=2

ul= shape
u2= color

Variables types:

« Continuous (Cont) Ex: wing bt _
length 0 1 2 3 4 5 Levels: L, levelsforlin1,.n, L;=3, L,=2

Levels(ul)= square, circle, rhombus

- Integer (Int) Ex: winglet Levels(u2)= blue, red

number o 1 2 3 _ .
Cateqories: | |;_4 L;, 2*3=6

- Blue square

- Categorical (Cat) Ex: Plane - Blue circle
shape / material properties - Blue rhombus
- Red square
- Red circle

- Red rhombus
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Multi-Layer Perceptron: hierarchical variables

Input layer [ = 1 hidden layer
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Input layer [ = 2 hidden layers
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Multi-Layer Perceptron: hierarchical variables

Input layer [ = 3 hidden layers

Output

J. Bussemaker, P. Saves, N. Bartoli, T. Lefebvre, R. Lafage, System Architecture Optimization Strategies: Dealing with Expensive Hierarchical Problems, 2024, JOGO, Under review.
E. Hallé-Hannan, C. Audet, Y. Diouane, S. Le Digabel, P. Saves, A graph-structured distance for heterogeneous datasets with meta variables, 2024, Neurocomputing, Under review. 10 / 25
J. Bussemaker, L. Boggero, B. Nagel, System Architecture Design Space Exploration: Integration with Computational Environments and Efficient Optimization, 2024, AIAA AVIATION 2024 Forum.



Voo
= [

\

Multi-Layer Perceptron: hierarchical variables /

N\ \V\
NAW

_/_1
| |t
.

P \ﬂ‘y ;
- P e
S w) (%)
"__".\1 )\__/ | s —
________..l Layerl ) 7 — | .
_— ol ] L]
/ (¥ )

Input layer : [ = 3 hidden layers 5 — e mﬂ,,h: '-,|

- ok )
_— /o N T —/ /
Output - | Loy ——@eD (D

T ! Y |

G - Choice Dower update 0.1 | 30 ) |
\ = | |
Y ey —— a— ]| f

\~ AN S

y —
5__.'_“ ngmngMgJel__)— ®M 0.1
-~ W ——
L }—-___ [
— -
- .. Fimning Average 2 "
) P —
T ¢ Mumerical Swhility ) = [0.1]

n n n ~——
1 2 3 Lamscne)——=@eaD () Open-Source software by DLR
Design Space Graph
https://github.com/jbussemaker/adsg-core

J. Bussemaker, P. Saves, N. Bartoli, T. Lefebvre, R. Lafage, System Architecture Optimization Strategies: Dealing with Expensive Hierarchical Problems, 2024, JOGO, Under review.
E. Hallé-Hannan, C. Audet, Y. Diouane, S. Le Digabel, P. Saves, A graph-structured distance for heterogeneous datasets with meta variables, 2024, Neurocomputing, Under review. 10 / 25

J. Bussemaker, L. Boggero, B. Nagel, System Architecture Design Space Exploration: Integration with Computational Environments and Efficient Optimization, 2024, AIAA AVIATION 2024 Forum.


https://github.com/jbussemaker/adsg-core

Extended domain and roles

» Meta variables control inclusion and/or bounds of decreed variables
* Roles (meta and/or decreed) are attributed to variables, in addition to their type

Hyperparam. Domain  Type

Learning rate (r) (0, 1) Cont Meta (m) @
Optimizer (o) {ASGD, ADAM} Cat

fo= ASGD N\, o= ADAv Meta-dec (md)

Hyperparam. Domain Type Hyperparam. Domain Type Decreed (dec) @ @ @ @

Update (a) (0,1) Cont Average () (0,1) Cont
# layers (1) {0,1} Int # layers (1) {0, 1,2} Int
# units (u;) Uascp Int # units (u;)  Unpam Int

Neutral (neu)
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Extended domain and roles

» Meta variables control inclusion and/or bounds of decreed variables

* Roles (meta and/or decreed) are attributed to variables, in addition to their type

e Excluded variables are assigned EXC, e.g. a = EXCif o = "ADAM"

« Extended point x is a valid value (within the bounds or EXC) of all included and excluded variables

- Extended domain y is the maximal domain of all variables where excluded variable have domain { EXC}

Heterogenous (X) ()?)

data

Graph-structured space Extended domain

P. Saves, R. Lafage, N. Bartoli, Y. Diouane, J. Bussemaker, T. Lefebvre, J. Hwang, J. Morlier, J. Martins, SMT 2.0: A Surrogate Modeling Toolbox with a focus on Hierarchical and Mixed
Variables Gaussian Processes, 2024, Advances in Engineering Software.

O FRAMEWORK 11/ 25

C. Audet, E. Hallé-Hannan, S. Le Digabel, A General Mathematical Framework for Constrained Mixed-variable Blackbox Optimization Problems with Meta and Categorical Variables,
2023, Operations Research Forum.



Extended domain and roles

» Meta variables control inclusion and/or bounds of decreed variables

* Roles (meta and/or decreed) are attributed to variables, in addition to their type

e Excluded variables are assigned EXC, e.g. a = EXCif o = "ADAM"

« Extended point x is a valid value (within the bounds or EXC) of all included and excluded variables

- Extended domain y is the maximal domain of all variables where excluded variable have domain { EXC}

Hyperparam. Domain  Type
# of layers (1) 0,12} Cat Meta (m)

ifl=1 / \ ifi=2 Meta-dec (md) @
Hyperparam. Domain Type Hyperparam. Domain Type Decreed (ded) @ @
ec
# units {50,51,..55} Cat # units {50,51,..55} Cat C .0

layer 1 (u1l layer 1 (u1l

Y . (ut) #y : (1) Neutral (neu) @
# units oy e Cat units {50,51,...55} Cat
layer 2 (u2) layer 2 (u2)
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Extended domain and roles

» Meta variables control inclusion and/or bounds of decreed variables

* Roles (meta and/or decreed) are attributed to variables, in addition to their type

e Excluded variables are assigned EXC, e.g. a = EXCif o = "ADAM"

« Extended point x is a valid value (within the bounds or EXC) of all included and excluded variables

- Extended domain y is the maximal domain of all variables where excluded variable have domain { EXC}

Hyperparam. Domain  Type
# of layers (1) {0,1,2} Cat

fi=1 N, =2

Hyperparam. Domain Type Hyperparam. Domain Type
[# units {50,51,...55} Cat # units {50,51,..55} Cat }/

Distance d(53,52) =1

layer 1 (u1l) layer 1 (u1)
# units # units {50,51,..55} Cat
layer 2 (u2) EXC Cat Jayer 2 (u2)
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Extended domain and roles

» Meta variables control inclusion and/or bounds of decreed variables

* Roles (meta and/or decreed) are attributed to variables, in addition to their type

e Excluded variables are assigned EXC, e.g. a = EXCif o = "ADAM"

« Extended point x is a valid value (within the bounds or EXC) of all included and excluded variables

- Extended domain y is the maximal domain of all variables where excluded variable have domain { EXC}

Hyperparam. Domain  Type
# of layers (1) {0,1,2} Cat
fl=1 N, fl=2
: ) Distance d(53,52) =1
Hyperparam. Domain Type Hyperparam. Domain Type
# units 1 # units 50,51,..55} Cat .
layer 1 (u1) (50,5155} Cat layer 1 (u1l) $50,51,..55} Distance d(53,?) ?

: : Extended distance d(53,EXC) ?
# units # units {50,51,..55} Cat
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Graph-structured distance
4 Theorem 1 (Graph-structured distance) )

For any k > 1, the mixed distance dist: y X y — R is a distance.
1

dist, (X, 7) = z Z dig", 3k |,

TER i=

Where R = {m,md,dec,neu} are the roles and n" is the dimension of the role r. /

Meta (m) “o= A -

Meta-dec (md) @
Ta=05
Decreed (dec) @

P. Saves, High-dimensional multidisciplinary design optimization for aircraft eco-design, 2024, ISAE-SUPAERO.

E. Hallé-Hannan, C. Audet, Y. Diouane, S. Le Digabel, P. Saves, A graph-structured distance for heterogeneous datasets with meta variables, 2024, Neurocomputing, Under review. 13 / 25



Conditionally active distance

Fundamentally, ML & optimization rely on distances: 1st step for heterogeneity with meta variables

/ Theorem 2 (conditionally active distance) \

The following function, defined for the i-th variable of role r between two extended points x, y € X, IS
a one-dimensional distance

(0 if x;"and ¥;"are excluded (inactive),
d@@G 77 =4 6] if either x;"or y;"is excluded,
Kd(x{ ,v{) if x;"and y;"are included (active),

\ /
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Conditionally active distance

Fundamentally, ML & optimization rely on distances: 1st step for heterogeneity with meta variables

/ Theorem 2 (conditionally active distance) \

The following function, defined for the i-th variable of role r between two extended points x, y € X, IS
a one-dimensional distance

(0 if x;"and ¥;"are excluded (inactive),
d@@G 77 =4 6] if either x;"or y;"is excluded,
Kd(x{”,yl?”) if x;"and y;"are included (active),

« 0] > % > (0 Is a parameter that guarantees the triangular inequality,

« M/ is the largest distance between any pair x”, y" of included variables,

* d is a one-dimensional distance of the appropriate variable type. /
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* Activeness vector §
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Exemples of conditionally active distance

* Activeness vector §
- A vector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, ReLU, 16,1,55) = &P = (1,1,1,1,1,0,0)
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Exemples of conditionally active distance

* Activeness vector §
- Avector associated with a hierarchical input whose dimension is the size of the “full space”.
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Exemples of conditionally active distance

* Activeness vector §
- Avector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, RelLU,16,1,55) = &% = (1,1,1,1,1,0,0)

- Distance d
- Any distance can be used for d, e.g d(a,b) = |a — b|?
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« State-of-the-art: Imputation method
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Exemples of conditionally active distance

* Activeness vector §

- Avector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, RelLU,16,1,55) = &% = (1,1,1,1,1,0,0)

 Distance d

- Any distance can be used for d, e.g d(a,b) = |a — b|?

« State-of-the-art: Imputation method

- Inactive variables take ground value - wP = (1073,RelU, 16,1,55) = (1073, ReLU, 16,1,55,50,50)
- 6P=(1,1,1,11,0,0)
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Exemples of conditionally active distance

* Activeness vector §

- Avector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, RelLU,16,1,55) = &% = (1,1,1,1,1,0,0)

 Distance d

- Any distance can be used for d, e.g d(a,b) = |a — b|?

« State-of-the-art: Imputation method
- Inactive variables take ground value - wP = (1073, RelLU, 16,1,55) = (1073,RelLU, 16,1,55,50,50)
- Full dimension mixed integer kernel - 6 =(1,1,1,1,1,0,0)
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Exemples of conditionally active distance

* Activeness vector §

- A vector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, RelLU,16,1,55) = &% = (1,1,1,1,1,0,0)

 Distance d

- Any distance can be used for d, e.g d(a,b) = |a — b|?

d = 0: no effect

w; = 50
« State-of-the-art: Imputation method
- Inactive variables take ground value - wP = (10—3, RelLU,16,1,55) = (10—3, RelU,16,1,55,50,50)
- Full dimension mixed integer kernel - 6?7 =(1,1,1,1,1,0,0)

- w9 = (1073,RelLU, 64,2,55,52) = (10~%, ReLU, 64,2,55,52,50)
- §9=(1,1,1,1,1,1,0)
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- Avector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, RelLU,16,1,55) = &% = (1,1,1,1,1,0,0)

 Distance d

- Any distance can be used for d, e.g d(a,b) = |a — b|?
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Exemples of conditionally active distance

* Activeness vector §

- Avector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, RelLU,16,1,55) = &% = (1,1,1,1,1,0,0)

 Distance d

- Any distance can be used for d, e.g d(a,b) = |a — b|?

d =1: residual d = 0: no effect

w: =51 distance
l
« State-of-the-art: Imputation method
- Inactive variables take ground value - wP = (1073,RelLU, 16,1,55) = (1073,ReLU, 16,1,55,51,51)
- Full dimension mixed integer kernel - 6P =(1,1,1,1,1,0,0)

- w9 = (1073,RelLU, 64,2,55,52) = (10* RelLU, 64,2,55,52,51)
- 69=(1,1,1,1,1,1,0)

0 5 both inactive
D q p __ | .
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|Wl.p — Wl.q 2 both active
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Exemples of conditionally active distance

* Activeness vector §

- Avector associated with a hierarchical input whose dimension is the size of the “full space”.

- wP = (1073, RelLU,16,1,55) = &% = (1,1,1,1,1,0,0)

 Distance d

- Any distance can be used for d, e.g d(a,b) = |a — b|?

d = 1: residual d = 0: no effect
distance
« State-of-the-art: Imputation method

- Inactive variables take ground value - wP = (1073,RelU, 16,1, 55) = (1073, ReLU,16,1,55,51,51)
- Full dimension mixed integer kernel - 67 =(1,1,1,1,1,0,0)
- w9 = (1073,RelLU, 64,2,55,52) = (1074, RelLU, 64,2,55,52,51)
- 617=(1,1,1,1,11,0)

0 . .
5 both inactive . :
d P i) = [wP = o : > User-defined
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lwP — w|?>  bothactive
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Exemples of conditionally active distance

e State-of-the-art: Arc-Kernel
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Exemples of conditionally active distance

- 6P =(1,1,1,1,1,0,0)
 State-of-the-art: Arc-Kernel - 61=(1,1,1,1,1,1,0)
- wP = (1073, ReLU, 16,1,55) d = 0: no effect
- w? = (1073,RelU, 16,2,55,52)

- Inactive variables are excluded
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Exemples of conditionally active distance

- 6P=(1,1,1,1,1,0,0
 State-of-the-art: Arc-Kernel - 61=(1,1,1,1,11,0)

- Inactive variables are excluded - wP = (1073,RelLU, 16,1, 55) d = 0 no effect
- Dedicated kernel - w? = (1073,RelU, 16, 2,55,52)

d = 1: residual distance
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Exemples of conditionally active distance

- 87 =(1,1,1,1,1,0,0)

=(1,1,1,1,1,1,0)

e State-of-the-art: Arc-Kernel

- Inactive variables are excluded

- Dedicated kernel

dare(wl ;') = 5

. 54

- wP
- wd
’ 0 both inactive
1 only one active
p q|?
P /| both active

2 — 2cos

(1073,RelLU, 16,1,55)
= (1073,RelLU, 16,2,55,52)

d = 1: residual distance

d = 0: no effect
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Exemples of conditionally active distance
- 6P =(1,1,1,1,1,0,0)

d = 1: residual distance

 State-of-the-art: Arc-Kernel - 61=(1,1,1,1,11,0)

- Inactive variables are excluded - wP = (1073,RelLU, 16,1,55) d = 0 no effect

- Dedicated kernel - w? = (1073,RelU, 16, 2,55,52)
’ 0 both inactive

1 only one active
d wP, wl) =4 2
are (' w7) \/ > 9 cos <Pi wi = w/] \} sstiachive—> Parameter to estimate

\ / Bounds-dependent
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Exemples of conditionally active distance o
d = 1: residual distance
| - 6P =(1,1,1,1,1,0,0)
- 67=(1,1,1,1,1,1,0)
(1073, RelLU, 16,1,55) d = 0 no effect
- w? = (1073,RelU, 16, 2,55,52)

e State-of-the-art: Arc-Kernel

S
S
I

- Inactive variables are excluded
- Dedicated kernel

( 0 both inactive
1 only one active
dA (Wp,Wq) = < 14 q|2 .
A 2 — 2 cos (pi w = w] \} bothactive— Parameter to estimate
\ U — li— Bounds-dependent

P. Saves, R. Lafage, N. Bartoli, Y. Diouane, J. Bussemaker, T. Lefebvre, J. Hwang, J. Morlier, J. Martins, SMT 2.0: A Surrogate Modeling Toolbox with a focus on Hierarchical and Mixed
Variables Gaussian Processes, 2024, Advances in Engineering Software. O DISTANCES 16 25
D. Horn, J. Stork, N. SchiiBler, M. Zaefferer, Surrogates for hierarchical search spaces: The wedge-kernel and an automated analysis, 2019, Proceedings of the genetic and evolutionary /

computation conference.
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d = 1: residual distance
| - 6P =(1,1,1,1,1,0,0)
- 67=(1,1,1,1,1,1,0)
(1073, RelLU, 16,1,55) d = 0 no effect
- w? = (1073,RelU, 16, 2,55,52)

e State-of-the-art: Arc-Kernel

S
S
I

- Inactive variables are excluded
- Dedicated kernel

( 0 both inactive
1 only one active
dA (Wp,Wq) = < 14 q|2 .
A 2 — 2 cos (pi w = w] \} bothactive— Parameter to estimate
\ U — li— Bounds-dependent

* New Alg-Kernel
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d = 1: residual distance
| - 6P =(1,1,1,1,1,0,0)
- 67=(1,1,1,1,1,1,0)
(1073, RelLU, 16,1,55) d = 0 no effect
- w? = (1073,RelU, 16, 2,55,52)

e State-of-the-art: Arc-Kernel

S
S
I

- Inactive variables are excluded
- Dedicated kernel

( 0 both inactive
1 only one active
dA (Wp,Wq) = < 14 q|2 .
A 2 — 2 cos (pi w = w] \} bothactive— Parameter to estimate
\ U — li— Bounds-dependent

* New Alg-Kernel
- Normalized data
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Exemples of conditionally active distance o
d = 1: residual distance
. - 6P =(1,1,1,1,1,0,0)
- 67=(1,1,1,1,1,1,0)
(1073, RelLU, 16,1,55) d = 0 no effect
- w? = (1073,RelU, 16, 2,55,52)

e State-of-the-art: Arc-Kernel

S
S
I

- Inactive variables are excluded
- Dedicated kernel

( 0 both inactive
1 only one active
dA (Wp,Wq) = 1 14 q|2 .
A 2 — 2 cos (pi w = w] \} bothactive— Parameter to estimate
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* New Alg-Kernel

- Normalized data
- New algebraic kernel
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Exemples of conditionally active distance o
d = 1: residual distance
. - 6P =(1,1,1,1,1,0,0)
- 67=(1,1,1,1,1,1,0)
(1073, RelLU, 16,1,55) d = 0 no effect
- w? = (1073,RelU, 16, 2,55,52)

e State-of-the-art: Arc-Kernel

S
S
I

- Inactive variables are excluded
- Dedicated kernel

’ 0 both inactive
1 only one active
dprc(wWf wi') = 3 lwP JR
w?P — wi| > i
2 — 2 cos <P. Wy | bothactve Parameter to estimate
\ U — li— Bounds-dependent
* New Alg-Kernel
| - 6P =(1,1,1,1,1,0,0)
- Normalized qlata - §9=(1,1,1,1,1,1,0)
- New algebraic kernel _3
- wP = (107°,RelLU,16,1,55) d = 0' no effect
( 0 both inactive w? = (107%,RelLU, 16,2,55,52) |
1 only one active
P .49\ _ p q
dAlg(Wi,Wi)—< 2|Wl- - w; |
both active - 1- i i
\/(W_p)zJr 1\/(w.")2+ 1 d = 1: residual distance
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Exemples of conditionally active distance o
d = 1: residual distance
| - 6P =(1,1,1,1,1,0,0)
- §7=(1,1,1,1,1,1,0)
(10_3,R€LU, 16,1,55) d = 0° no effect
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e State-of-the-art: Arc-Kernel
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- Inactive variables are excluded
- Dedicated kernel '

0 both inactive
1 only one active
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R 2 — 2 cos (pi wi” = w/] \} bothactive— Parameter to estimate
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« New Alg-K |
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- Normalized data
- New algebraic kernel
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1 only one active
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Induced distance

-

\_

Theorem 3 (One-to-one correspondance)

There is a bijection T; between the domain y and the extended domain j.
For any p > 1, the mixed distance dist: y X y — R s a distance.

disty(x,y) = dist,(Tg(x), To () = dist, (%, )

Heterogenous

data

Graph-structured space

Extended domain

P. Saves, High-dimensional multidisciplinary design optimization for aircraft eco-design, 2024, ISAE-SUPAERO.

E. Hallé-Hannan, C. Audet, Y. Diouane, S. Le Digabel, P. Saves, A graph-structured distance for heterogeneous datasets with meta variables, 2024, Neurocomputing, Under review.
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Theorem 3 (One-to-one correspondance)

There is a bijection T; between the domain y and the extended domain j.
For any p > 1, the mixed distance dist: y X y — R s a distance.

disty(x,y) = dist,(Tg(x), To () = dist, (%, )
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data
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()?) dlStp)

Graph-structured space
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Open-source toolbox for surrogate models @, python

SMT 2.0 features:

Models to handle a large number of design variables (KPLS —
KPLSK — MGP): automatic number of components

Mixture of experts to handle heterogeneous functions (MOE)

(T3 onmeEnL UNIVERSITY OF

\ \:~ UNIVERSITE MICHIGAN
538 @

Institut Supérieur de I'Aéronautique et de I'Espace

SUPAERDO

EX

REPUBLIQUE ONERA
FRANCAISE s,
Liberté o

Egalité THE FRENCH AEROSPACE LAB
Fraternité

Different covariance kernels added

. Multi-fidelity models (MFK — MFKPLS — MFKPLSK)

Noisy kriging to handle uncertainties on data

C‘/l\ * Kriging models for mixed variables (continuous, discrete,
categorical) & associated kernels, sampling and optimization

Kriging models for hierarchical variables (meta, neutral,
decreed) & associated kernels, sampling and optimization

L]
. (
github.com/SMTorg/smt * Benchmarking problems J/upyte\r
=>» Included some Jupyter notebooks & documentation o
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DRAGON optimization test case

Function/variable Nature Quantity Range
Minimize Fuel mass cont 1
Total objectives 1
with respect to Fan operating pressure ratio cont 1 [1.05, 1.3]
Wing aspect ratio cont 1 8,12]
Angle for swept wing cont 1 [15,40] (°)
Wing taper ratio cont 1 [0.2,0.5]
HT aspect ratio cont 1 (3, 6]
Angle for swept HT cont 1 [20,40] (°)
HT taper ratio cont 1 [0.3,0.5]
TOFL for sizing cont 1 [1800.,2500.] (m)
Top of climb vertical speed for sizing cont 1 [300.,800.](ft/min)
Start of climb slope angle cont 1 [0.075.,0.15.](rad)
Total continuous variables 10
Turboshaft layout cat 2 levels {1,2}
 Architecture_cat - cat  17levels {1.23,...,1516,17}
subject to Wing span < 36 (m) cont 1
TOFL < 2200 (m) cont 1
Wing trailing edge occupied by fans < 14.4 (m) cont 1
Climb duration < 1740 (s) cont 1
Top of climb slope > 0.0108 (rad) cont 1
Total constraints 5

P. Saves, E. Nguyen Van, N. Bartoli, Y. Diouane, T. Lefebvre, J. Morlier, C. David, S. Defoort, Bayesian optimization for mixed variables using an adaptive dimension reduction process:

applications to aircraft design, 2022, AIAA SciTech Forum. O BAYESIAN OPTIMIZATION 20 / 25

P. Saves, Y. Diouane, N. Bartoli, T. Lefebvre, J. Morlier, High-dimensional mixed-categorical Gaussian processes with application to multidisciplinary design optimization for a
green aircraft, 2024, Structural & Multidisciplinary optimization.



DRAGON optimization test case

Function/variable Nature Quantity Range
Minimize [Fuel mass cont 1]
Total objectives 1
with respect to Fan operating pressure ratio cont 1 [1.05, 1.3]
Wing aspect ratio cont 1 8,12]
Angle for swept wing cont 1 [15,40] (°)
Wing taper ratio cont 1 [0.2,0.5]
HT aspect ratio cont 1 (3, 6]
Angle for swept HT cont 1 [20,40] (°)
HT taper ratio cont 1 [0.3,0.5]
TOFL for sizing cont 1 [1800.,2500.] (m)
Top of climb vertical speed for sizing cont 1 [300.,800.](ft/min)
Start of climb slope angle cont 1 [0.075.,0.15.](rad)
Total continuous variables 10
Turboshaft layout cat 2 levels {1,2}
~Architecture_cat ~ cat  17levels {1,2,3,...,1516,17} / 10 continuous desian variabl
J C INUous sign vari es
» 2 categorical design variables
 Electric propulsion Architecture: 17 choices
subject to ing span < 36 (m) cont » Turboshaft layout: 2 choices
TOFL < 2200 (m) cont 1 . . . .
Wing trailing edge occupied by fans < 14.4 (m) cont 1 PSR sl
Climb duration < 1740 (s) cont 1 _ . .
op of climb slope > 0.0108 (rad) cont 1 *  5inequality constraints (MC)
Total constraints 5 \ Fuel mass to minimize

~

/
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DRAGON optimization test case

Function/variable Nature Quantity Range
Minimize [Fuel mass cont 1]
Total objectives 1
with respect to Fan operating pressure ratio cont 1 [1.05, 1.3]
Wing aspect ratio cont 1 8,12]
Angle for swept wing cont 1 [15,40] (°)
Wing taper ratio cont 1 [0.2,0.5]
HT aspect ratio cont 1 (3, 6]
Angle for swept HT cont 1 [20,40] (°)
HT taper ratio cont 1 [0.3,0.5]
TOFL for sizing cont 1 [1800.,2500.] (m)
Top of climb vertical speed for sizing cont 1 [300.,800.](ft/min)
Start of climb slope angle cont 1 [0.075.,0.15.](rad)
Total continuous variables 10
) Turboshaft layout cat 2 levels {1,2}
Categorical Architecture_cat ~ cat  1Tlevels {123, ...,15,16,17} / . _ _ \
oor Y Number of cores T e L 246} *+ 10 continuous design variables
Hierarchical | Number of motors* —— int 1 {8]12,6,20,...,40} - 2 categorical design variables
*graph-structure dependence to the core value * Electric propulsion Architecture: 17 choices
subject to ing span < 36 (m) cont » Turboshaft layout: 2 choices
TC.)FL <.2.200 (m) : cont ! Categorical =>» 29 variables in relaxed dimension
Wing trailing edge occupied by fans < 14.4 (m) cont 1 or > 13 variables in relaxed dimension
Climb duration < 1740 (s) cont 1 Hierarchical L _ . .
op of climb slope > 0.0108 (rad) cont 1 *  5inequality constraints (MC)
Total constraints 5

K Fuel mass to minimize /
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DRAGON optimization test case
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K 10 continuous design variables \
» 2 categorical design variables
 Electric propulsion Architecture: 17 choices
Cat cal » Turboshaft layout: 2 choices
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DRAGON optimization results

Categorical variants

Convergence plots Boxplots after 160 evaluations

10 runs of 10 + 150 iterations 10 runs of 10 + 150 iterations
g i — GD 12 params / 12000 4
— 130001 i — CR 29 params
r>U i —— HH 147 params wn 11800
c i HIER 13 params )
o 1%°9%97 ; NSGA-II 3
- ! ! (C 11600 A
(OX i >
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%2 |
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