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I LEARNING AND SPACE-FILLING OBJECTIVES

Pn map

@ Accelerate: learning of the hidden
constraint and generation of a space-
filling design of experiments in the
hidden constrained space

1.0

0.8

0.6

@ Sequential strategy: propose
point dedicated alternatively to
learning and space-filling

0.4

0.2

@ Coupled strategy: propose point
dedicated simultaneously to L 2
learning and space-filling 00 02 04 06 08 10
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I SPACE-FILLING IN CONSTRAINED SPACE

CoMinED [Huang et al.. 2021] : Sequential construction technique of space-filling designs
with continuous constraints

@ Candidate Generation: generate a large set of
uniformly distributed candidates in X.

@ Design Construction: choose points from the set
of candidates by a desired criterion.

{xe, gl <0}
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I CONSTRAINED MINIMUM ENERGY DESIGNS ALGORITHM

Augmentation of the set of candidate samples C!
Q-NN, middle point and reflection

1.0

3-NN
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CONSTRAINED MINIMUM ENERGY DESIGNS ALGORITHM i A

Inputs:

* sequence of rigidity parameters (7¢)¢=1_.T - m}?x ﬂg(x)sO]lg(xi)somiin”xi — x|l
 continuous constraints g(x) -> g(x)<0
e parameters for candidate set augmentation : Q

@ Initialisation of the initial candidate set C1

@Fort=1.....T

@ Constructlon of a constrained DoE D, : one-point-at-a-time Greedy-algorithm with 7, on candidate

samples C!

0gx) 0g()

Constrained greedy maximin

ﬂg(x)so ~ CD(_Tg(x))

t
xm+1 -

argmax ®(-7,9(0) | min S(=regGe)llxi - /7|
xECt\{xl} =1,...m

@ Augmentation of the set of candidate samples C¢

1
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‘ 0<T0<"'<TT

I COMINED CRITERION FROM WITHIN

Xmi1 = argmax ®(—7.g(x)) |,
xECt\{xl}?;1 !

min &(-z,gCa)llx - xIZ|
=1,...m

Ilg(x)so ~ CI)(—Tg (x))

To
2
0 g g(x) 0
@)
gx) <0 1
2

0 g QfPfg
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I COMINED CRITERION FROM WITHIN

s = argmax (g ()| min, @(-rg Gl =17
xect\{xl} =1,..m

]lg(x)so ~ CD(_Tg(x))
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I APPLICATION WITH HIDDEN CONSTRAINTS

In hidden constraints context: one binary constraint y(x) € {0,1}

* y(x) result of expensive simulations

* y(x) non-continuous constraint: untractable with usual constrained space-filling

construction techniques

Consider a conditioned Gaussian Process Classifier [Bachoc et al. 2020] model

Y, (x) = Y(x)|x,, y,, of the hidden constraint y(x). It predicts: |p,,(x) =

CoMinED can be applied with :

P[Y,(x) = 1]

gx) = a” —pp(x)

xeCO\{x} 12,

Xy = argmax O(-rog(x) | min S(-regx)lx; - x112|

| © 2016 IFPEN

a* estimated within the
Vorob'ev expectation of
I'={xeql|y,(x) =1}
estimation

I,={xeqQp,(x) >a}
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PROPOSED ADAPTIVE SPACE-FILLING STRATEGY

DoE initialisation

GPC model construction

\ 4

Constrained DoE D, generation
with the GPC + CoMinED
algorithm

1 - Two best points of D, in the

sense of ARCHISSUR criterion

2 - One point obtained by a run
of ARCHISSUR (with
optimisation)

3 - Two constrained space-filling

points

Conditioned on points from 1 and 2

|

New points evaluation

10
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I STOPPING CRITERION OF THE ADAPTIVE ALGORITHM

15t scenario: reaching a total number of simulations or “convergence”

At iteration i stop if:

[

nsim >n

adapt
sim

or

Var;(D)-var;_1(D)|

E;j[u(D)]

G

Vjie{i—Ll .0

With the remaining simulation budget: Constrained space-filling with current GPC model

2"d scenario: reaching a number of successful simulations

| © 2016 IFPEN
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ILLUSTRATION ON BRANIN EXAMPLE Inputs:

Ninie = 12
max __
A% = 12 430 % 5
Pn map ngicjrilpt — 24 %5
Legenq l = 4
i e =10"2
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I COMPARAISON OF RESULTS

Pn map

1.0

0.8

@ Comparison with optimal constrained DoE
- In practice : obtained with simulated annealing [Auffray.
2012] adapted to non-connex domains [internal IFPEN
report] on the final DoE of the adaptive procedure

08

0.4

0.2

@ Comparison with a crude rejection method
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I DAMAGE PREDICTION OF AWIND TURBINE

Wind loads are described by 13 parameters:

@ wind speed U,
@ turbulence intensity T/,

[(U. I NacYaw)Ju-

|

[ TurbSim to simulate }

@ misalignment angle NacYaw.

multiple wind realizations

!

OpenFast to compute damages
accross the wind turbine tower base

; |

[post—treatment: mean damage d}

x = (U, TI, Oina, NacYaw) es

-w
\
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COMPARAISON OF RESULTS — WIND TURBINE

Qo = {x € Qipp(x) =2 a’}

Initial doe size: 100
total simulation points: 1000
dimension: 13

LHS MAXIMIN + REJECTION 2.12 1.25
Initial GPC + COMINED 1.68 0.85
ASUR SF 1.66 0.98
ASUR SF + COMINED 1.63 0.94
(Greedy)
(80% + 20%)
. . Nsuccess
Efficiency =
Ngim

| © 2016 IFPEN

0.42
0.93
0.75

0.79

Robustesse ?
More
conservative
?

Points on
frontier more
Spread on
the feasable
area
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COMPARAISON OF RESULTS — WIND TURBINE Initial doe size: 100

total simulation points: 1000
dimension: 13

Qo = {x € Q2: pn(x) > a},a € (0,1]

Proba 0.2 Proba 0.4 Proba 0.5 Proba 0.6 | Proba 0.8 Proba0.95

REJECTION (0.067)

Initial GPC + COMINED 0.57 0.61 0.61 0.63 0.64 0.76
ASUR SF 0.08 0.45 0.77 0.86 0.92 0.97
ASUR SF + COMINED -0.002 0.61 0.81 0.85 0.91 0.98
(80% + 20%)
.« Nsuccess
Efficiency =
Ngim
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I A PROCESS OF SUR-IFICATION

Stepwise Uncertainty Reduction (SUR) and assimilated one-step-lookahead strategies

criteria

- Variance

- Expected Improvement

- Integrated Bernouilli Variance
- Vorob’ev deviation

- Bichon

- Ranjan

«F 1
Sli
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I A PROCESS OF SUR-IFICATION

Stepwise Uncertainty Reduction (SUR) and assimilated one-step-lookahead strategies

Proofs of convergence SUR-ification of criteria
of the SUR based estimator

criteria

k. ;-"‘_':

i

B
i
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A SAMPLE FROM THE PROCESS OF SUR-IFICATION

Stepwise Uncertainty Reduction (SUR) and assimilated one-step-lookahead strategies

Proofs of convergence SUR-ification of criteria
of the SUR based estimator

SUR-EER
Roy et al. 2001

ARCHISSUR -
Menz et al. 2022 SUR-Vorob’ev , ﬁ; by
- Chevalier et al. 2014 , T s &

=5 m‘l:
bR
=, Bect, Bachoc, Ginshourger 2019 SUR-integrated variance

Y Sacks et al. 1989, Cohn et al. 1996

I/', i e, ] . i
" Wéﬂ : criteria

SUR-Bichon

Duhamel et al. 2024 %*
o,
).

-

SUR-Integrated Bernouilli
Bect et al. 2012

Bect Vazquez 2010

Bull 11 '.f .
€nergies
Srinivas et al 2012 Q Pnouvslles
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I PROCESS OF SUR-IFICATION

Stepwise Uncertainty Reduction - SUR

Proofs of convergence SUR-ification of criteria
of the SUR based estimator
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I PROCESS OF SUR-IFICATION

Stepwise Uncertainty Reduction - SUR

Proofs of convergence SUR-ification of criteria
of the SUR based estimator

S .. h-

=
1N
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I PROCESS OF SUR-IFICATION

Stepwise Uncertainty Reduction - SUR

Proofs of convergence SUR-ification of criteria
of the SUR based estimator

S .. h-

=
1N
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25 1 U



I 1. VANILLA ONE-STEP-LOOKAHEAD

argmax Ey .. [Ut,mﬂ]
xm+1eCt\{xl}l=1

i=1,..m p

gt,m+1(x) = a;kn - pt,m+1(x)

am ~ 1/2

1 1
Ugmsa = min o108 (@(=TcGems Coman)) + 5108 (P(=egem () ) + 10g(lx: = XI5

: 2
argmax [EYm+1[(D(_Ttgt,m+1(xm+1))] Inin CD(_Ttgt,m(xi))”xi - xm+1||sp
| [ i=1,..,m

J
~

Ky [(D(_Ttgt,m+1 (xm+1))] =

24 | © 2016 IFPEN

pt,m (xm+1)

O(—te(ay — 1) + (1 = pem (me1) ) @(—Teasy)
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2. A STEP BACK Jem(X) = tm = P (¥)

argmax ‘D(—Ttgt,m (xm+1))i_r{11nm CD(_Ttgt,m(xi))”xi — Xmt1lls ]
m+1 =1,..,

In [Bachoc et al., 2020], the probability of non-failure is modeled using the sign of a latent
Y GP Z(x) ~ GP(mp(x,zp), kn(x)):
N 1 =, —Mp\X, Zn
. ) prlx) = Plizggs0 = U 2.9 = [ oz ,f() )) dz,
I = * JR? n
| | i@ (Tt (Ut,m (xm+1) - Jt,m(xm+1)q) (am))) — I 100
l_l //’\\\
= i VA e X
Z(’)”) 0 N / _
\ RSN, 0.50
N - \\\\ ///-’ ,/I Y
1—[ i i/ 0.25
(I) (Tt(ut,m (xm+ 1) + k O-t,m (xm+1))) : _.\.;:.,:-:;.. —-—— p—N00]
T 0.0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1.0
=1
N
i . 2p
argmax ‘ ‘ @ (Tt(.ut,m(xm+1) +k Ut,m(xm+1))) . q)(_Ttgt,m(xi))”xi — Xm+1lls
+1 =1,..,
\:n i=1
\\\> N ) 2
One-step-lookahead argxmax Ey .. ‘ ‘ cI)(Tt.utlr,m+1(xm+1)) i_rglinm q)(_Ttgt,m(xi))”xi - xm+1||sp
m+1 i=1 =L

(m €nergies
\ lanouveIles
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I 3. ONE-STEP-LOOKAHEAD MIXED

. 2p
argmaxEy, [©(=7egeme1Gome1))]  min D(=Tegem )l = xmalls

a"”gxmmcff IEYm+1[(1 - Var£m+1) X (D(_Ttgt,m+1(xm+1))]l.=T?I}m (b(_Ttgt,m(xi))”xi - xm+1||§p

\

Good order of magnitude ?

(= PEnergies
lf nouvelles
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I PUBLICATIONS

@ Estimation of simulation failure set with active learning based on
Gaussian process classifiers and random set theory.
Submitted to Structural Safety, Oct. 2024.
Menz, M., Munoz Zuniga, M., Sinoquet, D.

@ Learning and space-filling the hidden design space associated to failure of
computer experiments
To be submitted beginning 2024.
Menz, M., Munoz Zuniga, M., Sinoquet, D.
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