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RISKS MANAGEMENT

NATURAL AND/OR TECHNOLOGICAL (NATECH)

* Crisis situations
— High uncertainties are intrinsic to accidental situations

— Anticipation : numerical simulations are a mandatory to predict nquake scientiss W™
. . 'Aquilaed
potential consequences and protect population appeal R
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e Operational decisions
— Need for clear and concise information
— Communication of evaluation products to decision makers
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UNCERTAINTY ANALYSIS & INTERPRETABILITY

Uncertainty models for quantitative analysis or decision-making

* Quantification of input / model uncertainties S ] -
* Sensitivity analyses/indices (Sobol, Shapley, HSIC, ...) [ H H |

 "Envelope" of trust, probability of threshold exceedance...
* Confidence level in evaluations
* Identification of representatives/prototypes

v Should be decision-oriented, incl. practical information
(e.g. population, agriculture...) « aﬂ

v’ If possible, avoid interpretation bias

Simplicity / Interpretability
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UNCERTAINTIES QUANTIZATION

Simulations:

... a suitable support for propagation of uncertainties
Ex. :
* Monte Carlo / random sampling
* Sets
e Quantiles / delta
* [Fuzzy logic]

* [Experimental Calibration]
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MODELLING
HIGH-DIMENSIONAL DATA
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[EX.] FLOODING

Telemac-2D

Crédits DREAL Centre-Val de Loire
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[EX.] FLOODING

Crédits DREAL Centre-Val de Loire

Telemac-2D
40 min . 48 CPU / run
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HOW TO INCLUDE UNCERTAINTIES IN DECISION MAKING ?

| Challenge 1: high-dimension input / output o N

-

= Spatio-temporal physical fields

* |nteractions / correlations between variables S~
= Use of appropriate dimension reduction methods

| Challenge 2: Computational cost of physical models
» Use of metamodel as surrogate model I~

| Challenge 3: interpretability of output

» Postage stamp ? Too many maps, Probability maps ? Complex interpretation ™=
» Scenario-based approach: “best estimate” vs. “worst case T
» Use of clustering methods -
| Challenge 4: representativity for extreme (& hopefully rare) events
P

= Use controlled/weighted sampling
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1. HIGH-DIM. INPUT/OQUTPUT

Complex (ie. non scalar) numerical results:
* Physical guantities: spatial (lat,lon), temporal (t)

Non-linear output / operational consequences

204

... supported by a dimension reduction:
* Unsupervised / ~weighted / supervised

Non-significant "latent" space .

...but keep some desirable math. properties

T
100
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2. COMPUTATIONAL COST

Parametric modelling to assess physical behaviour:

* High Performance Computing to compute...

e ...anumerical Design of Experiments to fit...
(but still curse of dimensionality)

e ..aresponse surface

= Training of a surrogate / metamodel
(ex. Gaussian Process Regression) %%

Credits: https://libkriging.readthedocs.io
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2.' METAMODELLING

Parametric modelling to assess physical behaviour:

Ref: SYSPASSCOI 2024 working group

@ Asnr

metamodel safety requirements

Compliance with the state of the art in metamodel:
learning set features, metamodel properties,
targeted fitting error, training-testing-validation,

Robustness of performance between the learning domain and the domain of use of the
metamodel,

Explainability that provide understanding of the phenomena and completeness of the
information provided between input data and output results,

Transparency to ensure that all information regarding the metamodel is accessible.

CLUSTERING METHODS FOR DECISION-MAKING 08/01/2025

12



3. INTERPRETABILITY BY SPARSE SAMPLING

Objective: sparse & synthetic sampling

*  Some prototypes / centroids (on projected output)
*  Weighted / probabilistic classes (by input measure)
"Real" <->"Latent" space projection

Algorithm 2 Prototype Maps Algorithm
Require: (y(x'))i=1. suns fx. g, minDistance, £

1: Sample (E-"‘_]N{l__ eapa) 1-1d. Of density function g

2: Compute (H(7))12knmpe rom (y(2%))iz1 e (GP & FPCA)

3: Compute ({}‘:{!‘A:]]]g\: maps I% Algorithm 1 Lloyd’s algorithm

4: Initialize l"[“] — {'}[[:J'. e .“,.;“l} ey FE”: «— {7;“]. _— 1}”:} k<0

5: while ||T[;‘ _ T[[H | = minDistance do 1: while stopping criterion not met do
A B TG =1, W E [Y(_\') |Y(X) e ('J"i" ge{l,... 0.
Ee—k+1 k+—k+1

6: end while 2: end while

T =T T

8: Compute p,—,(l:;r._j.g}]._j =1,..., 4
Output: l:!-' and J-:’;E(l:!-"_j. i)

pcal

Credits: Charlie Sire PhD
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3. INTERPRETABILITY BY SPARSE SAMPLING

(a) Pa(T¢" . 1,5) =9.7x 1071, 1 in 1.03

| oo © N Elevse
B B
r e

(d) Pa(T's".4,9) =6.2x 1073, 1in 161 (e) Pi(T¢,5.9) = 1.4 x 1073, 1 in 714

Credits: Charlie Sire PhD

(d) P=89x10~* (e) P=58x 10~
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4. RARE/EXTREME EVENTS SUPPORT

Objective: keep extreme events available to support decision

*  Robust classes centroids
*  Robust probability of classes
*  Backward "Latent" -> "Real" space projection on input

1 0.06% ‘

Credits: Charlie Sire PhD
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4. RARE/EXTREME EVENTS SUPPORT

Objective : robust classes (centroid & probability/weight)

Example: analytical 2-dim. model
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0.0000, 0.0002]

0.0002, 0.0004]
0.0004, 0.00086]
0.0006, 0.0008]
(0.0008, 0.0010]
(0.0010, 0.0012]
(0.0012, 0.0014]
(0.0014, 0.00186)
(0.0016, 0.0018]
(0.0018, 0.0020]
W 0998n0)

EEEEEEE 2

0.59

H(x)= { (0,0) if |21 < -

(1] = e, |z2]) otherwise.

P(H(X) = (0,0)) =099. o000~

0.0 04 02 03
051

without importance sampling: with importance sampling:

K T A i ‘e *  Sampled points y(%)

o 1 # Prototypes
tle Mo W o8 CLg | o Weights
ettt 0 et e

*  sampled points y(x) L . =1 R 1601
+ Protot g ] v 1e-02
rototypes A " . o
P et 1e-04

025+ 528 el
“ Vi : . 1005

0007 <8

X ~ Ni(0,0252%, —1,1),i = 1,2

X7 and Xs independent 0501

01/2075——

@ASNR | CTERING METHODS FOR DECISION-MAKING 08

00 01 02

16




C @ C github.com

README

adapted with the rlibkriging R package. FunQuant assists users in the fine-
tuning of its hyperparameters for a quantization task, by providing a set of
relevant performance

Installation

FunQuant can be installed from GitHub, for the very latest v

install _github("charlie unQu: github.com,

s GpOutput2D
Illustrative example
Pull requests

We consider X = (X1, X3) € R? arandom inpu
X;~ Ny (0,0.25% -1,1

X, and X, independer
- @ tranvivielodie

where N, (11, 02, a, b) is the Gaussian distributio
truncated between a and b

The density function of X, denoted [ y, is repres
Cam
Fpca.

oNormalBsplines.R
Fpca2d_W

predict_utils.R

utils.R
= man )
predict_utils.R
Rbuildignore

utils.R
DESCRIPTION

SOFTWARE

@

Numeric vector of response values
Numeric matrix of input design.
Character defining the covariance mode

Universal Kriging linear trend:

Logical, If both the input matrbe x and the response  In normalized to take value:

Character giving the Optimization method used to fit hyper-parameters. Possible values ar

B AP . §
Character glving the abjective function to optimize. Passible values are: for the Log-

B Contructars

Initial values for the hyper-parameters. When provided this must be named list with eleme

© eriging

Description

Details

Usage

Arguments.

vd vector of correlation ran stimated thanks to the

The hyp

parameters [variance

Desait:
optimization of a criterio ven in

given by , using the meth
Vil

Exampies Value

Krigio: updste

funz.github.io

simulatiolas’
igntific cgmpm;hg asa fu%_t

> 3 . K 7
Then, just.useitias an objeitlve func‘uWr any Qﬁnaa\d anw:thm (eg. oPu
Funz is available for Windows, Mac Q nux, trfc‘)hgh com

TL,DR

Parametric scientific computing ?

, 8y replacing some numeric:

1. Take a "parametriz

Define values taken by these par. et a dedicated algorithm do)

3. Run calculations on remote res

4. Parse resul

analyse.
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... INTERPRETING
FOR DECISION-MAKING
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Open Access: https://github.com/IRSN/data_LoireSully-TelemacV8

@ Asnr

ol ol il
™ N

1000 simulations of
the Loire flooding
(~40 kh.CPU)

o

5 "typlcal" flooding S|tuat|ons to manage
=

89x10“

58 X104

- Water depth (m)

TTTTTTTTTTTTTTTTTTTTT
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https://github.com/IRSN/data_LoireSully-TelemacV8
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https://ciroquo.ec-lyon.fr/
https://theses.hal.science/tel-04457222v2
https://www.harmo.org/Conferences/Proceedings/_Tartu/publishedSections/PPT/H20-153_Perillat_poster.pdf

WHAT’S NEXT ?

Major challenges remain in

@ Asnr

application field:
o Communicating uncertainties to decision makers
o Integrating operational constraints early in expertise

... and (still) in math. modeling tools:

o Draw a path toward standards in high-dim projections
(ex. similar to metamodel requirements)

o Integrate intrinsic physical properties in metamodels
(ex. "Physics Informed **", so mitigate interpret-/explain-ability tenet)

CLUSTERING METHODS FOR DECISION-MAKING 08/01/2025

21



	Diapositive 1 CLUSTERING METHODS FOR DECISION-MAKING
	Diapositive 2 DEcisions    facING NaTech RISKS
	Diapositive 3 Risks management Natural and/or technological (NATECH)
	Diapositive 4 Uncertainty analysis & interpretability
	Diapositive 5 Uncertainties quantization
	Diapositive 6 MODELLING    HIGH-DIMENSIONAL DATA
	Diapositive 7 [Ex.] Flooding
	Diapositive 8 [Ex.] Flooding
	Diapositive 9 How to include uncertainties in decision making ?
	Diapositive 10 High-dim. Input/Output
	Diapositive 11 2. Computational cost
	Diapositive 12 2.' Metamodelling
	Diapositive 13 3. Interpretability by sparse sampling
	Diapositive 14 3. Interpretability by sparse sampling
	Diapositive 15 4. Rare/extreme events support
	Diapositive 16 4. Rare/extreme events support
	Diapositive 17 Software
	Diapositive 18 … interpreting      for DECISION-MAKING
	Diapositive 19 [Ex.] Flooding risk
	Diapositive 20
	Diapositive 21

