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Machine learning

ARTIFICIAL INTELLIGENCE

The theory and development of computer
ems to perform task normally requiring
human intelligence
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Regression
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Regression Model (RM)

Complete database
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Regression Model (RM)

Complete database

0 Y
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Splited database
gt'l'ain ytrain
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Models | Re, sion model

Regression Model (RM)

Complete database

Model
1 - Training
0 Y The model is trained on %"
to fit Yt'rai'n
y
J 2 - Testing
; test
Splited database The model is tested on 6°“°
and the results are compared
with Ytest )
gt'rain Ytrain
Database size
From 100 to several 1000 points
y
Gtest Yf,f’sz‘ y
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Bayesian Optimisation (BO)

Aim

Find features 0% which correspond to an optimum of targets Y
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http://krasserm.github.io/2018/03/21/bayesian-optimization/

Bayesian Optimisation (BO)

Aim

n Optim

Find features @° which correspond to an optimum of targets Y

Gaussian Process

Database
C)

M. Krasser, “Bayesian Optimization”

, github (2018)

BO fc

optimising experimental paramet

Graphic Gaussian Process

, +
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+ Calculated — Aquisition function
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Bayesian Optimisation (BO)
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Find features * which correspond to an optimum of targets Y Graphic Gaussian Process

Gaussian Process
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new 6

Calculate/Measure
real value of Y

gt s — Gaussian model
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MADGUI

Fully graphical interface developed by C. Bajan and
G. Lambard to makes BO accessible to researchers
without extensive programming experience.

Global use

user-set parameters

Database
=

give n
suggested
[¢)

graphical results

@ Github : github.com/Lambard-ML-Team/MADGUI
@ WEB app : lambard-ml-team-madgui.streamlit.app

@ pre-print article : dx.doi.org/10.2139/ssrn.4855240

i-
"
!

S. Junier (ICMPE-LINK)

WEB application

MADGUI - Multi-Application Design
GUI

Welcome! The obj proj Ipyoufor data analysis, tofindthe
objective using

B o

£\ prediction Read carefully before uploading your data
;

C Bayesian

® avout

(D Contact sidebar.

P -
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https://github.com/Lambard-ML-Team/MADGUI
https://lambard-ml-team-madgui.streamlit.app
 https://doi.org/10.1016/j.actamat.2024.120342

Optimisation of one function

Global objective

Find the minimum y

Graphical representation

—— target function
noisy data
X initial data
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Optimisation of one function

Step

Import file : numeric table

Graphical representation

X

—— target function

noisy data
initial data

15

(ICMPE-LINK)

How it works on MADGUI

MADGUI - Multi-Application Design
GUI

Welcome! The objective of this project is to help you for data analysis, prediction model and

tofindthe - Youwillbe
35Ked t completedifferen partsof i proEram. You must start by ompletngthe Main
M Navigation are located. Then you will
the Bayesian optimization. Take note hatfyou change anything s submiting your
selection,you must click Submie again
Main Page
D predction 1- Data upload
C s
pesian Read carefully before uploading yourdata
@ nvout
& R efore conining & .
(B Contact
Firty youwill ave o upload your ata. To o thatyou have to cick on th "Brawse File
button nthe sdebar
Uploadyourcita
ploadyer Your data from is
airight

Drag and drop file here:

Browsggles

[ gusnocsy x




Optimisation of one function

Step

Select features and targets

-15

-2.0

Graphical representation

—— target function
noisy data
X initial data

15

=215
-3.0
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How it works on MADGUI

[ Navigation

L preciction

(5 Bayesian
@ nvout

(B contact

Upload your data

Drag and drop file here:

Browse files

[ gusnocsy x

alright,

1oes a0m

2 a4 00sis

2 - Selection of your features and targets
for the project

program, you mus your dataset are the

analyse predictor

improve.

Col jth  as well
contain text, This.

information for analysis and prediction.

Features - Unselected the one you don't need

Lioniomoe v ] °-

s.yz.bm

Choose an option

Submit

Submit your selection.
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Optimisation of one function

Step How it works on MADGUI

We have an analysis of data

°-

Selectyourtargetsthen click the submit button

Graphical representation ot

1.0 T T T T

—— target function
noisy data
X initial data

The data that you selected (Features + Targets) are.

[ Navigation B

-
0 85 0m
4 Main Page
L sa 0057
L preciction

5 Bayesian 3 - Quick analysis
1 @ About

Here you can see some information about your data

1 B Contact ot N N

=03\

2 Browse files . 108 | 0ama
-3.0 5 0 5 10 15 [ eusnocsy X 85 00575
o v
) :
CMPE-Link{C
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mean 105 05829
Upload your data wd 1053 0743

min 64 L1083
Drag and drop file here:




Optimisation of one function

Step

Choose domain of feature

Graphical representation

1.0 T T T T

X

=03\

—— target function

noisy data
initial data

15
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0
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How it works on MADGUI

M Navigation

(Y Main Page

L prociction

@ nvout

(B contact

Upload your data

Drag and drop file here:

Browse files

[y Eusnocsy x

Click below to download a CSV. Fill out the template with the boundaries and step of the features
you selected before. Then you will have to upload it below

Click here to download the filewith your features
Bayesian Optimisation
Limits and constraints

o+ s s sencne  Upload the file containing
the limite that you fixed

Select the file that you have completed

(et

Save your limits for next time

Drag and drop file
Browse

files

Make sure that everythingis correct

choose, the pe ach features are :

0 theta discrete T 69

The number of possibilities are :2.51e+02

v
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Optimisation of one function

Step

Select parameters of BO

Graphical representation

1.0 T T T T

051

=03\

—2.0F

— GP

- target function
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-25} b R
N\ X data
—30 -5 0 5 10
0

How it works on MADGUI

M Navigation

(Y Main Page

L prociction

@ nvout

(B contact

Upload your data

Drag and drop file here:

Browse files

»  gausnOcsy x

Optimisation

I titisused to

balance exploration and exploitation by quantifying the expected improvement of a candidate point
Ithelps g forthe

over the current best
global optimum in an efficient manner.

How many target do you want to optimise? (max3)

1

y -

Select fyou want to maximize/minimize this target

minimize -

Selectthe number of sample that you want

c the CSVwith P

Click here




Optimisation of one function
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Step

Calculate y, add to in database and repeat

Graphical representation

—2.0F

GP

---- target function
—25F ---- suggestion
X data
—30 -5 0 5 10 15

S. Junier (ICMPE-LINK)

[ Navigation

L\ prediction
C Bayesian
® Avout

@ contact

Upload your data

Drag and drop file here:

Browse files

[ eusnie x
10108

1 es s
1 2 a4 oosis

2 3 75 30

2 - Selettion of your featu
the project

On this section of the program, you must select which

res and targets for

columns of your dataset are the features you

‘want to analyse and which columns are the targets that you want to predict or improve.

Col h are.

 as well contain text.

Thisis done.
and prediction.

submit

‘The data that you selected (Features + Targets) are
het
85 L1083

1 64 00sTS
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Optimisation of one function

Step How it works on MADGUI
Calculate y, add to in database and repeat

Optimisation

t,itis used to

Graphical representation

over Ithelps forthe
global optimum in an efficient manner.

How many target do you want to optimise? (max3)

1
1 [ Navigation
optinine
-
1 €} Main Page y B
A o Slec you wiantto maxiizeminimiz s trget

m o ’

Selectthe number of sample that you want

] @ nvout L

o
i 2
@ contact
Bxecute the Bayesian Optimisation
Upload yourdata The resultofthe bayesian optimisation are

— GP
. Dragand drop fle here heta
---- target function 200 e e -
---- suggestion
Browse fles
X data Click below to download the CSV with the proposed data for optimisation.
=3 0 5 10 15 o) EE=hen S Click here
10108
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Optimisation of one function

Step

Calculate y, add to in database and repeat

-15

-2.0

=215

-3.0

Graphical representation

GP
target function
suggestion
data

15
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"
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How it works on MADGUI

[ Navigation

€} Main Page
L preciction
@ nvout

@ contact

Upload your data

Drag and drop file here:

Browse files

[ eusnie x
10108

Optimisation

t,itis used to

over Ithelps forthe

global optimum in an efficient manner.
How many target do you want to optimise? (max3)

1

optimise,
y -
Select fyou want to maimize/minimize this target
minimize -
Selectthe number of sample that you want
L
.
1 20
Execute the Bayesian Optimisation
‘The result of the bayesian optimisation are :
et
51
Click below to download the CSV with the proposed data for optimisation.

Click here
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Optimisation of one function

Step How it works on MADGUI
Calculate y, add to in database and repeat

Optimisation

t,itis used to

Graphical representation

over Ithelps forthe

global optimum in an efficient manner.

How many target do you want to optimise? (max3)

1
1 [ Navigation
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-
1 €} Main Page y B
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Selectthe number of sample that you want
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o
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Bxecute the Bayesian Optimisation
Upload yourdata The resultofthe bayesian optimisation are
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Dragand drop fle here
---- target function Hg N _P e -
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Browse fles
X data Click below to download the CSV with the proposed data for optimisation.
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Optimisation of one function

Step How it works on MADGUI

Calculate y, add to in database and repeat

Graphical representation

---- target function

---- suggestion
N X data
=3 0 5 10 15

(ICMPE-LINK)

[ Navigation

€} Main Page
L preciction
@ nvout

@ contact

Upload your data

Drag and drop file here:

Browse files

[ eusnie x
10108

Optimisation

t,itis used to

over Ithelps forthe
global optimum in an efficient manner.

How many target do you want to optimise? (max3)

1

optimise,
y -
Select fyou want to maimize/minimize this target
minimize -
Selectthe number of sample that you want
L
.
1 20
Execute the Bayesian Optimisation
‘The result of the bayesian optimisation are :
hets
51
Click below to download the CSV with the proposed data for optimisation.

Click here
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Optimisation of one function

Step How it works on MADGUI
Calculate y, add to in database and repeat

Optimisation

t,itis used to

Graphical representation

over Ithelps forthe
global optimum in an efficient manner.

How many target do you want to optimise? (max3)

1
1 [ Navigation
optinine
-
1 €} Main Page y B
A o Slec you wiantto maxiizeminimiz s trget

m o ’

Selectthe number of sample that you want

] @ nvout L

,,,,, o
i 2
@ contact
Bxecute the Bayesian Optimisation
Upload yourdata The resultofthe bayesian optimisation are

Dragand drop fle here heta
---- target function Hg ® _p lexcs

51
---- suggestion
Browse fles
N X data Click below to download the CSV with the proposed data for optimisation.
=3 0 5 10 15 o) EE=hen S Click here
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Optimisation of one function

Step How it works on MADGUI
Calculate y, add to in database and repeat

Optimisation

t,itis used to

Graphical representation

over Ithelps forthe
global optimum in an efficient manner.

How many target do you want to optimise? (max3)

1
1 [ Navigation
optinine
-
1 €} Main Page y B
A o Slec you wiantto maxiizeminimiz s trget

m o ’

Selectthe number of sample that you want

] @ nvout L
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Bxecute the Bayesian Optimisation
Upload yourdata The resultofthe bayesian optimisation are
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---- target function ]
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Optimisation of two functions

Global objective

and the lowest value of ya

Find 0 corresponding to the highest value of y;

Graphical representation

target 1
target 2 7
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[0 Navigation

D prediction

C Bayesian
@ Avout

B contact

Upload your data

Dragand drop file here
Limit 20018 per fle C5

Browse files

0 e

How it works on MADGUI

Firstly, you will data. Todo that "Browse File"

button in the sidebar.

Your data from

1 oams 0 osm

2 aew amm 2154

2 - Selection of your features and targets for
the project

the program, your dataset are the features,

youwant anttop P

Columns with a5 that contain

text. Thisis done automatically to eliminate columns that do not provide useful information for
analysis and prediction.

Festures st one oudon' eed
E3 °-

o

Submit

The data that you selected (Features + Targets) are
h 51
At 0 osm

sem 3022 21154

I.H)
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Optimisation of two functions
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Global objective

Find 0 corresponding to the highest value of y;
and the lowest value of ya

Graphical representation

target 1

—— target 2

1 p
_2f p
-3L " " " " " 1
-5 0 5 10 15
0
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[0 Navigation

€3 Main Page

D prediction

@ Avout

B contact

Upload your data

Dragand drop file here

Limit 20018 per flCSY, XX

Browse files

0 e

How it works on MADGUI

x =

pontoverthe urent best coptimization process. It
Searchfoth gobal aptimumin an efciet manner
[————

2 -

n =
Sekctityouonttomamiz iz s e

maimize o
» o
Skt tyouvanttomami i s e

inimize -
PR —
_ 3
[ERT——
—

Execute the Bayesian Optimisation

2 ™ |
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Optimisation of two functions

Global objective

Find 0 corresponding to the highest value of y;

and the lowest value of ya

Graphical representation

2 %,

---- target 1

---- target 2 ]

15

I X
-3L " " " "
-5 0 5 10
0
S.

Junier (ICMPE-LINK)

How it works on MADGUI

x =
pointoverthe currentbest process. It
<earch forth gobal optimum n an eficient mane
[ ————
n -
n o
Stect iyt masimize iz i et
maximize o
[0 Navigation e
» <
€} Main Page
Stecttyounantto sz iz i e
L predicion minimize -
- 3
@ oo . o
B contact Stectthe o eyt
—
2 »
Uploadyourdata
Beecutethe Bayesian Optimisation
Draganddrop fehere
Limi 2000 p e 1 1.5 !
Browsefes s
u
O e x

a ﬂ)
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Optimisation of two functions

Global objective

Find 0 corresponding to the highest value of y;

and the lowest value of ya

Graphical representation

2+ %,

---- target 1

---- target 2 ]

15

I X
-3L " " " "
-5 0 5 10
0
S.

Junier (ICMPE-LINK)

imental

target 1

3.5

Results representation

3.0

251

20

051

-3.0

-2.5

-20 -15 -10 -05 0.0
target 2

-
o
S

deviation from ideal ppint

0.00




Real examples

Real examples

Framework in precedent examples

\@\ suggest
new 0

Calculate/Measure
real value of Y

problem

Only one compound can be calculated at a time
v

BO for optim: rimental parameters ICMMO seminar — 07/1



Real examples

Real examples

Framework in precedent examples

\@\ suggest
new 0

Calculate/Measure
real value of Y

Compleat framework

problem

Only one compound can be calculated at a time | = =------------------------—- ’ y
v

Wi CMPE-Link &X

BO for optim xperimental parameters ICMMO seminar — 07/11/2024 11 /13



SPS application

Optimise SPS synthesise parameter to obtain the best zT

[ Navigation

on thermo-electric compound.

0269

021

o269

om

suggest
n new 0

Prediction
model
RM:0—Y

Y 2 - Selection of your features and targets for
the project
C Bayesian proj
e
@ avout »
B conact o P—
anayss andpredicton
e Features - Unselected the one you don't need
Orag and rop e here °-
Slctyour gt then et st bton
Browse les
x °-
V.
C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)

BO for optimising exp

rimental

WiEICMPE - Link &
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SPS application

MADGUI can display some information on database
X =
-
gt you sl can ke some s o chrg
[Deptytve corciongann |
[0 Navigation
£ predcion
C5 Bayesian
@ avout
B conta
wntyoaan
sagandaopticners
P
Dounondgoph
4

suggest
n new 0

Prediction
model
RM:0—Y

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)

BO for optimising experimental paramete

Wil CMPE—Link &
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SPS application

o Models
ElasticNet :  very quick
RandomForestRegressor :  usually good
XGBRegressor :  usually good
o Cross validation

LeaveOneOut :  for less than 10 data
K-Fold (3-4-5) :  for more data

Target's Prediction using different methods
(ElasticNet, RandomForest and XGBRegressor)

Expianation v

Selectwhich trge you vt o precict

S

| [0 Navigation
RandomForestRegressor -
€} Main Page Setectwhich method of cross valdaton you want to use-
erold B
| .
| O suesan g
B -B
® avout
Submit
B Contact

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)

BO fi mising

Prediction
model

RM:0—Y

v

imental parameters

@-_

ninar — 07/11
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SPS application

Regression model results (plot by MADGUT)

Non-linear regression on zt with RandomForestRegressor and K-Fold = 4 : MAE: 0.038 +/- 0.009 RMSE: 0.047

+/-0012

Prediction using RandomForestRegressor versus Observation

05
04
i} . . .
5
2 .
3 o3 . e <.
b ety
Y .
[ . PR
. . - o
02
01
01 02 03 04 05
Observed zt

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)

BO f

r optim

\@\ suggest

Prediction
model
RM:0—Y

new 6

parameters

ICMMO sc

Wi CMPE—ink &X




Real examples | App

SPS application

Regression model results (plot by MADGUT)

Prediction
Features importance for zt with RandomForestRegressor model
RM:0—Y
04
03
0.2
01
0.0

SintT
Stept
HR
CR
uP

Wi CMPE-Link &

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)
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Real examples | App

SPS application
Regression model results (plot by MADGUI)

Prediction
model

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)

BO for optim perimental parameters




SPS application
Set BO parameter [Limits]

Bayesian Optimisation
Limits and constraints

v e s e Upload the file containing

w |z |0 |25 |o the limite that you fixed
o om w0 Seectthe e thatyou have completed
D K il il Drag and drop file
M Navigation w o ®m 1 o Gy e Browse
wpt|o |e |5 |o Limit200uB e fles
csv

(3 Main Page

limits

£\ Prediction

@ Avout

Save your limits for next time

Make sure that everything is correct

choose, the p h
B contact
o MR discrete 10 115 200
e L s discrete 2 a en a0m w0m

Dragand drop file here 2 R discrete
Limit 200M8 per fle - CSV, XLSX 2| or | decete | €D €D @
Browse files 4 Swpt discrete 0 5 10 15 20 25 30 35 40 45 50 55 60

The number of possibilities are :4.58¢+04

n new 0

Prediction
model
RM:0—Y

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)
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SPS application

name
0 HR
1 SintT
2 Stept
3R
4 up

How many constraints do you have?

1

Submit

Constraint 1 : Write your constraint here

X[:,00-x[:,3]

Validate

Set

type
discrete
discrete
discrete
discrete

discrete

BO parameter [Constraints|

domain
25 50 75 100 125 150 175 200
573 623 673 723 773 823 873 923 973 1023 1073

0 5 10 15 20 25 30 35 40 45 50 55 60

If you already saved constraints

Drag and drop file

@) = Browse

Limit 200MB per file - files

Constraint 1 : Write your result here

[-100,100]

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)

BO for optimi

Prediction
model
RM:0—Y

¥ 7 new 0 S
,

new 6

<

perimental paramete:

%CMPE—Link (X0

ICMMO

—07/11/2024

12 /13



SPS application

[0 Navigation

€Y Main Page
£ precicton
@ About

@B contact

Upload your data

Drag and drop file here

Limit 200M8 per e C5V,XLSX

Browsefiles

o e x

18

BO

Optimisation

ted Improvement, it is used to

pointover|

search for the global optimumin an efficient manner.

How many target do you want o optimise? (max 3)

1

process.

2

Selectifyou want to masimize/minimize this target

Selectthe number of sample that you want

an Optimisation

‘The result of the bayesian optimisation are

HR ST sept R UP

C. Bourges

, G. Lambard et al., Acta Materialia 281, 120342 (2024)

rimental

suggest
n new 0

Prediction
model
RM:0—Y

suggest

ICMMO se
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SPS application

BO (with prediction)

z

‘Select which method ofprediction you want to use

RandomForestRegressor >

‘Select which method ofcross validation you want to use

K-Fold -

I M Navigation 4

€} Main Page

‘Submit your selection

£\ Prediction Execute the Bayesian Optimisation with Prediction

@ Avout

[ contact 1

Upload your data

Dragand drop file here

Limit 200

perfle €SV, XLSX

The resultof the bayesan optmisatin using the prediction are

HR | SintT  Stept R UP

C. Bourges, G. Lambard et

al., Acta Materialia 281, 120342 (2024)

BO for optimising experimental

suggest
n new 0

g3

ti

estimate

Y

Prediction
model
RM:0—Y

suggest
new 0

ninar — 07/11/2




xamples

SPS application

) o

Prediction
model
RM:0—Y

Restart for several cycles _

-8 cyces

25 30 35
sample #

suggest
new 0

O
d

In each cycle some points are not good because these points
correspond to features selected by BO to minimise the
uncertainty on the unknown 6@ regions

RM
is good ?

C. Bourges, G. Lambard et al., Acta Materialia 281, 120342 (2024)
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Conclusion

Conclusion

Regression machine learning model

o Allows you to predict information about a compound rather than
calculate/measure it

o Need a lot of data

Bayesian Optimisation (active learning)

o Allows you to optimise the properties of a compound with a minimum of samples

o Can be applied to calculated or experimental value

MADGUI
Is a fully graphical interface that makes BO accessible to researchers without extensive
programming experience

|
I kI CMPE—Link

S. Junier (ICMPE-LINK) D f i xperimental ameters )} minar — 07/11
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