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Introduction Machine Learning

Introduction
Machine learning

ARTIFICIAL INTELLIGENCE
The theory and development of computer 

systems to perform task normally requiring 
human intelligence

Regression

θ1 θ2 θ3 y1 y2

θa1 θa2 θa3 ya1 ya2
θb1 θb2 θb3 yb1 yb2
θc1 θc2 θc3 yc1 yc2
θd1 θd2 θd3 yd1 yd2

θi =

θi1
θi2
θi3

 Yi =

(
yi1
yi2

) From the table above, we
look for the function

f : θ → Y

θe1 θe2 θe3 ? ?

θf1 θf2 θf3 ? ?

Formalism

θ : features Y : targets
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Introduction Interest

Some examples

heating rate

cooling rate

pressure

..
.

features

elasticity

zT

..
.

targets

SPS synthesis 

volume

temperature

mol 
number

features

pressure

target

Ideal gas

atom 
number symmetry

elements
type

concentration

strucutre

..
.

features

energy

DOS

magnetic 
moment

..
.

targets

DFT calculation
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Models Regression model

Regression Model (RM)

Complete database

θ Y

Splited database

θtrain Ytrain

θtest Ytest

Model

Model

y1 y2

q1 qnq3q2 ...
1 - Training

The model is trained on θtrain

to fit Ytrain

2 - Testing

The model is tested on θtest

and the results are compared
with Ytest

Database size

From 100 to several 1000 points
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Models Bayesian Optimisation

Bayesian Optimisation (BO)

Aim

Find features θi which correspond to an optimum of targets Y

Gaussian Process

Database
{θ}={Y}

BO framework

suggest 

n new θ 

BO
real 

calcul 
of Y

Database
{θ}={Y}

Graphic Gaussian Process

θ

y

Target 
function

Calculated 
values

Gaussian model

Aquisition function

M. Krasser, “Bayesian Optimization”, github (2018)
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Models MADGUI: User Interface developed by NIMS

MADGUI

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

Global use

Database
{θ}={Y}

give n 
suggested

θ 

user-set parameters 

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

WEB application
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Optimisation of one function
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Theoretical Examples Two dimensions

Optimisation of two functions

Global objective
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Real examples

Real examples

Framework in precedent examples

Calculate/Measure

 real value of Y

Database
{θ}={Y} GP suggest

new θ

problem

Only one compound can be calculated at a time

Compleat framework

Database
{θ}={Y} GP suggest

new θ

RM 

is good ?estimate
Y

GP(θ)

RM(θ)

yes

no

Prediction 
model

RM : θ    Y

RM

suggest 
n new θ 

BO
real 

calcul 
of Y

Database
{θ}={Y}

n 
times
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Real examples Application on SPS optimisation

SPS application
Optimise SPS synthesise parameter to obtain the best zT

on thermo-electric compound.

Prediction 
model

RM : θ    Y

RM

suggest 

n new θ 

BO
real 

calcul 
of Y

Database
{θ}={Y}

C. Bourgès, G. Lambard et al., Acta Materialia 281, 120342 (2024)
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Real examples Application on SPS optimisation

SPS application

MADGUI can display some information on database

Prediction 
model

RM : θ    Y

RM

suggest 

n new θ 

BO
real 

calcul 
of Y

Database
{θ}={Y}
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Real examples Application on SPS optimisation

SPS application

Models

ElasticNet : very quick
RandomForestRegressor : usually good

XGBRegressor : usually good

Cross validation

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

Prediction 
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RM : θ    Y

RM

suggest 
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BO
real 

calcul 
of Y

Database
{θ}={Y}
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Real examples Application on SPS optimisation

SPS application

Regression model results (plot by MADGUI)
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Real examples Application on SPS optimisation

SPS application

Set BO parameter [Limits]
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Real examples Application on SPS optimisation

SPS application

Set BO parameter [Constraints]
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Real examples Application on SPS optimisation

SPS application

BO
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Real examples Application on SPS optimisation

SPS application

BO (with prediction)
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Real examples Application on SPS optimisation

SPS application

Restart for several cycles
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In each cycle some points are not good because these points
correspond to features selected by BO to minimise the

uncertainty on the unknown θ regions
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Conclusion

Conclusion

Regression machine learning model

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

Need a lot of data

Bayesian Optimisation (active learning)

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

Can be applied to calculated or experimental value

MADGUI

Is a fully graphical interface that makes BO accessible to researchers without extensive
programming experience
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Thanks for your attention
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