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Artificial Intelligence 
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Can a Large Language Model replace a scientist?

M.C. Ramos et al., arXiv 2407.01603 (2024).
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Recent publications claim that 
Large Language Models can predict novel materials.

Can a Large Language Model replace a scientist?

M.C. Ramos et al., arXiv 2407.01603 (2024).
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State of the Art - ChatGPT 4o Model
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Hands-on: Let’s give it a try! 

Answer form ChatGPT:

Technical Parameter: 
Atomic Simulation Environment (ASE)

Technical Parameter: 
Effective Medium Theory (EMT)

Physical Parameter: 
Aluminium
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Hands-on: Let’s give it a try!

Answer form ChatGPT:

Experiment: 62 GPa 
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State of the Art - ChatGPT 4o Model

MPI for Sustainable Materials | Jan Janssen https://chatgpt.com

With Correction: 40 GPa Experiment: 62 GPa 

Debugging:

The code produced by ChatGPT 4o can be executed. 
The generated code is >90% correct, but the scientific result is wrong. 

Hands-on: Let’s give it a try! 
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Materials Informatics Group
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Our Expertise: Workflows for Sustainable Materials

Machine-Learned Interatomic 
Potentials for Extreme Environments

Uncertainty Propagation 
for Density Functional Theory

Automated Workflow for Calculating 
Melting Temperatures

J. Janssen, et al.,npj Comput. Mater., 10, 263 (2024)
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Collect 
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from MD

A. Rohskopf, C. Sievers, N. Lubbers, M.a. Cusentino, 
J. Goff, J. Janssen, et al. JOSS, 8 (2023) L.F. Zhu, J. Janssen, et al. Comp. Mat. Sci. 187 (2021) 

pyiron Workflow Framework
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Machine Learned Interatomic 
Potentials for the Exascale

Uncertainty Propagation 
for Density Functional Theory

Automated Workflow for Calculating 
Melting Temperatures

J. Janssen, et al.,npj Comput. Mater., 10, 263 (2024)

DFT 
Calculation

Fit ML
Potential

Active
Learning

Submit a 
set of 100-

1000
structures

Hyper 
Parameter 

Study

Collect 
Structures 
from MD

A. Rohskopf, C. Sievers, N. Lubbers, M.a. Cusentino, 
J. Goff, J. Janssen, et al. JOSS, 8 (2023) L.F. Zhu, J. Janssen, et al. Comp. Mat. Sci. 187 (2021) 

pyiron Workflow Framework
J. Janssen, et al., Comp. Mat. Sci. 161 (2019) - https://pyiron.org 

The pyiron workflow framework enables data-driven materials science, by moving away 
from the terminal-/shell-based interface towards a programmatic Python-based interface.

Our Expertise: Workflows for Sustainable Materials
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pyiron based Large Language Model Interface for Atomistic Simulation

https://jan-janssen.com/LangSim - arXiv 2505.03049 (2025).
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LangSim
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pyiron based Large Language Model Interface for Atomistic Simulation

https://jan-janssen.com/LangSim - arXiv 2505.03049 (2025).

Using specialized agents, the Large Language Model (LLM)
can interface with atomistic simulation codes and utilities.
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Collaborative Team of Large Language Model Agents

Z. Wang, H. Huang, H. Zhao, C. Xu, J. Janssen and V. Viswanathan (in preparation)
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DFT-based Research Engine for Automated Materials Screening

MPI for Sustainable Materials | Jan Janssen

Collaborative Team of Large Language Model Agents

Z. Wang, H. Huang, H. Zhao, C. Xu, J. Janssen and V. Viswanathan (in preparation)

While a single Large Language Model is limited in its capabilities,
a team of Large Language Model agents can address increasingly complex challenges.



7

Transferable Machine-Learned Interatomic Potentials

MPI for Sustainable Materials | Jan Janssen

Generate a diverse training set based on maximizing the informational entropy

M. Karabin, et. al. J. Chem. Phys. 153, 094110 (2020)
Montes de Oca Zapiain, D., et al. npj Comput Mater 8, 189 (2022).
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Transferable Machine-Learned Interatomic Potentials

MPI for Sustainable Materials | Jan Janssen

Generate a diverse training set based on maximizing the informational entropy

M. Karabin, et. al. J. Chem. Phys. 153, 094110 (2020)
Montes de Oca Zapiain, D., et al. npj Comput Mater 8, 189 (2022).

By maximizing the informational entropy 
of the SNAP descriptors a diverse dataset is constructed.
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M. Poul, L. Huber, E. Bitzek and J. Neugebauer., Phys. Rev. B 107 (2023)

Space Group Symmetry based Structures
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Divers Training Sets

MPI for Sustainable Materials | Jan Janssen M. Poul, L. Huber, E. Bitzek and J. Neugebauer., Phys. Rev. B 107 (2023)

Space Group Symmetry based Structures

The diverse training sets prevent the MLIPs from extrapolating. The structures typically 
contain less than 10 atoms, which improves computational efficiency.

Automated Small SYmmetric Structure Training (ASSYST)



9

Uncertainty Propagation from Density Functional Theory
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Can we improve computational efficiency for constructing diverse machine learned 
interatomic potentials by including lower precision DFT calculation? 

Can we leverage computationally more efficient less complete basis sets? 
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Low 0.5 k-spacing 500eV   19s

High 0.1 k-spacing 900eV 996s

20 000 configuration

20 000 configuration

For Fitting a Machine Learned Interatomic Potential
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The error consists of two contributions 
a systematic error and a statistical error.
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DFT Uncertainty in the Training Data

MPI for Sustainable Materials | Jan Janssen

For Energies and Forces

Energy Error Force Error

The force errors do not experience the same systematic shift as the energy errors,
so a higher force weight can improve the prediction.
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Impact of MLIP Complexity
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Coupling of MLIP Precision and DFT Precision

Less Complex MLIP (2JMax = 6) More Complex MLIP (2JMax = 10)

The optimal level of DFT precision and MLIP complexity depend on target property. 
Optimizing the DFT precision and MLIP complexity improves the computational efficiency.
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DFT precision:
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Rescaled Beryllium

Beryllium
rescaled

Calculation:
120 000 VASP calculation 
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Compare Chemical Elements 

MPI for Sustainable Materials | Jan Janssen

The per atom energy distribution or distance from the convex hull
is a good indicator of the required complexity.

Beryllium and Tungsten 
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Optimal Cut-off Radius

MPI for Sustainable Materials | Jan Janssen

Calculation:
- 26 2jmax
- 31 radii

Total: 
806 calculation

The optimal cutoff radius for a given number of parameters 
is shifting towards larger cut-off radii with increasing number of parameters.

For Spectral Neighbour Analysis Potential (SNAP)
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Computational Cost calculating Molecular Dynamics

MPI for Sustainable Materials | Jan Janssen

For long-time scale simulation the performance 
in terms of precision at a given computational cost is key. 

For Spectral Neighbour Analysis Potential (SNAP)
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Pareto Front 

MPI for Sustainable Materials | Jan Janssen

Optimized 
Pareto Front

previous 
potential

The cut-off radius is primarily a numerical hyperparameter,
considerations based on the radial distribution function are less relevant. 

Including Computational Cost 
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Temperature Concentration Phase Diagram

MPI for Sustainable Materials | Jan Janssen S. Menon, Y. Lysogorskiy, A. L. M. Knoll, N. Leimeroth, M. Poul, M. Qatar, J. Janssen, M. Mrovec,
J. Rohrer, K. Albe, J. Behler, R. Drautz and J. Neugebauer. npj Comput. Mater., 10, 261 (2024)
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With Machine Learned Interatomic Potentials (MLIP) 
we predict the full phase diagram from ab-initio.
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Small changes in the concentration 
can lead to drastically different microstructure.
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Defect Formation Energies and Phase Diagram

Defect formation energy: 𝐸!
" = 𝐹!#$% − %
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𝑛&!𝜇&
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i    -  chemical species
ni  - number of species i 
atoms

MPI for Sustainable Materials | Jan Janssen S. Korte-Kerzel, T. Hickel, L. Huber, D. Raabe, S. Sandlöbes-Haut, M. Todorova, 
and J. Neugebauer. Int. Mat. Rev., 67(1), 89–117. (2021)



19

Defect Formation Energies and Phase Diagram

𝑬𝒇

n𝑠𝑜𝑙𝑢𝑡𝑒=0

µsolute

n𝑠𝑜𝑙𝑢𝑡𝑒=1
n
𝑠𝑜𝑙𝑢𝑡𝑒 =4

Theory (selected):
Ø J.W. Gibbs 
Ø Fowler & Guggenheim 1939
Ø Cahn 1982
Ø Frolov & Mishin 2015
Ø .....

Defect formation energy: 𝐸!
" = 𝐹!#$% − %

&

𝑛&!𝜇&

0

s - defect state
i    -  chemical species
ni  - number of species i 
atoms

MPI for Sustainable Materials | Jan Janssen S. Korte-Kerzel, T. Hickel, L. Huber, D. Raabe, S. Sandlöbes-Haut, M. Todorova, 
and J. Neugebauer. Int. Mat. Rev., 67(1), 89–117. (2021)



19

Defect Formation Energies and Phase Diagram

𝑬𝒇

n𝑠𝑜𝑙𝑢𝑡𝑒=0

µsolute

n𝑠𝑜𝑙𝑢𝑡𝑒=1
n
𝑠𝑜𝑙𝑢𝑡𝑒 =4

Segregation to 
existing defects

Theory (selected):
Ø J.W. Gibbs 
Ø Fowler & Guggenheim 1939
Ø Cahn 1982
Ø Frolov & Mishin 2015
Ø .....

Defect formation energy: 𝐸!
" = 𝐹!#$% − %

&

𝑛&!𝜇&

0

s - defect state
i    -  chemical species
ni  - number of species i 
atoms

MPI for Sustainable Materials | Jan Janssen S. Korte-Kerzel, T. Hickel, L. Huber, D. Raabe, S. Sandlöbes-Haut, M. Todorova, 
and J. Neugebauer. Int. Mat. Rev., 67(1), 89–117. (2021)



19

Defect Formation Energies and Phase Diagram

𝑬𝒇

n𝑠𝑜𝑙𝑢𝑡𝑒=0

µsolute

n𝑠𝑜𝑙𝑢𝑡𝑒=1
n
𝑠𝑜𝑙𝑢𝑡𝑒 =4

Segregation to 
existing defects

Solute-driven defect
formation

Theory (selected):
Ø J.W. Gibbs 
Ø Fowler & Guggenheim 1939
Ø Cahn 1982
Ø Frolov & Mishin 2015
Ø .....

Defect formation energy: 𝐸!
" = 𝐹!#$% − %

&

𝑛&!𝜇&

0

s - defect state
i    -  chemical species
ni  - number of species i 
atoms

MPI for Sustainable Materials | Jan Janssen S. Korte-Kerzel, T. Hickel, L. Huber, D. Raabe, S. Sandlöbes-Haut, M. Todorova, 
and J. Neugebauer. Int. Mat. Rev., 67(1), 89–117. (2021)



19

Defect Formation Energies and Phase Diagram

𝑬𝒇

n𝑠𝑜𝑙𝑢𝑡𝑒=0

µsolute

n𝑠𝑜𝑙𝑢𝑡𝑒=1
n
𝑠𝑜𝑙𝑢𝑡𝑒 =4

Segregation to 
existing defects

Solute-driven defect
formation

Theory (selected):
Ø J.W. Gibbs 
Ø Fowler & Guggenheim 1939
Ø Cahn 1982
Ø Frolov & Mishin 2015
Ø .....

Defect formation energy: 𝐸!
" = 𝐹!#$% − %

&

𝑛&!𝜇&

0

s - defect state
i    -  chemical species
ni  - number of species i 
atoms

MPI for Sustainable Materials | Jan Janssen S. Korte-Kerzel, T. Hickel, L. Huber, D. Raabe, S. Sandlöbes-Haut, M. Todorova, 
and J. Neugebauer. Int. Mat. Rev., 67(1), 89–117. (2021)



19

Defect Formation Energies and Phase Diagram

𝑬𝒇

n𝑠𝑜𝑙𝑢𝑡𝑒=0

µsolute

n𝑠𝑜𝑙𝑢𝑡𝑒=1
n
𝑠𝑜𝑙𝑢𝑡𝑒 =4

Segregation to 
existing defects

Solute-driven defect
formation

Theory (selected):
Ø J.W. Gibbs 
Ø Fowler & Guggenheim 1939
Ø Cahn 1982
Ø Frolov & Mishin 2015
Ø .....

Defect formation energy: 𝐸!
" = 𝐹!#$% − %

&

𝑛&!𝜇&

0

MPI for Sustainable Materials | Jan Janssen S. Korte-Kerzel, T. Hickel, L. Huber, D. Raabe, S. Sandlöbes-Haut, M. Todorova, 
and J. Neugebauer. Int. Mat. Rev., 67(1), 89–117. (2021)

µbarrierµinitial



19

Defect Formation Energies and Phase Diagram

𝑬𝒇

n𝑠𝑜𝑙𝑢𝑡𝑒=0

µsolute

n𝑠𝑜𝑙𝑢𝑡𝑒=1
n
𝑠𝑜𝑙𝑢𝑡𝑒 =4

Segregation to 
existing defects

Solute-driven defect
formation

Theory (selected):
Ø J.W. Gibbs 
Ø Fowler & Guggenheim 1939
Ø Cahn 1982
Ø Frolov & Mishin 2015
Ø .....

Defect formation energy: 𝐸!
" = 𝐹!#$% − %

&

𝑛&!𝜇&

0

MPI for Sustainable Materials | Jan Janssen S. Korte-Kerzel, T. Hickel, L. Huber, D. Raabe, S. Sandlöbes-Haut, M. Todorova, 
and J. Neugebauer. Int. Mat. Rev., 67(1), 89–117. (2021)

µbarrierµinitial

Small changes in the concentration 
can lead to drastically different microstructure.



Computational Efficient Machine 
Learned Interatomic Potentials
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Materials Acceleration Platforms (MAP) 
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the same workflow.

The desired application of the machine 
learned interatomic potential limits the 
benefit of high precision training data.
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Workflows to Accelerate Materials Discovery – Thank you
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Density Functional Theory 
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to Predict Microstructure

Materials Acceleration Platforms (MAP) 
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