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Artificial Intelligence
Can a Large Language Model replace a scientist?

Recent publications claim that
Large Language Models can predict novel materials.
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the bulk modulus for aluminium with ASE using @
the EMT simulation code.
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the[bulk modulus forlaluminium with[ASH using
the

Answer form ChatGPT: Physical Parameters, Technical Parameters
@ Thought for 12 seconds

To calculate the bulk modulus of aluminum using the Atomic Simulation Environment
(ASE) with the Effective Medium Theory (EMT) potential, you can follow these steps:

1. Set up the aluminum bulk structure.
Assign the EMT calculator to the structure.
Compute the energies at different volumes by scaling the unit cell.

Fit the calculated energies and volumes to an equation of state (EOS).

o & W B

Extract the bulk modulus from the EOS fit.
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the|bulk modulus| forfaluminium| with[ASH using @
° EMT simulation code.
Answer form ChatGPT: thefEMT simulation code

@ [1]: from ase.build import bulk
from ase.calculators.emt import EMT
from ase.eos import EquationOfState
import numpy as np

# Create an aluminum bulk structure
al_bulk = bulk('Al', 'fcc', a=4.05, cubic=True)

# Attach the EMT calculator
al_bulk.calc = EMT()

# Define a range of scaling factors for volume

scaling_factors = np.linspace(0.94, 1.06, 10) # Scale between 94% and 106%
volumes = []

energies = []
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the/bulk modulus forfaluminium| with[ASH using
: EMT simulation code!
Answer form ChatGPT: the[EMT simulation code

@ [1]:[ from ase.build import bulk Technical Parameter:

from ase.calculators.emt import EMT . . . .
£708 se eos Qmrort E-uatitrorstate | ttomic Simulation Environment (ASE)

import numpy as np

[2]1:| # Create an aluminum bulk structure Physical Parameter: («’

al_bulk = bulk('Al', 'fcc', a=4.05, cubic=True) Aluminium

[3]:| # Attach the EMT calculator Technical Parameter:
al_bulk.calc = EMT() Effective Medium Theory (EMT)

[4]: # Define a range of scaling factors for volume
scaling_factors = np.linspace(0.94, 1.06, 10) # Scale between 94% and 106%
volumes = []
energies = []
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the|bulk modulus| forfaluminium| with[ASH using @
° EMT simulation code.
Answer form ChatGPT: thefEMT simulation code

@E [5]: # Loop over scaling factors, calculating energy for each
for factor in scaling_factors:
al_bulk.set_cell(al_bulk.get_cell() * factor, scale_atoms=True)
volumes.append(al_bulk.get_volume())
energies.append(al_bulk.get_potential_energy())

# Fit the Equation of State (EO0S)
eos = EquationOfState(volumes, energies)
vd, e0, B = eos.fit() # Fit returns equilibrium volume, energy, and bulk modulus

# Print results

print(f"Equilibrium volume: {v0:.2f} A3")
print(f"Equilibrium energy: {e@:.2f} eV")
print(f"Bulk modulus: {B:.2f} GPa")

Equilibrium volume: 62.50 A3
Equilibrium energy: -0.03 eV
Bulk modulus: 0.26 GPa

MPI for Sustainable Materials | Jan Janssen https://chatgpt.com 3



State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the|bulk modulus| forfaluminium| with[ASH using @

Answer form ChatGPT: L BT AL L e Ze el
@ﬁ [5]: # Loop over scaling factors, calculating energy for each
for factor in scaling_factors:
al_bulk.set_cell(al_bulk.get_cell() * factor, scale_atoms=True) «
volumes.append(al_bulk.get_volume())

energies.append(al_bulk.get_potential_energy())

# Fit the Equation of State (EO0S)
eos = EquationOfState(volumes, energies)

vDd, ed, B = eos.fit() # Fit returns equilibrium volume, energy, and bulk modulus

# Print results

print(f"Equilibrium volume: {v0:.2f} A3")
print(f"Equilibrium energy: {e@:.2f} eV")
print(f"Bulk modulus: {B:.2f} GPa")

Equilibrium volume: 62.50 A3
Equilibrium energy: -0.03 eV
Bulk modulus: 0.26 GPa
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the|bulk modulus| forfaluminium| with[ASH using @

Answer form ChatGPT: L BT AL L e Ze el
@@ [5]: # Loop over scaling factors, calculating energy for each
for factor in scaling_factors:
al_bulk.set_cell(al_bulk.get_cell() * factor, scale_atoms=True) «
volumes.append(al_bulk.get_volume())

energies.append(al_bulk.get_potential_energy())

# Fit the Equation of State (EO0S)
eos = EquationOfState(volumes, energies)

vDd, ed, B = eos.fit() # Fit returns equilibrium volume, energy, and bulk modulus

# Print results

print(f"Equilibrium volume: {v0:.2f} A3")
print(f"Equilibrium energy: {e@:.2f} eV")
print(f"Bulk modulus: {B:.2f} GPa")

Equilibrium volume: 62.50 A3
Equilibrium energy: -0.03 eV
[Bulk modulus: 0.26 GPa I Experiment: 62 GPa
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

Calculate the/bulk modulus forfaluminium| with[ASH using @

ing: EMT simulation code.
Debuggmg. thelEMT simulation code

<§§>[9J: eos. fit??

Signature: eos.fit(warn=True)
Source:
def fit(self, warn=True):
"iCalculate volume, energy, and bulk modulus.

Returns the optimal volume, the minimum energy, and the bulk
modulus. Notice that the ASE units for the bulk modulus 1is
eV/Angstrom™3 - to get the value in GPa, do this::

vd, ed, B = eos.fit()
print(B / kJ *x 1.0e24, 'GPa')

With Correction: 40 GPa Experiment: 62 GPa
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State of the Art - ChatGPT 40 Model
Hands-on: Let’s give it a try!

The code produced by ChatGPT 40 can be executed.
The generated code is >90% correct, but the scientific result is wrong.
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Materials Informatics Group
Our Expertise: Workflows for Sustainable Materials
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pyiron Workflow Framework 32¢
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Materials Informatics Group %’J
Our Expertise: Workflows for Sustainable Materials 0~ A O
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The pyiron workflow framework enables data-driven materials science, by moving away
from the terminal-/shell-based interface towards a programmatic Python-based interface.

MPI for Sustainable Materials | Jan Janssen 4



LangSim

pyiron based Large Language Model Interface for Atomistic Simulation
B + X O » m C » Code v Notebook [7 # Python 3 (ipykernel) () =

%sreload_ext langsim

%%chat
@ I am looking for a material with a bulk modulus in the range of 200 GPa.
Can you compute the bulk modulus for the noble metals using EMT for me?

@ Here are the computed bulk moduli for the noble metals using the EMT model:

e Gold (Au): 173.86 GPa
¢ Silver (Ag): 100.15 GPa
e Platinum (Pt): 278.20 GPa

Among these, Platinum (Pt) has a bulk modulus within the range of 200 GPa.

MPI for Sustainable Materials | Jan Janssen https://jan-janssen.com/LangSim - arXiv 2505.03049 (2025). 5



LangSim
pyiron based Large Language Model Interface for Atomistic Simulation

B + X O » m C » Code v Notebook [ # Python 3 (ipykernel) ) =

%sreload_ext langsim

%%chat
@ I am looking for a material with a bulk modulus in the range of 200 GPa.
Can you compute the bulk modulus for the noble metals using EMT for me?

@ Here are the computed bulk moduli for the noble metals using the EMT model:

e Gold (Au): 173.86 GPa
¢ Silver (Ag): 100.15 GPa
e Platinum (Pt): 278.20 GPa

Among these, Platinum (Pt) has a bulk modulus within the range of 200 GPa.

@ %%chat
How does this compare to experiment?

Here are the experimental bulk moduli for the noble metals:

e Gold (Au): 180 GPa
¢ Silver (Ag): 100 GPa
e Platinum (Pt): 230 GPa

MPI for Sustainable Materials | Jan Janssen https://jan-janssen.com/LangSim - arXiv 2505.03049 (2025). 5



LangSim
pyiron based Large Language Model Interface for Atomistic Simulation

B+ XOO0O » m C » Code v Notebook [ # Python 3 (ipykernel) ) =

%sreload_ext langsim

%%chat
@ I am looking for a material with a bulk modulus in the range of 200 GPa.
Can you compute the bulk modulus for the noble metals using EMT for me?

> Entering new AgentExecutor chain...

Invoking: “get_atom_dict_bulk_structure’ with " {'chemical_symbol': 'Au'}"
numbers=[79] positions=[[0.0, 0.0, 0.0]] cell=[[0.0, 2.04, 2.04], [2.04, 0.0,
2.04], [2.04, 2.04, 0.0]] pbc=[True, True, True]

Invoking: “get_atom_dict_equilibrated_structure’ with “{'atom_dict': {'number
s': [79], 'positions': [[0.0, 0.0, 0.0]], 'cell': [[0.0, 2.04, 2.04], [2.04, O.
0, 2.04], [2.04, 2.04, 0.0]], 'pbc': [True, True, Truel]}, 'calculator_str': 'em

t'}

Step Time Energy fmax
LBFGS: ® 19:55:11 0.002606 0.308859
LBFGS: 1 19:55:11 0.000032 0.077808
LBFGS: 2 19:55:11 -0.000135 0.003099
LBFGS: 3 19:55:11 -0.000135 0.000029
LBFGS: 4 19:55:11 -0.000135 0.000000

MPI for Sustainable Materials | Jan Janssen https://jan-janssen.com/LangSim - arXiv 2505.03049 (2025). 5



LangSim
pyiron based Large Language Model Interface for Atomistic Simulation

B + XTO [ » m C » Code v Notebook [ # Python 3 (ipykernel) ) =

11]: %reload_ext langsim

(2] %%Chat
<z;§> I am looking for a material with a bulk modulus in the range of 200 GPa.
Can you compute the bulk modulus for the noble metals using EMT for me?

> Entering new AgentExecutor chain...

Invoking: “get_atom_dict_bulk_structure’ with " {'chemical_symbol': 'Au'}"
numbers=[79] positions=[[0.0, 0.0, 0.0]] cell=[[0.0, 2.04, 2.04], [2.04, 0.0,
2.04]1, [2.04, 2.04, 0.0]] pbc=[True, True, True]

Invoking: “get_atom_dict_equilibrated_structure™ with “{'atom_dict': {'number
s': [79], 'positions': [[0.0, 0.0, 0.0]], 'cell': [[0.0, 2.04, 2.04], [2.04, O.
0, 2.04], [2.04, 2.04, 0.0]], 'pbc': [True, True, Truel}, 'calculator_str': 'em

t'}

Step Time Energy fmax
LBFGS: ® 19:55:11 0.002606 0.308859
LBFGS: 1 19:55:11 0.000032 0.077808
LBFGS: 2 19:55:11 -0.000135 0.003099
LBFGS: 3 19:55:11 -0.000135 0.000029
LBFGS: 4 19:55:11 -0.000135 0.000000

MPI for Sustainable Materials | Jan Janssen https://jan-janssen.com/LangSim - arXiv 2505.03049 (2025). 5



LangSim
pyiron based Large Language Model Interface for Atomistic Simulation

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

MPI for Sustainable Materials | Jan Janssen




DFT-based Research Engine for Automated Materials Screening
Collaborative Team of Large Language Model Agents

Objective: find the

most preferable ' Q )
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on Pt(111) surface
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Answer: at low
coverage (< 1/3)
the perfered

configuration is
FCC

MPI for Sustainable Materials | Jan Janssen Z. Wang, H. Huang, H. Zhao, C. Xu, J. Janssen and V. Viswanathan (in preparation) 6



DFT-based Research Engine for Automated Materials Screening

Collaborative Team of Large Language Model Agents
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DFT-based Research Engine for Automated Materials Screening

Collaborative Team of Large Language Model Agents
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DFT-based Research Engine for Automated Materials Screening
Collaborative Team of Large Language Model Agents

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

MPI for Sustainable Materials | Jan Janssen 6



Probability Density

Transferable Machine-Learned Interatomic Potentials ¥ Los Alamos
Generate a diverse training set based on maximizing the informational entropy
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Transferable Machine-Learned Interatomic Potentials

Generate a diverse training set based on maximizing the informational entropy
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Transferable Machine-Learned Interatomic Potentials ¥ Los Alamos
Generate a diverse training set based on maximizing the informational entropy

By maximizing the informational entropy
of the SNAP descriptors a diverse dataset is constructed.

MPI for Sustainable Materials | Jan Janssen 7



Divers Training Sets
Automated Small SYmmetric Structure Training (ASSYST)

Space Group Symmetry based Structures
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Divers Training Sets
Automated Small SYmmetric Structure Training (ASSYST)

Space Group Symmetry based Structures
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Divers Training Sets
Automated Small SYmmetric Structure Training (ASSYST)

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

MPI for Sustainable Materials | Jan Janssen
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Uncertainty Propagation from Density Functional Theory
Can we leverage computationally more efficient less complete basis sets?
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Can we leverage computationally more efficient less complete basis sets?
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Uncertainty Propagation from Density Functional Theory

Can we leverage computationally more efficient less complete basis sets?

Energy Cut-off Convergence
at Maximum Kpoint Mesh

2.0 25 30

Density

300 400 500 600 700 800 900 1000 1100
Energy Cut-off (eV)

MPI for Sustainable Materials | Jan Janssen

Kpoint Mesh Convergence at
Maximum Energy Cut-off

— geom O
— geom 1
—— geom 2
geom 3
geom 4
geom 5
geom 6
geom 7
geom 8
geom 9
geom 10
75 - geom 11
/ —— geom 12
-10.04/ —— geom 13
. . , : —— geom 14
0.5 0.4 0.3 0.2 0.1 —— geom 15

Kpoint Mesh Spacing




Energy Convergence (meV)

w

D

w

N
1

-
1

o

Uncertainty Propagation from Density Functional Theory

Can we leverage computationally more efficient less complete basis sets?

Energy Cut-off Convergence
at Maximum Kpoint Mesh

2.0 25 30

Density

300 400 500 600 700 800 900 1000 1100
Energy Cut-off (eV)

MPI for Sustainable Materials | Jan Janssen

Kpoint Mesh Convergence at
Maximum Energy Cut-off

— geom O
— geom 1
—— geom 2
geom 3
geom 4
geom 5
geom 6
geom 7

I Not even geom

geom 9
monotonous! geom 10
—75 - geom 11
—— geom 12
-10.04/ —— geom 13
, , , : —— geom 14
0.5 0.4 0.3 0.2 0.1 —— geom 15

Kpoint Mesh Spacing

—5.0 -




Uncertainty Propagation from Density Functional Theory
Can we leverage computationally more efficient less complete basis sets?

Can we improve computational efficiency for constructing diverse machine learned
interatomic potentials by including lower precision DFT calculation?

MPI for Sustainable Materials | Jan Janssen



Predict From Low Precision to High Precision
For Fitting a Machine Learned Interatomic Potential

Low 0.5 k-spacing 500eV 19s
High 0.1 k-spacing 900eV 996s

MPI for Sustainable Materials | Jan Janssen 10



Predict From Low Precision to High Precision
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Predict From Low Precision to High Precision
For Fitting a Machine Learned Interatomic Potential
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Predict From Low Precision to High Precision
For Fitting a Machine Learned Interatomic Potential
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Predict From Low Precision to High Precision
For Fitting a Machine Learned Interatomic Potential
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Predict From Low Precision to High Precision
For Fitting a Machine Learned Interatomic Potential
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Predict From Low Precision to High Precision
For Fitting a Machine Learned Interatomic Potential

The error consists of two contributions
a systematic error and a statistical error.

MPI for Sustainable Materials | Jan Janssen 10



6th precision energy (eV/atom)
ENCUT 900eV and KSPACING 0.1 A-1
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DFT Uncertainty in the Training Data
For Energies and Forces

The force errors do not experience the same systematic shift as the energy errors,
so a higher force weight can improve the prediction.

MPI for Sustainable Materials | Jan Janssen 11



Impact of MLIP Complexity
Coupling of MLIP Precision and DFT Precision
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Impact of MLIP Complexity
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Impact of MLIP Complexity
Coupling of MLIP Precision and DFT Precision

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

MPI for Sustainable Materials | Jan Janssen 12
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Compare Chemical Elements
Beryllium and Tungsten

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

MPI for Sustainable Materials | Jan Janssen 13



Optimal Cut-off Radius
For Spectral Neighbour Analysis Potential (SNAP)
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Optimal Cut-off Radius
For Spectral Neighbour Analysis Potential (SNAP)

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

MPI for Sustainable Materials | Jan Janssen 14



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

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

MPI for Sustainable Materials | Jan Janssen 15
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Including Computational Cost

20.0 103
17.5 -
15.0 A E 102
_ 125 » 7
> e ' — B [
” Optimized - P
— _ o (%]
w 19-07 Pareto Front 5
Z 25 {2 .
P %
E 2013
w S,
e £ 15 - T
o - . " ........ N
2.5 4 10—1 100
hours/ns
0-0 | | 1 | 1 ! |
3 4 5 6 7 8 =

Cutoff Radius

16

MPI for Sustainable Materials | Jan Janssen



Pareto Front
Including Computational Cost

20.0 103
17.5 -
15.0 A E 102
_ 125 .
% . . " _— . [ i
e Optimized st B
w 1907 Pareto Front 5
g S
E Figd ; 25 *
' v previous
£ 20- o ..
g " Sy potential
U 7 w i N
E 15 "'.. b AL LT
2.5 4 10—1 100
hours/ns
0-0 | | 1 | 1 ! |
3 4 5 6 7 8 =

Cutoff Radius

16

MPI for Sustainable Materials | Jan Janssen



Pareto Front
Including Computational Cost

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

MPI for Sustainable Materials | Jan Janssen 16



Temperature Concentration Phase Diagram
Ab-initio Thermodynamics
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Temperature Concentration Phase Diagram
Ab-initio Thermodynamics

Machine-Learned Interatomic Potential
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Temperature Concentration Phase Diagram
Ab-initio Thermodynamics

With Machine Learned Interatomic Potentials (MLIP)
we predict the full phase diagram from ab-initio.

MPI for Sustainable Materials | Jan Janssen » 17
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Can we apply the same concepts to understand and design microstructure?

Example: Fe-Nb phase diagram
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Can we apply the same concepts to understand and design microstructure?

Example: Fe-Nb phase diagram
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. Structural and
Defect Phase Diagram I Sl Chemical Atomic

LEELI  Complexity
Can we apply the same concepts to understand and design microstructure?

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

MPI for Sustainable Materials | Jan Janssen 18
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Defect Formation Energies and Phase Diagram
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Small changes in the concentration
can lead to drastically different microstructure.
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Workflows to Accelerate Materials Discovery
Inspiration from Functional Programming

' oot o 6 6

33° :%a% et

Density Functional Theory
Uncertainty Quantification

N
w
o

# Precision 3
B Precision 4

N
N
¢

© Precision 5
% Precision 6

N
o
o

-
~
w

Energy RMSE, meV
= =
o O
5 =)

=
o
5}

N
o

150 160 170 180 190 200 210
Force RMSE, meV/A

The desired application of the machine
learned interatomic potential limits the
benefit of high precision training data.
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