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Materials Science

Pure Magnesium is brittle

10% Compression (CR)
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Materials Science

Pure Magnesium is brittle

10% Compression (CR)

Mg-1Al-0.1Ca is ductile

S. Sandlöbes, et al. Sci. Rep. 7, 10458 (2017)



55/3/23

Materials Science

Pure Magnesium is brittle

10% Compression (CR)

Mg-1Al-0.1Ca is ductile

S. Sandlöbes, et al. Sci. Rep. 7, 10458 (2017)

70 Elements (4830 Config.)
10 Concentration (10% steps)
20 Temperatures (100K steps)

~ 1 Million Experiments 
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Materials Science

Pure Magnesium is brittle

10% Compression (CR)

Mg-1Al-0.1Ca is ductile

S. Sandlöbes, et al. Sci. Rep. 7, 10458 (2017)

70 Elements (4830 Config.)
10 Concentration (10% steps)
20 Temperatures (100K steps)

~ 1 Million Experiments 

Addressing the chemical complexity 
remains challenging even for simulation. 
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Ab-initio Thermodynamics 

B. Grabowski, et al. PRB 84, 214107 (2011)

F V, T = 𝐸!"! 𝑉
+𝐹#$ 𝑉, 𝑇
+ 𝐹%&(𝑉, 𝑇)
+ 𝐹'&(𝑉, 𝑇)

Adiabatic Approach:
Calcium
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Ab-initio Thermodynamics 

Calcium

B. Grabowski, et al. PRB 84, 214107 (2011)

F V, T = 𝐸!"! 𝑉
+𝐹#$ 𝑉, 𝑇
+ 𝐹%&(𝑉, 𝑇)
+ 𝐹'&(𝑉, 𝑇)

Adiabatic Approach:

Ab-initio Thermodynamics enables 
a quantitative prediction of material properties.
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Adiabatic Approach 
E(V) Curve El. Temperature Phonons Therm. Integration

𝜎 = 0.05
𝜎 = 0.03

𝜎 = 0.01

F V, T = 𝐸!"! 𝑉 + 𝐹#$ 𝑉, 𝑇 + 𝐹%&(𝑉, 𝑇)+ 𝐹'&(𝑉, 𝑇)
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Adiabatic Approach 
E(V) Curve El. Temperature Phonons Therm. Integration

Finite Displacements MD, Fit Potential, Integration

𝜎 = 0.05
𝜎 = 0.03

𝜎 = 0.01

DFT calculation with different volumes 
and electronic temperatures 

F V, T = 𝐸!"! 𝑉 + 𝐹#$ 𝑉, 𝑇 + 𝐹%&(𝑉, 𝑇)+ 𝐹'&(𝑉, 𝑇)
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Adiabatic Approach 
E(V) Curve El. Temperature Phonons Therm. Integration

Finite Displacements MD, Fit Potential, Integration

Phonopy +
ML Potential +

+

𝜎 = 0.05
𝜎 = 0.03

𝜎 = 0.01

DFT calculation with different volumes 
and electronic temperatures 

F V, T = 𝐸!"! 𝑉 + 𝐹#$ 𝑉, 𝑇 + 𝐹%&(𝑉, 𝑇)+ 𝐹'&(𝑉, 𝑇)
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E(V) Curve El. Temperature Phonons Therm. Integration

Finite Displacements MD, Fit Potential, Integration

Phonopy +
ML Potential +

+

𝜎 = 0.05
𝜎 = 0.03

𝜎 = 0.01

DFT calculation with different volumes 
and electronic temperatures 

F V, T = 𝐸!"! 𝑉 + 𝐹#$ 𝑉, 𝑇 + 𝐹%&(𝑉, 𝑇)+ 𝐹'&(𝑉, 𝑇)

Efficient high-precision ab-initio thermodynamic
calculation result in complex simulation protocols.

Adiabatic Approach 
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Materials for Extreme Environments
Diffusion for 

Fusion Materials

Danny Perez
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Materials for Extreme Environments
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Diffusion for 
Fusion Materials

Goal: Calculate Barriers 
with ab-initio precision

Exaalt Workflow 
Framework

Danny Perez
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Materials for Extreme Environments

1

2

3

4

Diffusion for 
Fusion Materials

Goal: Calculate Barriers 
with ab-initio precision

Exaalt Workflow 
Framework

Combine expertise from different communities 
to predict materials for extreme environments with ab-initio precision.

Danny Perez
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Machine-Learned Interatomic Potentials

Fitting 

Atomic Structure Database Validation
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EAM

Machine-Learned Interatomic Potentials

Fitting 

Atomic Structure Database Validation
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Andrew Rohskopf

EAM

Machine-Learned Interatomic Potentials

Fitting 

Atomic Structure Database Validation
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A. Rohskopf, C. Sievers, N. Lubbers, M.a. Cusentino, J. Goff, J. Janssen, et al. JOSS, 8 (2023)
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EAM

Fitting 

Atomic Structure Database Validation
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atomic environment

MTP
SNAP

Fitting to energies 
and forces

Neural network

Linear regression

Gaussian process

ACE

A. Rohskopf, C. Sievers, N. Lubbers, M.a. Cusentino, J. Goff, J. Janssen, et al. JOSS, 8 (2023)

Challenge: Construct transferable, computationally efficient and
precise potentials for long-time scale simulation. 

Machine-Learned Interatomic Potentials Andrew Rohskopf
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Y. Zuo, et. al. J. Phys. Chem. A 2020, 124, 4, 731-745  

Benchmark of Machine-Learned Interatomic Potentials
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Computational costs s/(MD step ! atom)
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Y. Zuo, et. al. J. Phys. Chem. A 2020, 124, 4, 731-745  

For the remainder of this talk, 
I focus on the linear and quadratic SNAP potentials. 

Benchmark of Machine-Learned Interatomic Potentials
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Transferable Machine-Learned Interatomic Potentials

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

Transferable Machine-Learned Interatomic Potentials

By maximizing the informational entropy of the SNAP descriptors
a diverse dataset is constructed. 
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Benchmark Different Types of Interatomic Potentials

Entropy Dataset Domain Expertise Dataset

Montes de Oca Zapiain, D., et al. npj Comput Mater 8, 189 (2022). 
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Benchmark Different Types of Interatomic Potentials

Entropy Dataset Domain Expertise Dataset
The best models converge to ~10() eV/atom.

What is required to achieve ~𝟏𝟎(𝟑 eV/atom ? 

Montes de Oca Zapiain, D., et al. npj Comput Mater 8, 189 (2022). 
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Beryllium

Compare Tungsten and Beryllium

Tungsten

Calculation:
40 000 VASP calculation 
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Beryllium

Tungsten

Compare Tungsten and Beryllium

DFT precision:
solid: 0.5 kspacing 500 eV encut
dashed: 0.25 kspacing 700 eV encut
dotted: 0.1 kspacing 900 eV encut

Calculation:
120 000 VASP calculation 
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Beryllium

Tungsten

Compare Tungsten and Beryllium

DFT precision:
solid: 0.5 kspacing 500 eV encut
dashed: 0.25 kspacing 700 eV encut
dotted: 0.1 kspacing 900 eV encut

Rescaled Beryllium

Beryllium
rescaled

Calculation:
120 000 VASP calculation 

Tungsten
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Beryllium

Tungsten

Compare Tungsten and Beryllium

DFT precision:
solid: 0.5 kspacing 500 eV encut
dashed: 0.25 kspacing 700 eV encut
dotted: 0.1 kspacing 900 eV encut

Rescaled Beryllium

Beryllium
rescaled and 

shifted

Calculation:
120 000 VASP calculation 

Tungsten

Learning 1: The per atom energy distribution is a good indicator of
the required complexity for a machine-learned interatomic potential. 
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Optimal Cut-Off Radius Jason Gibson

Calculation:
- 26 2jmax
- 31 radii

Total: 
806 calculation
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Optimal Cut-Off Radius

Calculation:
- 26 2jmax
- 31 radii

Total: 
806 calculation

2 3 4 5
Distance

C
ou
nt
s

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

Jason Gibson
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Computational Cost on an Intel Xeon 6152 Jason Gibson
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Computational Cost on an Intel Xeon 6152

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

Jason Gibson
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Pareto Front Including Computational Cost Jason Gibson
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Pareto Front Including Computational Cost 

Optimized 
Pareto Front

Jason Gibson
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Pareto Front Including Computational Cost 

Optimized 
Pareto Front

Jason Gibson
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Pareto Front Including Computational Cost 

Optimized 
Pareto Front

previous 
potential

Jason Gibson
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Optimized 
Pareto Front

previous 
potential

Learning 2: The cut-off radius is primarily a numerical hyperparameter,
considerations based on the radial distribution function are less relevant. 

Pareto Front Including Computational Cost Jason Gibson
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Quadratic SNAP Fit to Energies 
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Quadratic SNAP Fit to Energies 

RMSE 9.80 (meV)
860 parameters (2Jmax=7)
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RMSE 9.80 (meV)
860 parameters (2Jmax=7)

RMSE 10.91 (meV)
572 parameters 

(2Jmax =21)For high-precision calculation the quadratic SNAP models are 
an order of magnitude more efficient than the linear SNAP models. 

Quadratic SNAP Fit to Energies 
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Quadratic SNAP Fit to Forces 
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Quadratic SNAP Fit to Forces 

RMSE 7.74 (meV)
1596 parameters (2Jmax=8)

RMSE 10.91 (meV)
572 parameters 

(2Jmax =21)
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RMSE 7.74 (meV)
1596 parameters (2Jmax=8)

RMSE 10.91 (meV)
572 parameters 

(2Jmax =21)Including the atomic forces in the fit, saturates the quadratic SNAP 
potential, but drastically increases the memory usage. 

Quadratic SNAP Fit to Forces 
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SNAP Descriptors Combing Multiple Radii 

solid line – fit range from 3.0 to 9.0
dashed line – fit radii around 4.6
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SNAP Descriptors Combing Multiple Radii 

RMSE 7.08 (meV)
11 radii with 112 parameters each 

(2Jmax=11) total of 1232 parameters
solid line – fit range from 3.0 to 9.0
dashed line – fit radii around 4.6
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RMSE 10.91 (meV)
572 parameters 

(2Jmax =21)

RMSE 7.08 (meV)
11 radii with 112 parameters each 

(2Jmax=11) total of 1232 parameters

SNAP Descriptors Combing Multiple Radii 

solid line – fit range from 3.0 to 9.0
dashed line – fit radii around 4.6
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SNAP Descriptors Combing Multiple Radii 

RMSE 7.08 (meV)
11 radii with 112 parameters each 

(2Jmax=11) total of 1232 parameters

self-test

solid line – fit range from 3.0 to 9.0
dashed line – fit radii around 4.6
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RMSE 7.08 (meV)
11 radii with 112 parameters each 

(2Jmax=11) total of 1232 parameters

self-test

solid line – fit range from 3.0 to 9.0
dashed line – fit radii around 4.6

Learning 3: The SNAP descriptor is insufficient to study materials 
for extreme environments with ab-initio precision. 

SNAP Descriptors Combing Multiple Radii 
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Extension to Transition States with ab-initio Precision 

Energy

Coordinate 

Octahedral site Octahedral site

Tetrahedral site
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Energy

Coordinate 

Octahedral site Octahedral site

Tetrahedral site

Data-driven approach enabled by the pyiron framework 
allows us to systematically study the propagation of uncertainties. 

Extension to Transition States with ab-initio Precision 
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Rapid Prototyping and Up-scaling with pyiron

Jupyterlab

J. Janssen, et al., Comp. Mat. Sci. 161 (2019) - http://pyiron.org
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Rapid Prototyping and Up-scaling with pyiron

Jupyterlab

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

Abstract the technical complexity in the pyiron IDE and focus the 
simulation protocol in the jupyter notebook on the scientific complexity.
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Simulation Lifecycle 
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By covering the whole simulation lifecycle 
pyiron is able to capture the provenance of the workflow. 

Simulation Lifecycle 
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Building Blocks

J. Janssen, et al., Comp. Mat. Sci. 161 (2019) - http://pyiron.org
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Building Blocks

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

Use the class of pyiron objects as building blocks
to construct the simulation protocol. 
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Example Calculation

J. Janssen, et al., Comp. Mat. Sci. 161 (2019) - http://pyiron.org
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Example Calculation

J. Janssen, et al., Comp. Mat. Sci. 161 (2019) - http://pyiron.org
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The resources (executable, interatomic potentials, queuing system, …)
are configured once and can be used in every simulation protocol.  

Example Calculation
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Equation of State 
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Equation of State 
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Equation of State 
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Equation of State 
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Equation of State 

Data management is automatically handled in the background 
for scientists to focus on the scientific complexity.
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Up-scaling Simulation Protocols
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Up-scaling Simulation Protocols
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Up-scaling Simulation Protocols
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Up-scaling Simulation Protocols
Jupyter Notebook

Vasp Vasp …
Queue
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Jupyter Notebook

Vasp Vasp …
Queue

pyiron interfaces with the queuing system, 
the scientist does not have to leave the Jupyter notebook environment.

Up-scaling Simulation Protocols
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Built-in Caching 
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Based on the semantic path existing calculations can be reloaded to reuse 
the same Jupyter notebook for submission and analysis of calculation.

Built-in Caching 
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Data Aggregation 
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Data Aggregation 
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Data Aggregation 
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The pyiron table implements a map-reduce based approach 
to aggregate simulation results.

Data Aggregation 
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Next Layer of Abstraction
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Next Layer of Abstraction
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Next Layer of Abstraction
Jupyter Notebook

Murnaghan

Queue

Vasp Vasp

Murnaghan

Vasp Vasp
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Next Layer of Abstraction
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Next Layer of Abstraction
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Job management as well as typical analysis tools are combined in a 
reusable job class which can be submitted to the queuing system.

Next Layer of Abstraction
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Reusable Templates
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Reusable Templates
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Reusable Templates



975/3/23

Reusable Templates

Jupyter Notebook

ScriptJob

Queue

Vasp Vasp

ScriptJob

Vasp Vasp
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Reusable Templates
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Reusable Templates
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The ScriptJob provides a simple and highly extensible interface 
for up-scaling simulation protocols. 

Reusable Templates
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Task Management within the Allocation 
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Task Management within the Allocation 
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The WorkerJob distributes the individual calculation 
within the queuing system allocation. 

Task Management within the Allocation 
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Function Container 
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Function Container 
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Function Container 
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Function Container 
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Function Container 



1095/3/23

Function Container 

The FunctionContainer extends the flexibility of the ScriptJob while 
maintaining the whole simulation protocol in one Jupyter notebook.
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Communication Overhead
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Communication Overhead
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Communication Overhead

Rather than using SLURM to manage individual calculation the 
WorkerJob is currently being transitioned to the flux-framework.
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Implement New Classes

J. Janssen, et al., Comp. Mat. Sci. 161 (2019) - http://pyiron.org
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Implement New Classes

write_input():
input: python dictionary
output: write Input files 

collect_output():
input: directory of output
output: python dictionary
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Implement New Classes

write_input():
input: python dictionary
output: write Input files 

collect_output():
input: directory of output
output: python dictionary

In the most basic case only a write_input() function and a 
collect_output() function are required to leverage pyiron.
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Autonomous Calculation of Melting Temperatures

L.F. Zhu, J. Janssen, et al. Comp. Mat. Sci. 187 (2021)
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Autonomous Calculation of Melting Temperatures

L.F. Zhu, J. Janssen, et al. Comp. Mat. Sci. 187 (2021)

Challenges:
Solid Liquid Detector
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Autonomous Calculation of Melting Temperatures

L.F. Zhu, J. Janssen, et al. Comp. Mat. Sci. 187 (2021)

Solid Liquid Detector Void Detector

Challenges:
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Autonomous Calculation of Melting Temperatures

L.F. Zhu, J. Janssen, et al. Comp. Mat. Sci. 187 (2021)

Solid Liquid Detector Void Detector

Iterate over NIST potential database
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Autonomous Calculation of Melting Temperatures

L.F. Zhu, J. Janssen, et al. Comp. Mat. Sci. 187 (2021)

Solid Liquid Detector Void Detector

Iterate over NIST potential database

pyiron enables up-scaling of complex simulation protocols, 
to create targeted databases of material properties.
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Prediction of melting temperatures
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cooling

Super 
heating

Melting
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Prediction of melting temperatures

Super 
cooling

Super 
heating

Melting

Θ! = 1 −
𝑇!
𝑇"

Θ# =
𝑇#
𝑇"

− 1
Pearson 

correlation:
0.9911
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Θ! = 1 −
𝑇!
𝑇"

Θ# =
𝑇#
𝑇"

− 1

Prediction of melting temperatures

Super 
cooling

Super 
heating

Pearson 
correlation:

0.9911

Melting

BCC has a lower superheating coefficient 
compared to the closed-packed FCC and HCP phase.
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Distribution via Conda-Forge

before in Conda-Forge

Easy installation of scientific software:

Advantages:
• Over 500 materials science package
• Distribution of precompiled packages

• Linked to defined Python version
• Dependency of packages clarified

• Operating system independence

conda install –c conda-forge pyiron

numpyase

pycalphad
jupyter

nglview
tensorflow

pytorch

matplotlib
pandas

bokeh
dask

scikit-learn

phonopy
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Distribution via Conda-Forge

before in Conda-Forge

Easy installation of scientific software:

pymatgen

sqsgenerator

atomate

pyhull

matminer

atomman

kliff

aflow

openkim

Advantages:
• Over 500 materials science package
• Distribution of precompiled packages

• Linked to defined Python version
• Dependency of packages clarified

• Operating system independence

conda install –c conda-forge pyiron

numpyase

pycalphad
jupyter

nglview
tensorflow

pytorch

matplotlib
pandas

bokeh
dask

scikit-learn

phonopy

simpletraj

sphinxdft

cp2k

phonolammps
dynaphopy
atomicrex

clease

pyscal
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Distribution via Conda-Forge

before in Conda-Forge

Easy installation of scientific software:

pymatgen

sqsgenerator

atomate

pyhull

matminer

atomman

kliff

aflow

openkim

Advantages:
• Over 400+ materials science package
• Distribution of precompiled packages

• Linked to defined Python version
• Dependency of packages clarified

• Operating system independence

conda install –c conda-forge pyiron

numpyase

pycalphad
jupyter

nglview
tensorflow

pytorch

matplotlib
pandas

bokeh
dask

scikit-learn

phonopy

simpletraj

sphinxdft

cp2k

phonolammps
dynaphopy
atomicrex

clease

pyscal

pyiron
lammpsovito

atomsk
catlearn

randspg
icet

mendeleev

Simplify the installation and distribution of
a wide range of materials science simulation codes and tools.
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Abstraction Levels
High-level User Interface

Scientific Level

Technical Implementation

Package Manager for Scientific Software

Job Management Data Management Parser/ Interface

Use predefined simulation protocols, only change a predefined set of parameters.

Develop simulation protocols in Jupyter notebooks.

Distributing binaries, supporting all major operation systems.
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Abstraction Levels
High-level User Interface

Scientific Level

Technical Implementation

Package Manager for Scientific Software

Job Management Data Management Parser/ Interface

Use predefined simulation protocols, only change a predefined set of parameters.

Develop simulation protocols in Jupyter notebooks.

Distributing binaries, supporting all major operation systems.

The same workflow can be used by users 
with different levels of experience.
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Publication Template

https://github.com/pyiron/pyiron-publication-template
Fork the Github Repository:

Update conda Environment
Replace the environment.yml file in the repository.

Include additional resources
Include additional classes, results or parameter database

Publish the Jupyter Notebook
Render Notebook for Website and mybinder.org

Melting Temperature Example:
https://github.com/pyiron/pyiron_meltingpoint
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Melting Temperature Example:
https://github.com/pyiron/pyiron_meltingpoint

Publication Template

https://github.com/pyiron/pyiron-publication-template
Fork the Github Repository:

Update conda Environment
Replace the environment.yml file in the repository.

Include additional resources
Include additional classes, results or parameter database

Publish the Jupyter Notebook
Render Notebook for Website and mybinder.org

With the publication pyiron covers all steps of the simulation lifecycle 
from the initial idea to the sharing of the workflow.
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Autonomous Discovery

Experimental Robot

Candidate 
Ligand

Complexes

Tight 
Binding

Machine 
LearningDFT

Quantify the uncertainty of the 

hierarchical prediction model.

Provide the infrastructure for 

the simulation pipeline.

Can we use different levels of theory to reduce 
the number of required experiments? 

Ping Yang Michael G. Taylor
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Autonomous Discovery

Experimental Robot

Candidate 
Ligand

Complexes

Tight 
Binding

Machine 
LearningDFT

Quantify the uncertainty of the 

hierarchical prediction model.

Provide the infrastructure for 

the simulation pipeline.

Can we use different levels of theory to reduce 
the number of required experiments? 

To efficiently sub-sample the chemical configuration space
we use a hierarchical simulation approach.

Ping Yang Michael G. Taylor
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Materials for the Future 

High-throughput parameter studies provide a systematic understanding of:  

Elastic properties for 
complex alloys

Uncertainty propagation 
for plane-wave DFT

Collaboration with Texas A&M 
University 

Materials Science and Technology 
Division LANL

Vacancy transport in 
disordered spinels

For material properties and 
machine learned potentials

Peter Hatton
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Materials for the Future 

High-throughput parameter studies provide a systematic understanding of:  

Elastic properties for 
complex alloys

Uncertainty propagation 
for plane-wave DFT

Collaboration with Texas A&M 
University 

Materials Science and Technology 
Division LANL

Vacancy transport in 
disordered spinels

For material properties and 
machine learned potentials

Peter Hatton

The pyiron approach of rapid-prototyping, up-scaling and coarse graining 
is applicable to a wide range of materials science challenges.
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Interactive Coupling

O. Hegde et al. Phys. Rev. B 102, 144101 (2020)

Simulation Engine
Minimizer

x

E, f

f

x'
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Interactive Coupling

O. Hegde et al. Phys. Rev. B 102, 144101 (2020)

Simulation Engine
Minimizer

Nudged Elastic Band
Spin Space Averaging

x

E, f

f

x'

f

f' f'
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Interactive Coupling

O. Hegde et al. Phys. Rev. B 102, 144101 (2020)

Simulation Engine
Minimizer

Nudged Elastic Band
Spin Space Averaging

x

E, f

f

x'

f

f' f'

f

pyiron simplifies the interactive coupling of simulation codes 
by providing generic interfaces.
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Summary

Materials Science at Scale:

Scientific Software Parameter Studies Applications

Scientific software is a building 
block for systematic and 
reproducible research.

Parameter studies provide new 
insights and remove human bias. 

The goal is to predict materials 
for extreme environments 

with ab-initio precision. 
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Summary – Thank you 

Materials Science at Scale:

Scientific Software Parameter Studies Applications

Scientific software is a building 
block for systematic and 
reproducible research.

Parameter studies provide new 
insights and remove human bias. 

The goal is to predict materials 
for extreme environments 

with ab-initio precision. 


