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Outline

Fusion reactor materials
High-entropy alloys
Machine learning for molecular dynamics simulations

Highlights of results and ongoing work

Large-scale simulations of irradiation and plasticity



Fusion reactor materials

|
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Tungsten
H, He, Re, Os
High-entropy alloys?
Betterirradiation tolerance?

= Both neutron and light-ion?
Better (low-T) ductility?



High-entropy alloys

Mix of many elements leads to complex
iInhomogeneous potential energy landscape,
consequences:

Lattice distortion

Order or disorder? G=H - TS
Segregation

Wide distributions of defect energies
Different migration mechanisms

Still gaps in fundamental understanding

of above list!
Self-interstitial migration mechanism:

g 3.

L ° °
Pure BCC metal: Fast 1D migration along <111>. MoNbTaVW: Slow 3D migration along V-V paths.



Molecular dynamics
simulations

lassical molecular dynamics
Newtons equations of motion atom by atom
Atoms interact with some interatomic potential,

= —V,V.

Formally, can expand it as a material-dependent
many-body cluster expansion:




Machine-learning interatomic potentials

Do:
« Express total energy as sum of local energies

Eior = Z E;
i
Assume;

» Locality: atoms only interact with others within
some cutoff radius (pre-defined, material-
dependent).

Consider:
* Physical symmetries: invariant to translation,
rotation, permutation.

|

(Large—scale atomistic )
simulations
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Simple machine-learned interatomic potentials

Most ML potentials use "complex” (many-body, high-dimensional) descriptors.

Flexible, high accuracy, but slow and not necessarily good for (chemically) complex
materials!

tabGAP: Complex many-element alloys? Use simple descriptors (low-body, low-
dimensional), with robust regression method (Gaussian process regression)!
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J. Byggmastar, K. Nordlund, and F. Djurabekova, PRM 6, 083801 (2022)



Computational cost? Cheap!

Fe Mo-Nb-Ta-V-W

"empirical" potentials

J. Byggmastar, K. Nordlund, and F. Djurabekova, PRM 6, 083801 (2022)
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Simple machine-learned interatomic potentials

+ JB, K. Nordlund, and F. Djurabekova, Phys Rev. Materials 6, 083801 (2022)

« JB, G. Nikoulis, A. Fellman, K. Nordlund et al 2022 J. Phys.: Condens. Matter 34 305402
» Junlei Zhao, JB, H. He, F. Djurabekova, et al npj Computational Materials 9, 159 (2023)
* A Fellman, JB, F. Granberg, F. Djurabekova, K. Nordlund, et al. (in preparation)



Machine-learning potentials for alloys:
validation

Enthalpy of mixing, binary alloys of W-Ta-Cr-V

From disorder to order



Simulating primary radiation damage

ive recoil to atom
volve and watch the chaos
nalyse produced defects

ut, requirements:
Robust interatomic potential

Efficient interatomic potential




Large-scale simulations
radiation damage

of

LUMI supercomputer in Kajaani
Fastest in Europe, 5th fastest worldwide

 GPU implementation and the
LUMI cluster allow us to break

records!

o Ville-Markus Yli-Suutala (AA), Jan
Westerholm (AA), Jan Astrém (CSC), Aslak
Fellman, Fredric Granberg (HU)



Computational materials design:
Searching for novel refractory alloys

The ideal alloy would be:

Strong
Ductile
Radiation-resistant
Can we find promising compositions?

Refractory alloys (BCC crystal structure)



Simulating mechanical tests (strength)

What happens when we tear the alloys apart?
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Simulating mechanical tests (yield and plastic

deformation)

* Pure W single crystal

* Irradiated

* 42.48 million atoms

« Compression rate 5e7 1/s

100 Nnm
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Mechanical testing
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Conclusions

Machine-learning interaction models (potentials) help us simulate complex

A materials and look for fusion-relevant alloys

Suomen Akatemia

Finlands Akademi tabGAP: Fast, simple, accurate especially for alloys.

Research Council of Finland

Large-scale atomistic simulations if radiation damage, mechanical
FCAI properties and plasticity.
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