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Tungsten (W) in Fusion HPC

Credit © ITER Organization, http://www.iter.org/ Divertor image credit: Physics conclusions in support of ITER W divertor monoblock shaping
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Tungsten (W) has high termal conductivity (κ),
high melting temperature, low sputtering yield, low tritium absorption,

and is a key material for plasma-facing components, like the divertor

remove He, shield against neutrons, heat exhaust
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Thermal conductivity (κ) of tungsten (W)
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• Divertor must conduct large heat flux

• Material must conduct heat, or else it will melt

• Total κ is sum of two contributors

1. electronic

2. lattice (phonons)

• Lattice thermal conductivity is present focus: 
high energy neutrons cause defects in the lattice 
structure of W plasma-facing components.
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Simulate W using Molecular Dynamics

• Experiment must be supplemented by 
simulation to reduce cost and to study 
smaller length scales

• LAMMPS is a Molecular Dynamics code

• Molecular Dynamics lends itself to 
parallelization by spatial regions

• Embedded Atom Model (EAM) 
interatomic potential
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LAMMPS - a flexible simulation tool for particle-based materials modeling at the atomic, meso, and continuum scales, A. P. Thompson, H. M. Aktulga, R. Berger, D. S. Bolintineanu, 
W. M. Brown, P. S. Crozier, P. J. in 't Veld, A. Kohlmeyer, S. G. Moore, T. D. Nguyen, R. Shan, M. J. Stevens, J. Tranchida, C. Trott, S. J. Plimpton, Comp Phys Comm, 271 (2022) 10817. 
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Defect Creation Relaxation Algorithm (CRA)

• Prepare defective W lattice using CRA at 0 K

• Creation: insert Frenkel Pairs

• Relaxation: stress-induced minimization

• Algorithm: do it again!

• Apply desired neutron irradiation dose, cdpa

• Heat to 300 K average, mobilize defects

Credit Callister & Rethwisch 5e
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Estimate κ using non-equilibrium molecular dynamics

𝜅 =
𝐽

Τ𝜕𝑇 𝜕𝑥

heat flux J

3D Periodic Boundaries

1. At 300 K, apply heat flux to 
target region

2. Add energy to heat source, 
remove equal amount from 
heat sink

3. Achieve non-equilibrium 
steady state

4. Measure Temp gradient to 
estimate κ
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Fusion materials HPC study design

• 32 “small” systems of 2.5M atoms

• 1600 x 160 x 160 Å

• 7 “large” systems of 40M atoms

• 6300 x 300 x 300 Å

• Neutron irradiation dose ranges

• Small systems: cdpa from 0.0 to 1.8

• Large systems: cdpa from 0.0 to 0.4

• Calculations were carried out primarily on the 
Japan Fusion Reactor Simulator 1 (JFRS-1), a 
Cray XC50-LC System with Intel Xeon Gold 6148, 
2.4GHz, 2x20-core processors

• Estimated 5,200 CPU-hours for small systems and
14,400 CPU-hours for large systems
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Results



Estimate κ using non-equilibrium molecular dynamics

• Thermal conductivity is calculated from the 
applied heat flux (J) and resultant T gradient

• In the presence of defects (central target 
region), a steeper T is observed, indicating 
lower κ

• The steepest slope appears in the vicinity of 
high concentrations of defects

𝜅 =
𝐽

Τ𝜕𝑇 𝜕𝑥

Small system with cdpa=0.12 applied dose
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Defect structures and estimated κ

Temperature profile and defect histogram

Small system with cdpa=0.12 applied dose

κ profile and defect positions

The steepest T slope appears in the vicinity 
of high concentrations of defects
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Model a dataset to predict κ given dose, defects, T, …

Dataset formed of properties of 3D regions, sliced from 
the simulation cell along the defective target region

Each point represents 
a thin region of space
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Visualize the dataset: κ vs defect concentration

κ vs vacancies in all 
slices of all large 
systems (N=392)

Data from small systems (a,c) Data from large systems (b,d)
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Linear models explain half of the variance in κ

Data from large systems (b,d)

Number of vacancies (NVac) is 
negatively correlated with κ
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Machine Learning models outperform linear models
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SHAP value > 0, higher κ

Which features impact the ML model’s output more?

Lower number 
of vacancies 
(NVac) is strongly 
associated with 
higher κ

κ is highest 
when this type 
of defect is
NOT present

Longer bar, 
larger average 
contribution of 
feature to 
predicted κ

Number of 
vacancies (NVac) 
strongly impacts 
value of κ

Top features
1. No. of 

vacancies

2. Applied dose 
(pre-heating)

3. No. of self-
interstitial 
atoms

4. Temp.

5. Interaction 
term
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SHAP analysis of XGBoost model: Visual inspection
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Large system with cdpa=0.2 applied dose
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Summary and conclusions

• We studied thermal conductivity of tungsten computationally

• We used computationally efficient methods for best use of HPC 
resources
• Embedded atom model interatomic potential

• Creation Relaxation Algorithm

• Systems of greater numbers of atoms provided statistically 
more powerful results

• Machine learning models predicted κ well for our dataset, with 
the most important feature being vacancy concentration
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Thank you

mary.chessey@bsc.es, julio.gutierrez@bsc.es
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