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▪ Developing materials for extreme 

conditions.

▪ CGW: Promising, but accumulates LIA → 

Degraded performance

▪ NW: High GB density → Defect sinks & 

improved self-healing.

Nanostructured Tungsten (NW) as a Promising Alternative
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PKA Cascade: Creates interstitials and vacancies. Interstitials 

migrate to GBs.

▪ Low Temp: Vacancies are immobile, no recombination.

▪ Intermediate Temp: Partial recombination, thermally 

activated.

▪ High Temp: Full recombination as vacancies migrate to 

GBs.

I. Beyerlein et al. Mater. Today 16, 443-449 (2013)

Main Objective of our work:

▪ Assess He impact on self-healing at GBs.

▪ Precisely quantify defects absorbed by 

the GB as a function of dose and 

temperature.
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Main Objective of our work:

▪ Assess He impact on self-healing at GBs.

▪ Precisely quantify defects absorbed by 

the GB as a function of dose and 

temperature.

Challenges in Traditional 

Simulation Methods

▪  Molecular Dynamics (MD): Limited 

accuracy for GBs due to empirical 

potentials.

▪  Density Functional Theory (DFT): 

Accurate but costly for large systems.
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Why DeePMD?

▪  Combines DFT Accuracy with MD Efficiency

▪  Creates Tailored Potentials for Complex Systems

How DeePMD Works:

▪ Atomic Descriptors: Encodes local environments 

(Behler-Parrinello Scheme).

▪ Neural Network: Predicts atomic contributions to total 

energy.

▪ Total Energy: Summed from all atomic energies (E = ∑ 

Ei).

Bridging Accuracy and Efficiency in 

Simulations
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▪ DFT: Scales with the cube of electrons → 

impractical for large systems (>100s of 

atoms).

▪ NN Potentials: Scale linearly → efficient 

for large systems and easily parallelizable.

Better Scaling with System Size
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Improving Neural Network Datasets

AIMD

Normal mode

sampling

Enhanced

sampling

Active 

learning

: use AIMD trajectories as dataset

: easy to perform

: high cost, correlated samples

: displace atoms randomly along the eigenvectors of the Hessian

: easy to perform

: small distorsions only

: explore the PES with enhanced sampling methods (e.g., metadynamics)

: better exploration of the PES

: harder to implement, often relying on ab initio

: improve the dataset over time by analyzing the uncertainties

: good quality datasets, may be cheaper to produce

: requires uncertainty metric, long process Let’s focus on this one.
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▪ Initial Dataset: Generate forces and energies from DFT 

calculations.

▪ Train Model: Build an initial neural network using the 

dataset.

▪ MD Simulations: Run simulations to explore relevant 

configurations.

▪ Identify Uncertainties: Compare predictions from 

multiple models to find high-error cases.

▪ Update Dataset: Recalculate forces and energies for 

high-error configurations using DFT.

▪ Refine Model: Add new data to the training set and 

retrain the neural network.

▪ Iterative Process: Repeat until uncertainties are 

minimized.

Active Learning Process

Achieve an accurate model tailored to the 

phenomenon under study.
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Fingerprinting and Visualization Analyzer of Defects (FaVAD)

U. von Toussaint et al., Comput. Phys. Commun. 262, 107816 (2021)
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Energy

Forces

Initial Training Data:

▪  Bulk W & W⟨110⟩/W⟨112⟩ GB configurations

▪  DFT Calculations (PBE, 400 eV cutoff)

Active Learning Process:

▪  Introduced defects using CRA

▪  MD simulations (300K, 750K, 1000K)

▪  Force error reduced to < 0.25 eV/Å

Results:

▪  Total Configurations: 105,123

▪  Energy RMSE: 0.841 meV/atom

▪  Force RMSE: 151 meV/Å

Fig. RMS errors showing model convergence during training, with energy 

(eV) and force (eV/Å) errors.

Fig: Force errors during MD simulations highlight discrepancies, with 

high deviations indicating configurations needing further training.

Development of DeePMD Potential for W
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GSFE Calculations for the (111) Surface:
(a): Representation of the (111) surface and the directions of displacement ([110] and [112]).

(b) and (c): GSFE for displacements along the [110] and [112] directions, respectively.

(d): A GSFE map for the (111) surface, illustrating the relative stability of different 

configurations.

Table. Comparison between experiments, DFT and potentials with 

respect to the lattice parameter, formation energy of different self-

interstitial configurations, vacancy formation and binding energy of di-

vacancies.

Validation Against Established 

Benchmarks
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MD Simulations at 300 K for 100 ps

DeePMD Tersoff (Juslin et al., 2005) EAM (Marinica et al., 2013)

▪ Analyze defect behavior at varying doses and temperatures.

▪ Compare results using three potentials: DeePMD, Marinica, and Juslin, under identical conditions. 

Studying Defect Behavior in W⟨110⟩/W⟨112⟩ GBs

{112}

{110}

GB

Pristine
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{112}

{110}

GB

DeePMD Tersoff (Juslin et al., 2005) EAM (Marinica et al., 2013)

MD Simulations at 300 K for 100 ps

▪ Analyze defect behavior at varying doses and temperatures.

▪ Compare results using three potentials: DeePMD, Marinica, and Juslin, under identical conditions. 

Studying Defect Behavior in W⟨110⟩/W⟨112⟩ GBs

Pristine
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MD Simulations at 1000 K for 100 ps

▪ Analyze defect behavior at varying doses and temperatures.

▪ Compare results using three potentials: DeePMD, Marinica, and Juslin, under identical conditions. 

Studying Defect Behavior in W⟨110⟩/W⟨112⟩ GBs

{112}

{110}

GB

Pristine DeePMD Tersoff (Juslin et al., 2005) EAM (Marinica et al., 2013)
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{112}

{110}

GB

Pristine DeePMD Tersoff (Juslin et al., 2005) EAM (Marinica et al., 2013)

MD Simulations at 1000 K for 100 ps

▪ Analyze defect behavior at varying doses and temperatures.

▪ Compare results using three potentials: DeePMD, Marinica, and Juslin, under identical conditions. 

Studying Defect Behavior in W⟨110⟩/W⟨112⟩ GBs
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Defect Patterns at GB
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a) b) c) d) e)

▪  Top: Atoms near interstitial DV reference (purple-yellow = DV 

magnitude).

▪  Bottom: DV distances (x: bulk ref, y: interstitial ref).

Highlights:

▪  Improved characterization of defect behavior at GBs under 

extreme conditions.

▪  Precise tracking and classification of defects, surpassing traditional 

methods.

Simulation Parameters:

▪  1000K MD simulation for 100 ps.

▪  1000 interstitials & 1000 vacancies (CRA 

method).

Quantifying Defects with FaVAD: 

A Case Study
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Motivation:

▪  Tungsten GBs play a critical role in radiation resistance by enabling defect absorption and annihilation.

▪ NWs are promising materials due to their high GB density and self-healing capabilities.

Approach:

▪  Developed a DeePMD potential tailored for bulk tungsten and the W{110}/W{112} GB interface.

▪  Validated its performance against empirical potentials (Marinica, Juslin) and DFT benchmarks.

Simulations:

▪  Conducted MD simulations at temperatures ranging from 300K to 1000K with defect doses of 2% to 5%.

▪  Quantified defect dynamics using FaVAD for precise defect identification and classification.

Results:

▪  DeePMD outperforms empirical potentials in capturing complex defect interactions.

▪  Demonstrated the significant influence of temperature and dose on defect behavior and GB self-healing.

Future Work:

▪  Further analysis of defect distributions and self-healing mechanisms using FaVAD.

▪  Investigate the impact of He incorporation on interstitial migration and GB dynamics.

Summary
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