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A Microstructure evolution driven bgoint-defect migration

A Migration barriers depend olocal atomicenvironment(LAE)

aE™Io

_ _ _ GC=G,eXpg—¢

AKMC samples full trajectory of the studied system if all rates are EEKBT =
iIncluded and transitions are rare events o = In(c)
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Kinetic Monte Carlo

AThe potential energy surface should drive the
evolution
AHow do we accurately represent a complicatss..
alloy PES?
ACanonical idea is to simplify it according to
some local model
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Some KMC examples
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Local Atomic Environment

AHow aboutsupersaturatioror concentrated cases?

AThe LAE goes througltambinatoricakexplosion that is
difficult to properly account for

ACastinimplemented artificial neural network (ANN) to

train barrier prediction on an alloy PES using EAM

potentials . © ‘ ® .’
N.Castinet al,, J. Chem. Phy%35(2011), 064502.

AThousands of barriers used for training the ANN

AAIl the quirks of the EAM affect the ANN training and
predictive power, and thus the KMC

AWe here instead use massive amounts of DFT
calculations as engine to train an ANN



Artificial neural networks

input layer ———— hidden layer — output layer
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EAM-ANN simulations of FeCu thermal aging

N.Castiret al,, J. Chem. Phy$35(2011), 064502.
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Interatomic potential vs DFT

Interatomic potentials

A Fitted on experimenta#b initio
data.

A Highlycostumizabldo desired
specific properties.

A Computationally cheap.
A Systemspecific.

A Fitting is a timeconsuming and
non-trivial/non-linear task.

Density Functional Theory

A Provides detailed description of
alloy thermodynamic and kinetic
properties (no need of
compromises).

A Can be applied to complex
multicomponent alloys with little
complexity addition.

A Computationally expensive (for
large amount of configurations).

A Limited simulatiorcell size and

A Questionable accuracy outside ¢f amount of computations.

fitting range
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Neural network training

A Test casethermal aging oFeCualloys (only 1 vacancy).
A 2000 configurations (training + validation).
A Maximize variety of selected atomic environments.
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Cu Cluster properties are now
different!

A Much larger stability, higher
dissociation energy

A Explained by low vacancy
formation energy in BCC copper
(0.85eVin Cuvs 2.18 eV in Fe).

A Lower activation energy

A Much longer, temperature
dependent mean free paths.

Precipitation driven by coalescence

of mediumsized clusters. "



Cu cluster dissociation

A Frequent loss of Cu atoms before vacancy emission.
A Independent of cluster size and temperature until 1100 K.
A Related to vacanegopper correlation (drag) active below 1100)K

* L. Messina et al., Phys. Rev. B 90 (2014). 13



Thermal ageing of FeCu alloys
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L.Messina, NCastin,C.Domain P Olsson Submittedto J.Chem Phys (2016). "
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time scales).

A Thermodynamic description is not accurate becausBeT issue for
Cu in Fe> Need to perform ANN regression on equilibrium energie
and migration barriers separately.

A Technical limitations due to computational costs (box size and
amount of calculations).

ANext FeCralloys and ANNvased cohesive models.
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2 Advanced modeling of FeCu and FeCr

SIS

ho2SOGABSY UNYAY (g2 !'bbQa (2 LISNF2NXY

THERMODYNAMIC ANN KINETIC ANN

Predicting the saddkpoint energy of a given
defect migration event, by interpolation on a
database of DF¢omputed migration barriers
OR by using the TD cohesive model.

Predicts total energy (cohesive model) of a
given atomic configuration, by interpolation
on a database of DFComputed energies.

APPLICATIONS

RIGIBLATTICEeCLANDFeCIPOTENTIAL
1 - Phase diagram calculation by means of Metropolis Monte Carlo.
- Interpolation of DFT energies neglecting atomic forces.

AKMC THERMAL AGEING OF FeCr ALLOYS
2 -z OFyOé YAIANI GA2Y o NNASNB OI f OHsfice §
potential and DFEomputed saddlgoint energies.

LATTICIEEREE FeCu AND FeCr POTENTIALS

3 | - Atomic forces are included indirectly.

- Saddlepoint energies are obtained and compared with the DFT values.
- Allows to extend the set of DFT migration barriers.
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%1 (1) Rigid-lattice FeCu and FeCr potentials

NCu NCr

NFe
TOTAL ENERGYEA™ = EA"r(@)+ EL" r(@)+ Q ES" r (a)
a=1 a=1 a=1

ot

r(a) Local atomic density around atom a (describes univoquely the local atomic environment).

EANN Atomic energy functions (estimation of average energy assigned to each atom of sf)ecies
X Outputs of the neural network trained on DFT energies of 4000 atomic configurations.

PREDICTED PHASE DIAGRAMS (MMC)
FeCu FeCr

Cu concentration [at%] Cr concentration [at%o]
Underestimated Cu solubility Very satisfactory agreement
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