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- Physics-based modeling and data analytics

- FY2021 goal: provide immediate computational capabilities to be leveraged and
further developed within NMDQi and other programs

— Improve physics-based modeling capabilities for structure-property
relationships

 High-fidelity mechanics
 Point defect interactions with composition
— New capabilities for statistical studies
— New capabilities to interpret and work with experimental data
- Long-term goal: build the computational toolset and human expertise necessary
to achieve NMDQIi goals
— Chemistry, mechanics, machine learning, statistical analysis, microstructure

identification, irradiation effects
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-Why is Crystal Plasticity Important &
What are the Challenges?

 Importance
* Fundamental in microstructure-based mechanical predictions

* Applicable to many kinds of deformation mechanism and various microstructures

* Accelerate new material discovery and qualification

1 Challenges
* Various code branches & bases (Scattered in MOOSE, MARMOT, BISON)
* Most models are not very well documented

* Convoluted inputs (in .i file)

* Limited auxiliary input types (e.g., for microstructure, material parameters)

) Example grain structure and irradiation-induced
¢ Convergence IS not great microstructure distortion (A.M. Jokisaari, 2020)
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-Crystal Plasticity Improvements

O Improved code structure O Added thermal eigenstrain
14
AlphaUraniumDislocUpdate ¢! AlphaUraniumTwinUpdate * Decomposition of ! : 2] —— 8=200[Ks)
4 \ F = FeFPF~ :
I I = Evolution of thermal deformation gradient " 8 =300 [K5s]
Dislocation Rate ! Twin Rate | 0y S o o ¥ — 6 =400 [K/s]
| | FF7 =8 f=diag(f,B.B:) W > 1, =68 %/
Dislocation Resistance ! Twin Resistance I where " is the thermal expansion coefficient. 4 o
\
___________ ’ = Shear stress for the # slip 2
Substructure Forest Dislocation system: . .y 17 aD 0
Dislocation Density Density 0" = det(F“) F¥ SFY  :§; 0 20 4(1)ime : ]60 80 106
]
= Time integration for | ' : 4
Substructure Dislocation || Forest Dislocation Foo = F7N - AB) 121 —— Ba=4c-05[1/K]
Rate Component Rate Component By =605 [1/K]
= Crystal plasticity 10 B = 86,05 [1K]
Jacobian: ‘e e p-1' g] — Pz==3c
j=i-c. & @ @ N
. @G @' @ 61 » (=400&/+
* User & developer friendly o +  Elasto-plastic tangent 4
* Reduced number of classes & simplified input moduli: v e, @ @& 2
 Retained modularity @ e @ @ ST R 4@ W s 100
time [s]

O Improved robustness U Plans

* Fixed BC issue related to sub-stepping

User

Publication
Friendly

Extend eigenstrain types

* Improve performance & robustness

* Expand microstructural input types
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Local, evolving damage distribution

» Recombination of defects controls the microstructure evolution of materials
= To design new materials, it is vital to understand defect recombination in metals, alloys and its interfaces
» The recombination radius (R): maximum distance between the monovacancy and SIA center allowing immediate
recombination
= Spontaneous recombination distance (L): minimum physical separation of the interstitial and vacancy survival of
initially created Frenkel defects
Vacancy @ Interstitial @

Cascade core (vacancy
zone)

Periphery with atoms pushed outward
to become interstitials(interstitials
shell)

Difference between interstitial and
vacancy zone for PKA 5 KeV of Ni
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NMDQ@ ssuiesioeiiene
Il Quantifying cascade damage and recombination

Material Temp (K) Maximum Stable Recombination Recombination Radius of Radius of = Spontaneous
system number of number of time (ps) rate (number of interstitial vacancy recombination
defects defects Frenkel zone (A) zone (A) distance (L)
defects/ps)
Ni 300 306 6 3.7 83.90 16.12 11.35 8.93
Cu 300 764 9 10.6 143.43 23.41 18.65 14.72
Al 300 466 8 6.7 69.38 26.76 22.43 13.94

Diffusion model for recombination radius

< 5 <107 ‘ : ‘ Material Diffusion Diffusion Recombination Recombination Spontaneous
= ? 452 | coefficients of coefficients of constant of radius (nm) recombination
‘ . o = “h single interstitial monovacancy vacancies and distance (nm)
N g4 atom (nm2/ns) SlAs (ns*)
i-é; a5 \\ | (nm2/ns)
g a
O 3 N ]
- e - .
L e , Ni 18.35 2.18 18616.91 2.21xa, 2.55xa,
° /™ S _—
-a_
R 2 w_ Mo 17.77 2.05 9643 1.9xa, -
= . e 15 | ‘ ‘ ‘ el
T T T e e m w w0 | A 17.61 0.99 7807.33 : 3.45xa,

Change of defect concentration of nickel at 1500 K _
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I Introduction to Stochastic Tools Module

The Stochastic Tools Module (STM) is an open-source MOOSE module available to all MOOSE-
based applications.

Provide a MOOSE-like interface for performing stochastic analysis on MOOSE-based models.

Sample parameters, run applications, and gather data that is both efficient (memory and
runtime) and scalable.

Perform UQ and sensitivity analysis with distributed data.

ﬁ‘

Train meta-models to develop fast-evaluating surrogates of the high-fidelity multiphysics model.

Provide a pluggable interface for these surrogates.

Y—\
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lll Stochastic Tools Module Update

* Ability to specify number of processors to use per sample run
— Better memory management for stochastically running large models
- Syntax:

* Sampler/*/min procs per row=<num>

* MultiApps/*/min procs per app=<num>
— Example: 1,000 samples with 100 processors
* Previously: 100 apps with 1 processor running 10 samples
* With min procs per app = 10: 10 apps with 10 processors running 100 samples

» Generalizing surrogate model training data
— Reporter system allows output of any “type” of quantity of interest in MOOSE simulations
- STM can now transfer arbitrary data types from sub apps to accumulate theses quantities
— Surrogate trainer system can access the accumulated data for building surrogate models

 Looking for applications for showcasing capabilities
— Building surrogate models to quickly perform statistical analysis
— Multiscale modeling with surrogate models
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- PDE Constrained Optimization

Experimental, T

Line Unknown parameter:
Heat Source, g,

qy
/)

Simulation, T
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I Computational framework for isopod
- 2

I\/Iultiphysics Model Parameter Definition Measurement Locations Stopping
User InPUt [ ] [ ] [ and Experimental Data ] [ Criterion ]
[ Initial Estimates and Bounds ]
S /
\ 4
[ Forward Solver )[ Objective Function ] \
Optimization | | ’
A|gorithms [ Adjoint Solver >[ Gradient/ Hessian ]
N A @ \ 2 7 V) v
L] M OOSE Toolkit for Advanced Optimization
=PETSc wLATAO )

Final Parameter Estimates for Predictive Multiphysics Simulations
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Documentation

The current plan is to merge the isopod app into the MOOSE stochastic tools modules
which requires documentation along with examples, and maybe a little code clean-up.

<

C © 127.001

Isopod Q@ GettingStarted v Syntax

enpes  GitHub ©

Isopod

Inverse Optimization Code
Isopod is an application for solving inverse optimization problems in moose. It is based on PDE constrained
optimization using the PETSC TAO optimization solver. Isopod is based on the MOOSE framework, and builds on
the MOOSE framework and modules for many of its core capabilities.

Syntax
Isopod provides capabilties that
can be applied to a wide variety of
problems. The syntax provides
detailed documentation of specific
code features.

Getting Started
Quickly learn how to obtain the
Isopod source code, compile an
executable, and run simulations
with these instructions.

Example

There are a number of example
problems to demonstrate usage of
Isopod. Details of those models are:
provided here.

Isopod is based on Itis an extremely flexib| &
problems of varying size and dimensionality. These
model size, ranging from laptops and workstations

C  ® 127.0.0.1:800¢

kopod @ Getting Started +

Code reliability is a central principle in code develo
employs a well defined development and testing s
are only merged into the repository after botha m

the automated regression test system have been c
process and status of Isopod is available at

Isopod and MOOSE are developed by the Idaho N
team of computer scientists and engineers and is s
funding agencies including the

and by collaborators throughout the world.

Controls

isopod App

Control for receiving data from an Optimization Transfer.

Executioner
isopod App

Executioner for optimization problems.

FormFunction
isopod App

Adds FormFunction objects for optimization routines.

Inverse optimization reporter for gradient free optimization
Reports Optimization Output

QuadraticMinimize

MultiApps

isopod App

pp This is FullSolveMultiApp with some extra flags registered.

Postprocessors
isopod App
Displays a constant value.
Computes a volume integral of the specified variable

Integrates a function times variable over elements

e e e et = it e

Inverse optimization reporter for gradient based optimiza...

G ® 127.00:8000/getting started/mp Y <

sopod @ Getting Started eamples GitHub @

Syntax

Inverse Optimization Theory

Inverse optimization is a mathematical framework to infer model parameters by minimizing
the misfit between the experimental and simulation observables. In this work, our modelis a
partial differential equation (PDE) describing the physics of the experiment. We solve our
physics PDE using the finite element method as implemented in MOOSE. The physics of our
problem constrains our zation algorithm. A PDE: d

framework s formulated as an abstract optimization problem (ref2):

minJ (u,p);  subject tog (u,p) =0 oy

where J(u, p) is our objective function, which is a scalar measure of the misfit between
experimental and simulated responses, along with any regularization ref12. The constraint,
g (u,p) = 0, consists of the PDES governing the multiphysics phenomena simulated by
MOOSE (e.g. coupled heat and elasticity equations), p contains model parameters (e.q.
material properties or loads) and u contains simulated respor
displacement fields). The equations in appear simple o
difficult to solve. The solution space can span millions of deg
parameter space can also be very large. Finally, the PDEs can
dependent and tightly coupling complex phenomena across

s)

<€ C @ 127.0.0.1:8000/examp| inversion.

sopod @ GettngStaried +  Syniax

Optimization problems can be solved using either glabal (g
based) approaches (ref1). Global approaches require a larg
to gradient-based approaches (e.g. conjugate gradient or Ne
the latter more suiitable to problems with a large parameter sp
expensive models. lsopod uses the PETSe TAO optimization

for alist of TAO gradient and gradient-free optimiz
isopod. Optimization libraries, like TAO, require access to func
objective (J), gradient (dJ/du) and Hessian

Force Inversion Example

In a force inversion problem, we use inverse optimization to match the primary varial
gradients of the primary variables
force and heat flux). This is a linear optimization or linear programming problem, the
parameters are not dependent on the solution and are the simplest type of optimi
problem. We will present three force inversion problems in this section for steady st
conduction where the following types of loadings are parameterized

«  Example 1: Point Loads
Example 2: Neumann Boundary Condition
Example 3: Distributed Body Load
Example 4: Dirichlet Boundary Condition

&7 &
Bpa Op2 By

ora function to take the action of the Hessian on a vector. Ar
the misfit or distance between the simulation and experiment

1 e 1)
J(u.pjf,l/\u mdn»ﬁ/,,,

where the first integral is an L2 norm or euclidean distance b

Steady State Heat Conduction

All of the examples in this section are parameterizing force loads for steady state he:
conduction in a solid. Below we, copy the equations for steady state heat conductior
the the section from the MOOSE module. The differential equation
describing steady state he conduction is given by

0= VK(@)VT +qfor & € 9, )

where T'is temperature,  is the vector of spatial coordinates, k is the thermal conductivity, g
is a heat source, and @ s the domain.

Boundary conditions for the heat equation are defined on the boundary of the domain 9.
The boundary is divided into Dirichlet boundaries 80 and Robin boundaries 0z such that
20 = 805 U A

7(3) = To(2)
e@1)=0

for & € 80p
kit - VT for & € 80
where Tp and G(t, 2, T) are known functions and 7 is the outward normal at . The function

G(, T) defines the type of Robin boundary conditions. Common cases for G are:
0

Neumann: G(z,T)

Convection: G(Z,T)

Example 1: Point Loads
In this example we are parameterizing the heat source intensity at the locations indicated by
the O symbols in that will produce a temperature field that most closely matches the
taken at the ts ted by the x symbols. Dirichlet
boundary conditions are applied to the entire boundary with T=300.

C  ® 127.0.0.1:800¢ k n * &0

Update
The executioner block, shown below, provides an interface with the
optimization library. The optimization algorithm s selected with tao_solver with specific
solver options set with petsc_options.

[Executioner]
type = Optinize
tao_solver = TAOCG
petsc_options_inane = '-tao_gatol -tao_nax_it' # -tao_ls_type’
petsc_options_value = ‘le-2 200° # unit
Verbose =

]

The Optimize executioner requires a , shown below, to transfer data between
the optimization executioner and the transfers used for communicating with the sub-apps.
The type of FormFunction depends on the optimization algorithm, given by teh

[FornFunction]
type = ObjectiveGradientiininize
paraneter_nanes = ‘paraneter.results’
nun_values = '3'
initial_condition = 0 0 0"
misfit_nane = 'misfit’
adjoint._data_nane = 'adjoint’

The optimization executioner on the main app does not need a mesh or variables and uses
the action to set-up a dummy mesh and variables.

Figure 2: Optimization results for the (a) temperature
field being matched at the x symbols in and
(b) the intensity of the parameterized point loads
applied at the O needed to produce the temperature.
field in (a)

Figure 3: Adjoint temperature field and misfitload
from first optimization iteration.
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- Introduction to atomistic modeling + machine learning workflow

* Long term goal: Q1
Develop a workflow to predict thermo-kinetic and defect ( Structure enumeration N
formation properties of multicomponent nuclear alloys Training
dataset
. ] <
Q1: High throughput DFT setup and data analytics
Q2: Workflow to derive thermo-kinetic properties (kMC) [ DET calculations ]
Q3: Multicomponent and concentrated alloy extension N
Q4: Workflow to derive solute-defect formation properties . . .
Cluster expansions Machine learning
DFT vs ML prediction for Fe-Cr baseline system (Q1) E0)=V,s Y ors YV, JViuacs.. \{ Cross validation ]
Formation energy (thermodynamics)  Migration barrier (kinetics)
; 0.8
o “AQ0 PFTidata = O Cr diffusion Q2
‘?_" 0.7 O Fe diffusion : 8 - -
s 0 2 , @%@ (Kinetic) Monte Carlo
5 £ os (%@O% S \ simulations
g o005 A0 = R Derive alloy and defect
<] ; ] a .
T & 3 o8 L properties J
0.05 0 0.05 0.1 0.15 0.2 2 03
-0.05 = 0.3 0.4 0.5 0.6 0.7 0.8
DFT formation energy (eV) DET migrtion bartisr (V) IDAHO NATIONAL LABORATORY




Il Update on (kinetic) Monte Carlo modeling

Completed the following workflow (Q2) Nonlinear trend of Cr effect on atom transport
* Kinetic properties (diffusivities, Onsager coefficients) ~ 1E-11
* Microstructure evolution (binary cluster nucleation, 13 ©0 0000000 g O
precipitation, and phase stability) = o O o 0 ©
kS)
= 1E-12 o © o 9
Cr-rich cluster nucleation and growth (15Cr, 300 °C) 3 L
c ©D* Cr/iX_V
@ D* Fe/X V
E 300 °C oD V

1E-13
0 0.02 0.04 0.06 0.08 0.1

Cr composition

Experimental comparison and validation of high
temperature data are in progress

Next steps in FY21 This coding work was done in collaboration with
Prof. Anton Van der Ven and Sanjeev Kolli (UCSB)

IDAHO NATIONAL LABORATORY

* Extend to multicomponent system

* Derive defect formation/binding energies by coarse graining




