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Exotic phenomena at extreme conditions

Mechanochemistry under shock 
loading
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Polymers misbehaving
Rubbers 
behaving like 
glasses

Veysset et al. Polymer 
(2017)

Shock-induced 
transient 
melting in 
glasses

Macatangay, Hamilton, 
Strachan (in press)
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Erosion (Y1)
Energy dissipation (Y2+)

Composition
Processing conditions

Phases & 
Microstructure

Design
Model (Y2+)

Design
Feedback

Transition
Done?N

Y

Hypervelocity (Y1) & terminal 
ballistic  (Y2+) impact

Ab initio & MD

FEM

Process and fabrication 
modeling

Ab initio & MD

Cellular 
automata

Phase fields

ML-Enhanced 
Models

Hypersonics & 
Protection

ML-augmented coarse-graining & model development
• Dimensionality reduction
• Constitutive& evolution  laws
• Embedded physics

New models : 
processing & dynamical 
response 
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Process and fabrication 
modeling

Hypervelocity (Y1) & terminal 
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ML-Enhanced 
Models

Hypersonics & 
Protection

ML-augmented coarse-graining & model development
• Dimensionality reduction
• Constitutive& evolution  laws
• Embedded physics

New models : 
processing & dynamical 
response 
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Cellular Automaton

Finite Elements

Grain nuclea+on and 
compe++ve growth

Heat transfer, 
mass transport 

Phase change, 
latent heat 
sources

Temperature, 
concentration

Molecular Dynamics

Phase Field

Dendrite solidification

Energy functionals:
𝑓 𝜑, 𝑇, 𝑐, 𝒏,…

(learned with ML)

Dendrite 
growth

Nucleation densities, 
critical temperatures

Liquid/solid 
thermodynamics

Thrust 1: process and fabrication modeling
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Materials of Interest
- Y1: BCC-based alloys

- Y2+ MMCs fabricated via solidification

𝑓 𝑥, 𝑡 𝑇!, 𝑃 → 𝐺, 𝑉", 𝑅

Thermal Models

Microstructure Models 
via Cellular Automaton

Texture, Grain Size, Anisotropy

𝑐#, 𝑇 → 𝜌, 𝑐$, 𝜅, Δ𝐻%, 𝑇&, 𝑇', 𝜖

High-throughput 
CALPHAD + Property Models

Nb Mo

Cr

V

Ti

Hf
Zr

W

Ta

Y1 deliverables: processing models for BCC alloys
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Fe Fe

FeOx

H2O

H2O

Thrust 2: Hypervelocity & ballistic impact

• Shocks & EOS

• Plasticity (rate & pressure 
effects)

• Phase transformations (solid-
solid & melting

• Fragmentation & jetting

• Chemistry
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Need for improved models

Plasticity

M
elting/

jetting

Existing plasticity models cannot 
capture the plastic region
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Y1 deliverables: high-strain rate models for metals

Sim number (n) = 1

Sim number (n) = 30

Total dislocaWon 
density

Shockley

Stair-Rod

Perfect Frankel Other Hirth

Other

HCP

BCC

FCC

• 10 triaxial deformation paths
• Characterize fluctuations
• Strain rates 108-107 1/s
• Initial dislocation structure
• Single-element alloys and 

BCC HEAs

Descriptors of internal state
Stress
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Reconstructed 
phys-based 
descriptors

CG internal 
variables

... ...

Step 1) Learning Coarse Graining

Physics-based 
Descriptors

Recursive neural network w memory

Step 3. Learning dynamics
time

Step 2. Learning the continuum 
constitutive lawsCG int vars

Temp.

𝑢Displ.

𝑇

MD Stress

Raw MD input

Thrust 3: ML-enhanced coarse-graining

Fine-scale simulations

Retain CG variables based 
on intuiLon & physics

Models for the evolution of 
the CG variables

Model parameterization



Example of ML-enhanced coarse graining
Detailed chemistry

Reagents

Int.

Products

Reduced chemistry
Dimensionality 

reduction

Non-negative 
matrix factorization
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Coarse graining

RDX Intermediates Final products
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𝑌̇! = −𝑌!𝑍"exp(−
𝐸"
𝑅𝑇)

𝑌̇# = 𝑌!𝑍" exp −
𝐸"
𝑅𝑇

− 𝑌#𝑍$exp(−
𝐸$
𝑅𝑇
)

𝑌̇% = 𝑌#𝑍$exp(−
𝐸$
𝑅𝑇) Sakano, Hamed, Kober, Grilli, Hamilton, Islam, Koslowski, Strachan 

The Journal of Physical Chemistry A. 2020 Oct 28;124(44):9141-55.

𝜌𝐶&𝑇̇ = −𝑄! ̇𝐶! + 𝑄# ̇𝐶%

Heat evolved

Machine learning approach for dimensionality reduction 
CAN lead to interpretable models



We have a data problem
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Quan%fy(the(
confidence(in(the(

predic%on(
L"e"n"g"t"h"

T"i"m"e"

nanometer" mm"

picosec."

nanosec."

microsec"

femtosec."

Molecular"dynamics"

micron"

second"

Quantum"
Mechanics"

Components"

life:me"

Mesoscale"

ML 
ready



ML, analysis, & simulation workflows

Wilkinson, et al. (2016). The FAIR Guiding Principles for scientific data management and stewardship. Scientific data, 3(1), 1-9.
13

+ reproducible



Research/data workflows

Raw 
data

Exp. 
conditions

Outputs

Inputs

Mel$ng temperature calcula$on using MD1. Generate structure

2. Select model

3. Run MD 4. Analyze phases present

5. Compute mel?ng temperature  & 
confidence interval

Outputs
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Mel$ng temperature calcula$on using MD1. Generate structure

2. Select model

3. Run MD 4. Analyze phases present

5. Compute mel?ng temperature  & 
confidence interval

nanoHUB’s Sim2Ls

Declared
Inputs

Declared
Output(s)

Developer

Publish

RESEARCH 
WORKFLOW

Query & discovery

Execute workflow Automatically 
index results

ResultsDB

?
?

RESEARCH 
WORKFLOW
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ML 
ready

ML 
ready



Collaborations with DEVCOM ARL & HTMDEC seedlings
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• Advanced manufacturing of metallic alloys & cermets
• Processing – microstructure  relationships

• Hyper-velocity impact and erosion experiments

• Data science and materials informatics
• FAIR data & workflows

• Multiscale modeling of materials at extreme conditions
• Rate and high-pressure effects on plasticity & fracture
• Chemistry


