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Interatomic Potentials as Multi-Scaling
Time
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IAP can be useful without
being physically motivated

Preserving accuracy through
scales while becoming
computationally efficient

Need to be cautious of what is
promised with machine
learning, most of MD will be
extrapolation

Length



3 I Return to the Master Plot
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Classical, Empirical Potentials

* Metals
o EAM: Assume spherical electron density

E; = Fa(zjiipﬁ (r;)) + > %z Dap (1))

* Inorganic
o Stillinger-Weber: Assume 2,3-body
harmonic springs

* Organic
o0 ReaxFF: Assume covalent bonding,
smooth bond-orders between all
interacting atoms
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Number of Particles (N)

Return to the Master Plot
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EXASCARLE COMPUTING PROJECT

Machine Learned Potentials

¢ Metals, Inorganic, Organic, etc.

o Assume energy and forces are some
function of local atomic neighborhood
descriptors

Needs reference data to be properly trained
to get the ‘right’ energies and forces




‘ SNAP A PP lications SNL Involved, Independent

2014 Dislocation motion SNL, Thompson 31 363 Linear

InP 2015 Radiation damage, defects SNL, Thompson 31 665 Linear
WBeHe 2017 Plasma facing materials SNL, Wood 56 25,052 Linear



‘ SNAP Applications

InP
WBeHe
Mo

Actinides

NiMo
LN
% Various

2014
2015
2017
2017
2018
2018
2019
2020

Dislocation motion
Radiation damage, defects
Plasma facing materials
Phase diagram prediction
Shock, phase transitions
Phase diagram prediction
Super-Tonic Conductor

Accuracy/Cost comparison

SNL Involved, Independent

NDoF

SNL, Thompson 31

SNL, Thompson 31

SNL, Wood
UCSD, Ong
SNL/LLNL
UCSD, Ong

UCSD, Ong
UCSD/SNIL

56
31
56
31

31
10-130

NTraim'ng

363
665
25,052
1000
20,000
2,000
3,000
1,000

Descriptors
Linear
Linear
Linear
Linear
Quadratic

Linear
Lin+Charge
Lin, Quad



‘ SNAP Applications

SNL Involved, Independent

Descriptors

InP
WBeHe
Mo

Actinides

NiMo
LiN
Various
InP
AINDbTi
St

Al

Fe

2014

2015
2017

2017
2018

2018
2019
2020

2020
2020
2020
2021
2021

Dislocation motion
Radiation damage, defects
Plasma facing materials
Phase diagram prediction
Shock, phase transitions
Phase diagram prediction
Super-lonic Conductor

Accuracy/Cost comparison
Radiation damage, defects
High entropy alloy design
Neural network SNAP

Predicting electron density

Magnetic phase transition

NpoF Nraining
SNL, Thompson 31 363
SNL, Thompson 31 665
SNL, Wood 56 25,052
UCSD, Ong 31 1000
SNI./LLNL 56 20,000
UCSD, Ong 31 2,000
UCSD, Ong 31 3,000
UCSD/SNL 10-130 1,000
SNI, Cusentino 241 1,000
SNL, Tranchida 1596 7,250
UNLV, Zhu 1596 >5,000
SNL, Ellis 91 30

SNL, Nikolov

1596 683

Linear
Linear
Linear
Linear
Quadratic
Linear
Lin+Charge
Lin, Quad
EME
Quadratic
NN

NN
Quad+Spin



‘ SNAP A PP lications SNL Involved, Independent
8

(more in the literature, not an exhaustive list)

WBeHN - Plasma facing materials SNL, Cusentino 56* >40,000 Linear

C - Planetary impacts, shock USE, Willman 1596 30,000 Quadratic
C,V 2021 Metal plasmas SNL, Wood 1596 10,000 Quadratic
MoNbTaTi - HEA alloy design SNL, Startt - >5.000 EME
GeSe - Vitrification UCD, Sievers - >5,000 EME
LiMoS - Li-ion batteries UConn, Dongarre - >5.000 -
SiGeSnPb - Thermoelectric materials GWU, Li - >5,000 -

* Growing evidence that SNAP is a general use material model form, unlike any
interatomic potential used in MD to date

* SNAP model training software now incorporated in Materials Design Inc. products


https://www.materialsdesign.com/

‘ SNAP A PP lications SNL Involved, Independent
9

(more in the literature, not an exhaustive list)

WBeHN - Plasma facing materials SNL, Cusentino 56* >40,000 Linear

v C - Planetary impacts, shock USFE, Willman 1596 30,000 Quadratic

* CV 2021 Metal plasmas SNL, Wood 1596 10,000 Quadratic
MoNbTaTi - HEA alloy design SNL, Startt - >5.000 EME
GeSe - Vitrification UCD, Sievers - >5,000 EME
LiMoS - Li-ion batteries UConn, Dongarre - >5,000 -
SiGeSnPb - Thermoelectric materials GWU, L1 - >5,000 -

* W - Model form selection LANL/SNL - 330,000 NN

So what should you train a ML-IAP on? How do you recognize failures (poor extrapolations)?

* Growing evidence that SNAP is a general use material model form, unlike any
interatomic potential used in MD to date

* SNAP model training software now incorporated in Materials Design Inc. products


https://www.materialsdesign.com/

To be or Not to be Transferrable i’
Simple Model, Complex Descriptor

10

1 i 1 1 I T
* A general use IAP is much more challenging to l S HDETDET
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Relative Force Error

To be or Not to be Transferrable

Simple Model, Complex Descriptor

(red) IAP Trained at T=1eV, evaluated at T=1eV
(blue) IAP Trained at T=1eV, evaluated at T=5eV

* A ‘Local’ potential is ideal for a narrow phase
space, force matching IAP have done this for

decades. p_—
=
* Is pressure, temperature, composition a proper E
definition of training space of ML-IAP? i
o
| U
C (2.267 g/cm3) —7— TFY V (6.11 g/cm3) LE
-H=- FM A, &
..... e, A== NPA
0] B sy i ‘e,
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100 101 100 101
T (eV) T (eV) True: DFT Forces (eV/A)

C,V 2021 Metal plasmas SNL, Wood 1596 10,000 Quadratic I



12 I To be or Not to be Transferrable

Relative Force Error

Simple Model, Complex Descriptor

* A ‘Local’ potential is ideal for a narrow phase

space, force matching IAP have done this for

decades.

* Is pressure, temperature, composition a proper
definition of training space of ML-IAP?

C (2.267 g/cm?3) —/—= TFY V (6.11 g/cm?)
X -5~ FM A
....... A= NPA .
0_ @'— —-;.;’a .,
s R Mo, =6 SNAP B .
TTem YN Rt s v
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<0.05 X “oa =
\\\\\ ”Q
L. Stanek et.|al. (PoP) S~9-”
1072 . . . T
10° 10! 100 10
T (eV) T (eV)
GV 2021 Metal plasmas

(red) IAP Trained at T=1eV, evaluated at T=1eV
(blue) IAP Trained at T=1eV, evaluated at T=5eV

(o)}
o

D
o

20

Predicted: SNAP Forces (eV/A)
o

-20
-40 i
60 il I ! ! ! !
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True: DFT Forces (eV/A)
SNL, Wood 1596 10,000 Quadratic
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Simple Model, Complex Descriptor

Relative Force Error

To be or Not to be Transferrable

* A ‘Local’ potential is ideal for a narrow phase
space, force matching IAP have done this for

decades.

* Is pressure, temperature, composition a proper
definition of training space of ML-IAP?

C (2.267 g/cm?3) —/—= TFY V (6.11 g/cm?)
. -H- FM A,
....... A= NPA .
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T (eV) T (eV)
GV 2021 Metal plasmas

* (red) IAP Trained at T=5¢V, evaluated at T=5eV
* (blue) IAP Trained at T=5eV, evaluated at T=1eV
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Simple Model, Complex Descriptor * (red) IAP Trained at T=>5eV, evaluated at T=5eV

Relative Force Error

To be or Not to be Transferrable

* (blue) IAP Trained at T=5¢V, evaluated at T=1eV

* A ‘Local’ potential is ideal for a narrow phase

space, force matching IAP have done this for 30
decades. <
. ~ 20 }F ]
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15 I Environment of Machine Learning Techniques

_ Non-Linear Kernel Methods — Structured Convolutional _
Physically Optimization Neural Networks I Neural Networks . D2afa-Science

Motivated I’ ------------------------------------------------------------------------------------------ Motivated

- HH T

BLAST-ML. SNAP MTP GAP HIP-NN SchNet Deep-MD

. . . 20+
https://github.com/materialsvirtuallab/mlearn c o Lo
O . max ~
(low T, high T) AIMD Trajectory © QQ O'/ =
RGNS  snapshots ] S 10'. Q ® hidden layers [16, 16]
Fireworks + VASP —p» (i) j ’ ® o O
* Vacancy + AIMD Trajectory e .
Stt snapshots BET stafic \: ] 0 O =3 W
(%) g Dataset [EECEER I T J ./ ° ®
— - Surface [ ¢ wrp T
+ Surface generation Sictas 8 @ NNP /40 -~ .a 9@ o H
Fymatgen —— 90/10 8 $ SHAP 20 polynomial powers T F
o - i d . | wer
M, — train/test = 9 . qSNAP e 2000kernels
107° 107 10" 10° 10"
~ Credit to Y. Zou, X. Li, C. Chen and S.P. Ong Computational cost S/(MD Step . atom)


https://github.com/materialsvirtuallab/mlearn

16 ‘ Entropy Maximizing Training Sets s =

EEEEEEEEEEEEEEEEEEEEEEEE
EST.1943

V(x) = — H(x,y) £ S®)

* Self-entropy & cross entropy pseudo-potential. Maximize Pseudo- Cross- Self-
descriptor diversity over the whole training set. Prevent potential
‘bad’ configurations with strong short range repulsion.

entropy entropy

* Generated 300,000 configurations of Tungsten in DFT;
one of the largest training set ever assembled ‘

I
Self-entropy landscape of one particle in a model system
with one descriptor: the average interatomic distance



17 ‘ Entropy Maximizing Training Sets

Scalable Training Generation

* Self-entropy & cross entropy pseudo-potential. Maximize
descriptor diversity over the whole training set. Prevent
‘bad’ configurations with strong short range repulsion.

* Generated 300,000 configurations of Tungsten in DFT;
one of the largest training set ever assembled

* Applicable to any descriptor, not glued to SNAP in
particular

* Prevents “holes” in descriptor space

* Finding configs is fast and scalable

J. Chem. Phys. 153, 094110 (2020)

» Los Alamos
NATIONAL LABORATORY
EST.1943

V(x) = = H(x,y) £ 5(x)

Pseudo- Self-
pOtCntial entropy

EEEEEEEEEEEEEEEEEEEEEEEE

Cross-
entropy

I
Self-entropy landscape of one particle in a model system
with one descriptor: the average interatomic distance
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18 I Model Form Selection

: : w e T e
Wh]Ch MOdel, Wh'ICh Tra'ln'lng ~——— 2,_o Bispectrum Component Testing Distribution
>
* Simple’ training sets can be captured by neatly all 7 0207 Training
<)
model forms 2015 Testing
=
2 1104 Validation
=0
* How should you choose your model form based on 2
the generated training? 0.05
000 I I I 1




19 I Model Form Selection

Which Model, Which Training

* ‘Simple’ training sets can be captured by nearly all
model forms

* How should you choose your model form based on
the generated training?

Physical training, or Entropy Maximized

* Comparing the entropy maximized training to the
hand constructed training of Wood ¢z 4/ PRB 2019

* Automated, entropy maximized training contains
descriptor space of hand tuned set.

* ‘Real’ correlations in descriptors will be lacking

“"‘f{,‘x\ U.S. DEPARTMENT OF Oﬂ-’lce Of

EN ERGY Science

2;—1 Bispectrum Component Distribution

0.25 1

Probability Density
e e e
—_ — )
) ot =)

0.05 1

= 2,0 Bispectrum Component Training Distribution
== 2;—0 Bispectrum Component Validation Distribution

=== 2;—0 Bispectrum Component Testing Distribution

Training
Testing
Validation

2,1 Bispectrum Component Distribution

Probability Density
o o
o
(e} Ot
1 1

=

)

o
1

0.00

= 2;—0 Bispectrum Component Training Distribution
= 2;_o Bispectrum Component Validation Distribution
=== 2;j=0 Bispectrum Component Testing Distribution
= 2;—0 Bispectrum Component W Data Set Distribution

Physics Informed

N

Diversity Maximized

10 20 30
Component Value
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20 I Comparing Model Complexity

Which Model, Which Training

——— Architecture A 1 Hidden Layer
— Architecture A 2 Hidden Layer
——— Architecture A 3 Hidden Layer
Architecture A 4 Hidden Layer
Architecture A 5 Hidden Layer

* ‘Simple’ training sets can be captures by nearly all
model forms 0.81

* How should you choose your model form based on

S
D
1

the generated training?

Probability Density

0.4
—0
0.2
0.0 JI T T T T
-2 —1 0 1 2 3 4 5

Energy

: 1 . .
NNs: Step-down, Soft+, 30 inputs, 3k-30k DoF Quadratic SNAP: EL,.(rV) = B-Bi+ EBZ -a - B’
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21 I Comparing Model Complexity

Which Model, Which Training

* ‘Simple’ training sets can be captures by nearly all ~— Architecture A 1 Hidden Layer
i — Architecture A 2 Hidden Layer
model forms 0.8 ‘ _
——— Architecture A 3 Hidden Layer
Architecture A 4 Hidden Layer
e H hould h del f b d —— Architecture A 5 Hidden Layer
ow should you choose your model form based on
.. £ 0.61
the generated training? Z
£
= == "True Values
Head-to-head Comparison B0
* Both NN and traditional SNAP models use o
—Q0
bispectrum components as input descriptors
0.2
* All (Linear to deep-NNs) show similar
performance on training set (?!) .
= 0 1 2 3 4 5

Energy

: 1 . .
NNs: Step-down, Soft+, 30 inputs, 3k-30k DoF Quadratic SNAP: EL,.(rV) = B-Bi+ EBZ -a - B’
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22 I Comparing Model Complexity

Which Model, Which Training

* ‘Simple’ training sets can be captures by nearly all ~— Architecture A 1 Hidden Layer
i — Architecture A 2 Hidden Layer
model forms 0.8 : _
——— Architecture A 3 Hidden Layer
Architecture A 4 Hidden Layer
e H hould h del f b d — Architecture A 5 Hidden Layer
ow should you choose your model form based on
. £0.61
the generated training? Z Quadratic SNAP
2
a
= == "True Values
Head-to-head Comparison E 0.4-
* Both NN and traditional SNAP models use &
—Q0
bispectrum components as input descriptors
0.2
* All (Linear to deep-NNs) show similar
performance on training set (?!) .
= 0 1 2 3 4 5

Energy

: 1 . .
NNs: Step-down, Soft+, 30 inputs, 3k-30k DoF Quadratic SNAP: EL,.(rV) = B-Bi+ EBZ -a - B’



23 I Back to Physics

Physical training, or Entropy Maximized

* Comparing the entropy maximized training to the
hand constructed W training of Wood ez /. PRB

2019

Description AE(eV/atom) AF (eV/A)
W:

Elastic deform 53x 1072 0.0 x 10°
Equation of state 1.4 x 107! 4.0 x 107>
DFT-MD 53x1072 6.0x 1072
Surfaces 34x1072 2.8x101
Self-interstitials 4.6 x 1072 9.5 x 1072
Liquids 29x10°! 48 x10!
Dislocations 50x1072 7.8x 1072
Monovacancy 42x1072 9.8 x 1072
Divacancy 29x1072 8.7 x107?
I" surface 46x 1072 25x 107!
I' surf.4vacancy 4.3 x 1072 1.7 x 107!

&8, U.S. DEPARTMENT OF

Office of

P\ ENERGY Science

Arch. | RMSE [—]
1 HL 031
2 HL 043
3 HL 017
4 HL 042
5 HL 033

True Values
Architecture A 1 Hidden Layer
2 O _ Architecture A 2 Hidden Layer
. Architecture A 3 Hidden Layer
4? —— Architecture A 4 Hidden Layer
8 = Architecture A 5 Hidden Layer
o) 1 -
~ D
2
o r—
2 1.0
2 1.0 1
<
O
(@)
oy
0.5 -
0.0 - T |
—0.5 0.0 0.5 1.0
€V ]
Energy [




24 1 Back to Physics

Physical training, or Entropy Maximized

* Comparing the entropy maximized training to the
hand constructed W training of Wood ez /. PRB

2019

Description AE(eV/atom) AF (eV/A)
W:

Elastic deform 53x 1072 0.0 x 10°
Equation of state 1.4 x 107! 4.0 x 107>
DFT-MD 53x 1072 6.0 x 1072
Surfaces 34x1072 2.8x101
Self-interstitials 4.6 x 1072 9.5 x 1072
Liquids 29x107! 48 x107!
Dislocations 50x1072 7.8x 1072
Monovacancy 42x1072 9.8 x 1072
Divacancy 29x1072 87x 1072
I" surface 46x 1072 25x 107!
I' surf.4vacancy 4.3 x 1072 1.7 x 107!

U.S. DEPARTMENT OF

Office of

HENERGY Science

ev
True Values Arch. RMSE [atom]
Architecture A 1 Hidden Layer
2 O _ Architecture A 2 Hidden Layer 1 HL .031
. Architecture A 3 Hidden Layer
3 —— Architecture A 4 Hidden Layer 2 HL 043
g —— Architecture A 5 Hidden Layer 3 HL 017
8 1.5 1
4 HL .042
ey
= 5 HL 033
% 1.0 -
o — True Values
- 0.5 7 2.07 / Quadratic SNAP
ey
j E
. . SNAP 23
0.0 - : é-) 1.5 Q
05 0.0 - J
4+
Ene =2
= 1.0 1
<
o)
o
A
0.5
0.04 T T = L
—0.5 0.0 0.5 1.0
Energy [—-]



25 I Conclusions and Path Forward

=z
* The EXAALT project 1s é *  Data-driven interatomic
ensuring Exascale-ready MD g.(f potentials (SNAP, SNAP-NN)
software beyond the length, o allow for MD predictions of
time-scales of standard MD E challenging material problems.
=
*  While harder to quantity, the
fidelity of our MD simulations
needs to be a key consideration Standard
at the Exascale Parallel MD
Simulated Time (t)
Accuracy
—_—_— . Contact Information:
—\ = P Sandia «Z
E \(C ) ? Los Alamos National mitwood(@sandia.co
- NATIONAE LABORAIORY Laboratories MVIDIA. e

EST.1943

U.S. DEPARTMENT OF Office of %O AK RIDGE
A ENERGY Science - National Laboratory
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Uses of ParSplice/EXAALT
Defect evolution in fusion materials (w. Luis Sandoval, Blas Uberuaga, Art Voter). Up to
100,000 cores, ~10,000 atoms on ms [Sci. Rep. 7, 2522 (2017)]

Jogs in nickel (w. Lauren Smith, Tom Swinburne, Dallas Trinkle), ~1000 cores, ~10,000
atoms, tens of ms

Cation defect evolution in pyrochlores (w. Romain Perriot, Blas Uberuaga, Art Voter),
~200 cores, ~1000 atoms, tens of ms [Nature Comm., 8, 681 (2017)]

Shape evolution of metallic nanoparticles (w. Rao Huang, Art Voter). ~1000 cores, ~100
atoms, ms [JCP 147, 152717 (2017). JMR (in press)]

https://gitlab.com/exaalt
https://github.com/FitSNAP/FitSNAP
https://github.com/materialsvirtuallab/mlearn
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