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Jonathan Vandermause
Department of Physics, Harvard University

Matetjials HA
@”A’ Intelllgence 1 % School of Engineerin
@ Research and Applied Sci




Atomistic simulation

protein folding
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Atomistic simulation

protein folding

heterogeneous catalysis
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Wanted: cheap force fields for complex systems with the

accuracy of quantum mechanics.
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Molecular dynamics

1. initialize
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Molecular dynamics

1. initialize
\ I“ 2. compute forces
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initialize
compute forces
update positions
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Molecular dynamics

initialize
compute forces
update positions
repeat

= w N

V Materials FF1 [{ARVARD
@ o Intell Iigence 7 @ School of Engineering
@ and Applied Sciences

/
- Research



Molecular dynamics

initialize
compute forces
update positions
repeat

> WNPE

To scale up, forces
need to be computed

cheaply and accurately.
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Density functional theory (DFT) is accurate, but too slow.

| . | #atoms | #electrons | sec/atom/step
Interatomic pOtentlaIS 192 1024 252

432 3456 1344

Steven J. Plimpton and Aidan P. Thompson. MRS bulletin 37.5 (2012): 513-521.
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Density functional theory (DFT) is accurate, but too slow.

| . | #atoms | #electrons | sec/atom/step
Interatomic potentlals 192 1024 252

432 3456 1344

Interatomic potentials are several orders of magnitude
Steven J. Plimpton and Aidan P. Thompson. MRS bulletin 37.5 (2012): 513-521.

faster than DFT.
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Density functional theory (DFT) is accurate, but too slow.

| . | #atoms | #electrons | sec/atom/step
Interatomic pOtentlaIS 192 1024 252

. _ . 432 3456 1344
Interatomic potentials are several orders of magnitude
Steven J. Plimpton and Aidan P. Thompson. MRS bulletin 37.5 (2012): 513-521.
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Machine learned potentials

Approach #1: Train a flexible black box model on a large database of DFT data.
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Machine learned potentials

Approach #1: Train a flexible black box model on a large database of DFT data.

Behler, Jorg, and Parrinello, Michele. PRL 98.14 (2007): 146401.
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Machine learned potentials

Approach #1: Train a flexible black box model on a large database of DFT data.

Materials Behler, Jorg, and Parrinello, Michele. PRL 98.14 (2007): 146401.
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Machine learned potentials

Approach #1: Train a flexible black box model on a large database of DFT data.
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Machine learned potentials

Approach #2: Grow the training set adaptively during an MD simulation.
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Machine learned potentials

Approach #2: Grow the training set adaptively during an MD simulation.

Goal: Automatically learn fast, accurate, multi-element force fields for large-scale MD.
Tool: Bayesian inference with Gaussian process regression.

Predict
Forces

Update Estimate

DFT
Positions \ Error el
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Machine learned potentials

Approach #2: Grow the training set adaptively during an MD simulation.

Goal: Automatically learn fast, accurate, multi-element force fields for large-scale MD.
Tool: Bayesian inference with Gaussian process regression.
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Predict
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10%* atoms
10° timesteps

7.42 nm
Update Estimate

DFT
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7.42 nm
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On-the-fly learning is on the rise

On-the-fly learning
method

ML Model

Descriptor / Kernel

Extrapolation
Detection

Low dimensional?

Li, Kermode, and De Vita (2015) [1]

Podryabinkin and Shapeev (2017)

[2]

Bernstein, Csanyi, and Deringer

(2019) [3]
Jinnouchi et al. (2019) [4]

Fast Learning of Atomistic

Rare Events (FLARE) [5]

[1] Li, Zhenwei, James R. Kermode, and Alessandro De Vita. Physical review letters 114.9 (2015): 096405.

Gaussian process

Linear regression

Gaussian process

Bayesian linear
regression

Gaussian
process

Internal vectors

Moment tensor polynomials

Smooth overlap of atomic

positions (SOAP) [4]
Multi-element SOAP

Covariant 2+3 body
kernel

True error

D-optimality criterion

Random structure search

Bayesian uncertainty

Bayesian uncertainty

[2] Podryabinkin, Evgeny V., and Alexander V. Shapeev. Computational Materials Science 140 (2017): 171-180.
[3] Bernstein, Noam, Gabor Csanyi, and Volker L. Deringer. npj Computational Materials (2019): 99.
[4] Jinnouchi, Ryosuke, et al. Physical Review Letters 122.22 (2019): 225701.
[5] Vandermause, J., Torrisi, S. B., Batzner, S., Xie, Y., Sun, L., Kolpak, A. M., & Kozinsky, B. (2020 npj Computational Materials, 6(1), 1-11.
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Low-dimensional force fields

 The Born-Oppenheimer potential energy surface is high dimensional:

E = E(Fl, ""FN)‘
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Low-dimensional force fields

: . _— . . Local environment of atom i
 The Born-Oppenheimer potential energy surface is high dimensional:
E=E®, .., 7). @ Q -9
.0. “‘ h\ .0‘
* Simplifying assumption: each cluster of 2 and 3 atoms in the local ~'.I ‘// ® \\.
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Low-dimensional force fields

: . - . . Local environment of atom i
 The Born-Oppenheimer potential energy surface is high dimensional:
E = E(rll ""TN)' ‘.“.‘ . . '0.‘..
.Q “ ~\ 0‘
« Simplifying assumption: each cluster of 2 and 3 atoms in the local o ‘// ® ~ 0
environment of atom i contributes to its local energy E;. .\'/\. j \\ 0
. i \ .
' 1
2-body : ‘b 1
s ‘@ \ 0—f0——0;
l , \ , .
. N o
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Tit
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Si .
—— periodic cell
* Regression task: learn ¢, ¢ (73; ) and €555k (1ij, Tik, Tji) from ab initio - — - 3-body cutoff
--------- 2-body cutoff
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(Gaussian process regression

* Gaussian processes put a probability distribution over functions
according to Bayes’ rule. |
—-29
p( ) *|Y) _ QL _30;
p(y) >
>
)
* The posterior is calculated exactly by assuming a Gaussian prior GC) —31;
and likelihood. K K
ff *,f
p@ )= (0 ) EAI. A
f,* *, % 0.50 0.75 1.00 1.25 1.50

separation (angstrom)

p(ylf) = N (f, o2 1)
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Gaussian process force fields

* We use Gaussian process regression to learn force fields from DFT force components [1].

* The GP model estimates force components f;, on all atoms and their uncertainties g;,.

Force prediction:

fia = ) Koy po)e
t l_Y_J
comparison to training environments

Uncertainty estimate:

Utz()t, ia — ka,a(pi: pi) - E;'Ta(K + Urgl)_lkicx + 0-1%
\ , R

epistemic uncertainty al-za noise

5 0 5
input, x

Williams, C. K., & Rasmussen, C. E. (2006). Cambridge, MA: MIT press.

[1] Barték, A. P., Payne, M. C., Kondor, R., & Csanyi, G. (2010). Gaussian approximation potentials: The accuracy of quantum mechanics,

Materials without the electrons. Physical review letters, 104(13), 136403.
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N-body covariant kernels

* Compares interatomic distances of two clusters if they’re of the same type:

k2 = 0-25

<. O0c. <. €X
Si1:5j1 " SipSjy

\ J\
| | |

multi-element rotationally invariant smooth

i)
2 ‘gz fCut(ril,iz' 7}.1,].2)
J

—
J—

 To model forces, we differentiate with respect to the Cartesian coordinates of the central atom.
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N-body covariant kernels

* Hyperparameters are interpretable and can be tuned with an analytic likelihood.

log marginal likelihood

0.315 4575 Term Interpretation
345.70
0.310 345.65 ¢ Length scale of Gaussian
345.60 pr|0r
0.305 345.55
345.50 O, Out-of-sample uncertainty
0.300 345.45
34540 g, Noise uncertainty
345.35

length scale

0.095 0.100 0.105 0.110
predictive variance

2 (ril,iz _771»1'2)2
kp =0 5Si1’51'1 651'2'51'2 €Xp\ ~ 2 P2 fCUt(riLiz'Tth)
\ J\ J\ J
| | |
multi-element rotationally invariant ~ smooth
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GP uncertainties

* Uncertainty estimate: 0, ;, = 07, + 05

uncertainty on force T \
component a of atom i epistemic noise
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Al uncertainty tests

GP uncertainties

35 A
<30
3
* Uncertainty estimate: 62, ;. = 02 + 07 g
tot, lx (404 n é 25
AN ““’
uncertainty on force 20
component « of atom i epistemic noise o
* Noise uncertainty: quantifies variation in the DFT 3 4 5 6 7 8
forces that the model cannot capture. cutoff (4)
* Sources: long range forces, many-body
interactions, unconverged DFT
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GP uncertainties

* Uncertainty estimate: 0, ;, = 07, + 05

uncertainty on force T \
component a of atom i epistemic noise

* Noise uncertainty: quantifies variation in the DFT
forces that the model cannot capture.

* Sources: long range forces, many-body
interactions, unconverged DFT

* Epistemic uncertainty: quantifies distance from the
training set.
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Al uncertainty tests
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GP uncertainties

: . .2 _ 2 2
Uncertainty estimate: o{, ;, = 0;, + 0y

N

noise

uncertainty on force T
component a of atom i epistemic

Noise uncertainty: quantifies variation in the DFT
forces that the model cannot capture.

* Sources: long range forces, many-body
interactions, unconverged DFT

Epistemic uncertainty: quantifies distance from the
training set.

Decision criterion: When the epistemic uncertainty
exceeds the noise uncertainty, more data is needed.
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Al uncertainty tests
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On-the-fly learning: aluminum melt

automatic learning of solid/liquid phases

10% 3 L
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On-the-fly learning: aluminum melt
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automatic learning of solid/liquid phases
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On-the-fly learning: aluminum melt

automatic learning of solid/liquid phases

10~ 5.6 X 107° s/atom/step

accuracy
104 _: 0.25-4 WEE EAM
] . ~ s AGNI
1 300- N\ L ) | < 0-20 mmm 2-body FLARE
< 0d % ® 0.15] WEE 2+3-body FLARE
~ 100 A \ T — 5006 K g’ 0.10 -
E 3 : A 10%_ solid
- 0.00 0.05 -
% 10 10000-\. oo
a_) i 7500 '} model error
GE) T - - efficiency
9 . . 5.0 5.1 10-3
102 ; 2-body:
i - DFT call y:
$
1
0
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On-the-fly learning: Al vacancy diffusion

vacancy hops every ~100 ps

e DFT call
0.30 -
0.25 -
& 0.20 -
NS
2 0.15 - .
s °
0.10 - o
0.05 -
' by
0.00 -
0 200 400 600 800 1000
time (ps)
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On-the-fly learning: Al vacancy diffusion

vacancy hops every ~100 ps

e DFT call
0.30 -
0.25 -
< 0.20 1
<
8 0.15 - .
Z [ ]
0.10 A °
0.05 -
* A
0.00 -
0 200 400 600 800 1000
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time (ps)

GP barrier matches DFT

0.0 0.5 1.0 1.5 2.0 2.5
reaction coordinate (A)

3.0
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On-the-fly learning: fast-ion diffusion

silver iodide (a-phase)

DFT call

temperature (K)

@) Materials HARVARD
@"Ao Intelligence 36

School of Engineering
Research and Applied Sciences




Tolg

fast-ion diffus

On-the-fly learning

structural phase transition correctly predicted

7.42 nm

LL:IJI, YACLr,
l.llxx.AY

7.42 nm

9.70 nm
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On-the-fly learning: fast-ion diffusion

diffusion coefficients match AIMD

e FLARE

|
I
0o : e AIMD
\\ | L Exp.
I
|

a-phase (NVT)

10~ 3 ”

107> -

Dag (cm/s?)

1077 -

T (1000/K)
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On-the-fly learning: general applicability

X Carbon Nickel Titanium
10000 A 1000 A
{.
g 5000 - ' 500 -
% I I :" T T T T
g 7.5 10.0 0.0 2.5 5.0 7.5 10.0
o
5 Silicon © DTl
2000 A 2000 A
1000 - 1000 -
10.0
time (ps)
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Toward large scale applications: Pd/Ag

* How does palladium dissolve into a silver surface?
* Relevant to the selectivity/reactivity tradeoff in bimetallic catalysts

Training simulation

Materials

Intelligence

Research

David Lim

Training environments selected with automated, uncertainty driven
active learning

# of Environments # of CPUs Wall Time

91 25 12.3 hours

J.S. Lim, J. Vandermause, M.A. von Spronsen et al. chemRxiv: 11811660
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Toward large scale applications: Pd/Ag

Off-the-shelf classical force fields are inadequate for this problem.

(a) Ag (b) Pd
3 I 3 T T
e EAM (MAE = 154 meV/A) e EAM (MAE = 759 meV/A)
. GP (MAE = 30 meV/A) . i eGP (MAE =79 meV/A) . |
< ; <
> >
) )
1 1 N
c
8 o 2 o
£ E
8 8 L JEORCIE
8 -1 8 - R0 doe
L TR '
Y o . oo,
-3 L 3 k i} I ] ] |
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
DFT force components (eV/A) DFT force components (eV/A)
J.S. Lim, J. Vandermause, M.A. von Spronsen et al. chemRxiv: 11811660
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Vacancy pit growth consistent with
STM images

Pd/Ag

Production MD run T 500 K, 2 microseconds

Toward large scale applications

J.S. Lim, J. Vandermause, M.A. von Spronsen et al. chemRxiv: 11811660
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Toward large scale applications: Pd/Ag

Vacancy pit growth consistent with
STM images

Production MD run T 500 K, 2 microseconds

As-deposited Pd island Pd-Ag place exchange Ag & Pd ascent ,
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J.S. Lim, J. Vandermause, M.A. von Spronsen et al. chemRxiv: 11811660
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Thank you for your attention!

Paper: nature.com/articles/s41524-020-0283-z

Github: github.com/mir-group/flare
Documentation: flare.readthedocs.io

Tutorial: tinyurl.com/wrg3kr7

The FLARE team

Steven B. Torrisi Simon Batzner

Lixin Sun David Lim Boris Kozinsky

uild | passing pypi ¥0.0.4 | commit activity 241/month

FLARE: Fast Learning of Atomistic Rare Events

FLARE €

Vandermause, J., Torrisi, S. B., Batzner, S., Xie, Y., Sun, L., Kolpak, A. M., & Kozinsky, B. (2020). On-the-fly
active learning of interpretable Bayesian force fields for atomistic rare events. npj Computational

Materials, 6(1), 1-11.
Materials HARVARD

O Mater
@HA’ Intelli gence 44 @ School of Engineering
@ and Applied Sciences

Research



https://www.nature.com/articles/s41524-020-0283-z

