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DET Interatqmlc J Simulation . Propertlles of
Potentials Materials
«  XC functional + Classical/empirical « Kinetic * Phase diagrams
« Basis *  Machine learning «  Thermodynamic *  Mechanical properties
e« k-mesh *  Charge transfer . + Transport
. * Magnetism * Reactions

« Would like to go from DFT to properties within few days.

=¥ Efficient workflow management is critical.

c.f. talks Jorg Neugebauer and Jan Janssen
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1. Interatomic potentials:
Atomic Cluster Expansion

DET Interatqmlc . Simulation R Propertl_es of
Potentials Materials
Reference . Active ’
structures learning ‘
High-throughput Database ‘ Training R Testing/
calculations g g | Validation

10




Locality

=» Focus on atomic energies




Nailve body-ordered expansion

2-body 3-body 4-body 5-body




Nailve body-ordered expansion

2-body 3-body 4-body 5-body

Example: 100 neighboring atoms

* Number of terms/operations:

100 10000 1000000 100000000

=» Computationally not efficient/feasible

o
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Neural network potentials solution

« Limit to 2-body and 3-body contributions

» Determine higher order terms from HDNN

Behler and Parrinello, PRL 98 (2007) 146401

o
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Atomic Cluster Expansion

« Atomic energy is fully characterized by vectors to all other atoms

o = {"“1i;7°27;,---,"”1\fi}

=» Atomic energy

Ei(0) = E;(r1;,72iy---,TNi)

with Tji =T — T4




Basis

Inner product

Flo) = | 1@)9(e)do
Choose single-particle basis functions

Orthonormal and complete
<¢v‘¢u> — 5vu
D [bu) (o] = 8(r — 1)

Each basis function ¢, (r;) depends only
on single bond vector




Cluster Expansion

Cluster basis function
Dy = ¢U1 (rjli)(bUQ (eri)(bUs (rjgi) s

Orthogonality and completeness follow
<(I)v’(1)u> — 5vu

> [Pu) (@] = d(0 — ')

Cluster expansion

Ei(o) =) Ju®,

Expansion coefficients by projection

Jv = (Py| E;) Drautz, Phys. Rev. B 99 (2019) 014104

®
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Complexity
Cluster basis function can be computed efficiently
N 4
didjbrpr = (Z qbz-)
1=1

100000000 100
operations operations

High body order is no longer a problem

Recursive evaluation: one operation =¥ one basis function

=¥ fast and accurate representations possible

o
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Density trick, recursive evaluation

E="L 4+ + %2 4 4+ 84 4+ 8= 4

<« leading order

« Atomic base - v
CPU time o Nunumber of neighbors
Ay =) ¢u(ri)
J

» Cluster expansion = polynomial

Ei(o) = &vAv with Ay = A, ... Ay, CPU time oc N e

v high body-order v




TRIP covariance

« Employ LCAO basis (as irreducible basis of rotation group)

Go(r) = R (r)Y™(7)

* Atomic base as before

Pz|§bfu Q% . z TRIP:
Z ’  Translation
* Rotationally covariant basis functlons  Rotation
 |nversion
B = Cf\‘l e Permutation

] Genera_lized Clebsch-Gordan coefficients
« Atomic cluster expansion

Ei (0') = CUBU

=> Complete expansion for scalar, vectorial or tensorial properties
Drautz, PRB 99 (2019) 014104; Dusson, et al, arXiv 1911.03550 (2020)
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Other descriptors and potentials

Many other potentials and descriptors can be cast in the form of ACE

« Steinhardt parameters
Steinhardt, Nelson, and Ronchetti, PRB 28, 784 (1983)

Symmetry functions
Behler, J. Chem. Phys. 134, 074106 (2011)

Smooth Overlap of Atomic Positions (SOAP)
Bartok, Kondor, and Csanyi, PRB 87, 184115 (2013)

Spectral Neighbor Analysis Potential (SNAP)
Thompson, et al., J. Comp. Phys. 285, 316 (2015)

Moment Tensor Potential
Shapeev, Multiscale Model. Simul. 14, 1153 (2016)




Representation of energy

Use several atomic properties SUB:
() « Scale
Y = Z Cq()p)Bz'v e Universal
Y - Basis
Energy from non-linear function TRIP:
_ (1) (P) « Translation
Bo= o) - Rotation
Choice of non-linear function F : double convergence * Inversion
* Permutation

-> SUB-TRIP covariant representation of energy




Representation of energy

B — (1) + (2) Extension of Finnis-Sinclair/
i = ¥i Pi Embedded Atom Method Potential

'\

« Two complete ACE descriptors
* Physics-motivated mild non-linearity
* Universal and scale-invariant

Drautz, PRB 99 (2019) 014104

o

Atomic Cluster Expansion




2. Training: PACEmaker
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Training: PACEmaker workflow

ACE Atomic configuration
i [ i . .
Radial functions R,,_[ ! (T'ji) = chlkjgk(" Jl) {r'lJ}
k
T %
One-particle | . Hifdj ¢ . Interatomic potential
basis function @uu,nlm = Rnl J(" J'i)Ylm (rj'i )
1 — ..
A :Zd b0 (1) E.,-—]:({TU},I@
Atomic base w Hig FURT g i
A-product lunlm H Ax/l, nelymy 5:: Energy
lm : E= Z Ei Loss function
B-basis function |BiuniL = Z ( LM Lr= 0) Aiunim i L Z (En - EDF‘T Z » F:‘){FT
P _ (p) IB
Atomic property @g = Z € miLfP ipnlL i \ J v
1L
. Force dL Minimi
. — T — nimizer
womicerey [, — 7oV o ||| Fie—viE o0
* H
ins (p) automatic gradients
trainable parameters: © = { Colk’ €L :

Bochkarev et al, Phys. Rev. Mater 6 (2022) 013804
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F; MAE, meV/A

Training: feature curve

Ethanol
40 - ® Train (g=0.75)
30 A :‘:;:\\ * Test (9=0.50)
20 _ GAP ) \\:*\\*\L‘ . Slngle flt
\\ ~ \t
AN o TEa,
~S.@ *
10 ] S
] Linear ACE \.\\ M*"\*\
7 1 ~
5 | FCHL \\
. \‘\\\\
100 300 500 1000 2000 3000

# funcs / element




Accuracy — Efficiency Pareto Front

10.0
| % % ACE © NNP % ACE © NNP
1 % o O GAP O SNAP 20 - *; O GAP QO SNAP
s0d | O MTP @® gSNAP o ‘e O MTP @ qSNAP
€ \ o E \ e o =
2 \ S N o e
o \ s | v\ T e o -
%J Q\ (2 O %) 10 E ‘\\Q o @)
E @ = $ N @ O % © o
o LN ®) W x N\
E “ \\ % & 0 E \\ \\ @
i \ \ e 57 \\ ~
o 1.0 *\ ®\\ @ 8 O o . \*\ \\Qs %
= 1 \\ i @) o = . 5 "O
] |Cu ‘\* Q\ O O ] Si \\\
] ~ Wi O \
e - *_*
0.5 - S o Qe = "
102 10 1000 102 10! 10
Computational cost (ms/(MD step - atom)) Computational cost (ms/(MD step - atom))
Zuo, et al., J. Phys. Chem. A 124 (2020) 731 Lysogorskiy et al., npj Comput. Mater. 7 (2021) 97
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Chemical Complexity

» Assume different chemical species in multi-body interactions

For five elements
5° = 3125
times more effort than
for a single element

« Decompose into low-rank tensors (exact decomposition)

_ } : (k). (k) (k), (k)
Cijnm — Akvj vj Up "Up
k Darby et al.,arXiv:2210.01705

=» multiple chemical elements possible

®




t-SNE #2

Multi-element parameterization

100 - ¢ &
ft &
75 - &d
u
50 - :\;
&0 Qi
25 - j—\dn éc &u
r Jn
01 ¢ gMo o Yo tSNE of ACE
P - § embeddings
Sc gia &".g & with 38 elements
~50 - é2 & ¢ &
Sa ¢ & Dataset from
—75 A Takamoto et al.,
o ¢ & €| HME21 (2022)
-60 —40  -20 0 20 40 60
t-SNE #1
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3. Testing and validation
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Testing and validation

» Level I: comparison to DFT energies and forces

* Level ll: comparison to DFT predicted properties i
- Level lll: validation by application collaboration
70
—— ESF
- ISF
60
= 50 -
* On-the-fly validation of %
stacking fault energies in Cu = %]
during training
30
20

0 100 200 300 400 500
# iteration




Testing and validation: phonons in copper

8 8
7 -7
6 1 -6
N 51 -5
E
g
O 4 -4
(]
>
5
= 37 -3
2 -2
1 -1
0 - | -0
r X W r L 0 1
BZ point DOS (THz™1)
BN ACE GTINV. HEE EAM BN SNAP EEE DFT

Lysogorskiy et al., npj Comput. Mater. 7 (2021) 97

o
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Testing and validation: phonons in 2d structure

8 - 8
6 - 6
N
I
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c
)
>
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o
L
2 -2
0 -0

BZ point DOS (THz™1)
B ACE B EAM Bl SNAP I DFT
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Testing and validation: Pt-Rh alloy
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4. Active learning
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Active learning

» Uncertainty prediction based on D-optimality

* Data * New data
*
* * * *
1N *
% *
* *

Lysogorskiy et al., Phys. Rev. Mater. 7 (2023) 043801

®




Active learning

Generation: 0
C Mo

¥

4"

w w

XY r@ -
m’,.w 23

<
v
%
e

[ 1] “

v{:‘

® C ¢ Mo A Mo2C ¥ Mo2C(v) p» MoC 4 MoC(v)
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Active learning: Pt-Rh clusters

« Extrapolation grade
Updated reference data

Before active learning using active learning

extrapolation grade extrapolation grade

I s I 4

=» Extrapolation grade for robust uncertainties

®




=» Simulations with on-the-fly uncertainty prediction (available with LAMM

Active learning: training from large simulations

Workflow for training from large
simulations

(a) Detection of atom with large
extrapolation grade

(b) Cutting out relevant atom

(c) Padding for DFT calculations

103 4 [

100 4
30 -

20 A

10 A

0

30 A

20 A

10 -

0_

102

10! 4

0

2

 (a)

| (b)

| T | S
' (0) - v=1

1 = inner

i 1 outer

4

6 8
extrapolation grade
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5. Simulation
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Simulation

Molecular dynamics
Monte Carlo and combined MD/MC
Free energy computation

Heavily rely on LAMMPS
CALPHY for free energy and phase

diagrams

CALPHY workflow for non-
equilibrium free energy computation

Menon et al, Phys. Rev. Mater 5 (2021) 103801

PRI RPN

—_— = = = = O
Ao

15:
16:
17:
18:
19:
20:
21:
22:

24:
25:

26:
27:

if constant V then
F(N,V,T) from Algorithm 1
else if constant P
F(N,V,T;) from Algorithm 1
calculate G(N, P, T;) = F(N,V, T)) + PV;
if n independent runs then
constant V
equilibrate for time 7., in NVT ensemble
switch A : 1 — T;/T; over time
calculate work W', . [Eq. (C3)]
equilibrate for time 7., in NVT ensemble
switch A : T;/T; — 1 over time f,,
calculate work W_;_H [Eq. (C3)]
else if constant P then
equilibrate for time 7., in NPT ensemble
switch A : 1 — T;/T; over time
calculate work Wiif [Eq. (C6)]
equilibrate for time 7., in NPT ensemble
switch A : T;/T; — 1 over time f,,
calculate work W_,L,- [Eq. (C6)]
if constant V
average over n independent runs AF = %(Wf; Wil
caleulate F(N, V. T)=F (N, V. T,)—3ksT;N In -+ AF
else if constant P then
average over n independent runs AG = 1(W;, F= Wil
calculate G(N, P, T)=G(N, P, T)— ks T;N In £+ AG
calculate S and Cp using Eqgs. (13) and (14)

o
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Simulation: ACE Mg phase diagram

» General purpose ACE
» Fitted to PBE data 2000
from FHIlaims

N,

- Melting temperature @ %
862 K (ACE) B
923 K (EXP) g o0

Q,
=
()
—~

4]
o
o

0 10 20 30 40 50 60
Pressure [GPa]

Moriarty and Althoff, PRB 51 (1995) 5609

GGA/LDA: Mehta, Price, Alfé, J. Chem. Phys. 125 (2006) 194507
(BN B BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN N N J
IG/\MS [ BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN N J 42







Carbon — structural stability
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£ =g dia
'8 '8 —— graphite
m -9 m —— graphene
-8
1.5 2.5 3.5 4.5 5.5 1.5 2.5 3.5 4,5 5.5

Nearest neiahbour distance. A Nearest neiahbour distance. A

ACE: Qamair, et al., arXiv:2210.09161v2
GAP20: Rowe, et al., J. Chem. Phys. 153 (2020) 034702
TurboGAP: Wang, et al., Chem. Mater. 34 (2022) 617

TurboGAP

I\

Binding energy, eV/atom

1.5

2.5

3.5

4.5 5.5

Nearest neiahbour distance. A




Carbon — timing

i 16471 ps

=
o
Iy

L1l

1679 pus

=
o
w

L1l

=
o
N

il

59 us

ACE TurboGAP  GAP20

Time*CPU, us/atom/MDstep

GAP20: Rowe, et al., J. Chem. Phys. 153 (2020) 034702
TurboGAP: Wang, et al., Chem. Mater. 34 (2022) 617
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Carbon — quench at different densities

p=2.2glcc p=3.2glcc
B S TN
&N " C
7 3 7 \(:
' M P R
: ALV
111.2 ps 4140 K
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Carbon — diamond fracture
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Carbon — diamond fracture

ACE




Carbon — diamond fracture
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Carbon in argon atmosphere

Y R T RSO

-

B iy TR, [Sut SUCITE TR PO

IR

0 ps

With Romain Perriot (LANL),
Simulation setup:

Pineau et al., J. Chem. Phys.
129 (2008) 024708




Merging of buckyballs







Initial:
 Ptcore
 Rh shell

Pt-Rh clusters

|

WWW.ovVito.org
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Pt-Rh clusters

— 30% Pt

45% Pt —




Pt-Rh clusters

« MD simulation at 1000 K for 2 ns

=» Rh core (meta-)stable Liang et al., arXiv:2303.07465

o
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Water

4
2.0
So 1.5
“10 ’ T
0.5
0.0
0 2 4 6
oo [A]
DFT reference data: C

ICAMS oo




Water — Active exploration

» Three generations active learning
» Intotal 311 DFT computations with 64 water molecules each
« Energy RMSE = 6.07 meV/atom, force RMSE = 55.91 meV/A

3.0
— ACE/AL
2.5 A —— revPBE-D3 classical
Exp.
2.0 -
§ 1.5
(@)]
1.0 ——
0.5
0.0 T T T T A T T T T
2.5 3.0 3.5 4.0 4.5 5.0 5.5 6.0




Water — DFT and MP2

: Exp
2.5} —— ACE-MP2

S/ N PP ACE-MP2-PI
2.0¢ —— revPBE-D3

2.0 25 3.0 35 40 45 50 55 6.0

roo [A]

MP2 reference data: Daru, Forbert, Behler, Marx, Phys. Rev. Lett. 129 (2022) 226001
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Fluorine in Water

* Fit to reference DFT data
 Energy RMSE = 0.26 meV/at
« Force RMSE = 34.52 meV/ A

H,O-F~

4 — AIMD
, --- ACE
0 I ’I T
_
7 ; ; 5 'J

A\
N
4
2_.
0 T
1 3
r, A

a(r)

a(r)

DFT reference data: Schran, Thiemann, Rowe, MU
|G/\M 00000000V OGLOOGOOOG®O®OLOT
® 00000000V OGVOGLOOGOSOOSOOISOIO



Water in BN tube

* Fit to reference DFT data

DFT reference data: Schran, ann, Rowe, Muller, Marsalek, Michaelides, PNAS 118 (2021) e2110077118
® O
@ O
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Molten salt




2KF-NaF

- Fit to DFT, RMSE 0.3 meV/at, 10 meV/A

— 96at — 96at
— 2592at 1 — 2592at
== DFT_F-F —= DFT_F-K

O E
—— 96at —— 96at
61 — 2592at 1 — 2592at
== DFT_KK = DFT_Na-Na
44
2 T 2,
II
N Nl E Y B U a9
1
0 4 4
0 2 4 6 8 0 2 4
r, A

DFT reference data: Winner, Williams, Scarlat,
ICAMS



Ferroelectrics




BTO phase diagram

BaTiO3 (10x10x10)+charge, NPT (T=300..50 K, P=0, 250 ps)

o o o o
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200
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BTO polarization switching

0, E=0.01V/A

220K, P

Polarization switch, T

—-== E switch (+0.01 -> -0.01)

pX
- Py

—0—

T T T T T

o o o o o

m o — —
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-W>/on ‘uoljeziie|od

1
o
h

1
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Charges, magnetism, tensors, messages

 Include further degrees of freedom

(charge, magnetism, ...)
» Expand vectorial or tensorial properties 7
« Extend single particle basis functions

Op(1) — Gp(r,m)

=» Atomic cluster expansion unchanged

Ez' (0') = 5VAV

» But more parameters




Stoner ferromagnetism

tE TE e

Magnetism weakens bonds
and lowers atomic energies.

ICAMS ceeeccccccccccccccs




Magnetism in iron

» Hamiltonian Monte Carlo combining atomic and spin dynamics
 Including longitudinal fluctuations

=
N
v

M (u B/atom)

Drautz,
PRB (2019)

- 400 600 800 1000 1200 1400 1600




Equivariant Message Passing Networks

« ACE can be used to generalize message passing networks
« Example: semi-local interactions
» Different flavors: mIACE, multi ACE, MACE

°®
e
° ) PY ° 0y ®
k;l
| ®
L o
®
o () ®
°®

Bochkarey, et al, Phys. Rev. Res. Lett. (2022), Batatia, et al, arXiv:2205.06643/arXiv:2206.07697
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Software

PACE PACEmaker (TF)
LAMMPS parameterization
20 -~ calphy ACE.jl
P> phase diagrams parameterization
workflow

github.com/ICAMS, pyiron.org, calphy.org,

github.com/ACEsuit/ACE.jl, github.com/FitSNAP/FitSNAP
Lysogorskiy et al., npj Comput. Mater. 7 (2021) 97

Bochkarev et al., Phys. Rev. Mat. 6 (2022) 103804

Janssen et al., Comput. Mat. Sci. 163 (2019) 24

Menon, Lysogorskiy, Rogal, Drautz, Phys. Rev. Mat. 5 (2021) 103801

PACE-al

active learning

FitSNAP

parameterization




Conclusions

Robust workflows from DFT to properties

DFT . ACE . Simulation L Froperties of
Materials
Tutorial (TrTTELEL LT e

http://pyiron.org/potentials-workshop-2022/intro.html
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