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Topic of this talk

4 A

Machine Learning as a tool to extend the time and
length scales of ab initio molecular dynamics

~
J

Goal 1: General method for all types of systems

-

L

J

Goal 2: Quality of reference method (here DFT)

RN

AN

Goal 3: Answer questions that cannot be answered
with AIMD directly
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Introduction E

4 N\
Goal:

Atomic-level understanding of complex systems in chemistry and materials science

= Predictive computer simulations with first-principles quality
| J/

Energy N Central Role: - Reactl-o‘ns
global and local minima . barriers / transition states
L R Potential Energy Surface o

Vibrations
properties, analysis

Forces

dynamics, free energies

Jorg Behler Kiel 2023

Potentials for Different Length and Time Sca

= PES is the central quantity for atomistic simulations

Simulation
Time

Cl, CC, MP2, MP4, ... 10- 100 0
Density Functional 100 - 1000 100 ps
Theory
Semler'nplrlc.al IYIethods 1000 - 10 000 1ns
Tight Binding
,Reactive Potentials”
EAM, Tersoff, ... 1000 - 100 000 10 ns
Classical Force Fields 1000 000 1ms

(LJ, harmonic, Coulomb)

Jorg Behler Kiel 2023
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Atomistic Simulations: Example Water

‘PJ—

7

DFT (3

advanced force f#
basic force h‘

density cui

melting points

phase diagrams f
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A Divide-and-Conquer Approach @
1. Reference Data 2. Representation 3. Application

Electronic Potential Molecular
Structure Energy Dynamics
Calculations Surface Simulations
Points Function

-
L g .
P AR
EO.y) eV f:-‘!\:y LT

05

Aadia Cael o]

Machine
Learning
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Challenges for the Construction of Atomistic

Efficiency Accuracy
(fast E and F evaluation) (close to first principles)

Arbitrary Structures
(no grid, non-equilibrium)

Quality Control

0 2 O 2 Pre e a a dDIEe PDOLE d d 20 e e
Analytic Gradients Costs
(consistent forces) (small training set)
{ e N\
Transferability Effort
(different environments) (working time)
J
VYVVVYVY VYVVVYVYVV

. [ Perfect Potential ]

Jorg Behler Kiel 2023
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Neural Network Potentials

Fourth Generation

Third Generation

Second Generation

First Generation

Jorg Behler

Neural Network Potentials Olh;a{nﬁ’pes
Predefined Learnable ° °
Descriptors Descriptors
aPIP 33)
ez _J—
ACE [32]
= = GDML [28]
MTP [31]
Snap ]
ap (261
== J. Behler, Chem. Rev. 121
(2021) 10037.
E. Kocer, T. W. Ko, J. Behler,
Ann. Rev. Phys. Chem., in
press (2022).

Kiel 2023

First-Generation

Neural Network
Potentials
1995 — 2007
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Machine Learning Potentials

/1995 2000 20|05 20I10 20|15 20I20 N
1 1

]

First Machine Learning Potential = First Neural Network Potential

T.B. Blank, S.D. Brown, AW. Calhoun, and D.J. Doren, J. Chem. Phys. 103 (1995) 4129.

Input  Hidden Hidden Output
Layer Layer1 Layer2 Layer

~
\

(" Bias Node

Feed-forward neural network

Kiel 2023
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Machine Learning Potentials

/1995 2000 2005 2010 2015 2020 N
1 1 1 1 1 1

T T T

T T

|

First-Generation MLPs

e about 30 papers (1995 — 2007) from about 10 groups

¢ all methods in the first decade are based on neural networks

Examples: Focus:
T.B. Blank, S.D. Brown, AW. Calhoun, and D.J. Doren, J. Chem. Phys. 103 (1995) 4129. Training
H. Gassner, M. Probst, A. Lauenstein, K. Hermansson, J. Phys. Chem. A 102 (1998) 4596. Symmetry
S. Lorenz, A. GroB, M. Scheffler, Chem. Phys. Lett. 395 (2004) 210. Surfaces
S. Manzhos, T. Carrington, Jr., J. Chem. Phys. 125 (2006) 194105. Spectroscopy
J. Behler, S. Lorenz, K. Reuter, J. Chem. Phys. 127 (2007) 014705. Surface Symmetry
( = Basic ideas and key concepts are well established J

Kiel 2023

Jorg Behler

12



17.01.23

Machine Learning Potentials @

/1995 2000 20|05 20I10 20|15 20I20 N
1 1

T T Ll T T Ll

]

First-Generation MLPs

Limitation: Applicable to low-dimensional systems only

I t  Hidd Hidd Output o

L?;/L;r L;ye?: Le;yefg L:ypeur Cha"en es:

e limited number of dimensions (up to ~ 12)

e permutation symmetry of the system not included
(change in order of atoms changes the energy)

¢ energy depends on rotation and translation

, ¢ potential is valid only for a given system size
" BasNode ) (number of atoms)

J

( = No generally applicable solution for all systems j/

Jorg Behler Kiel 2023

Machine Learning Potentials @

/1995 2000 2005 2010 2015 2020 N
1 1 1 1 1 1

T T T T T T

|

First-Generation MLPs

Limitation: Applicable to low-dimensional systems only

Input  Hidden Hidden Output cha"enges:

Layer Layer1 Layer2 Layer
e limited number of dimensions (up to = 12)

e permutation symmetry of the system not included
(change in order of atoms changes the energy)

¢ energy depends on rotation and translation

, e potential is valid only for a given system size
(  BiasNode ) (number of atoms)

J

= Another approach is required for high-dimensional systems

Jorg Behler Kiel 2023
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High-Dimensional Neural Network Potentia

Second-Generation
Neural Network

Potentials:
Locality

(|

3 Steps: J [ Structure for a binary system AyBy ]

16

1. Total energy is the sum of atomic energies

1
2. Atomic energies depend on local environments

= cutoff radius I I
"v“’r&'pa @
o < %
‘,’ >4 Eshorl
¥ &
- & <
» o4 i
R S T RS : H M H
ré A& Ak : : :
: : :

3. Description of local atomic environments by

J. Behler, M. Parrinello, Phys. Rev. Lett. 98 (2007) 146401.
J. Behler, J. Chem. Phys. 134 (2011) 074106.
J. Behler, Angew. Chem. Int. Ed. 56 (2017) 12828.

Jorg Behler

. Atom-! tered . "
Cartesian %r;"?;nfre Atomic Atomic

Coordinates Functignrsy Energy NNs Energies

E=2Ei @

cesees
cesees

many-body atom-centered symmetry functions
= structural fingerprints
(invariances: rotation, translation, permutation)

local atomic energies

= applicable to thousands of atoms

J

Kiel 2023
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How do the symmetry functions work?

Case 1: Permutation:

X~

Case 2: Rotation:

) =

Case 3: Translation:
AN

4: Symmetry elements:

Jorg Behler

17

Case 1: Permutation:

"~y

Case 2: Rotation:

Jorg Behler
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4 Example \

environment:

>

Symmetry
function vector of
central atom

1.223
1.442

2.332

Numerically

/ Atomic NN

—

Bias Node

—> Same property value

identical

N/

k (e.g. energy)

J

/

Kiel 2023

Example
environment:

Numerically
identical

Atomic NN

Symmetry function vector automatically
assigns exactly the same properties for
equivalent geometries!

(e.g. energy)

—> Same property value

Kiel 2023
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Symmetry Functions: Cutoff Function @

Cutoff Function

e decays to zero in value and slope at R,

o reflects decreasing chemical interaction

e central component of all symmetry functions
® R. is increased until potential converges

1 7R,
“|lcos| —L |+1| for R, <R
2 R

Cc

fc(Rij):

0 for R.>R

Typical cutoff radius: R.=6-8 A

Jorg Behler Kiel 2023
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Symmetry Functions: Radial Functions M

e decay with increasing distance = Gaussians
e summation over all neighbors
e many-body term, interpretation as coordination number
® one-to-one correspondence between function value and R;;
( -n(R,~R, P )
w e ntp(p)
G™ = Ze f.\R; ,
J 0.8 g
. . 0.6 .
Set of radial functions: !
»Radial Fingerprint“ 0.4 i
0.2 1
7
J. Behler, J. Chem. Phys. 134 (2011) 074106.

Jorg Behler Kiel 2023
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Symmetry Functions E

[ Angular symmetry functions ]

Gt =24 ¥ (1+ cost, ) - " r (R )1 (R, ) (R,)

J.k#i

4 \
= Several angular functions
are used

* all symmetry functions are
many-body terms

* typical number:

1 about 10 radial and 40

angular functions

Jorg Behler Kiel 2023

Symmetry Functions: Combinatorial Gro M

4 N\
For an N element system, there are N separate atomic NN types

= no significant increase in complexity
\ J
( \

For each radial function there are N functions for the possible neighboring elements

= increase in complexity

. J
4 N\

For each angular function there are N(N+1)/2 functions for the neighboring elements

= strong increase in complexity
\ J/

1 1 1/1 6 +25

2 2 2/3 12+75
3 3 3/6 18 + 150
4 4 4/10 24 + 250

Often, a reduction is possible, if only some compositions or structures are relevant

Jorg Behler Kiel 2023
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Construction of the Reference Set: Active Lez @
( Initial Data Set J

/ Training Step \

[ Energies and Forces J

Self-Consistent

DFT calculations Determination Preliminary
for New Structures of Reference NN Potential(s)
Structures
Potential Validation
Using NNs Only

‘ N. Artrith, J. Behler, Phys. Rev. B. 85 (2012)
045439.
Converged
NN P ial C. Schran, J. Behler, D. Marx
otentia J. Chem. Theory Comp. 16 (2020) 88.

Kiel 2023
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Is it Worth the Effort? ' M

( =10 000 DFT calculations (100 atoms))

U

e N
10 000 total energies
+
3 000 000 force components
\, J

Costs equivalent to
10 ps AIMD of 100 atoms

&
+ (Larger systems (10 - 100 000 atoms))

Jorg Behler Kiel 2023

A

Longer simulations (10 — 100 ns)

24
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Second-Generation Machine Learning Pote

/1995
1

2000
1

2005 2010 2015 2020
! ! ! !

Jorg Behler

Second-Generation Machine Learning Pote

First-Generation MLPs

Second-Generation MLPs

\ 4

Condensed Systems

Kiel 2023

Jorg Behler

/1995 2000 2005 2010 2015 2020
1 1 1 1 1 1
T T T [] ! ! - : T
Fitst-Generation MLPs !
. Second-Generation MLPs
......... P R
PrY L) N ““‘;‘ “‘o ."’ .....
20 N K
High-Dimens . it 20 - - N
Network P Gaussian Ap Spectral 201,
Phys. Rev. Lett. 9§ ity Analysis DAL 2019:
LR Phys. Rev. Lett. 10 Y Poten| Atomic Cluster Expansion
“———————1 J. Comp. Phys.
Multisc. Mod. Sim|
[ Phys. Rev. B 99 (2019) 014104

Kiel 2023
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Second-Generation Machine Learning Pote

/1995 2000
1 1

2005
!

2010 2015 2020
! I !

Fitst-Generation MLPs

Secon tion MLPs

ener:

<« - (RRRREGGANERN . . -

PETTTTTNN - R

And many more ...

= Dominant type of machine learning potential in simulations

Phys. Rev. B 99 (2019) 014104

Jorg Behler

Interaction Range

Kiel 2023

-

Locality Test

Diamon
Random distortion (=0.1A)
T T

Define fixed sphere
around one atom

d

Distort atoms outside Estimate
Iy (Several copies) locality

Graphite
- Random distortion (=0.1A)

o 9o
IS

O(r) €V A

12 \\‘ -
<

% 09} 1
~~ 0.6f E

X

X o03f 4

h h :
37 45 55
fix (A)

V. L. Deringer and G. Csanyi, Phys. Rev. B 95 (2017) 094203.

/

Jorg Behler
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Interaction Range

4 A Hessian-Based Analytic Locality Test N
0’FE ofs Ofa
Hessian H = =— £ —_ = o =z z
4eBs = 52 BB, 0A,  0Bs B =Awy, 2}
Bl 1 2 3 4
Aa|XiyiE|xiyie : v Hessian submatrix norm
1y N
: asll= [ > > M s,
i a=z,y,z f=z,y,2
X Dependence of force on each individual
3y atom in the system can be quantified

M. Herbold and J. Behler, J. Chem. Phys. 156 (2022) 114106. /

Jorg Behler Kiel 2023
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Interaction Range

4 A Hessian-Based Analytic Locality Test N
z/A
20 T
|lhasl|/
o =2
eVA 15 |
2100 —
10—
1 10 +
0.1
0.01
5 —_
0
=2 4
- 0oL+
/ Y ®
atom of interest - contribution of each atom in the system can be quantified
- no cancellation of contributions
M. Herbold and J. Behler, J. Chem. Phys. 156 (2022) 114106. /

Jorg Behler Kiel 2023
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Third-Generation
Neural Network

Potentials:
Long-Range Interactions

Third-Generation Neural Network Potentia E

/ Short-Range Part: Long-Range Part: \
n Etotal = Eshort + Eelec
P S ¥ P S 2K
SN\ . P& N2
local bonding [£€ 28 :g electrostatics Sretka
o &ed el (and vdW) ?& gl
2&| & | P& & & | P&

Atom-Centered

Atomic Symmetry Cattosian
s Functions ord

/‘

4-.«04-0
‘@«.«@«.

Eu\ 4_‘

local atomlc energies local atomic charges /

nnnnnnn

@

O*.*.*k
‘-’.-».»:7

and J. Behler, Phys. Rev. B 83 (2011) 153101.
‘Chem. Phys. 136 (2012) 064103.

Jorg Behler Kiel 2023
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Machine Learning Potentials M

/1995 2000 2005 2010 2015 2020 N
1 1

First-generation MLPs

Second-generation MLPs

Zinc Oxide Surface

Third-generation MLPs

Examples:
N. Artrith, T. Morawietz and J. Behler, Phys. Rev. B 83 (2011) 153101.
T. Morawietz and J. Behler, J. Chem. Phys. 136 (2012) 064103.

K Yao et al., Chem. Sci. 9 (2018) 2261.
0. T. Unke and M. Meuwly, J. Chem. Theory Comput. 15 (2019) 3678. /

Jorg Behler Kiel 2023
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Fourth-Generation
Neural Network
Potentials:

Global Electronic
Structure

17.01.23
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4 The Challenge: Structure DFT charges )
= AN " ey
X=NH, ’ \\ .ﬁ " é “ \‘ .
. ot
Example molecule: Bt | e N |
=TT~ . \ 4 \\ /I
,° ~a protonation ~. -7 a2
\ e
/ e ~
X=NHs* = .
HoH/H oW Y } 4 % ¢ N |
xn ™ | Laa o o B bw\ /' +0.1
X \ 0 Il D Wi o /l S =
H W H
\ ’
\ 4 - -
N 4 X=0H s - \ P AN
~o -7 { \ FEHYS Y 04
. - Laa o a il AU
cutoff radius \ ’ ‘a s’ ; l
L NG ~ -,
X = functional group c;l(e_;z)r}otonatlon, e L=
- \ l/ \ ‘s 2 \\
= oxygen does not see PR ¢ ;\"“»\ & I
. [ ]
the functional group X b - \: PR
ecker, J. Behler, Nat. Commun. 12 (2021) 398.

Jorg Behler Kiel 2023

Overview: Fourth-Generation Methods M

7

2015: Charge Equilibration Neural Network Technique - CENT

Idea: Global charge equilibration + Charge-dependent total energy expression
Applicability: ionic inorganic systems

L S. A. Ghasemi, A. Hofstetter, S. Saha, S. Goedecker, Phys. Rev. B 92 (2015) 045131.

J

4 N

2020: Becke Population Neural Networks - BpopNN

Idea: SCF charge distribution, populations as additional inputs in modified SOAP
Applicability: molecular systems

| X. Xie, K. A. Persson, D. W. Small, J. Chem. Theory Comput. 16 (2020) 4256.

2021: Fourth-Generation High-Dimensional NNPs — 4G-HDNNP

Idea: Global charge equilibration + accurate short-range energies
Applicability: very general

T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Nat. Commun. 12 (2021) 398.

Jorg Behler Kiel 2023

36
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CENT - Charge Equilibration Neural Networ!

N,

E({Q)}) = f (E +/3(Q + —]"Q ) ‘[/P(R) p;l:')d IR’

electronegatlwtles hardness Coulomb energy
Cattvsian Atom-Centered Atomic MGG
Coordinates  gymmetry - Electronegativity Elecironsaativty Charges

.—>Q->.->.->ﬁ

@ B O
?*9*?*

CN N XSS

= global electronic structure included (non-local charge transfer)

Charge Equilibration

= applications: systems with primarily ionic bonding j

Saha, S. Goedecker, Phys. Rev. B 92 (2015) 045131.

Kiel 2023
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Fourth-Generation Neural Network Potentiz

Goal: Combi of the advantages of CENT and HDNNPs

global charge distribution atomic energies
= electrostatics = local bonding

modified training: additional atomic descriptor:
atomic charge atomic charge

Etotal = Eshort T Eelec

atomic energies + global charges
= local bonding + electrostatics

Goedecker, J. Behler, Nature Commun. 12 (2021) 398.
decker, J. Behler, Acc. Chem. Res. 54 (2021) 808.

Jorg Behler Kiel 2023

38
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Fourth-Generation Neural Network Potentiz

Goal: Combination of advantages of CENT and HDNNPs

Advantages:

e applicable to all types of bonding and systems
(ionic, covalent, metallic, ...)

® long-range electrostatic interactions criptor:
(flexible charges)

e description of non-local charge transfer

e applicable to multiple global charge states

atomic energies + global charges
= local bonding + electrostatics

S. Goedecker, J. Behler, Nature Commun. 12 (2021) 398.
1 cker,J. Behler, Acc. Chem. Res. 54 (2021) 808.

Jorg Behler Kiel 2023

39

Fourth-Generation Neural Network Potentiz

/ Non-Local Long-Range Part Short-Range Part \
Atom-Centered Atomic Short-Range  Atom-Centered N
Cartesian —"“symmetry ~Electronegativity _,__Atomic Atomic Atomic Atomic Symmetry  Cartesian
Coordinates  Fynctions NNs Electronegativity Charges Energies EnergyNNs  Functions Coordinates

o-0-8-0-f

8@

20

local atomic energies

O W
©>-0-@-0-

é»é»?»u

local atomic
electronegativities

Charge Equilibration

= global electronic structure included (non-local charge transfew

{ Etotal = Eshort + Eelec

S. Goedecker, J. Behler, Nature Commun. 12 (2021) 398.
joedecker, J. Behler, Acc. Chem. Res. 54 (2021) 808.

Jorg Behler Kiel 2023
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Fourth-Generation Neural Network Potentiz E

4 )
Test Case: Organic Molecules Root Mean Squared Errors
_ CioH2 E F
/ \\ / (meV/ | (eV/A)
| BIADTOCO | atom)
\ ! \
\\1_%——>/, 12 \\1_—",’ u il train - 1.6 0.131
DFT: g % st —~ 16 0130
L 898989 5 (68585958 K: a3 ’ :
i i
R 3G train 0.027 3.2 0.653
0.1 test 0.027 3.2 0.658
3G-HDNNP .
@so0000cees  se900ceced & train 0.006 1.1  0.078
& 4G
test 0.007 1.2 0.078

Jorg Behler Kiel 2023

What About
Magnetism?

&

eyl
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Magnetic High-Dimensional Neural Network E
Most descriptors do not depend on atomic spins

antiferromagnetic ferromagnetic

= spin-related energy changes are treated as noise
= unreliable energy surfaces
= improved descriptors are needed

nput. Mater. 7 (2021) 170.

Jorg Behler Kiel 2023
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Magnetic High-Dimensional Neural Network E

Spin-Dependent Atom-Centered Symmetry Functions (sACSF)

s N

Step 1: Atomic spin coordinates (collinear spin)

. {0 for [ M| < Mhres

sgn(Mg) otherwise with Ms = 3(nt —ny)

Step 2: Spin-augmentation functions (SAF), radial case

00 00 00 00

Mo(s,-,sj) =1, T LOT

M*(si,s5) = 4 |sisj| - [si+s;| = spin-sensitive filter N __ggggggg_ﬁ
M_(sivsj) = %IS;‘S” : Isi_sjl AN %:“9 oe@icooc“

®O®® - : 000

Step 3: sACSF, radial case

G = ZMX(Sivsj) e, (B) é) % %

J
= Second-generation (environment-dependent) extension

= Magnetic High-Dimensional Neural Network Potentials

nput. Mater. 7 (2021) 170.

Jorg Behler Kiel 2023
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Magnetic High-Dimensional Neural Networl

Application: Manganese Oxide (MnO)

4 1\
e antiferromagnetic ground state (AFM-Il) with rhombohedral distortion
* magnetic cell is 2x2x2 supercell of geometric unit cell

Training RMSE energy (3000 2x2x2 supercells, HSEO6 functional):

HDNNP: 11 meV/atom mHDNNP: 1 meV/atom
(AFM-Il = FM) (AFM 11 # FM)

Results [ AE(AFM-II /FM) mHDNNP: 46.3 meV/atom (HSE06: 45.9 meV/atom) ]

Lattice parameters AFM-I| mHDNNP: a =4.433 A, a=90.77°
HSEO06: a = 4.434 A, o = 90.89°
Exp.. a=4.430A, o.=90.62°

Com put. Mater. 7 (2021) 170.

Jorg Behler Kiel 2023
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How do we know if a
Neural Network Potential is reliable?

What can we do with
Neural Network Potentials?

17.01.23

23



Multistep Quality Control

Quality Control

,

\

1. Generate reasonable initial training set
= preliminary NN potential

2. Check for extrapolation

Energy

" G,
Gmin Coordinate G -

Int. Ed. 56 (2017) 12828.

Jorg Behler

48

= easy to detect

Kiel 2023
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Multistep Quality Control ‘

r

1. Generate reasonable initial training set
= preliminary NN potential

.

2. Check for extrapolation
= extend sampled "volume" in configuration space

3. Use a validation set ("Early Stopping Method")

Jorg Behler

Kiel 2023

Neural Network Potentials: Early Stopping

é Training set: 90 % Generalization )
Reference set Cross Validation
Test set: 10 % Methods
i T i T i i T i T i
1 *—e training set
e L35 :
5 | "Best fit" ]
=
<
= 1 -
m F
Bt
= "
5 overfitting 1
- 0.1 ]
L . I . I . I . I . n
0 5 10 15 20 25 30
iteration
= overfitting cannot be detected by monitoring the error of the training set )
Jorg Behler Kiel 2023
50
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Multistep Quality Control

r

1. Generate reasonable initial training set
= preliminary NN potential

.

2. Check for extrapolation
= extend sampled "volume" in configuration space

\

[ 3. Use a validation set ("Early Stopping Method")
= estimate accuracy for similar structures not included in the

training set

4. Check for "holes in the training set"

Jorg Behler Kiel 2023

G2 e reference structure

A e trial structure

Problem; se==—
cannot be detected by

- extrapolation analysis

- early stopping method

= Early stopping method (training and test set) is not sufficient!

Jorg Behler Kiel 2023

52
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Iterative Improvement of the Reference Set
-

Kiel 2023

Multistep Quality Control

1. Generate reasonable initial training set
= preliminary NN potential

\

2. Check for extrapolation
= extend sampled "volume" in configuration space

\

[ 3. Use a validation set ("Early Stopping Method")
= estimate accuracy for similar structures not included in the
training set

[ 4. Check for "holes in the training set"
= add structures in poorly sampled regions (iteratively)

5. Check robustness of the results
= repeat simulations with independent NN potentials

Jorg Behler Kiel 2023
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I~ (a)
ng L
2 \ \ \
0 50 100 150 200
- = function i
— (b) = NN 1 ]
L = NN2
- &  training data
improved NN Q[
| | |
0 50 100 150 200
final NN o
| | |
0 50 100 150 200
N. Artrith and J. Behler, Phys. Rev. B 85 (2012) 045439. configuration )

17.01.23
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Applications

Materials Science:
Crystal Structure

Prediction

28



High-Pressure Phase Diagram of Silicon

T 11.7 GPa 13.2 GPa 15.4 GPa .
cubic diamond — B-tin ————> Imma ————» simple hexagonal

l 38 GPa
42 GPa

- Cmca

'R eview: A. Muijica, A. Rubio, A. Muiioz, and R.J. Needs, Rev. Mod. Phys. 75, 863 (2003).

=> Challenging model system to test potentials ]

Jorg Behler Kiel 2023

Metadynamics Simulations of Silicon &

diamond > B-Sn » Imma »sh » Cmca —p hcp ——p fcc

T=300K, p = 12 Gpa, 200 ps MD
Movie contains only the final frame of each metastep

Parrinello, Phys. Rev. Lett. 98 (2007) 146401.
nak, D. Donadio, and M. Parrinello, Phys. Rev. Lett. 100 (2008) 185501.

Jorg Behler Kiel 2023
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Metadynamics Simulations of Silicon M

diamond > B-Sn » Imma »sh > Cmca ——p hcp ——p fcc
4 N\
S 1sof ‘ 'p = ‘Gpa(b ‘ ' 7 XL 0.0’#7”%
E 145  cubic diamond S\ f ’:’.’:‘Q:%
2 0k (a) hsimple i '. ".:’: " ’%‘ (b)
RS exagonal 8.4 %Q?I””’ ’;,‘.‘
g 135 T ] 'Q,OQP.%‘:L&.:
T 1305—5 0 30 40 50 60 J :
metastep
TAT AW e W e wewewew RZ et N 'q NG /
P00 050305058 ’p,"l:"l:'@ 2058
osossesesese  0,00702,%, %05l
(a) o®aPa0a0ate0000 () Yo, 00,0015

20,2052%%,

IR %0, 100 70,2
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o, Phys. Rev. Lett. 98 (2007) 146401.
D. Donadio, and M. Parrinello, Phys. Rev. Lett. 100 (2008) 185501.
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A “Walk” through the High Pressure Phase @
diamond > B-Sn » Imma »sh > Cmca ——p hcp —— fcc
( Q N\ ( )\

p =16 GPa p =90 GPa
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Prediction of the High-Pressure Phase Diagre E
Z

= NN-based simulations have DFT quality

(and excellent agreement with experiment)
.
P

.

J/

= Predictive simulations impossibe with DFT (costs!)

or other potentials like EAM, tight binding, ... (too low accuracy)
\. J

Simulation Costs

= 100 simulations x 100 metasteps x 2 ps MD (stress tensor)
= 20 000 000 energy and force evaluations

DFT:
= =~ 20 000 CPU years per phase diagram (8 M€ hardware "consumption")

NN:
= =~ 20 CPU years per phase diagram (8 k€ hardware "consumption")

Jorg Behler Kiel 2023

Solid-Liquid Interfaces:
Water-Zinc Oxide
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Water at ZnO(1010): System Setup E

4 Slab (2305 atoms): N
—asSees
3 o« Gty B L )
‘ t"r,&?gg‘{;ﬁ&f: Equilibration in z (1 ns): 1 bar, 300K
f ' &gﬁfg«é{wgy Production simulations: NVT (2 ns), 300 K
;,:‘? »;;»ﬁ . CPU time (per MD step): = 3.3 core's
=504 f;gf{ 5 ’2”2} ¥
555 H,0 TR IR TN e .
(1665 atoms) 23 fg& s (5 x 4) supercell:

22.8A
8Zn0 DLs
(640 atoms)
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Water at ZnO(1010): System Size Convergen

( Probability Distribution p: )
Interfacial water: = 12 A Interfacial water: = 12 A
4.0 . . . ! .
35 Total oxygen |
: Total hydrogen 1
3.0 1
§ 25 i ” .. A :
) bulk water” : = 28 A !
S 15 I
1.0 ~L
0.5
0.0 L .
20 30
z coordinate [A]

= System size is converged, bulk water in the central region

= Peaks can be assigned to different species at the surface

Jorg Behler Kiel 2023
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Water at ZnO(1010): Surface Species ' E

r 4- 00 1 T T L] L) \

350 I~ '

300 } surface Zn !

250 } hydroxide O
2.00 |
1.50 |
1.00 |
0.50 |
0.00

Water at the Surface:

Neutral H,0: 27.7 %
Dissociated H,0: 72.3 %

P/ Pouik

water H

p'D hydromde H )
0 2 4 6 8 10 12
z coordinate [A]

Jorg Behler Kiel 2023

within 4 A

V H,0 with

1 H-bond

@ H,0 with

2 H-bonds

' H.0 with

3 H-bonds

—
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Water at ZnO(1010): Surface Species

| I [lo~50°d ~ 1.9 A[IIT B=5rdm 1.0A V] |6=53 0~ 2.0A
3.50 | ks o
3.00 Hff° "o < 3
x 250 hydroxide O
& 200
a 150 F o
1 lp=~53d ~ 2.0 AfIV Q. | e 1.00 |- A \ ,_,/’\vfwi',erw.._x
vo 5 . ggg / hydroxide H i 1
’ ) o 2 4 6 8
i ) z coordinate [A]
- .
-
3.0 _(b) First layer 2.0 -(c) First Second
- layer layer
! 3 O*H x
. S 20 11 2 VI
11 S f Je
[V HOH == 0%  weeese < o, ! = 10}
T - T kY] 3
V H0 HO? 50l 4 8
VI H20 - HOs o K Q(?
VI[ HO*H><0% .. Q Ao
+ HyO* >< HOg™ 0.0 .'I // 1t 00
O* = adsorbed 1 , [ZA] 3 !
O, = ZnO surface
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Water at ZnO(1010): Dissociation and Reco

(Molecular and dissociative adsorption )
= mixture of OH;, H* and H,0 at the interface

= dynamic system, frequent interconversion processes )

e ™

Two Scenarios: Water dissociation/recombination by proton transfer to/from

* surface oxide and hydroxide groups = "surface PT"

surface

—2Zn 0—— Zn O——  deprotonation —2Zno T Zno—
D—-oH o an—g
slow 0= — H
T\ <
LZn o= oJ Suriges LZn o n 0—/

protonation

* adsorbed hydroxide/water species = "adlayer PT"
HO -— (I+ID (II+V+VID »HO\

—2Zn 0+ Zno—
— a+n— 0

—uQ ——
Vi L Lot tmo/

—2n o;ﬁjiy: o—

fast

= both controlled by presolvation )

d J. Behler, J. Phys. Chem. Lett. 8 (2017) 1476.
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Water at ZnO(1010): Dissociation and Rece

[1210] direction
o

o

@c@o@oc@x @o«b

0 8 16 24 32
[0001] direction
V. Quaranta, J. Behler, and M. Hellstrém, J. Phys. Chem. C 123 (2019) 1293.

Jorg Behler

4 surface-PT . adlayer-PT
OgH™ - O*H™ = Og " HO*H HO*H -* O*H™ = HO*"** HO*H
slow surface-PT adlayer-PT fast

\

Kiel 2023

Water at ZnO: 1D vs. 2D Proton Transport

( (a) Zn0O(1070) (b)  ZnO(1120)

pseudo-one-dimensional PHC diffusion two-dimensional PHC diffusion
solvent-assisted PT

solven

sted PT adlayer-PT

adlayer-PT

polar direction

M. Hellstrom, V. Quaranta, and J. Behler, Chem. Sci. 10 (2019) 1232.
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Summary: Four Generations of Neural Netw M

First-Generation Neural Network Potentials

s N\

Global description = low-dimensional systems

\ J

Second-Generation Neural Network Potentials

Short-range: Long-range:

J. Behler, M. Parrinello, Phys. Rev. Lett. 98 (2007) 146401.

Third-Generation Neural Network Potentials
Short-range: Long-range:| vyes Non-local:

N. Artrith, T. Morawietz and J. Behler, Phys. Rev. B 83 (2011) 153101.

O U

Spin: | vyes

Non-local:

Spin: | vyes

Fourth-Generation Neural Network Potentials

Short-range: Long-range: Non-local:

T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Nature Commun. 12 (2021) 398.

Jorg Behler Kiel 2023

Jorg Behler Kiel 2023

36



Summary: Applications of Neural Network Pot

Bulk Materials

PRL 98 (2007) 146401.
PRL 100 (2008) 18550

PNAS 113 (2016) 8368.

Jorg Behler
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Nanostructures

PCCP 18 (2016) 28704.
JPCC 121 (2017) 4368.

Nucleation

Phase Transitions

Gas-Surface

Dynamics

JPCL 10 (2019) 2957.

JPCLT0 (2019) 1763. |

\JCP 153 (2020) 164107. )

Li-Intercalation
Compounds

PRB 102 (2020) 174102.
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