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Overview

Topic of this talk

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

Goal 1: General method for all types of systems

Goal 2: Quality of reference method (here DFT)

Goal 3: Answer questions that cannot be answered
with AIMD directly
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The accuracy of the obtained results depends on the quality of the atomic interaction

Reactions
barriers / transition states

Energy
global and local minima

Vibrations
properties, analysis

Forces
dynamics, free energies

Central Role:
Potential Energy Surface 

Introduction

Goal: 

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

⇒ Predictive computer simulations with first-principles quality
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Potentials for Different Length and Time Scales

Method Atoms Simulation 
Time

CI, CC, MP2, MP4, … 10 - 100 0

Density Functional
Theory

100 - 1000 100 ps

Semiempirical Methods 
Tight Binding 1000 - 10 000 1 ns

„Reactive Potentials“
EAM, Tersoff, … 1000 - 100 000 10 ns

Classical Force Fields 
(LJ, harmonic, Coulomb)

1 000 000 1 msEf
fic

ie
nc

y
Ac

cu
ra

cy

⇒ PES is the central quantity for atomistic simulations
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Atomistic Simulations: Example Water

basic force fields

advanced force fields

DFT (?)

Ψ

geometries

RDFs
density curves

melting points
phase diagrams

clu
ste

rs

ice liq
uid w

ater

electr
olyt

es

co
mplex s

olutio
ns /
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terfa

ces

System Size

Configurations

Accuracy
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Potentials for Different Length and Time Scales

Ef
fic

ie
nc

y
Ac

cu
ra

cy

?
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A Divide-and-Conquer Approach

Potential 
Energy 
Surface

Molecular 
Dynamics 

Simulations

Electronic
Structure

Calculations

1. Reference Data 2. Representation 3. Application

Points Function

Machine 
Learning
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Challenges for the Construction of Atomistic Potentials

Transferability
(different environments)

Accuracy
(close to first principles)

Systematic 
Improvement

Reactivity
(no "bonds" or "atom types")

Quality Control

Effort
(working time)

Arbitrary Structures
(no grid, non-equilibrium)

Efficiency
(fast E and F evaluation)

Costs
(small training set)

Analytic Gradients
(consistent forces)

None of the presently available potentials fulfills all requirements!

Perfect Potential
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Neural Network Potentials

2021

2020

2019

2018

2017

2016

2015

2014

2013

2012

2011

2010

2009

2008

2007

2006

2005

2004

2003

1995

1998

Doren [21]

Hermansson [52]

Lorenz [22]

singleNN [72]

BIM-NN [78]

Manzhos [55]

PhysNet [25]

Second Generation

Third Generation

First Generation

CENT [107]

Tensormol [106]

DeePMD [81]

ANI [71]

GAP [26]

MTP [31]

SNAP [29]

ACE [32]

aPIP [33]

3G-HDNNP [102]

2G-HDNNP [23]

AIMNet [91]

AIMNet-ME [16]

SchNet [89]

GDML [28]

HIP-NN [90]

DTNN [88]

BpopNN [108]

4G-HDNNP [38]

Predefined
Descriptors

Neural Network Potentials

Learnable
Descriptors

Other Types
of MLPs

PIPNN [60]

PairHDNNP [77]

EANN [66]

AP-Net [80]

no electrostatics

low-dimensional

high-dimensional

3G electrostatics

4G electrostatics

Fourth Generation

First Generation

Second Generation

Third Generation

Fourth Generation

E. Kocer, T. W. Ko, J. Behler, 
Ann. Rev. Phys. Chem., in 
press (2022).

J. Behler, Chem. Rev. 121 
(2021) 10037.
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First-Generation
Neural Network

Potentials
1995 – 2007
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Machine Learning Potentials

1995 2000 2005 2010 2015 2020

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

First Machine Learning Potential = First Neural Network Potential

Feed-forward neural network
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Machine Learning Potentials

1995 2000 2005 2010 2015 2020

First-Generation MLPs

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

• about 30 papers (1995 – 2007) from about 10 groups

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

H. Gassner, M. Probst, A. Lauenstein, K. Hermansson, J. Phys. Chem. A 102 (1998) 4596.   

S. Lorenz, A. Groß, M. Scheffler, Chem. Phys. Lett. 395 (2004) 210.   

S. Manzhos, T. Carrington, Jr., J. Chem. Phys. 125 (2006) 194105.   

J. Behler, S. Lorenz, K. Reuter, J. Chem. Phys. 127 (2007) 014705.   

Examples:

⇒ Basic ideas and key concepts are well established

Focus:
Training
Symmetry
Surfaces
Spectroscopy
Surface Symmetry

12
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Machine Learning Potentials

1995 2000 2005 2010 2015 2020

First-Generation MLPs

Limitation: Applicable to low-dimensional systems only

Challenges:
• limited number of dimensions (up to » 12)
• 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 

(number of atoms)

Þ No generally applicable solution for all systems
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Machine Learning Potentials

1995 2000 2005 2010 2015 2020

Limitation: Applicable to low-dimensional systems only

Challenges:
• limited number of dimensions (up to » 12)
• 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 

(number of atoms)

First-Generation MLPs

Þ Another approach is required for high-dimensional systems
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Second-Generation
Neural Network

Potentials:
Locality

15
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High-Dimensional Neural Network Potentials

RA1

RAN

RB1

RBM

GA1

GAN

GB1

GBM

EA1

EAN

E
E

B
1

short

EBM

Cartesian
Coordinates

Atom-Centered
Symmetry
Functions

Atomic
Energy NNs

Atomic
Energies

Structure for a binary system ANBM

local atomic energies
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. 

3. Description of local atomic environments by 
many-body atom-centered symmetry functions
⇒ structural fingerprints
(invariances: rotation, translation, permutation)

E = Ei
i
∑ +Eelec

1. Total energy is the sum of atomic energies

2. Atomic energies depend on local environments
⇒ cutoff radius

3 Steps:

⇒ applicable to thousands of atoms

16
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How do the symmetry functions work?

Symmetry 
function vector of 

central atom0

BBB@

1.223
1.442

...
2.332

1

CCCA

<latexit sha1_base64="LUgwOJNV+7Aeo18iUvyg6aPQaMM="></latexit>

)
<latexit sha1_base64="n0113WCjARP7WISyYnSWKYWWANo=">AAACHnicbVDLSsNAFJ3UV42vqEs3wSK4KklFdFlw47KKfUBTymR62w6dzMSZiRJCv8SNv+LGhSKCK/0bp21AbT0wcO4593LnnjBmVGnP+7IKS8srq2vFdXtjc2t7x9ndayiRSAJ1IpiQrRArYJRDXVPNoBVLwFHIoBmOLiZ+8w6kooLf6DSGToQHnPYpwdpIXec0CGFAeQa3HEuJ07EdXNPBUJtC3NsBFzyJQpB2ALz309R1Sl7Zm8JdJH5OSihHret8BD1Bkgi4Jgwr1fa9WHcyLDUlDMzSREGMyQgPoG0oxxGoTjY9b+weGaXn9oU0j2t3qv6eyHCkVBqFpjPCeqjmvYn4n9dOdP+8k1EeJxo4mS3qJ8zVwp1k5faoBKJZaggmkpq/umSIJSbaJGqbEPz5kxdJo1L2T8qVq0qpWsnjKKIDdIiOkY/OUBVdohqqI4Ie0BN6Qa/Wo/VsvVnvs9aClc/soz+wPr8BPn+jvg==</latexit>

Case 1: Permutation:

1

2

1

2

Case 2: Rotation:

1 2

Case 3: Translation:

Case 4: Symmetry elements:

Example
environment:

1

2

1

2

1

2

1

2

1

2

1

2

1

2
Numerically 

identical

Atomic NN

Same property value
(e.g. energy)
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How do the symmetry functions work?

Symmetry 
function vector of 

central atom0

BBB@

1.223
1.442

...
2.332

1

CCCA

<latexit sha1_base64="LUgwOJNV+7Aeo18iUvyg6aPQaMM="></latexit>

)
<latexit sha1_base64="n0113WCjARP7WISyYnSWKYWWANo=">AAACHnicbVDLSsNAFJ3UV42vqEs3wSK4KklFdFlw47KKfUBTymR62w6dzMSZiRJCv8SNv+LGhSKCK/0bp21AbT0wcO4593LnnjBmVGnP+7IKS8srq2vFdXtjc2t7x9ndayiRSAJ1IpiQrRArYJRDXVPNoBVLwFHIoBmOLiZ+8w6kooLf6DSGToQHnPYpwdpIXec0CGFAeQa3HEuJ07EdXNPBUJtC3NsBFzyJQpB2ALz309R1Sl7Zm8JdJH5OSihHret8BD1Bkgi4Jgwr1fa9WHcyLDUlDMzSREGMyQgPoG0oxxGoTjY9b+weGaXn9oU0j2t3qv6eyHCkVBqFpjPCeqjmvYn4n9dOdP+8k1EeJxo4mS3qJ8zVwp1k5faoBKJZaggmkpq/umSIJSbaJGqbEPz5kxdJo1L2T8qVq0qpWsnjKKIDdIiOkY/OUBVdohqqI4Ie0BN6Qa/Wo/VsvVnvs9aClc/soz+wPr8BPn+jvg==</latexit>

Case 1: Permutation:

1

2

1

2

Case 2: Rotation:

1 2

Case 3: Translation:

Case 4: Symmetry elements:

Example
environment:

1

2

1

2

1

2

1

2

1

2

1

2

1

2
Numerically 

identical

Atomic NN

Same property value
(e.g. energy)

Symmetry function vector automatically 
assigns exactly the same properties for 

equivalent geometries!
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Symmetry Functions: Cutoff Function

Cutoff Function

Typical cutoff radius: Rc = 6 - 8 Å Rij (Å)

fc

( )
ï
ï
î

ï
ï
í

ì

>

<ú
û

ù
ê
ë

é
+÷÷
ø

ö
çç
è

æ

=

cij

cij
c

ij

ijc

RR

RR
R
R

Rf

for0

for1cos
2
1 p

• decays to zero in value and slope at Rc

• reflects decreasing chemical interaction
• central component of all symmetry functions
• Rc is increased until potential converges

Rc
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Symmetry Functions: Radial Functions

( )2sij RRe --h

( ) ( )å --=
j

ijc
RRrad

i RfeG sij
2h

• decay with increasing distance Þ Gaussians

• many-body term, interpretation as coordination number
• one-to-one correspondence between function value and Rij

• summation over all neighbors

Set of radial functions:
„Radial Fingerprint“

ijR cR(Å)J. Behler, J. Chem. Phys. 134 (2011) 074106.

20
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Symmetry Functions

Angular symmetry functions

Þ Several angular functions 
are used

0

0,5

1

1,5

2

2,5

0 1 2 3 4 5 6p 2p0
0

1

2
• all symmetry functions are
many-body terms

• typical number: 
about 10 radial and 40 
angular functions

( ) ( ) ( ) ( ) ( )å
¹

++-- ×+=
ikj

jkcikcijc
RRR

ijki RfRfRfeG jkikij

,

1 222

cos12 hxxµ ql
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Symmetry Functions: Combinatorial Growth

For an N element system, there are N separate atomic NN types
Þ no significant increase in complexity

For each radial function there are N functions for the possible neighboring elements
Þ increase in complexity

For each angular function there are N(N+1)/2 functions for the neighboring elements
Þ strong increase in complexity

Elements atomic 
NNs

multiplier
radial/angular 

symmetry functions

typical total
number of symmetry 

functions
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

22
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Construction of the Reference Set: Active Learning

Initial Data Set

C. Schran, J. Behler, D. Marx 
J. Chem. Theory Comp. 16 (2020) 88.

N. Artrith, J. Behler,  Phys. Rev. B. 85 (2012) 
045439.

Training Step
Energies and Forces

Preliminary
NN Potential(s)

DFT calculations
for New Structures

Potential Validation
Using NNs Only

Converged
NN Potential

Self-Consistent
Determination
of Reference

Structures

23
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Is it Worth the Effort?

≈10 000  DFT calculations (100 atoms)

10 000  total energies
+

3 000 000 force components

Costs equivalent to 
10 ps AIMD of 100 atoms

Longer simulations (10 – 100 ns) Larger systems (10 - 100 000 atoms)

24
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Second-Generation Machine Learning Potentials

1995 2000 2005 2010 2015 2020

First-Generation MLPs

Second-Generation MLPs

Condensed Systems

25
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1995 2000 2005 2010 2015 2020

2007:
High-Dimensional Neural 

Network Potentials
Phys. Rev. Lett. 98 (2007) 146401

Phys. Rev. Lett. 104 (2010) 136403

2010:
Gaussian Approximation 

Potentials

J. Comp. Phys. 285 (2015) 316

2015:
Spectral Neighbor 
Analysis Potentials

Multisc. Mod. Sim. 14 (2016) 1153

2016:
Moment Tensor 

Potentials

Phys. Rev. B 99 (2019) 014104

2019:
Atomic Cluster Expansion

Second-Generation Machine Learning Potentials

First-Generation MLPs

Second-Generation MLPs

26
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1995 2000 2005 2010 2015 2020

2007:
High-Dimensional Neural 

Network Potentials
Phys. Rev. Lett. 98 (2007) 146401

Phys. Rev. Lett. 104 (2010) 136403

2010:
Gaussian Approximation 

Potentials

J. Comp. Phys. 285 (2015) 316

2015:
Spectral Neighbor 
Analysis Potentials

Multisc. Mod. Sim. 14 (2016) 1153

2016:
Moment Tensor 

Potentials

Phys. Rev. B 99 (2019) 014104

2019:
Atomic Cluster Expansion

And many more ...

⇒ Dominant type of machine learning potential in simulations

Second-Generation Machine Learning Potentials

Second-Generation MLPs

First-Generation MLPs
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Interaction Range

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

Locality Test

28
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Interaction Range

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

A Hessian-Based Analytic Locality Test

Hessian

Hessian submatrix norm

Dependence of force on each individual 
atom in the system can be quantified

29
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Interaction Range

A Hessian-Based Analytic Locality Test

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.
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Third-Generation 
Neural Network

Potentials:
Long-Range Interactions

31
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Third-Generation Neural Network Potentials: Method

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

RA1

RAN

RB1

RBM

GA1

GAN

GB1

GBM

EA1

EAN

E
E

B
1

short

EBM

RA1

RAN

RB1

RBM

GA1

GAN

GB1

GBM

QA1

QAN

Q
E

B
1

elec

Etotal QBM

Cartesian
Coord.

Atom-Centered
Symmetry
Functions

Atomic
Charge NNs

Atomic
Charges

Cartesian
Coord.

Atom-Centered
Symmetry
Functions

Atomic
Energy NNs

Atomic
Energies

Short-Range Part Long-Range Part

T. Morawietz and J. Behler, J. Chem. Phys. 136 (2012) 064103.

local atomic energies local atomic charges

Short-Range Part: Long-Range Part:

electrostatics
(and vdW)

Etotal = Eshort + Eelec

local bonding

32
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Machine Learning Potentials

1995 2000 2005 2010 2015 2020

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

Zinc Oxide Surface

First-generation MLPs

Second-generation MLPs

Third-generation MLPs

Examples:

T. Morawietz and J. Behler, J. Chem. Phys. 136 (2012) 064103.

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

33
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Fourth-Generation
Neural Network

Potentials:
Global Electronic 

Structure

34
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Fourth-Generation Neural Network Potentials

The Challenge:

b)
-0.4

+0.2

c)

a)

-0.4

+0.2𝐎C𝟕𝐇𝟕𝐎−

chargesstructures

HOC𝟕𝐇𝟕𝐎

HSC𝟕𝐇𝟕𝐎

HOC𝟕𝐇𝟕𝐎

Example molecule:

X = functional group

cutoff radius

⇒ oxygen does not see 
the functional group X

X=NH2

Structure DFT charges

X=OH

X=O-

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

X=NH3
+

deprotonation

protonation

35
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Overview: Fourth-Generation Methods

2015: Charge Equilibration Neural Network Technique - CENT

2020: Becke Population Neural Networks - BpopNN

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

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

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

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

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

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

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

36
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CENT – Charge Equilibration Neural Network Technique

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

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

⇒ applications: systems with primarily ionic bonding

hardnesselectronegativities Coulomb energy

37
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Fourth-Generation Neural Network Potentials: Method

T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Nature Commun. 12 (2021) 398.
T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Acc. Chem. Res. 54 (2021) 808.

atomic energies
⇒ local bonding

Goal: Combination of the advantages of CENT and HDNNPs

2G-HDNNP

global charge distribution
⇒ electrostatics

CENT

atomic energies + global charges 
⇒ local bonding + electrostatics

4G-HDNNP

Etotal = Eshort + Eelec

additional atomic descriptor:
atomic charge

modified training:
atomic charge

38
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Fourth-Generation Neural Network Potentials: Method

T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Nature Commun. 12 (2021) 398.
T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Acc. Chem. Res. 54 (2021) 808.

atomic energies
⇒ local bonding

Goal: Combination of the advantages of CENT and HDNNPs

2G-HDNNP

global charge distribution
⇒ electrostatics

CENT

atomic energies + global charges 
⇒ local bonding + electrostatics

4G-HDNNP

Etotal = Eshort + Eelec

additional atomic descriptor:
atomic charge

modified training:
atomic charge

Advantages:

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

• long-range electrostatic interactions
(flexible charges)

• description of non-local charge transfer

• applicable to multiple global charge states

39
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Fourth-Generation Neural Network Potentials: Method

RA1

RAN

RB1

RBM

GA1

GAN

GB1

GBM

EA1

EAN

E

E

B
1

short

EBM

RA1

RAN

RB1

RBM

GA1

GAN

GB1

GBM

QA1

QAN

Q

E

B
1

elec

Etotal

QBM

Cartesian
Coordinates

Atom-Centered
Symmetry
Functions

Atomic
Electronegativity

NNs
Atomic
Charges

χ A
1

A
N

B
1

B
M

Atomic
Electronegativity

Cartesian
Coordinates

Atom-Centered
Symmetry
Functions

Short-Range
Atomic

Energy NNs
Atomic
Energies

Short-Range Part

C
ha
rg
e
E
qu
ili
br
at
io
n

Non-Local Long-Range Part

χ

χ

χ

Etotal = Eshort + Eelec

T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Nature Commun. 12 (2021) 398.
T. W. Ko, J. A. Finkler, S. Goedecker, J. Behler, Acc. Chem. Res. 54 (2021) 808.

local atomic energieslocal atomic 
electronegativities

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

40
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Fourth-Generation Neural Network Potentials: Examples

Test Case: Organic Molecules

1 12

12
13

a)

d)

1 11

c)

-0.1

+0.2

charges

-0.1

+0.2

charges

-0.1

+0.2

charges

unscaled charges:

scaled charges:

3G-HDNNP

4G-HDNNP:

DFT:b)

C10H2 C10H3
+

3G-HDNNP: scaled charges

DFT:

Root Mean Squared Errors

Method
Q
(e)

E
(meV/
atom)

F
(eV/Å)

2G
train --- 1.6 0.131

test --- 1.6 0.130

3G
(sc.)

train 0.027 3.2 0.653

test 0.027 3.2 0.658

3G
(unsc.)

train 0.020 2.0 0.230

test 0.020 2.0 0.231

4G
train 0.006 1.1 0.078

test 0.007 1.2 0.078

Root Mean Squared Errors

Method
Q
(e)

E
(meV/
atom)

F
(eV/Å)

2G
train --- 1.6 0.131

test --- 1.6 0.130

3G
(sc.)

train 0.027 3.2 0.653

test 0.027 3.2 0.658

3G
(unsc.)

train 0.020 2.0 0.230

test 0.020 2.0 0.231

4G
train 0.006 1.1 0.078

test 0.007 1.2 0.078

3G-HDNNP

41
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What About 
Magnetism?

42
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Magnetic High-Dimensional Neural Network Potentials

Most descriptors do not depend on atomic spins

indistinguishable

antiferromagnetic ferromagnetic

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

M. Eckhoff and J. Behler, npj Comput. Mater. 7 (2021) 170.
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Magnetic High-Dimensional Neural Network Potentials

Spin-Dependent Atom-Centered Symmetry Functions (sACSF)

⇒ Magnetic High-Dimensional Neural Network Potentials

Step 1: Atomic spin coordinates (collinear spin)

with

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

Step 3: sACSF, radial case

⇒ Second-generation (environment-dependent) extension

⇒ spin-sensitive filter

M. Eckhoff and J. Behler, npj Comput. Mater. 7 (2021) 170.
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Magnetic High-Dimensional Neural Network Potentials

Application: Manganese Oxide (MnO)

• antiferromagnetic ground state (AFM-II) with rhombohedral distortion
• magnetic cell is 2x2x2 supercell of geometric unit cell

HDNNP: 11 meV/atom mHDNNP: 1 meV/atom

RMSE energy (3000 2x2x2 supercells, HSE06 functional):Training

Results

(AFM-II = FM) (AFM II ≠ FM)

DE(AFM-II /FM) mHDNNP: 46.3 meV/atom (HSE06: 45.9 meV/atom) 

Lattice parameters AFM-II mHDNNP: a = 4.433 Å, a = 90.77°
HSE06: a = 4.434 Å, a = 90.89°
Exp.:     a = 4.430 Å, a = 90.62°

M. Eckhoff and J. Behler, npj Comput. Mater. 7 (2021) 170.
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What can we do with 
Neural Network Potentials?

How do we know if a 
Neural Network Potential is reliable?
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Notes

Abgrenzung zu anderen Potentialen: Wir wollen so genau wie möglich sein, 
alles andere ist zweitrangig

Wir führen keine physikalischen Näherungen ein, die Referenzmethode soll 
so gut wie möglich seinQuality Control

47
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Multistep Quality Control

2. Check for extrapolation 

1. Generate reasonable initial training set
Þ preliminary NN potential

Coordinate G maxGminG

En
er
gy

J. Behler, Angew. Chem. Int. Ed. 56 (2017) 12828.

Þ easy to detect
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Multistep Quality Control

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

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

1. Generate reasonable initial training set
Þ preliminary NN potential

Coordinate G maxGminG

E
ne
rg
y
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Neural Network Potentials: Early Stopping Method

0 5 10 15 20 25 30
iteration

0.1

1

10

lo
g(

R
M

SE
) /

 a
rb

. u
ni

ts

training set
test set

Training set: 90 %

Test set: 10 %

"Best fit"

Þ overfitting cannot be detected by monitoring the error of the training set

overfitting

Reference set Cross Validation
Methods

Generalization

( )å -=
i

refiNNi EE
N

RMSE 2
,,

1
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Multistep Quality Control

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

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

training set

1. Generate reasonable initial training set
Þ preliminary NN potential

4. Check for "holes in the training set"

Coordinate G maxGminG

E
ne
rg
y

0 5 10 15 20 25 30
iteration

0.1

1

10

lo
g(

R
M

SE
) /

 a
rb

. u
ni

ts

training set
test set
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Detection of Problematic Configurations

G1,min

G2,min

G2,max

G1

G2

G1,max

reference structure

trial structure

Problem: 
cannot be detected by
- extrapolation analysis
- early stopping method

Þ Early stopping method (training and test set) is not sufficient!
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Iterative Improvement of the Reference Set

0 50 100 150 200
E re

l

function
NN 1
NN 2
training data

0 50 100 150 200

E re
l

0 50 100 150 200
configuration

E re
l

(b)

(a)

(c)

initial NN

improved NN

final NN

N. Artrith and J. Behler, Phys. Rev. B 85 (2012) 045439.
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Multistep Quality Control

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

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

training set

1. Generate reasonable initial training set
Þ preliminary NN potential

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

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

Coordinate G maxGminG

E
ne
rg
y

0 5 10 15 20 25 30
iteration

0.1

1

10

lo
g(

R
M

SE
) /

 a
rb

. u
ni

ts

training set
test set

E, F, g(r), ...
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Notes

Abgrenzung zu anderen Potentialen: Wir wollen so genau wie möglich sein, 
alles andere ist zweitrangig

Applications

55
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Notes

Soll auf einigen Folien etwas gezeigt werden, dass so kompliziert aussieht, 
dass niemand es versteht (zum Angeben, stress, Symmetriefunktionen, 
Kalman Filter, Constrained DFT)

Abgrenzung zu anderen Potentialen: Wir wollen so genau wie möglich sein, 
alles andere ist zweitrangig

Wir führen keine physikalischen Näherungen ein, die Referenzmethode soll 
so gut wie möglich sein

Materials Science:
Crystal Structure

Prediction
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High-Pressure Phase Diagram of Silicon

cubic diamond b-tin

Review: A. Mujica, A. Rubio, A. Muñoz, and R.J. Needs, Rev. Mod. Phys. 75, 863 (2003).

Imma simple hexagonal

Cmcahcpfcc

11.7 GPa 13.2 GPa 15.4 GPa

38 GPa
42 GPa79 GPa

Þ Challenging model system to test potentials
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Metadynamics Simulations of Silicon

diamond b-Sn Imma sh Cmca hcp fcc

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

J. Behler, R. Martoňák, D. Donadio, and M. Parrinello, Phys. Rev. Lett. 100 (2008) 185501.
J. Behler, M. Parrinello, Phys. Rev. Lett. 98 (2007) 146401.
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Metadynamics Simulations of Silicon

p = 12 GPa

(a)

(b)

(c)

(d)

Enthalpy barrier » 0.1 eV/atom

J. Behler, R. Martoňák, D. Donadio, and M. Parrinello, Phys. Rev. Lett. 100 (2008) 185501.

diamond b-Sn Imma sh Cmca hcp fcc

H
pe

r a
to

m
 (e

V)

J. Behler, M. Parrinello, Phys. Rev. Lett. 98 (2007) 146401.
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diamond b-Sn Imma sh Cmca hcp fcc

p = 16 GPa

p = 45 GPa p = 50 GPa

p = 90 GPa

A “Walk” through the High Pressure Phase Diagram of Silicon
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Prediction of the High-Pressure Phase Diagram of Silicon

Þ NN-based simulations have DFT quality 
(and excellent agreement with experiment)

Þ Predictive simulations impossibe with DFT (costs!) 
or other potentials like EAM, tight binding, … (too low accuracy)

Simulation Costs

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

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

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

61

Jörg Behler Kiel 2023

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

(5 x 4) supercell:

≈ 50 Å
555 H2O

(1665 atoms)

22.8 Å
8 ZnO DLs

(640 atoms)

x

y

13.16 Å

18.10 Å

Equilibration in z (1 ns): 1 bar, 300 K

Production simulations: NVT (2 ns), 300 K

CPU time (per MD step): ≈ 3.3 core.s

Slab (2305 atoms):
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Water at ZnO(1010): System Size Convergence
_

Probability Distribution ρ:
Interfacial water: ≈ 12 Å

“bulk water” : ≈ 28 Å 

Interfacial water: ≈ 12 Å

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

Þ Peaks can be assigned to different species at the surface
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Water at ZnO(1010): Surface Species
_

Water at the Surface:

Neutral H2O: 27.7 %
Dissociated H2O: 72.3 %
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Water at ZnO(1010): Water Dissociation and Surface Hydroxylation
_

H@O

ZnO

HO@Zn

H2O 
within 4 Å
H2O with 
1 H-bond
H2O with 
2 H-bonds
H2O with 
3 H-bonds
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Water at ZnO(1010): Surface Species
_

O* = adsorbed 
Os = ZnO surface
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Water at ZnO(1010): Dissociation and Recombination Mechanisms
_

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

V. Quaranta, M. Hellström and J. Behler, J. Phys. Chem. Lett. 8 (2017) 1476.

Molecular and dissociative adsorption 
Þ mixture of OH-, H+ and H2O at the interface

Þ dynamic system, frequent interconversion processes

� adsorbed hydroxide/water species Þ "adlayer PT"

� surface oxide and hydroxide groups Þ "surface PT"

fast

slow

Þ both controlled by presolvation
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Water at ZnO(1010): Dissociation and Recombination Mechanisms

slow fast

_

V. Quaranta, J. Behler, and M. Hellström, J. Phys. Chem. C 123 (2019) 1293.
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Water at ZnO: 1D vs. 2D Proton Transport

M. Hellström, V. Quaranta, and J. Behler, Chem. Sci. 10 (2019) 1232.
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First-Generation Neural Network Potentials

Second-Generation Neural Network Potentials

Third-Generation Neural Network Potentials

Fourth-Generation Neural Network Potentials

Global description ⇒ low-dimensional systems

Short-range: yes Long-range: yes Non-local:      no Spin:      yes

Short-range: yes Long-range: yes Non-local:      yes Spin:      yes

Short-range: yes Long-range: no Non-local:      no Spin:      yes

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

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

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

Summary: Four Generations of Neural Network Potentials
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Summary: Four Generations of Neural Network Potentials

Neural Network Potentials fill a gap

in the toolbox of chemistry, physics and materials science
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Solid-Liquid 
Interfaces

Bulk Materials Nanostructures

Water /
Proton Transport

PRL 98 (2007) 146401.
PRL 100 (2008) 185501.

Gas-Surface 
Dynamics

JPCL 4 (2013) 4241.

and many more …

PRB 81(2010) 100103.
Nature Materials 10
(2011) 693.

Nucleation Phase Transitions

PRB 83 (2011) 153101.
PRB 85 (2012) 045439.

PNAS 113 (2016) 8368.
PCCP 18 (2016) 28704.
JPCC 121 (2017) 4368.

Summary: Applications of Neural Network Potentials

Li-Intercalation 
Compounds

PRB 102 (2020) 174102.
JCP 153 (2020) 164107.

JPCL 10 (2019) 2957.
JPCL 10 (2019) 1763.

Neural Networks Help Solving Problems
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