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Topic of this talk?

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

l Goal 1: General method for all types of systems ]

il N

Goal 2: Be as good as DFT (but not better!)

>

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

L_ 7
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Complex Systems

[ Surface Science: ] [ (Interfacial) Water: ]
¢ heterogeneous catalysis ¢ reactions involving proton transfer
 surface reconstructions, defects * assembly/catalysis at interfaces
» self-assembly, functional materials * electrochemistry

[ Materials: ] [ Organic-Inorganic Systems: ]
¢ crystal structure prediction * metal organic frameworks
¢ phase diagrams * biomineralization
* properties of materials e coordination chemistry
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Potentials for Different Length and Time Scales

Simulation
Time

Cl, CC, MP2, MP4, ... 10 - 100 0
Density Functional 100 - 1000 100 ps
Theory
SEmi?l_?;f‘if::d’;‘::““ds 1000 - 10 000 1ns
grieadii b
Classical Force Fields 1 000 000 1 ms

(U, harmonic, Coulomb)
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Potentials for Different Length and Time Scales
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Divide-and-Conquer Approach
1. Reference Data 2. Representation 3. Application

Potential
Energy
Surface

Electronic
Structure
Calculations

. phiee | ]
" .

Jorg Behler

Molecular
Dynamics
Simulations

2
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Efficient Atomistic Simulations

Starting point: Electronic structure calculations

Goal: Calculation of the energy and forces directly as a function of
the atomic positions

—~\
L Y
conventional approach: / / H"‘a.ﬁ \ representation of
approximations 4 HH H'H accurate reference data

4 b

Hf /
| ¥
Ef&l, -::: ]
i

"Physical Potentials" "Mathematical Potentials"
(> 99 %) (< 1%)

Examples: Classical Force Fields, TB, Examples: Machine Learning,
Tersoff Potential, EAM, ... Splines, Polynomials
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Machine Learning Potentials

MNeural Network Potentials (NNPs)

T. B. Blank et al., J. Chem. Phys. 103 (1995) 4129,
5. Lorenz, A. GroR, and M. Scheffler, Chem. Phys. Lett. 395, 210 (2004).

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

A. P. Bartdk et al., Phys. Rev. Lett. 104 (2010) 136403.

R. M. Balabin and E.l. Lomakina, Phys. Chem. Chem. Phys. 13 (2011) 11710.

Coulomb
Matrix

M. Rupp et al., Phys. Rev. Lett. 108 (2012) 058301.
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Neural Network Potentials
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Neural Networks in Chemistry, Physics and Materials Science

g 2

1400

Applications:

* spectra analysis

* QSAR

* binding site prediction

* estimate heats of formation
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Neural Network Potentials: The Foundation

/s ™\
@ Hamiltonian depends on  ® nuclear positions R

* nuclear charges Z (chemical elements)

¢ system charge Q (usually neutral)

=> Structure contains all information required to fully define the energy

k.
>

@ => An unknown function E(R,Z,Q) exists, but we know only a set of discrete
function values

=> We need to find the best possible continuous analytic representation

b W
5 ™
@ Neural Networks enable in principle an exact representation
Proof e.g.: K. Hornik, Neural Networks 4 (1991) 251.
=> possible to combine the best of both worlds:
=> correct chemistry: ab initio calculations
i, => numerical accuracy and efficiency: Neural Network b
4
(@ Efficient molecular dynamics simulations, Monte Carlo etc.
A
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Conventional Neural Network Potentials: Analytic Form

'/rlnput Hidden Hidden OQutput w E
Layer Layer1 Layer2 Layer Neural Network "learns"

energy surface from reference
electronic structure calculations
=> iterative optimization

b e
4 iy Y
Nonlinear 3
Activation Functions: 3 " 1
=> high flexibility .
y |9 .
y N

Analytic Expression:

4 2
E=f bf+zﬂff-ﬁf bf+zﬂ;f -f; b}+za§1 -G,
k=1 ] ]
\ ®
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Examples: Conventional Neural Network Potentials

[ Neural Network Potentials for Small Molecules: w
F.V. Prudente, and J.1.5. Neto, Chem. Phys. Lett. 287, 585 (1998). H,*
H. Gassner et al., J. Phys. Chem. A 102, 4596 (1998). H,0-Al3*-H,0
L.M. Raff et al., J. Chem. Phys. 122, 084104 (2005). CH,=CHBr
S. Manzhos, and T. Carrington, Jr., J. Chem. Phys. 125, 084109 (2006). H,0, HOOH

[ Molecule — (Frozen) Surface Interactions:

T.B. Blank et al., J. Chem. Phys. 103, 4129 (1995). H,/Si, CO/Ni
S. Lorenz, A. Grol3, and M. Scheffler, Chem. Phys. Lett. 395, 210 (2004). Hszd
J. Behler, 5. Lorenz, and K. Reuter, J. Chem. Phys. 127, 014705 (2007). ﬂzfAl
J. Ludwig, and D.G. Vlachos, J. Chem. Phys. 127, 154716 (2007). Hsz‘t
[ Reviews: ]

C.M. Handley, and P.L.A. Popelier, J. Phys. Chem. A 114, 3371 (2010).
J. Behler, Phys. Chem. Chem. Phys 13, 17930 (2011).
J. Behler, J. Phys.: Condens. Matter 26, 183001 (2014).
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High-Dimensional Neural Network Potentials

Is it possible to use Neural Network potentials to
construct high-dimensional potential energy surfaces?

Conceptual problems for a direct application
of Neural Networks to large systems:

'rl-nput Hidden Hidden Dutput\'
Layer Layer1 Layer2 Layer

¢ limited number of dimensions (up to = 12)

* permutation symmetry of the system not included
(exchange of atoms changes the energy)

* energy depends on rotation and translation

I ,.-"ﬁf » potential is valid only for a given system size
Bias Node ‘

=> Another Neural Network approach is required
to deal with high-dimensional systems
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High-Dimensional Neural Network Potentials: The Components

Functional Form of the Energy

/4 (via charges
. ( rges)

from atomic neural networks
environment-dependent

~N

Descriptors: “Symmetry Functions”

fuRi;) = 0.5- [t:{}.-»'.(ﬂ;;i:u)_l_ I] for Rij < R
AN T 0 fﬂ'rRij-'l‘R,;
G} =Y e "RR). f(Ry)

J

Gf = Zum‘;{rﬂ;j} - f(Rij)
J

all
G: — 21—.;‘ Z[] -1—.--"-.'LTIL'EI.'-}H;-_Ji_il-_’]*r -f_';"'kr']"'ﬁfl"'ﬂh'
Jo ki
Je(Rij) - fe(Rix) - fe(R i),
all
U? = Z[l -|—.:".C{}:-'-H;'J:k]{ -F"m'ﬁﬁ*'ﬂr:“
j ki

k{‘ Behler, M. Parrinello, Phys. Rev. Lett. 98 (2007) 145405

f-.':Rl_.l )+ ,ﬁ.’fﬁlk )
\ S

= permutation invariance (part)
=> arbitrary system size
=> large systems

=> permutation invariance (part)

=+ rotational invariance
= translational invariance

Jorg Behler
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Network Potentials: Properties
Advantages of Neural Network Potentials

* numerically very accurate (few meV/atom << DFT XC error)
arbitrary geometries, reactive
* reasonably fast (> 200 atoms per second and core, almost linear scaling)
* general, unbiased, no system specific terms in the functional form
* can be combined with any electronic structure method

[ => NN potentials are tools for difficult systems! ]

Disadvantages of Neural Network Potentials

* large reference sets needed (> 10000 structures), large overhead
® limited number of elements (or subspace of configuration space)
* limited extrapolation capabilities, need to be used with care

S —

[ => validation required!
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Water



Properties of Water

But what is the reason?

And how reliable is GGA DFT in describing these
properties?

Why does water melt at 273.15 K? Why does ice flow on liquid water?

Hydrogen bonds
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Neural Network Potential for Water

The performance of DFT for many important properties is unknown!

‘ Melting point: Previous work:
BLYP: 411 K PBE: 417 K
5. Yoo, X. Cheng Zeng and 5. 5. Xantheas, J. Chem. Phys. 130, 221102 (2009).

BLYP-D: 360 K
5. Yoo and 5. 5. Xantheas, J. Chem. Phys. 134, 121105 (2011).

‘ Density anomaly: | no ab initio MD data available

‘ == Both properties cannot be predicted reliably by theory
=> We need an efficient potential with at least DFT accuracy
* accurate for molecules, clusters, bulk liquid, and ice _ffa._:,;ﬂﬂ_., 3
* flexible water | 'l‘;{*f
* dissociative = autoprotolysis, proton transport, reactive | l_-i;',g*.‘: ¥ ) ,_ ]
. | e T A
* consistent extension by other systems (ions, molecules, surfaces) ' ;:.1-_*.;:':'1-;1';*_ J
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Construction of a Neural Network Potential for Bulk Water

DFT Reference Calculations

DFT code: FHI-aims
V. Blum et al., Comp. Phys. Comm. 180 (2009), 2175.

vdW correction: Grimme D3 method

5. Grimme, J. Antony, 5. Ehrlich, H. Krieg, J. Chem. Phys. 132 (2010}, 154104,

Neural Network

NMN code: RuNNer

1. Behler, J. Chem. Phys. 134 (2011}, 074106.
J. Behler, 1. Phys.: Condens. Matter 26 (2014), 183001.

MD code: LAMMPS
5. Plimpton, J. Comp. Phys. 117 (1995), 1.

NN implementation:
5. Singraber, T. Morawietz, ). Behler, C. Dellago,
to be published.

[S11a]x] -wﬂ
1 1 1 I{E
S00o |- Licyuiid H
Eh 4000
L
% Hao - HPEE-D3 -
.E. Faifa]e]
E 1000 = E
L
2 b
-1000 ¢ :Jt f& fﬂ 25 3 35 40 45 SO 55
vV [A3H;0]
. /
NN architecture: X-25-25-1 (X = 27 for H, X = 30 for O)
4 '
Reference method Noo of structures RMSE E RMSE F
meV/atom  meV/A
PBE 6,337 (701) 0.65 (0.72) 67.85 (63.40)
PRE-1)3 6,355 (T04) 0.65 (0.73) T7TL.78 (66.68)
BLYP 0,302 [(D94) 06D (06d) Bb.1o [B3.67)
BLYP-D3 6,191 [(6E2) 0.67 (0.69) T7T6.00 (73.33)
RPBE 6,539 (719) 0.65 (0.66) 65.20 [62.80)
RFPRBE-D3 6,530 (711) 0.63 (0.71) T76.89 (77.37)
\ v
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Neural Network Molecular Dynamics Simulation of Water

* NVT-MD:
* 300K
«31 H,O0+1H,0"+10H Recombination of H* and OH"

8.5
7.5
Recamhlnanan J
I L L L I L |
1 EHJ

200 300 400 500
time [ fs ]

-

water wire Iength [A ]

A

= In agreement with published AIMD (PBE) simulations!
1 A Hassanali, M.K. Prakash, H. Eshet, and M. Parrinello, Proc. Natl. Acad. Sci. USA 108, 20410 (2011).
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Liquid Water: Structure

Oxygen-Oxygen Oxygen-Oxygen H-bond angles a 3-'
Radial Distribution Function  Radial Distribution Function NpT ’”L' Fm
NVT NpT
r L] T L] ] T L] "\
4 _— | | —- AIMDiPEE] ’ 4k o | Exp. 1 =8 ,-{ : Exp. 1
= 3 | -- NNiPRE) | 3k -- nNee)y | Los )l — - NN{PBE)
-1 2 1 285 — NN(PBE-D3) | = , — NN(PBE-D3)
Q& =2 i Pt ]
s - k/*\__.p—-ﬁ—— S Q 2 .
3 o
0 0 0 | . : f
4 — AIMD(BLYP) ] 4 ] — B — Exp.
=3k =- NNGBWP) | T 3| -- NNBWYP) 1 L6 F.a’a‘ — - NN(BLYP)
- | - ] 85l — NNBWPD3) ] = L[ — NN(BLYP-D3)
G | i i |::| i o i i
P1f K/\_,'H’*“-- =t T2 “
ol | | ] | | 0 o 0 ]
1 | f I I T 1 T T
41 —  AIMD(RPBE) 4 Exp. 1 =8 Exp.
- 3 L ee-t... == NN(RPEBE} { &3} ---- -~ NN(RPBE) 4 L 6} - —- NN({RPBEE)
- : 1% . — MNNIRPBE-D3) | — | 3. . — NNIRPBE-D3)
82l ; 1 82F : e N '
':‘.111 | gt - mem T ':n]_ & EI_ e : =
R S T T T B 0 e | j —
2 3 4 5 6 7 B 2 5 0 10 20 30 40 >0
. r [A] r[A] Bgl°l J
Exp: A. K. Soper, Exp: K. Modig, B. G. Pfrommer, B. Halle,

ISRN Phys. Chem. 2013 (2013), 279463. PRL 90 (2003), 075502,
AIMD results for PBE and RPBE see also: K. Forster-Tonigold, A. Grol, J. Chem. Phys. 141 (2014) 064501.
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Water: Density Anomaly

p

Density isobars at 1 bar
b o
.l?ﬂ-.. o ;EL\IFF-D.B
g B ‘:-J’#HH'EHp
5 (liquid and
= confined)
) :
= RPBE-D3
E @
2 f ' :
>, 000054 i
G : : : - BLYP
= o : o /
¢ n7hk--------- 9 +'5-";qu
o 1) A .
y Cn ) o
0.6 o . -
e . RPBE
gl 0 i | y
150 200 250 300 350 400
Temperature, T (K)

;kTr::-taI simulation time: 700 ns (128 molecules) j

4 )
= without vdW corrections:
- too low densities
- no density maximum
- no density minimum
. /
r N
== with vdW corrections:
- density maximum
- density minimum
- improved density
£

T. Morawietz, A. Singraber, C. Dellago, J. Behler,
PNAS 113 (2016) 8368.
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Water: Ice Polymorphs

I I T ] T I I T I
PRE]  oFT il BLYP. [—— wvm
-a= K& ; kq- — W
—0.3"— NH-E3- _t; HW- -
X Exp. wﬂ .
q
—0.4 |--* 1 F -
-3
L]
< Soes®
XL
; .
® -0.5 | 4 F 4
- #’u
T .
LE hlﬂ - ¥ S
—0.5 - E i - = |
-0.7 4 - 4 -
I I L1 | | | I | | | | I | | I \
15 20 25 30 15 40 15 20 25 30 35 40 15 20 25 30 35 40

Vv [A3/H,0] V [A3/H,0] V [A®/H,0]
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Bulk Water: Melting Temperature

4 )
Melting Temperatures (K)

BLYP 322 411
BLYP-D3 271 360 (BLYP-D)
RPBE 263

RPBE-D3 268

EXp. 273.15

Previous work (ab initio MD):

5. Yoo, X. Cheng Zeng and S. 5. Xantheas, J. Chem. Phys. 130,
221102 (2009).
\._ 5. Yoo and 5. 5. Xantheas, J. Chem. Phys. 134, 121105 (2011). _)

i N

== vdW corrections shift the melting points in opposite directions for different
exchange-correlation functionals!

\. /
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Aqueous
NaOH Solutions



NaOH Electrolytes

NaOH concentration up to 20 mol/L

=> only 2 H,0 per NaOH formula unit

Challenge:

Proton transfer is expected to be very important (high concentrations!)
e for the solvation of OH-
e for the solvation of ions in OH-containing solvents

pPlt—96—9o¢

=> cannot be studied by classical force fields

=> even ab initio MD requires large simulation cells

A\ v
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Presolvation

F: “
Presolvation

Hydrogen-bonding environment around OH~
changes before proton transfer,
so that the resulting H,0 is “satisfied”

OH(aq): Tuckerman, Marx, Parrinello, Nature 417 925 (2002)
"normal" H-bond network "presolvation” case

@@& C%C%&
?g@@ 903%%@

=> high barrier
e g = iuw barrier 5]
5
[ How important is presolvation for proton transfer in NaOH?
A
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Presolvation

t=-365fs
“Standard environment”

+_—— D(OH")=0
A(OH")=4

Jorg Behler ES 2017 Workshop Princeton



Presolvation

q “Max rate environment”
D(OH-) =1

A(OH) =3
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Presolvation

t=+100fs

Hydroxide ion is now over here

<3
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Presolvation and Proton Transfer

4 E

At low concentration:
This environment is important

[also shown in:

At high concentration: M. E. Tuckerman et al.,
Th@ﬂant Nature 417 (2002) 925]
HED OH- OH-

M. Hellstrdm and J. Behler, J. Phys. Chem. Lett. 7 (2016) 3302
b J/
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Presolvation-Driven Proton Transfer in NaOH

4 k.

concentration
(mol/L) Dominant PT mechanism:
A A
20 acceptor driven (presolvation of OH’) + Na*
donor driven (presolvation of H,0)
0 acceptor driven (presolvation of OH")

. .
=> Proton Transfer in NaOH is aided by presolvation
=> Thermal fluctuations of the H-bonds are important

M. Hellstrém and J. Behler, J. Phys. Chem. Lett. 7 (2016) 3302.

\ M. Hellstrém and J. Behler, Phys. Chem. Chem. Phys. 19 (2017) 82. 4/‘
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Presolvation in NaOH: Ligand Exchange Mechanism

Low Concentration of OH": Slow Water Ligand Exchange

Q iﬁb very slow

High Concentration of OH": Proton-Mediated Water Ligand Exchange

il

Oé " Qéqj

O®.

\, M. Hellstrém and J. Behler, J. Phys. Chem. C 121 (2017) 4184,
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Solid-Liquid Interfaces
Water-Copper



Water/Cu(111) Interface: System Size Convergence

Thickness of Water Layer

3.0
1.5

40 A

.0

3.0
1.5

.0y

35 A

3.0
1.5

0.0

3.0
1.6

0.0

3.0
1.5

0.0

3.0
1.5

0.0

O (=) and H () Distribution Function

3.0

1.5

0.0

Z [ Al
NPT at 1 bar, 300 K, (8x8) cell

O (=) and H () Distribution Function

3.0
1.5
0.0

3.0
1.5
0.0

3.0
1.5
0.0

3.0
1.5
0.0

3.0
1.5
0.0

3.0
1.5
0.0

Supercell Size

N\
L1

U

I
TN
TN

J
-

=9
=9
b=
=

=
==
==
=

_J,._L__
= 1 1 1

R R o Er'tt

5 10 15 20 25

Z | A]
NVT at 300 K, 40 A water

30 35

40 45
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Water/Cu(111) Interface: Water Diffusion

( 40 A water layer in different supercells (100 ps, NVT 300 K) \

Probability distribution of the water molecules
initially within 8 A from the surface:

[T | l l 7
40 - 6
5 8
o
4 9
z (A) 20 E
. T
=
-
2

\_ (4x4) [ﬁxﬁ} (8x8)
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Water/Cu(111) Interface: Water Diffusion

( 40 A water layer in different supercells (100 ps, NVT 300 K) \

Probability distribution of the water molecules initially in the
central 10 A of the water region

z (A)

Aujiqeqoud o

. 7

ES 2017 Workshop Princeton
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Water/Cu(111) Interface: Simulation Setup

(8x8) Supercell, 7 Cu Layers, 40 A Water
1612 atoms (448 Cu, 388 H,0)

CPU time: = 4 s / MD step (serial run)
- _/
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Water at Copper: Vertical Oxygen Distribution

4 : )
Region —0 H —— Bulk O/H
4.0 —H.} | N {“”
g AR ;"f"'n'" / . = ,-":-‘-._:-‘.-—-5"—-'——:——
5 0.0 | T | | |
o
5 49 *) x| zn (100)
3. 2.0 - ‘l__.-' [\ e
3
S 4.01¢)
a I f \ Il (110)
20 LI N
0.0 L1 B | | |
2 1 6 ~ 10 12
Z A
k. e P

5. Kondati Natarajan and J. Behler, Phys. Chem. Chem. Phys. 18 (2016) 28704.
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Water at Copper: Adatom Diffusion

Cu(111)

25.0

12.5 N

[101]=direction [A]

0 22.0
[121])-direction [4]

\ => very mobile

bl
(=]

4.0

3.0

2.0

=
[

o
-]

Mobility of the adatom (1 ns, 300 K)

Cu(100)

5.0 5.0
g 21.0 T 200 T
E & 3.0 E .E 3.0 E
:‘:!l ®10.5 £ 100 &
S 20§ ¥ 20 §
k] : I:I_ -
] | E
-E = 1.0 g e 1.0 £
1 0.0 i 0.0 a

0.0 0,0

0.0 21.0 0.0 &1.5
[O10]=dirsction [A] [G01 J=direction [A]

== basically immobile

J/

5. Kondati Natarajan and J. Behler, J. Phys. Chem. € 121 (2017) 4368.
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Adatom Diffusion at Cu(111) in Water

%

> 40 ps

> 30 ps

'DOH = 20 ps

ﬁuﬁ > 10 ps

.

[ ) 0 ps

Cutside

sobsation
shell

\ => solvation sphere is following the mobile adatom /

5. Kondati Natarajan and . Behler, J. Phys. Chem. € 121 (2017) 4368.
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Summary: Neural Network Potentials

4 B
Advantages of Neural Network Potentials:

* very large systems (> 10 000 atoms)

* very accurate energies (error = 5 meV/atom)
* only atomic positions needed = “reactive”

* fast (200 atoms per second per core)

* universal functional form, not system-specific
* many reference methods possible

. _systematic irr:u provement possible 1. Behler, Phys. Chem. Chem.
* implementation: RuNNer code Phys. 13, 17930 (2011).

Remaining Limitations of Neural Network Potentials:

* construction computationally demanding
* non-physical functional form

=> careful validation required
* restricted number of elements
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