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Amsterdam Modeling Suite

Atomistic & Multiscale Simulations for Chemistry & Materials
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e 8-19 years to develop materials solutions in new markets
e 80-85% R&D programs fail

e >50% R&D spending only incremental improvement

o Catch 22: slow discovery < few new materials

https://www.mckinsey.com/industries/chemicals/our-
Insights/chemical-innovation-an-investment-for-the-ages

Automated - ‘;g’ Automated
Chemical Synthesis Characterization
System }/\f\; /\ Platform

Al-aided Experiment Planning

SimUIaﬁOnS -> prediCt new materials and Optimization System
Robots -> make new materials - .
Al -> improve simulations and DOE

g 4 A

o . ’ch .
X oy S
> «f!:rw..(
e o "(
ipatan ¥

Multiple  Quantum  Calibrate Scharber
Conformers Chemistry Exp.Data  Model

High-performance

. Statistical Promising

computing for nau:;n Design Candidates
... quantum-based _ K ;.

the Matter Lab - Aspuru-Guzik ;. .iations %\ S
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Bottom up Property Prediction

Atomistic modeling
 Decreases search space

 Develops understanding
Input for meso & macro

Batteries:
fast recharge,
high capacity

(m)CPU: high
capacity, |-V profiles

Glass, coating: optical
properties, conductivity

OLEDs, QLEDs: color,
ifetime & efficiency

‘ SCM Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 3



e 1970s ADF: first DFT code to

understand chemistry

e 1980s: Mitsui, Shell, Akzo, Unilever: & 060

-5
D 4 )»{,)U: /7,40() =
= um,— ,f _Jokg
199 S CM. S - ff 5 2,000 200 ©
. S : Spin-off company s - %
= 1,000- - -
= n
o'.wqmtf’"é , 0

o 2010s: DFTB, ReaxFF, COSMO-RS (Albemarle, DSM)

1990 1995 2

000 2
Year

005 2010 2015

articles &patents in materials science with

“density functional theory”, Nat. Mat. 4619

e 2019: Multi-scale: ReaxPro (BASF, Dow, Shell, JM)

e 2023: ~30 people (19 senior PhD’s)

@ scM

Amsterdam Modeling Suite workshop, NTU, 28 Augu1




Continuum

Materials Mesoscale

Nano

Atomistic

Amsterdam Modeling Suite

Fluid Thermodynamics

COSMO-RS
COSMO-SAC

UNIFAC

Kinetics
Kinetic Monte Carlo
Microkinetics

Force Fields

ReaxFF, GFN-FF
Machine Learning Potentials
Apple & P

QM/MM
FDE, Hybrid Engine

Tight binding
GFN-xTB, DFTB

Periodic DFT
BAND, Quantum Espresso

Molecular DFT
ADF

AMS Driver: PES exploration,
MD, MC, TS, IR, phonons, ...

Free Energy

Reaction Coordinate

Integrated GUI, remote jobs

- h N
Wil | r' vyl
B P \,

T
Aifegr - ) “. ) JIRURL
L - £ i
& :rﬂ‘ o .
T : v it
s S S — e
oo e

Train /

Y parametrize yarametrize
| Molecule“g}%%|

l Settings &

Results u
oY puavs B0
Q p
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The graphical user interface (GUI)

Setup & analyze calculations

° AMSJObS

o Mmanage jobs, locally or remotely

. | LE
o extract summaries ﬁ< ji
e AMSinput
. . N\ TNA
o build molecules, periodic systems, D s
polymers, etc.
o Import structures from many formats
« AMSview, AMSlevels, AMSspectra, etc.
_H
o analyze results o -
L . T |
o Visualize structures, transition states, .
orbital densities, DOS, band structure, i ¢
spectra, etc. B

q SCM Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 88



AMS driver: MD with ‘anything’

A unified driver to explore the Potential Energy Surface (PES)
a2 Tasks\

® Molecular dynamics &
o Frequencies & phonons )

o Stress & elastic tensors

® Scan coordinates & constraints

\ © Monte Carlo, etc. /

/

AMS
o” LD V& il
¢ \%é g&tc ,

' LI V) 2 1
:5.'; "',',.'5,'{/'”15' :'/'a."' Ly ;,f::' i

7 1
TR ATt A Y

1
0.25 TV EAARE 2T AT A g omm
[IPRaT DA JT Bl d ! mooowmom
0.24 ::bé_}:'/_y:m_;;'y‘n k_»hj{ ‘_),gn ‘_;bn wooowmom
" i w " w woowm om
u m n nw u

i i ’ driver SL5 ¢

TRkt X
AR
faf rake
EEOARNC

/Engi nes
-' ADF
- BAND

DFTB
“® ReaxFF - F
‘ ) -
\‘ MLP /

rrrrrrrrrrr
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Strong & unique points

_ o All-electron Slaters, all elements
, \ N 4 e ZORA & X2C scalar relativistic
> ¢ ~ « Spin-orbit coupling
2 LT E, ) e Fast GW, BSE, double hybrids
T A" I
3 =, R L*pld'L NI Spectroscopy
SN « EPR,NMR;, IR, Raman, UV/VIS, XANES,

Reaction Coordinate

. . | Bonding analysis
Bonding analysis: Understanding Catalyst-Substrate .
Interactions Nature Chem. 2, 417 (2010) « ETS-NOCV, QTAIM, MO diagrams, NCI

e NTOs, CT descriptors

e [TDM between excited states
V- ) ) ..’
~ ~|“\. \ 2
\\ "4& ] o
. ) Environments

' I d </ . COSMO, SM12, 3D-RISM

¢ o Transfer integrals

¥

e Subsystem DFT (FDE)

NMR calculations locate 13C di-Rh carbene « DRF, SCRF, DIM/QM, QM/FQ, multi-layer
catalyst intermediate, Science, 342, 351 (2013)

. SCM Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 10


http://dx.doi.org/10.1038/NCHEM.614
http://dx.doi.org/10.1126/science.1243200

Dielectric Function Dielectric Function XX
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BAND + Plane Wave codes (QE)

e Atom centered basis functions, STO + NAO

o Compare cluster with periodic

o No pseudopotentials, basis sets for all elements

o Core spectroscopy (core holes)

o Easy orbital analysis: pDOS, COOP, EDA

o Dielectric function: polarization functional, TDCDFT
o Xxc: TASK, SCAN, MN15-L, HSEO6, GLLB-sc, D3(BJ), DFT-1/2, r2SCAN-D4
o Self-consistent spin-orbit coupling

o Self-consistent NEGF (biases, spin)

periodic energy decomposition
analysis (tutorial)

L. Pecher and R. Tonner

WIREs CMS, (2018)

] - : — 9616 COOP in perovskites
e True 2D surfaces, 1D polymers = ‘ '-:.= (tutorial)
: YA - KFREE Goesten & Hoffmann
o Solvation: COSMO, SM12 "o : ». JACS (2018)
o Polarization in z-direction A S
o 1D, 2D electronics (homogeneous E field) ™ S T T T
o Nanotubes
o Integrated GUI + Python I/F Polarizing 2D

semiconductor (tutorial)
N. Zibouche et al.
PCCP (2014)

o Easy set up & analysis
o Switch: ADF, DFTB, BAND, QE (VASP)
o Parametrize DFTB, ReaxFF, MLP

‘ SCM Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 12


https://www.scm.com/applications/materials-science/closing-band-gap-2d-semiconductor-electric-field/
http://dx.doi.org/10.1039/C4CP00966E
https://www.scm.com/doc/Tutorials/Advanced/BAND_PEDA.html
https://doi.org/10.1002/wcms.1401
https://www.scm.com/doc/Tutorials/Advanced/BAND_Bands_and_COOP.html
https://doi.org/10.1021/jacs.8b08038

DFTB: ‘fast DFT’ for molecules & periodic

Approximated DFT
o Nearest neighbor & minimal basis
o Tabulated elec & rep. parameters:
o Grimme GFN-xTB (Z = 1-86)
» GBSA solvation
o QuasiNaNo & DFTB.org

Bpomamaac N
n GFN]_ XTB VvV Capabllltles & Features
- AN BsssssssssBEEEE o UV/VIS for molecules (fast!)
i /v v ivlviviviviviviviviviy e MOs, Band structures, DOS
A o o o R e ’ ’
o« Molecules, 1D polymers, bulk
e NEGF: transmission

eriod

DFTB & MOPAC + AMS driver

« Geometries, frequencies, phonons
o Stress tensors (optimize under p)

e Advanced MD, PES scans

« GCMC, molecule gun (deposition)

I<<I|>>I

‘ SCM Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 13


https://www.scm.com/doc.trunk/Tutorials/StructureAndReactivity/ZN-PES-Scan_TST.html
https://www.scm.com/doc.trunk/Tutorials/StructureAndReactivity/ZN-PES-Scan_TST.html

ode

Single 2D semiconductor material d

250F __ve=0.0vV

200F _v.=10v

b

(o))

o
lJ

Current (1A)
o
o

0 a 1 a 1 a A
00 02 04 06 08 1.0 I I(-L)l

2D PdS, is
* semiconducting as ML
* semimetallic as BL

DFTB-NEGF

* channel lengths of about 2.5 nm
* |-V characteristics tunable by gate voltage

m Semiconducting monolayer

Metallic bilayer

M.Ghorbani-Asl, A. Kuc, P. Miro, and T. Heine, A Single-Material
Logical Junction Based on 2D Crystal PdS2, Adv. Mater. (2016)
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http://dx.doi.org/10.1002/adma.201504274
http://www.scm.com/doc/Tutorials/ElectronicTransport/index.html

ReaxFF - reactive molecular dynamics

) 0 200,000 400,000 600,000 800,000 »
| 1 ’
o Single atom type, bond-order based 3.
ohe . Y 0.001 0.001 0.03 seconds
€ 0.0001 0.0001
o Charge equilibration v
'E 1e-06 1e-06 T
et g 1e-07 1e-07
e Continuous F & E
& CVHD
I 1e-09 1e-09
1e-10 1e-10
Eqom = Eoong + Eiy + Eqer + +E, +E, +
system bond Ip over under val pen 1e-12 e e les2
0 200,000 400,000 600,000 800,000
E _l_ E _I_ E 1T I _I_ E _I_ E MD Iterations
coa C, tors conj H—bond vdWaals Coulomb
. - - Combustion, pyrolysis
ST PN ) ) P B Y 8 Chem. Sci., 2016, 7, 5280
In: distance between atoms, r Parameters = 16
Out: 1, 2, 1.42, etc... Pbo,17Pbo.2Pbo03'Pbo4'Pbo,5:Pbos, o Tos Foof
val,, val,, AL A AL AN
Correction terms f,, f,, f;: BOy(r) = BO,-}(rij) - £,(BOy) - £,(BOy) - f5(BO,) 00 001 C.QZS"m’;r;;n i 005 006
| s e e - P ER T
.e. \ 03 MW::{;;::”.::DOI ;0.3 T fxti’é(mz ’{:‘
dynami(_: bond DPFdE‘FSZ 0.25 PR aoxtolostery 02 RNESIRDER R ‘ *’%"ﬁ;é;‘
depending on distance E s - RV B 827
@ ;. gwi . o ' R
‘% megd 0.1 Yield Point 0.1 ;
o—o e 0.05- " 0.05
o .'_"' Young's Modulus = 6.10 (+- 0.02) GPa
_ 0,05+ o - ~ ' -0.05
@ ® T e T e W
C-C distance (A}
(Ebnnd_} O} A.CT. van Duin et al J. Phys. Chem. A 2001, 105, ?3%94-9409,
] : Polymer formation & Tg, CTE, yield point
Review NPJ Comp. Materials (2016): Y ] Pol Sci B 2_(%’18 5,6Y255 &
The ReaxFF reactive force field: development, applications and future directions - Folym. Scl. »
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https://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/BurningMethane.html
https://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/CVHD.html#realistic-temperature-fuel-pyrolysis-with-collective-variable-driven-hyperdynamics-cvhd
http://dx.doi.org/10.1038/npjcompumats.2015.11
https://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/PolymersBondBoost.html
https://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/PolymersGlassTransitionTemp.html
https://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/PolymersThermalExpansionCoeff.html
https://www.scm.com/doc/Tutorials/Advanced/ReaxFF_polymers_mechanical_properties.html

Density [g/mL]

Epoxy polymers: structure & properties

o Understand & predict how cross-linking effects mechanical properties
o Exp = slow: minutes to hours to reach ~80% cross-linking
o ReaxFF: simulate few ns => accelerate kinetics to get highly xlinked structures

. .

- "
L 2 v
- A

~.¢¢ G
)
& ¥
1}’

T118 ‘ i ‘
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http://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/PolymersMechanicalProperties.html
http://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/PolymersBondBoost.html
http://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/PolymersGlassTransitionTemp.html
http://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/PolymersThermalExpansionCoeff.html

ReaxFF simulations: degradation

Degradation mechanisms perfluoropolyether lubricant on SiO,, Fe,O5 nanoparticles & DLC, effect of
oxygen and water. Work by van Duin (Penn State/RxFFconsulting) with Western Digital

J. Phys. Chem. C, 120, 27433 (2016)
J. Phys. Chem. C, 122, 2684 (2018)
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http://dx.doi.org/10.1021/acs.jpcc.6b09729
http://dx.doi.org/10.1021/acs.jpcc.7b09660

Sputtering, etching, CVD, ALD, PVD

Shoot molecule/atomic targets at surface - Need good force fields:

o High E: sputtering, (plasma/photo?)etching ReaxFF refit short distances
e Low E: CVD, ALD, PVD o Sputtering yields (E, angle)
(movie: Ar / SiO,)
. .8 Remova .
: » + Safebox = 210° v v
= DFT from 0.4 A| —— 27
| fl 31510‘ l_:::x;:(a"”
Insertion ?
[;J :J Translate : ”’ L ‘? f;;a‘"& y %

i Placement

! © i Adsorption

RRK KR E KX

X R

Tutorial CVD: Alumina / Ge(001) =

Atomic Velocities
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../ForConference/ReaxFF-Sputtering-New.mp4
https://www.youtube.com/watch?v=LsUfNiuSULU
http://www.scm.com/doc/Tutorials/MolecularDynamicsAndMonteCarlo/MoleculeGunSimulationCVD.html

Machine Learning Potentlals

AMSpackages P |

Repository: | B https://downloads.scm.com/Downloads/packages/AMS2022.1.ymi |- | | B Local mirror | |§|
° ° Install location: /home/bas/.scm/packages/AMS2022.1.packages
o Automatically install popular ML Backends o T T e ——r

o ADFCRS-2018 Database 2018-1 £ 31890MiB  Uptodate. Yes CRS 2022.1
o +  LFDFT atomic database 1.0-0 &= 1.42 GIB Uptodate. Yes ADF 2022.1

O P re o p a ra m et r I Z e d All ML Potential backends 1.0.0-0 Yes MLPOT 2022.1

i 20221-0 Yes OLEDTOOLS 2022.1
Yes MLPOT 2022.1

)  ANI-1x and 2x (H, C, N, O, F, S, Cl)
i) M3GNet (“Universal”)

o Backends, via ASE
iii) NEqulP, FLARE (on-the-fly)
iv) sGDML

v) SchNet
. N b als
vi) CHGNet N = A Asl= «

e Use MLP with all the tasks in the AMS driver

) MLPOT 20221
MLPOT 20221

MLPOT 20221

AAAAAA

. Element counts

Cs. Hf Ta W Re Os Ir Pt Au Hg TI Pb.

La Ce Pr Nd Pm Sm Eu Gd Tb Dy Ho Er Tm Yb Lu
Ac Th Pa U Np Pu 10

o PES scans, reaction discovery, conformers, IR,
phonons, MD, MC etc.

o Hybrid (multi-layer): combine with other methods
i) O. Isayev et al. Chem. Sci.,, 2017, 8, 3192-3203
i) C. Chen, S.P. Ong., N. Comp. Sci. 2, 718-728 (2022
« CUDA-enabled PyTorch and Tensorflow )% Dot ot ol atre Comm 12 2453 (2050) )
iv) S. Chmiela et al. Comp. Phys. Commun. 240 (2019) 38-45
v) K. T. Schiitt et al,, J. Chem. Theory Comput. 15 (2019) 448-455
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MLPotentials for chemistry

From organic chemistry to catalysis

e Explore conformers with ANI-1x/2x
o CREST & RDKit conformer generation

o Re-score with DFT
o Boltzman averaged properties

e Screen adsorption sites with PESexploration
o Refined (or fully computed) with MLP
o OCP (Open Catalyst Project) via ASE engine
https://opencatalystproject.org/

« Discover chemical reactions with ANI-1xnr (2024)
o Use the nano reactor to accelerate reactions
o Analyze all chemical reactions with ChemTrayZer =

-----

-----

-----

vvvvvvvvvvv

000000000000000000000000000000000000000000000000000000000000
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MLPotentials for (battery) materials

M3GNet, trained to Materials Project 1000x faster than DFT

. . : . . C. Chen, S.P. Ong., Nature C .Sci. 2,718-728 (2022
Li intercallation potentials in layered cathodes en ng., Nature L.omp. >cl (2022)

BN M3GNET
1 EEE DFT & exp.

w

e Liintercalation potentials accurately
predicted with DFT (~100 atoms)

e M3GNet reproduces DFT really well

N
1

w
1

> Li potential

» Mechanical properties
of electrode (volume
change upon lithiation)

[\
1

[
1

Li intercallation potential (V)

o
I

Li migration barriers in Li,TiS, spinel structure

N A N A L S T T T T TOT 1.2
ERES225088 &SSP Fgsggaggag g ® DFT ® DFT ® DFT
””””§”§§§§§35333§§¢§§ s M3GNET s M3GNET s M3GNET
~ 1.0 -
e Lidiffusion through NEB or PES scan o
S o
e M3GNet can accelerate by 1000x 2
. 2 0.6 -
o (Dis)charge curves: GCMC =
c
L 0.4 -
> Activation energy
» Diffusion (kinetics) 0.2
0.0 - ' , . . |
0.0 0.2 0.4 0.6 0.8 1.0

Reaction Coordinates
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ParAMS making parameters optimization easier

All  Jobs Training Set Validation Set Engines
Type  |v | Detail v
° ° ° ° ° Energy TiO2_rutile_PBE_EOS_frame002-Ti02_rutile_F
/ Eneray TiO2_rutile_PBE_EQS_frame005-TiO2_rutile_F
‘ Energy TiO2_rutile_PBE_EOS_frame008-TiO2_rutile_F
Energy TiO2_rutile_PBE_EOS_frame017-Ti02_rutile_P
’ Energy TIO2_rutile_PBE_EQS_frame021-TiO2_rutile_P
Energy Ti02_rutile_PBE_EOS_frame025-Ti02_rutile_P
Eneray TiO2_anatase_PBE_EOS_frame006-TI02_anat
Energy TiO2_anatase_PBE_EOS_{rame011-TiO2_anats
Energy Ti02_anatase_PBE_EOS_frame015-Ti02_anati
‘ Energy Ti02_anatase_PBE_EOS_frame023-TiO2_anat
Energy Ti02_anatase_PBE_EQS_frame027-Ti02_anati
, ’ ’ Energy TiO2_anatase_PBE_EQS_frame032-TiO2_anat.
Energy +0.25°TID2_anatase_PBE_opt-0.5°Ti_PBE-1.0
Energy +0.5°TIO2_rutile_PBE_opt-0.6*Ti_PBE-1.0°02,

Job TiO2_rutile_PBE_EGS_frame017 , use + and - for other sytems in this expression

Optimization Parameters Info Graphs Results

experiments

Loss: loss v

Tune parameters to describe energies, :

v Data From v

aining: loss

Best Training

50

o

loss

o

@

+

~

Prediction (GPa)

&

=

100

a

Stresstensor_diagonal_3d

v Data From

iy

JobiD v W |v | Value/Engines
Ti02_rutile_PBE_EOS_{ 1.0 +3.18402364
TiO2_rutle_PBE_EOS_{ 1.0 +1.34254944
TiO2_rutile_PBE_EOS_{ 1.0 +0.37053637
TiO2_rutile_PBE_EOS_{ 1.0 +0.04469642
Ti02_rutile_PBE_EOS_{ 1.0 +0.37257358
Ti02_rutile_PBE_EOS_{ 1.0 +0.88993688
TiO2_anatase_PBE_EO: 1.0 +5.8811075
TiO2_anatase_PBE_EO! 1.0 +2.46081063
TiO2_anatase_PBE_EO! 1.0 +0.66994903
TiO2_anatase_PBE_EQ! 1.0 +0.11470487
TiO2_anatase_PBE_EO! 1.0 +0.75559278
Ti02_anatase_PBE_EO: 1.0 +1.75512457
TI_PBE ... 1.0 8.88322453
TI_PBE ... 1.0 -8.90843069
Errors Only 58 items

v | Tio2_rutile_pbe_eos_relative_to_3
v | Best Training v

4

v Loss % v

eV 6.12%
eV 0.08%
ev 0.00%
eV 0.21%
eV 3.22%
eV 20.63%
eV 0.33%
ev 0.40%
eV 0.77%
eV A4.21%
eV 7.60%
eV 0.61%
ev 3.58%
eV 4.74%

v

Data From v

—Training (3127): AE_prediction
— Training (3127): AE_reference

w

—&-Training (3127): stresstensor_diagonal_3d
—a-Training (initial): stresstensor_diagonal_3d

Energy (eV)
™

150

o

500

1000 1500 2000

evaluation

forces, geometries, stress tensor, charges,
bandgaps, etc.

Use validation sets to prevent overfitting

0

All  Jobs Training Set Validation Set Engines

Type
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy

Job TiO2_anatase_PBE_EOS_frame019 , use ¢ and - for other sytems in this expression

Results

v Detail v
TiO2_rutile_PBE_EOS_frame002-TiO2_rutile_F
TiO2_rutile_PBE_EOS_frame005-TiO2_rutile_F
TiO2_rutile_PBE_EOS_frame009-TiO2_rutile_F
TiO2_rutile_PBE_EOS_frame017-TiO2_rutile_P
TiO2_rutile_PBE_EOS_frame021-TiO2_rutile_P
TiO2_rutile_PBE_EOS_frame025-TiO2_rutile_F
TiO2_anatase_PBE_EOS_frame006-TiO2_anat
TiO2_anatase_PBE_EOS_frame011-TiO2_anata
TiO2_anatase_PBE_EOS_frame015-TiO2_anat:
TiO2_anatase_PBE_EOS_frame023-TiO2_anat
TiO2_anatase_PBE_EOS_frame027-TiO2_anat:
TiO2_anatase_PBE_EOS_frame032-TiO2_anat.
+0.25°TiO2_anatase_PBE_opt-0.5°Ti_PBE-1.0
+0.5*TiO2_rutile_PBE_opt-0.5*Ti_PBE-1.0*02,

e Submit multiple optimization at the same ——
time to explore parameters space =

e Raw Result
Mean

Explore the sensitivity of the parameters to
select the most important subset to optimize

Train DFTB, ReaxFF, Force field, and ... MLP

J. Chem. Inf Model 2021, 61, 8 3/3/-3/43
J Chem. Theory Comput. 2023, 19, 9, 255/-25/3
https./www.scm.com/product/pbarams

naramatar leartad hu cancitivitul

le+ll

le+10

le+9

le+8

le+7

le+6

le+5

le+4

loss

le+3

le+2

0.1
0.01

0.001
0 200

~Training: loss

400

600 800

evaluation

1000

JobID v | W v | value/Engines v
TiO2_rutile_PBE_EOS_f 1.0 +3.18402364 ev
TiO2_rutile_PBE_EOS_f 1.0 +1.34254944 ev
TiO2_rutile_PBE_EOS_f 1.0 +0.37053637 eV
TiO2_rutile_PBE_EOS_f 1.0 +0.04469642 ev
TiO2_rutile_PBE_EOS_f 1.0 +0.37257358 ev
TiO2_rutile_PBE_EOS_f 1.0 +0.88993688 ev
TiO2_anatase_PBE_EO! 1.0 +5.8811075 ev
TiO2_anatase_PBE_EO! 1.0 +2.46081063 eV
TiO2_anatase_PBE_EO! 1.0 +0.66994903 ev
TiO2_anatase_PBE_EO! 1.0 +0.11470487 ev
TiO2_anatase_PBE_EO! 1.0 +0.75669278 ev
TiO2_anatase_PBE_EO! 1.0 +1.76512457 ev
TiO2_anatase_PBE_opt 1.0 -8.88322453 eV
Ti_PBE ... 1.0 -8.90843069 eV

Errors Only 58 items
1. Ti_Other
0.Ti.O

\

OTi

1200 1400

h&

N

Th——

1600

1800

Loss %
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https://www.scm.com/product/params
https://www.scm.com/product/params

Training MLP with ParAMS

Active learning workflow

Initial (1) Use ML to

Train ML
dataset U generate new data

Small and conservative

. Add last DFT frame

(2) Use ML to Replay with
generate new data DFT

Bigger, bolder (longer MD,
higher T, more molecules, etc.)

Train ML Accurate?

amshome/scripting/scm/params/examples/ActivelLearning Final model t¢ (#) Even bigger.. pmml (=l
https./www.scm.com/pbroduct/params
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Hybrid Engine

o Multi-layer (subtractive, QUILD, ONIOM)

o combine any periodicity, number of layers, and QM or FF methods

o 2-layer: (additive) QM/MM
o any periodicity
o QM: ADF, DFTB, BAND, MM: Force Field engine

- . . r/ v . . 7
SCM File Edit Select Atoms Bonds View Help [ \ .
. E °
j; Main |m Properties Details Q f P EYb.'"
‘ k @ Engine
Task: I Geometry Optimizatio ‘ v o "
equencies es
odicity: lab | &

Demo video

N C ONU HYX,0 &% D
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https://www.youtube.com/watch?v=TINK9e_5Zd8&t=1358s

Quantum Chemistry & QSPR for quick property predictions

COntinuum Solvation MOdel + RS (Klamt), SAC (Sandler)
chemical potential => activity coefficients => instantaneous properties

p-Tolyl acetic acid

surface charges calculated

Solvation & excess energies, pKa
Solubilities, LLE, VLE, boiling points

Optimize mixtures: solubility, LLE
Polymers: Flory-Huggins X
QSPR & fast sigma: using SMILES

14

r= g .
o - = .
(o) === c1: Ethanol = ozl s | :
W, S e i
] r’ ¢ E (T ] .;'f ’ ' "‘ ;
. e - g - v
13 1 Sigma profile: 1D surface ?"' a "y - : »
10 1 charge histogram P g = wl't/ 4 Bl cie
7 ' Hexane/Water — / 4 R
2 > = "8/ pc
4 B Benzene /Water -g 1 _.-.-':‘.-t A
1 L ™ f———f‘“‘fﬂ K /- Ethoxyethane/Water E = 5?’ "
.0.021 .0.014 -0.007 0.0 0.007 0.014 0.021 i M - Dﬁ :r
o le/AT2) experimental TR R T e T 3.0
P (bar)
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COSMO-RS: solubility in (polymeric) ionic liquids

20

®  experimental data-298.2K ' CHy-CH -
predictive value-298.2K
® experimental data-323.2K @
15 predictive value-323.2K
A cxperimental data-348.2K CH,

CH 1" cn,
No
BF,
CH, s

predictive value-348.2K

—
(=]
1

COSMO-RS Predictions

Solubility (mol/L )

0 10 20 30 40 50 60 70
P/(bar)

« COSMO-RS predicts beyond parametrization

8
B Experimental
7 B Colculated (opposed to UNIFAC)
6 oo, o
. * Works well for SO, solubilities
= 4 * Improvements for CO, (2018)
T3 . .
, * Combined with polymer terms (2021)
1
0
év?\év & & Lei group: Chem. Rev., 114, 1289-1326 (2014),
\&@\\ RO @\\ @\\ & \‘\\\‘\\\ é\\\\\\\ \@\\ {b@“\c)@“ Green Energy & Environment (2018),
N T R AR h Green Energy & Environment (2021)
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http://dx.doi.org/10.1021/cr300497a
https://doi.org/10.1016/j.gee.2018.01.001
https://doi.org/10.1016/j.gee.2021.03.009

Enjoy the workshop!

SCM

Software for
Chemistry &
Materials

Amsterdam
Modeling Suite

Making Computational
Chemistry Work

For You Try for free


mailto:goumans@scm.com
http://www.scm.com/

Summary: Amsterdam Modeling Suite

o Couple atomistic, meso & macro

o Integrated User Interfaces

o Graphical
Python layer

O

hr |

ms

o Connections to third party

o Applications

o Catalysis

o Organic electronics
Batteries
Polymers

O

O

Molecule

1 l\ (DFT, MD, CPMD

- Reactor Scale (CFD)
me \
e Cat-alytic Pellet ,‘
/' Scale (KMC, CFD) /
[ l
| /
|\ »
: Nanoparticle Scale
Chemistry  \xm, kmc, camo)
1 / Electronic/Atomistic/ . 8 Chemistry &
{ Molecular Scales /~ gitees

Mass Transport

Length Scale

mm <om m

Morphology

Energies
L S/

g §
o

Result

*! Device1
Device 2

rrent density [mA cm~2]
o - -

N

555555

IP
'5

@ SCM
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Polymers: QSPR with sigma-moments

%‘ 400 600 -

2 a

< 2

= 'S

o) ©

£ 250+ @)

3 3

O

> 200 Z

= ==

S 150 =

= )

S 100 E

- Q

£ 50 3

= L

(€]

L 0 50 100 150 200 250 300 350 400 0 100 200 300 400 500 600
Estimated Molar Volume (cm”3/mol) Estimated Heat Capacity

ro2;

- Molar volume: > 0.99

- Heat Capacity: 0.96

« Glass Transition Temp. : 0.81

Average absolute error:
- Molar volume: 3.1 cm”3/mol
» Heat Capacity: 13.8 J/(mol K)

0 100 200 300 400 500 600 700 » Glass Transition Temp. : 45 K
Estimated Glass Transition Temperature (K)

Experimental Glass Transition Temperature (K)
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Hydrodesulfurization MoS,: exp + calc

o STM with high p & T (different H,/H,S pressure)

« BAND calc. 2D=> phase diagram of edge -> compare with exp
o Reaction pathways (Albemarle: partial Hessian in BAND very useful!)

50%S-50%H

50%S-50%H-MT

ss: 0.09%
eq: 0.09% ss: 8.2 x 107%%
eq: 8.5 x 1074%

63%S-50%H

ss: 80.6% . ss: 13.8%
ss: 1.18% eq: 13.7%
eq:1.17%

Nature Communications 10, 2546 (2019)
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https://www.nature.com/articles/s41467-019-10526-0/

CH, and H, dissociation on Ni/y-Al,O,

o Dissociation at TMO - NP interface preferred
o Aluminum acts as electron donor
e Need 2D to polarize surface

CH4H, CH3H 0.8 |

0.6

0.4

0.2

0.0

-0.2

-0.4

Relative energy(eV)

-0.6

-0.8 ¢
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Electrochemical activation Mole, for H, evolution

J « 1T'-MoTe, catalyst improved at bias
» 2D surfaces + COSMO solvation

« H adsorbs on Te at cathodic bias

The rapid electrochemical activation of MoTe, for the hydrogen evolution reaction Nature Comm. 2019

* SCM Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 33


https://www.nature.com/articles/s41467-019-12831-0

Flory-Huggins from COSMO-RS

N ,;,— Number of moles of polymer /solvent

¢,,s— Volume fraction of polymer/solvent
X »s— Flory — Huggins Parameter

AC;mix

4

Experimental FH Parameter

Estimated FH Parameter
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Making parameters optimization simple
What can you do with ParAMS?

Import, build and visualize training data
® Use data from AMS, VASP, QE, and experiments

® Tune parameters to describe energies, forces
geometries, stress tensor, charges, bandgaps, etc.

® Use validation sets to prevent overfitting

® Submit multiple optimization at the same time to
explore parameters space

® Explore the sensitivity of the parameters to select
the most important subset to optimize

® Train DFTB, ReaxFF, Force field, and ... MLP

J. Chem. Inf. Model. 2021, 61, 8, 3/3/-3/43

J. Chem. Theory Comput. 2023, 19, 9, 255/-25/3 1

https./www.scm.com/broduct/params

Job Ti02_rutile_PBE_EOS_framen17 , use € and > for other sytems in this expression

Optimization Parameters Info Graphs Results

All  Jobs Training Set Validation Set Engines

Type
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy
Energy

Detail v
TiO2_rutile_PBE_EOS_frame002-TiO2_rutile_F
TiO2_rutile_PBE_EOS_frame005-TiO2_rutile_F
Ti02_rutile_PBE_EOS_frame009-Ti02_rutile_F
TiO2_rutile_PBE_EOS_frame017-TiO2_rutile_P
TiO2_rutile_PBE_EOS_frame021-TiO2_rutile_P
TiO2_rutile_PBE_EOS_frame026-Ti02_rutile_F
Ti02_anatase_PBE_EOS_frame006-Ti02_anat
TiO2_anatase_PBE_EQS_frame011-TiO2_anats
Ti02_anatase_PBE_EOS_frame015-Ti02_anat:
Ti02_anatase_PBE_EOS_frame023-Ti02_anat
Ti02_anatase_PBE_EOS_frame027-TiOZ_anat:
TIO2_anatase_PBE_EOS_frame032-TiO2_anat;
+0.25°Ti02_anatase_PBE_opt-0.5"Ti_PBE-1.0
+0.5°TiO2_rutile_PBE_opt-0.5°Ti_PBE-1.0°02,

JobiD v W v | Value/Engines v | Loss% v
TIO2_rutile_PBE_EOS_{ 1.0 +3.18402364 eV 612%
TiO2_rutile_PBE_EOS_f 1.0 +1.34254944 eV 0.09%
TiO2_rutile_PBE_EOS_f 1.0 +0.37063637 eV 0.00%
TiO2_rutile_PBE_EOS_{ 1.0 +0.04469642 ev 0.21%
TiO2_rutile_PBE_EOS_f 1.0 +0.37257368 eV 3.22%
TiO2_rutile_PBE_EOS_f 1.0 +0.88993688 eV 20.63%
TIO2_anatase_PBE_EO! 1.0 +5.8811075 eV 0.33%
TiO2_anatase_PBE_EO! 1.0 +2.46081063 eV 0.40%
TiO2_anatase_PBE_EO! 1.0 +0.66994903 eV 077%
Ti02_anatase_PBE_EO! 1.0 +0.11470487 oV 4.21%
TiO2_anatase_PBE_EO! 1.0 +0.75550278 eV 7.60%
TIO2_anatase_PBE_EO: 1.0 +1.75512457 eV 0.61%
TLPBE... 1.0 -8.88322453 eV 3.58%
Ti_PBE . 10 -8.90843069 eV a74%

ErrorsOnly 58 items

Loss: loss v | Stresstensor_diagonal_3d v | TioZ_rutile_pbe_eos_relative_to_3 v
v Data From v | Best Training v Data From v | Best Training v Data Fram v
le+a 50 - i 4 7
Se+3 ot —Training (3127); AE_pradiction
- o ——Training (3127): AE_reference
5 0 3 !
2e+3 & T s
. le+3 - _ * 2
8 5e+2 5 so0 . iy 2
E £ . 3
2e+2 E s —8-Training (3127): stresstensor_diagonal_3d | §
3 ]
le+2 ok by £ 100 . —s-Training (inttial): stresstensor diagonal 3d|
50
1 1504 04 !
] 500 1000 1500 2000 2500 3000 3500 120 70 20 30 45 50 55 60 65 70 75
evaluation Reference (GPa) Velume (42)
Al Jobs Training Set Validation Set Engines
Type v | Detail v | JobiD v | W v | Value/Engines v | Loss% v
Energy TiO2_rutile_PBE_EOS_frame002-TiO2_rutile_F TiO2_rutile_PBE_EOS_{ 1.0 +3.18402364 ev
Energy TiO2_rutile_PBE_EOS_frame005-TiO2_rutile_F  TiO2_rutile_PBE_EOS_{ 1.0 +1.34254944 eV
Energy TiO2_rutile_PBE_EOS_frame009-Ti02_rutile_F TiO2_rutile_PBE_EOS_{ 1.0 +0.37053637 eV
Energy TIO2_rutile_PBE_EOS_frame017-TiO2_rutile_P  TiO2_rutile_PBE_EOS_{ 1.0 +0.04469642 eV
Energy TiO2_rutile_PBE_EOS_frame021-TiO2_rutile_P  TiO2_rutile_PBE_EOS_{ 1.0 +0.37257358 eV
Energy TiO2_rutile_PBE_EOS_frame025-TiO2_rutile_F TiO2_rutile_PBE_EOS_{ 1.0 +0.88993688 ev
Energy Ti02_anatase_PBE_EOS_frame006-TiO2_anat TiO2_anatase_PBE_EO! 1.0 +5.8811075 ev
Energy TiO2_anatase_PBE_EOS_frame011-TiO2_anats TiO2_anatase_PBE_EO! 1.0 +2.46081063 oV
Energy TiO2_anatase_PBE_EOS_frame015-TiO2_anatc TiO2_anatase_PBE_EO! 1.0 +0.66994903 ev
Energy TiO2_anatase_PBE_EOS_frame023-TiO2_anat TiO2_anatase_PBE_EO! 1.0 +0.11470487 eV
Energy Ti02_anatase_PBE_EOS_frame027-TiO2_anati TiO2_anatase_PBE_EO! 1.0 +0.75559278 eV
Energy TiO2_anatase_PBE_EOS._frame032-TiO2_anat. TiO2_anatase_PBE_EO! 1.0 +1.75612457 eV
Energy +0.25*TiO2_anatase_PBE_opt-0.5*Ti_PBE-1.0' TiO2_anatase_PBE_opt 1.0 -8.88322453 eV
Energy +0.5°TiO2_rutile_PBE_opt-0.5*Ti_PBE-1.0*02. Ti_PBE ... 1.0 -8.90843069 eV

Job TiO2_anatase_PBE_EOS_frame019, use ¢ and - for other sytems in this expression

Sensitivity Parameters Info Graphs Results

.
0.25 % « Raw Result
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0204 o
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https://www.scm.com/product/params

Training MLP with ParAMS

Active learning workflow

Initial Use ML to Replay with

?
dataset generate new data DFT Accurate:

Geometry
optimization
~10 steps

Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 363



Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with

?
dataset generate new data DFT Accurate:

Geometry  Training 1.1

optimization 9 training
~10 steps 5 validation

Amsterdam Modeling Suite workshop, NTU, 28 August © 2023 SCM 37




Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with
dataset generate new data DFT

12.5 s NVT 100 K

Accurate?

Geometry  Training 1.1

optimization 9 training
~10 steps 5 validation
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Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with
dataset generate new data DFT

125 fs NVT 100K = —

Accurate?

Geometry  Training 1.1
optimization 9 training
~10 steps 5 validation

DFT references (eV/A)
[ ]
..
[ N ] ®
® [ ]
° .. L]
° o ®
® o
[ ]
<
Il
X

0.10 -0.05 0.00 0.05 0.10
Predictions (eV/A)

MAE = 1.83 eV/A
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Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with
dataset generate new data DFT

125 fs NVT 100K = —

Accurate?

Geometry  Training 1.2
optimization 13 training
~10 steps 6 validation

DFT references (eV/A)
[ ]
..
[ N ] ®
® [ ]
® .. L]
° e ®
® o
[ ]
<
Il
X

0.10 -0.05 0.00 0.05 0.10
Predictions (eV/A)

MAE = 1.83 eV/A
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Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with
dataset generate new data DFT

12.5 fs NVT 100K - -

Accurate?

Geometry  Training 1.3
optimization 17 training
~10 steps 7 validation

DFT references (eV/A)
| |

-1 0 1
Predictions (eV/A)

MAE = 1.32 eV/A
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Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with
dataset generate new data DFT

12.5fs NVT 100K e

Accurate?

Geometry  Training 1.4
optimization 21 training
~10 steps 8 validation

DFT references (eV/A)
| |

-1 0 1
Predictions (eV/A)

MAE = 0.26 eV/A
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Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with
dataset generate new data DFT

12.5ts NVT 100K e

Accurate?

Geometry  Training 1.5
optimization 25 training
~10 steps 9 validation

DFT references (eV/A)
| |

-1 0 1
Predictions (eV/A)

MAE = 0.25 eV/A
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Training MLP with ParAMS

Active learning workflow

No

Initial Use ML to Replay with
dataset generate new data DFT

12.5fs NVT 100K e

Accurate?

Geometry Training 1.16
optimization 69 training
~10 steps 20 validation

DFT references (eV/A)
1 | |

-2 -1 0
Predictions (eV/A)

MAE = 0.10 eV/A
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Training MLP with ParAMS

Active learning workflow

Yes

Initial Use ML to Replay with

A te?
dataset generate new data DFT ceurate

Forces

Geometry Training 1.16
optimization 73 training 25 fs NVT 100 K

~10 steps 21 validation

DFT references (eV/A)
| |

-2 -1 0 1
Predictions (eV/A)

MAE = 0.18 eV/A
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Training MLP with ParAMS

Active learning workflow

Yes

Initial Use ML to Replay with

A te?
dataset generate new data DFT ceurate

Forces

Geometry Training 14.9 ;
optimization 220 training '
~10 steps 55 validation

g
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o

2.5 ps NVT 300 K

DFT references (eV/A)
|

|
= o
U

o
!

=
wn
!

15 -1.0 -05 00 05 1.0 15 2.0
Predictions (eV/A)

MAE = 0.05 eV/A

Final model




Summary

o« Compute the initial training set of reference
calculations

o Select the ML model to optimize (nequip, flare)
o Define the series of test tasks (default/custom)
e Run an interactively follow the training procedure
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