XACS R [

Xiamen Atomistic ‘\/\F
Computing Suite Z\ N
XACScloud.com

MLatom.com

Pavio O. Dral
MLatom@XACS, Xiamen University

excited-state simulations
with Al

Virtual International Seminar on Theory Advancement” (VISTA)
20 March 2024 &



XA
CS Group & Acknowledgements %
Hiring post-docs, PhD & MSc students! Funding
P S
ERBANFEEEZRS

National Natural Science Foundation of China

EREAFREREE

TAN KAH KEE INNOVATION LABORATORY



| Poland b ! <~ g NG o A Chita
i P -5 IO gt 7 MpKyTeK 4 :
rlands Berline o, e LB B y U - Mura
U W W AcTtaHa “- SE IR (T
'V Germany © > X .~ Ulan-Ude.

2 1 Ynan-yaa
Ulaanbaatar
. Kazakhstan Vﬂaaﬂgaaﬁp

Mongolia

Black Sea o Bishkek, i, 20 INNER

i ial_  Bilukek ; MONGOLIA D 2
®Rome Bulgaria Georgia »- 18 hr L e LR
o = _ Kyrgyzstan 2 ' ‘Beijing - "

istanbul Ankara Azerbaijan : XINJIANG \:—1%?"\

At

Grge L ) = ”
B y ff Photo: CC'BY-SA 3.0, Turkmenistan Tajikistan =
: Athens b

| htﬁ;s: //commons:wikimedia.org/w/index. pﬁhﬁ?curid =
27584741

HEBEI'} ~

Lo GANSU’
'NINGXIA~ /'SHANXI'
QINGHAI ‘ % SHAANXI

.- SHANDONG
Yellc

VJIANGSU

< W HUBEI Bl X %
LS e chongding = L8 o R S E
i) SNEK Y YZHEJIANG

TN ;

“GUIZHOU" SHUNAN ‘JIANGXI " "~

TIBET

~Ca. 2 min people on )g'”am_eg ;slan

o

[}
Hong Kong
BE

1@
South p—

hina Sea + la

= ilip|

Arabian Sea

= I'?ana

)
GO g|e Palawa ' Negi

A sin:




XACS

Xiamen Atomistic

e NglO g i;ts rank top 1% globally. 11th in Mainland China.

XACScloud.com

ILatom.com
-

ranks,;t@p 1%0 globally (Esi as of March 2019).

i

8 \
> \-

V)
| Engineering

/

\'a' \.,. '
\‘| "‘ , ‘

Material Science

Clinical Medicine

/ Clinical Medicine N,

Plant and Zoology

Microbiology /

Mathematics /

Agriculture




Xiamen Atomistic
Computing Suite
ccccccccccccc

Develop AI methods and concepts to break the
limitations of traditional quantum chemistry

Educate and
promote
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Preface

Introduction

Very brief introduction to quantum chemistry
Density functional theory

Semiempirical quantum mechanical methods

MLatom.com

From small molecules to solid-state materials: A brief
discourse on an example of carbon compounds

Basics of dynamics

Machine learning: An overview

Unsupervised learning

Neural networks

Kernel methods

Bayesian inference

Machine learning potentials

Potentials based on linear models

Neural network potentials

Kernel method potentials

Constructing machine learning potentials with active learning
Excited-state dynamics with machine learning
Machine learning for vibrational spectroscopy

65
authors!

Molecular structure optimizations with Gaussian process
regression

Machine learning of quantum chemical properties
Learning electron densities

Learning dipole moments and polarizabilities

Learning excited-state properties

Machine learning-improved quantum chemical methods

Exercises
on GitHub

Learning from multiple guantum chemical methods: A-learning,
transfer learning, co-kriging, and beyond

Data-driven acceleration of coupled-cluster and perturbation
theory methods

Redesigning density functional theory with machine learning
Improving semiempirical gquantum mechanical methods with
machine learning

Machine learning wavefunction &
Analysis of Big Data o
Analysis of nonadiabatic molecular dynamics trajectories .
Design of organic materials with tailored optical properties:
Predicting quantum-chemical polarizabilities and derived b(’ 6
quantities
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TOP 2

Timing

Molecular
Mechanics

S 7
cl‘\ oCIENCES 4’4?

READ ARTICLES OF 2021

FICIALAUTH
0L

5

DFT

Semi-

.. *

empirical AIQM1

« Accuracy of CCSD(T)

 Orders of magnitude faster
than B3LYP

AIQM1: P. Zheng, R.
Zubatyuk, W. Wu, O. Isayey,

> P. O. Dral, Nat. Commun.

Accuracy 2021, 12, 7022 &
*CHNO elements only — extensions on the way RS

P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 & 7
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Quantum chemistry approximations
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A GWRY AND Mgy
e&\ SCIENCES 4’4(,
ADb initio CCSD(T) - gold standard, very slow
TOP 25 (use it if you can!)
READ ARTICLES OF 2021
ofFICIALAUTHoR DFT | B3LYP - is much faster than the CCSD(T) but is
- much less accurate -
g Do not use B3LYP if
= Semi- ou can use AIQM1!
. %Y :
§ empirical AIQM1
— « Accuracy of CCSD(T)
 Orders of magnitude faster
Molecular than B3LYP
Mechanics AIQM1: P. Zheng, R.
Zubatyuk, W. Wu, O. Isayey,

> P. O. Dral, Nat. Commun.

Accuracy 2021, 12, 7022 &
*CHNO elements only — extensions on the way b{b\’

P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 & 8
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A \\} Ar
| — — N~~~ 7N\
TOP 25 " Not so S|mple for
READ ARTICLES OF 2021
OFFICIALAUTHOR excited states!
g, - L= I much less accurate Do not use B3LYP if
= Semi- you can use AIQM1!
§ empirical AIQM1*
— « Accuracy of CCSD(T)
 Orders of magnitude faster
Molecular than B3LYP
Mechanics AIQM1: P. Zheng, R.
Zubatyuk, W. Wu, O. Isayey,

> P. O. Dral, Nat. Commun.

Accuracy 2021, 12, 7022 &
*CHNO elements only — extensions on the way b{b\’

P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 & 9
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Why excited states are challengin

Small nuclear
displacements change
the wavefunction

QM methods have
different accuracy for
different characters

Potential energy

Geometries with strong
multireference character

Nuclear coordinates are challenging

| cs > * | nTr*) |1T1T*>
1L —— TI'* _,_ Tr*
:2—0— 1"-"[ —— 1r']r -‘—,—I]r p°(°

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 & 10



Potential energy

|Tm*> |n11*> Small nuclear

displacements change
| the wavefunction

(

Accurate simulations are
as slow as a snail!

Nuclear coordinates

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388



Why excited states are challen

| Quantum
- Chemistry

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 ¥ 12



- Quantum chemistry vs Machine learning

Conventional programming in quantum chemistry:
—— Code for molecular orbitals

—— (Code for excitation energies

—— (Code for oscillator strengths

—

Machine learning (in principle - adaptations required!):
—— The same code for all above

| T |

MOs excitation energies Oscillator strength
Training data &
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ooooooo

N QM calculations are needed to
simulate spectrum

AE

; 2 WR)y T io(nE)
j At g
@ (. Tl
QM‘:-::.E‘
. @
QM _ & ‘-
QM R
o°<°

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 } 14
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ML-nuclear ensemble approach (ML-NEA) @

N QM calculations are needed to

simulate spectrum With ML, only M << N

QM calculations are needed

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 & 15
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ML-nuclear ensemble approach (ML-NEA) @ [

MLatom.com

ML-NEA

Learned properties:
» excitation energies

AEOn(Xi)

« Oscillator strengths

fOn(Xi)

0.02 A
0.12

QC calculations

| QC calculations

‘ |||th|l‘

"

A Il

0.10 1 5.00
0.08 1
0.06 A

0.04 ~

0.02 A

\MWWM ™

0.00

4.75 500 525 550 575 6.00 6.25 650 675

NfS
7T62h 1 (E - AEOn)Z
AE —
chsoEz Z on (X¢) fon (%) \/27-[(5/2)2 p( 2(6/2)? )
B.-X. Xue, P. O. Dral, M. Barbattl, J. Phys. Chem. A 2020, 124, 7199-7210

o(E) =

525 550 575 6.00 6.25 6.50 6.75

Machine learning (ML)
simulates high precision
cross sections ¢(E) using
large ensembles (NV,=50000)
with small fixed broadening
parameter 6=0.01 eV
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Ntr

f(Xi) = 2 ajk(xi,xj)

J=1

1
202

k(xi,x]-) = exp <—

(o is the kernel width)

Analytical solution for the regression coeff

The KREG model

Ny

2.

the Gaussian kernel function T

Red
R

RE descriptor

(xi,s — xj,s)2>

S

cients a given N, training points

e(x1,%1) + 4 k (Xl’thr) of! Y1\ 1is the regularization parameter
: : =1 ’ ensuring transferability
k (XNtr'Xl) k (thr, XNtr) + 1) \Ntr INer
The KREG model (Kernel ridge
(K+ ADa=y regression  [KRR] with RE
for tuning descriptor and the Gaussian
A 7 kernel function; RE descriptor
- -ﬂ 14
Sub training set Va“date, hyperparameters stands for Internuclear distances
‘l' Relative to Equilibrium) to
_ complete all the ML tasks. &
Train &°
&
P. O. Dral, A. Owens, S. Yurchenko, W. Thiel, J. Chem. Phys. 2017, 146, 244108 ¥ 17
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Automatic selection of training points
0.4 -
©
Optimal number of training points can be
0.31 determined automatically using iterative
procedure that stops after the relative
0.2 - change in ML validation errors drops below
W the threshold (typically rRMSE < 0.1).
S 011
% K 'RMSE = RMSEgeom(Ntr) RMSEgeom(Ntr _ step)
0.0 ) RMSEgeom(Ntr)
-0.1{ [P 2N [T Ns
RMSEgeom(Ntr) = - RMSEAEOn(Ntr) 'RMSEfOn(Ntr)
1=
—0.2 - |
0 250 500 750 1000 1250 1500 1750 20( o
Number of training points g

B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199-7210 ¥ 18
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s Machine learning single-photon absorption spectra \
initial geometry, r_r________._._.___? ________________ ﬂ'_-:
input files for ’ 1 Geometry optimization & / eq.Xyz / I
b QC calculations Lo frequency calculations ) freq.out : :
L . — ! -
| N : : _ . Newton-X sampling from : :
NZ NN ’ Lo S0k geometries Wigner distribution L
(I —— (.
o o
: : Ntr = Ntr + 50 > QC calculation -'/ QC E, fdata /L : :
1o 7 1o
) 1 )
1o 11
1 ML training 1
- o1
- o1
1o | | I
I
||“ | Lo rRMSE | | ML model |
T : : spectrum : ll
(I calculation 11
b Lo Xue
1o | —— I
1o 1o
I / ML E fdata f predicting 1o
L A o
ML-NEA method: B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199-7210 0\.‘9
Implementation in MLatom: P. O. Dral, F. Ge, B.-X. Xue, Y.-F. Hou, M. Pinheiro Jr, J. Huang, M. Barbatti, PN

Top. Curr. Chem., 2021, 379, 27 & 19
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- High-precision spectra of benzene
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MLatom.com

Two different mesium-sized ensembles

T o195 | — TD-50K of the same size (500 points) sampled
= - 1-TD-500,6=0.01 . . . . .
S 0.150| — 1:70-500,6-0.05 « fr_om a Wigner distribution give very
. different spectra at QC level
2{0.100~
cC |
2 0.075 v 0.14] — TP-50k
o S —— 1-ML-500
@ 0.050 @ 0.12{ — 2-ML-500
& o
8 0.025 E 0.10-
Q
0.000 - " T T - : - o~
50 52 54 56 58 6.0 62 64 6. <L .081
Energy, eV c
~ 0.30] 2 0.06
' —— TD-50k O
S 5] — 2-TD-500,6=0.01 @ 0.041
o | — 2-TD-500,6=0.05 v
IS 8 0.02-
€ 0.201 b
O
»: 0.00 - : , : , . ,
< 115 50 52 54 56 58 60 62 64 6.6
S Energy, eV
g 0.10+
" ML trained on both QC ensembles
n 005 - - - -
o \ g considerably improves precision of spectra
QO . ‘= » . . o&
000 52 54 56 58 60 62 64 66 that are very similar to each other 0\9
Energy, eV PN

B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199-7210 & 20
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‘XACS The error of ML vs reference QM is smaller than

woion  the error of QM vs experiment l/\ W atom com
35 1.8 N
_— _ l —— experiment N
| —— experiment QD 1.6 C O
2 30| — TD-50K 3 ML-2k g g
o B> 9 1.4 — mL100 |
¥ —— ML-250 = NZ SN
— @)
S 2.5 c 1.2 ’
= ~N. 1.0
~N_ 2.0 oL
o -
= < 0.8
S 15 S
- o 0.6
= @
@ 1.0 N 04
n n
(Vp]
B 0.5 O 0.2
O —
O “ o o-J
A 5.0 5.5 6.0 6.5 7.0 | 3 4 > °
- - - - - ' Energy, eV
Energy, eV
o°<°
0\0
N

B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199-7210 & 21
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. Black-box implementation into MLatom

XACScloud.com

4.0{ — ML-2k
— ML-100
— TD-100

3.0 {38 atoms and 30 excited states
Only 100 training points are sufficient!
2.5 {ML training and predictions are very fast

N MLatom.com (minutes)
‘ ‘ C.. 2.0 |

3.5

A2 molecule™1

o
| t; 1.51
A 1.0
P 0.
N= Y
newtonx.org 8 0.5 -
2 O
0.0 : : '
ML-NEA i ilable i 3 4 > ° !
- is available in Ener o
MLatom interfaced to Newton-X ergy, ev @\59

B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199-7210 & 22
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Black-box implementation into MLatom
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oW
|

ML-NEA-2k

ML-NEA-200
— ML-NEA-250
—— ML-NEA-300

w
o
!

N
(%]
!

cross-section
Nexcitations=30
del1taQCNEA=0.05
NQMpoints=2000

N
o
1

=
w
Il

=
o
1

Cross section, A2 molecule!

0.0 +

3 4

Energy, eV

O

Cross section, A2 molecule®

ensemble-50k
ensemble-100k
ensemble-150k
ensemble-200k
ensemble-300k
ensemble-400k
ensemble-500k
ensemble-1M

-

cross-section
Nexcitations=30

deltaQCNEA=0.05 | /

NNEpoints=50000 | /
nQMpoints=200 /

7~ =
NN

_

N /
/ \

/ \

/

Energy, eV

AR
"b

&
P. O. Dral, F. Ge, B.-X. Xue, Y.-F. Hou, M. Pinheiro Jr, J. Huang, M. Barbatti, Top. Curr. Chem., 2021, 379, 27 23
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MLatom: Program for AI-enhanced computational chemistry

MLatom.com

Open source

L

i

DM2, PM6

ANI1x, ANI2x

AlQM1,
AIQM1@DFT,
AIQM1@DFT*

ANI1lccx

NI, PhysNet,

HF, MP2 B3LYP, 0
coupled cluster wB97x, GFN2-xTB
|

l ab initio

[ DET

[ semi-empirical

4 @ N

HIy) = E|)

k QM methods /

P. O. Dral, F. Ge, Y.-F. Hou, P. Zheng, Y. Chen, M. Barbatti, O. Isayev, C. Wang, B.-X. Xue, M. Pinheiro Jr, Y. Su,
Y. Dai, Y. Chen, S. Zhang, L. Zhang, A. Ullah, Q. Zhang, Y. Ou. J. Chem. Theory Comput. 2024, 20, 1193

f AlQM1 \
=)
)
ODM2* NNs D4
K QM/ML methods j

A KREG, sGDML,
DPMD, DeepPot-SE KRR-CM, GAP-SOAP
|

pretrained

training-needed

a

20090

\Neural Networksj

4 )

\Kernel methodSJ

b‘,

o°<°
\o
o

24



Open source Implementation and use

g
xyzfile=init.xyz
3 optxyz=opt.xyz

* V3" marks implementations released in MLatom 3

s * 7

4
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Quantum chemical programs:

Xiamen Atomistic @ GAMESS
. Computing Suite _ A
Gaussian S~~~
Machine Learning

by Arif Ullah, Anhui University ORCA
[MLQD: A. Ullah, P. O. Dral. XMVB XEDA MLatom

Comput. Phys. Commun. 2024, Inte rfa ces
294, 108940]

Semi-empirical quantum chemical programs: g,X spARROW)\ MNDO
Machine learning programs: RalENEE TORCH NS/ 1Yy peropt

Dynamics and other atomistic simulation: Nx

newtonx.org

Extras!
MLQD

A Package for Quantum
Dissipative Dynamics with
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‘ Computing Suite

XMVB XEDA MLatom

Cloud computing (free!)

XACScloud.com

Ab initio valence bond calculations

(VBSCF, VBCI, BOVB, ...)

Generalized Kohn—Sham energy decomposition analysis
(GKS-EDA)

Artificial intelligence-enhanced quantum mechanical method 1
(AlIQM1, faster and more accurate than B3LYP)

Fast geometry optimization, MD, thermochemistry

... and much more

Principal investigators (Xiamen University)

« Wei Wu

« Peifeng Su

« Pavlo O. Dral
Partners

« Mario Barbatti, Aix Marseille University

« Benoit Braida, Sorbonne Université

» Philippe Hiberty, University of Paris-Saclay

» Olexandr Isayev, Carnegie Mellon University
* Yirong Mo, UNC Greensboro

« Sason Shaik, Hebrew University

» Avital Shurki, Hebrew University

« Cheng Wang, Xiamen University

Interfaces
ANI

ASE hyperopt @



http://xacs.xmu.edu.cn/
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MLatom: Program for AI-enhanced computational chemistry

Open source [s

ingle point calculations

Energies, forces, Hessian matrix...

-~

\_

Geometry optimizations

P —

~

J

/

N\

Thermochemistry
calculations

Heat of formation:

AH, at,T —

> Hr(4)
A

_HT

~

Frequency calculations A

/

P. O. Dral, F. Ge, Y.-F. Hou, P. Zheng, Y. Chen, M. Barbatti, O. Isayev, C. Wang, B.-X. Xue, M. Pinheiro Jr, Y.
Su, Y. Dai, Y. Chen, S. Zhang, L. Zhang, A. Ullah, Q. Zhang, Y. Ou. J. Chem. Theory Comput. 2024, 20, 1193 &

- J

[ (Ro)vibrational spectra \

02
g
5
2
504
2
s
>
206
2
g
g
08

—— Experiment

1.0
4000 3500 3000 2500 2000 1500 1000 500 0
Frequency/cm™!

Properties &
spectra

s

Molecular dynamics

N = Y

/ One-photon UV/vis spectra \

3.0

ction, A2 molecule
HoNN

[ Simulations J

dynamics

Quantum dissipative

Two-photon
absorption spectra

o°<°
\0

(0
28
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XACS ML two-photon absorption =2

MLatom.com

\BP-Aeqirsson, CC BY-SA 4.0, Here we show how to calculate TPA cross section for RHODAMINE 6G and RHODAMINE 123 molecules with MLatom input
‘\ - // file mltpa.inp:
: MLTPA
Excited state , , @
(W4 SMILESfile=Smiles.csv . %A@
file=_aux.txt o~y
auxpLtes_ax. tx MLatom.com XACS ‘ Q i
Fluorescence 050 5 Qﬁo\,
(U1 (”2 < 2(“1 This input requires Smiles.csv file with SMILES of molecules: -
\ e
CCNC1=CC2=C(C=C1C)C(=C3C=C(C(=[NH+]CC)C=C302)C)C4=CC=CC=C4C(=0)0CC.[Cl-]
COC(=0)C1=CC=CC=C1C2=C3C=CC(=N)C=C30C4=C2C=CC(=C4)N.Cl
Ground state

Two-photon absorption

applications:

« two-photon lithography

« Photodynamic therapy

« Bioimaging 1 A

- 3D printing S—— R

; (@)
- Upconverted laser Yuming Su Zhou Da <

Y. Su, Y. Dai, Y. Zeng, ..., P. Zheng, D. Zhou, P. O. Dral, C. Wang. Adv. Sci. 2023, 2204902 & 29


https://commons.wikimedia.org/wiki/User:BP-Aegirsson
https://creativecommons.org/licenses/by-sa/4.0

Computing Suite
ccccccccccccc

—> prediqt spectra
properties

improve QM
methods

surfaces

analyze data dynamics

ner :
BN generate materials
compounds J

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388




XACS ] (2
e Surface Hopping @

XACScloud.com
MLatom.com

>.A
20
Q
-
Q
>
time &
J. C. Tully, J. Chem. Phys. 1990, 93, 1061 &”\‘

R. Crespo-Otero and M. Barbatti, Chem. Rev. 2018, 118, 7026 & 31
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Typical nonadiabatic excited-state simulations:
« 100 trajectories
« for 1 ps = 1000 fs

« 0.5 fs time step

Number of QM calculations:
« 2000 per trajectory
« 200 000 in total

P. O. Dral, M. Barbatti, W. Thiel, J. Phys. Chem. Lett. 2018, 9, 5660 *
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Potential energy

* QM at small gaps
* Dynamics models

without couplings
* ML of couplings

Time

P. O. Dral, M. Barbatti, Nat. Rev. Chem

. 2021, 5, 388

Why ML-TSH is challenging @

b

Nonadiabatic coupling

MLatom.com

— QM

— ML (+maximum)
- ML

O Training points
O Maximum

R
+ phase problem o
\&

8"&
& 33



Adiabatic Spin-Boson Hamiltonian
33-D A-SBH inspired by cytosine NH>
H=H +H +H, ‘ N
v, =%kZN;Mkw,§R§ +(—1_)" U +v§]l_/2, (J=12) \ /gO
ov, . H

=M, &’R, +(~1)
8Rk Ok k+( ) i [n2+v§]1/2

) I ]
n =(ngRk +‘90j
k=1

P. O. Dral, M. Barbatti, W. Thiel, J. Phys. Chem. Lett. 2018, 9, 5660 *
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ML for nonadiabatic dynamics @
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MLatom.com

0.0 . y
— A-SBH
5 —0.2f ~ A — ML, N, =4
© . ML N.=8
= =04 @L' Nt.r:?>
dl — ML, N, =32

= =0.6 !
= ML, N, =64
Q. — I —1¢
= ML, N, =128 |
O
o
2 -1.0
+J
a
© —1.2 Fk— _pk 1 Yo
= R ="1y=""278| 3 3
© 27+
c -14
O
i

-1.6

-15 -10 -5 0 S 10 15 o&
R,, a \°
1+ 9o Ko

P. O. Dral, M. Barbatti, W. Thiel, J. Phys. Chem. Lett. 2018, 9, 5660 & 35
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o ML for nonadiabatic dynamics
" i A-SBH active surface |
0.5f n ” L B ML active surface I
l‘l — V; (A-SBH) :
0.4} ' — Vj, (A-SBH) '
11
& ' -~ V1 (ML) '| The simulations started from the same
E 0.3l e ==V, (ML) 'l initial conditions and were run with the
L i O O A-SBH hoppings same random seed
. : ' ' ML hoppings
& 0.2f G Eo During the ML trajectory propagation, A-
5 . SBH calculations were performed when the
I 1 .
4T d @t estimated energy gap between S; and S,
o \ \ was below 0.03 Hartree
0.0}
o 500 1000 1500 2000 &
Time, fs &
’ >
S

P. O. Dral, M. Barbatti, W. Thiel, J. Phys. Chem. Lett. 2018, 9, 5660 & 36
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oen ML for nonadiabatic dynamics
1.0 - - -
Model Lifetime of S,
0.8} state, fs .
A-SBH 114 £ 1 _ _
Evolution of the fraction of trajectories on
_ 06 ML (N,=1000) 100 £ 1 | state S; for the
' 33-D model averaged for 1,000 trajectories
9 ML (N, =10,000) 105 + 1 J )
O
© h For small band gaps (<0.03 Hartree)
Y- 0.4} 1 nonadiabatic couplings were calculated with A-
SBH
0.2F — A-SBH
— ML, N,, =1000
— ML, N,, =10000
% 500 1000 1500 2000 &
Time, fs &,,,\9

P. O. Dral, M. Barbatti, W. Thiel, J. Phys. Chem. Lett. 2018, 9, 5660 & 37
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XACScloud.com

ML for nonadiabatic dynamics

1.0
l:\\ Model Lifetime of S,
] -|| ."'
0.8- 8 . state, fs
' \ ! CASSCF 182
r
c \ ~ = S1.CASSCF Deep NNs 191
6 0.6 Ny — = S0.CASSCF
= we - S1-DNN
i y e S0-DNN
/ = $1-CASSCF-FIT
s 04 T $1-DNN-FIT
2
I' - \
0.2 J .
/", IR
=L Zhu—Nakamura
0.05 100 200 300 a0  method for dynamics
Time (fs) &,&?

W.-K. Chen, X.-Y. Liu, W. Fang, P. O. Dral, G. Cui, J. Phys. Chem. Lett. 2018, 9, 670

& 38



XACS | andau-Zener NAMD accelerated by ML

Computing Suite
XACScloud.com

Population

ML (ANI-type MLPs) - full colors
QM reference - pale

pyrazine

ML cut the cost by at least 95%
compared to pure first-principles
simulations

f T T T T T T T ((\
0 s 50 75 100 125 150 175 200 \po
Time [fs] &7’
39

S. V. Pios, M. F. Gelin, A. Ullah, P. O. Dral*, L. Chen*, J. Phys. Chem. Lett. 2024, 15, 2325 &
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Xiamen Atomistic
Computing Suite
XACScloud.com

Geometry for I:l @ @

current step MLatom.com

IS

Yes
Uncertain?
S. V. Pios, M. F. Gelin, A. Ullah,
P. O. Dral*, L. Chen*, J. Phys. No ; QM
Chem. Lett. 2024, 15, 2325 calculations
Small gap?
No
&
s)
ML >

calculations & 40




XA ) )
CS 2D spectra — AI-accelerated simulations @

MLatom.com

b) 7

wun

HaN

)

hwy, [eV]

2 4 6
0 50 100 150 200 hw-, [eV]
population time T, [fs] ¢

S. V. Pios, M. F. Gelin, A. Ullah, P. O. Dral*, L. Chen*, J. Phys. Chem. Lett. 2024, 15, 2325 & 41



XA - . . . i
CS Active learning for nonadiabatic dynamics

1.00 T Molecule: CNH4+
Reference:
15 SA-3-CASSCF(12,8)/
g B 6-31G(d)
& | —— ML-S2 ML: ANI-type, trained on
| T e ca. 2500 points.
0.25 1 | L
Ve (back-hoppings
I A w, S  e————._____| prevented)
000 0 1|0 2IO 3l0 410 Sb 6|0 7IO 8|0 9'0 100 oo&
Time (fs) &
&’b 42

Zhang Lina, P. O. Dral, M. Barbatti, et al., unpublished
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w0 Zoo of machine learning potentials m

XACScloud.com
MLatom.com

KREG
Phy@[r\fl@ ";I . *

GAP SgAP ,b DE@P@&@E

TensorMol




XACS

Xiamen Atomistic
Con pt ng Suite

o Categories of machine learning potentials

MLatom.com

Figure based on M. Pinheiro Jr,
F. Ge, N. Ferre, P. O. Dral, M.

! ! Barbatti. Chem. Sci. 2021,
[ Kernel Methods ] { Neural Networks ]12, 14396-14413

I »

Nonparametric

Parametric

[ Equivariant ]
|
( Y - [ v | : \
Machine N
L i GAP-SOAP ANI PhysNet MACE
L, KRR-FCHL DPMD SchNet NequlP
Potentials KRR-aSLATM BPNN MEGNet Allegro
k A A A )

]
m =D

3
l Global \ Models implemented/interfaced in MLatom &

not implemented in MLatom

o
»°
g

& 44




Current Work AIQM1 Landau-Zener Surface Hopplng

Research System: CHZNH25+ ; ; ; ? 5 5 E
TSH Package MLatom
~.QC Calculation.Package: Columbus. ' e f
Reference MethOd SA-3- CASSCF(lZ 8)/6 3lG(d)+|—Z (smaII ultrafast dynamlcs cIassucaI

U]
~ Prediction Method: AIQM1(GUGA-CI)+L.z = P'.“.".t.‘??*.‘?.".‘.'-‘fFfY_ model ?Y.SF?.".". .......

. j Lina Zhang
AlQM1 GUGA-CI Active Space: Orb7-0Orb9 (4,3)

f Lna Zhang, PavIoO DraI et al., unpub//shed
Mg '
"| === lz_pureQC_100Trajs_| noprev pop.txt- SO
: - —— S1
0.75 - ".' - IszzpuréQC 100Trajs nqprev pop :
. : .
.......... E. 43 |z pureQC 100Tr'_~' txt 'Mf' 'w'“\""
= 1 " » ol
.2 u Y o
] (] .
£0.501 ¢ :
2 \ -
& I
A
i
- 025
; (,0&
TN ) B o B ‘&’
_0.000 T r T r T T T T T b

: ) 4
Time (fs) : : N 45



Xiamen Atomistic data set B3LYP/ oB97X/ ©wB97X-D/  ®B97X/ 0B97X-D4/ ANI- AIQM1 AIQM1 CCSD(T)* I: ;‘ @

Computing Suite 0DM2 AIQMl

XACScloud.com 6-31G* 6-31G* 6-31G*  def2-TZVPP def2-TZVPP lccx @DFT* @DFT /CBS —
energies, kcal/mol
CHNO 2.64 4.10 3.84 3.21 2.76 — 2.49 2.12
G3/99 3.04 3.46 3.22 4.18 3.20 —_ 2.83 2.06
ISOMERS44 (AH ;) ) 3.57 3.53 4.52 3.78 — 3.00 2.27
ISOMERS44 (AH ) 1.45 1.31 1.19 1.10 1.68  0.95 0.89
IsoL6/11 1.75 1.64 1.46 1.65 1.55

3.36
HC7/11 3.98

6.83 710 253 889 9.6

Ground-state properties of neutral, closed-shell compounds
(heats of formation, reaction enthalpies, and ZPVE-exclusive reaction energies)

|
Torsion | 074 055 030 029 0.20 019 023 023 023 019 ‘

bond lengths, A

CHNO 0.008  0.007 0.010 0.010  0.011 0.010 0.010 _ 0.007 —
MGHBL9 0.023 0.007 0006  0.005 0002 0002 0047 0011 0011 0.004 —
MGNHBLI1 0.006 0.008 0.008  0.004 0.008 0.008 | 0002  —

bond angles, °
CHNO 070 068 . 064 0.8 0.68 1.00 077 077 070 —

dihedral angles, °

CHNO 407 520 468 610 s

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022 ¥ 46



XACS Excited states with AIQM1/MRCI

Cmp ing Suit
XACScloud.com

B3LYP/ wB97X/ 0B97X-D/ ®B97X/  B97X-D4/ ANL AIQMI AIQMI CCSD(T)*
data set ODM2 "¢ 31G* 6-31G*  6-31G*  def2-TZVPP def2-TZVPP lccx @DFT* @DFT ‘S M! /cBs
excitation energies, eV
Thiel's set 035 | 032 045 036 0.36 0.36 — 035 035 035 —
iel’ TDDFT:
/a Thiel’s Seﬁ b ExGeom Linear-response TD B3LYP/TZVP
benchmark benchmark ¢ H H4C
035 0019 bond length ~~ “
: 0.33 0018 g A C O C @)
0.014
. -mmm m
° < I3f 15 ™ 1323 1307 1.423 1.320
" v ®)
o 4 E B aN & AIQM1 1339 1304 1.608 1.342
= Z >
= =Kl JE| Bl TooFT 1206 (1208 - 1.304
= = CC2 1.361 1.343 1.469 1.387

~
\_ - &»
P.

Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022 47



XACS CERS
= AIQMI investigation of cycloparaphenylenes @ &

XACScloud.com

MLatom.com

AIQM 1 aISO prediCtS ﬂ uorescence q UenCh | ng Table S9. Emission energy and oscillator strengths f of free molecules and their complexes with Ceo and Cro at
_ AIQM1/CIS in vacuum (S1 to Sp transition).

Species f Energy (eV)
3 0.750 3.1
4 0.751 3.12
5 0.750 3.12
6 0.750 3.12
7 0.748 3.12
3>5Ceq 0.000 2.58
4 5 Cgq 0.000 2.58
5> Ceo 0.000 2.58
6 o Ceo 0.000 2.58
7> Ceq 0.000 2.59
M-3> Cro 0.000 2.10
M-4 5 Cpo 0.000 2.09
M-5 o Cqpo 0.000 2.10
M-6 o Czo 0.000 2.10
M-7> Cpo 0.000 2.10

AIQM1 can be useful for aggregation-induced emission,

photocatalysis
T. A. Schaub, A. Zieleniewska, R. Kaur, M. Minameyer, W. Yang, C. M. SchiBlbauer, L. Zhang,
M. Freiberger, L. N. Zakharov, T. Drewello, P. O. Dral, D. Guldi, R. Jasti. Tunable Macrocyclic O
Polyparaphenylene Nanolassos via Copper-Free Click Chemistry. Chem. Eur. J. 2023, 29, &'b\'
e202300668 & 48



XACS

-2 Many flavors for quantum dynamics (QD)

XACScloud.com

MLatom.com

v

B. F. E. Curchod, T. J. Martinez, Chem. Rev. 2018, 118, 3305

’

Electronic Energy

Quantum Dynamics

Electronic Energy

(RY

Trajectory Surface Hopping

(R}

A

Electronic Energy

Electronic Energy

0

-, »
N .
........

Ab Initio Multiple Spawning

(RY

Ehrenfest Dynamics
R

>
\0
{R} &0



* Treat both nuclei and electrons quantum mechanically
« Treat the system and environment

« Computationally fast enough for real systems



i Quantum dynamics of open systems

H = Hs + Heny + Hs—env[+Hreorg]

He Hamiltonian of the system

Hory,  Hamiltonian of environment (bath)

Hs—_ony Hamiltonian of system-environment (system-bath) interaction

Hreorg the reorganization terms



XACS
... Different ways to propagate QD

d L~
Ep(t) = %[H;P(t)]

Different integrators of Liouville-von Neumann equation, p — the density
matrix

 hierarchical equations of motion (HEOM)

« the local thermalising Linblad master equation (LTLME)



2 Machine learning to speed up dynamics

dynamics

p(t) = fp(t — At)]

dynamics propagation is

« computationally expensive



XACS

Xiamen Atomistic

2 Machine learning to speed up dynamics

£} = Flo(t— At)] dynamics

dynamics propagation is

ML dynamics
— £ML _
p(t) = f[p(t — At)]
2
<
Inspired by: L. E. Herrera Rodriguez, A. A. Kananenka. Convolutional Neural Networks for &0\

Long Time Dissipative Quantum Dynamics. J. Phys. Chem. Lett. 2021, 12, 2476—2483 ¥ 54



XACS

2 Machine learning to speed up dynamics
= o5 P o
= o o _
S % ¢6°— ¢ ¢
-1t1 t'2 t; tl4 t;n tm
tA (a.u.)
— ML
p(t) = f[p(t — At)]
Spin-boson Hamiltonian: Arif Ullah
5 1 . 1 ~ A.I. ~ ~ A.I. ~
H —EsaZ+EA0x+kakbkbk+aZchk(bk + by) B
A. Ullah, P. O. Dral. Speeding up quantum dissipative dynamics of open systems with kernel b@V

methods. New J. Phys. 2021, 23, 113019 & 55



XACS

... Machine learning to speed up dynamics | =~
1 . . . 1
(a) (b)
0.5} 105} -
3 0F 1 o}
&
0.5} 1-05}
'10 : 10 15 20 '10 5 10 15 >0  lest (unseen) trajectqries f_or
tA (a.u.) tA (a.u.) parameters not used in training
1 trajectories
1
(c) (d)
~ 057 1 0.5¢
jg ‘\/\/\\
~ 0 ] ot
-0.5 ' ' -0.5 - '
0 10 20 30 0 10 20 30 R
tA (a.u.) tA (a.u.) (b\."
K
A. Ullah, P. O. Dral. New J. Phys. 2021, 23, 113019 & 56



Many ways to do it:

XACS

Xiamen Atomistic

2 Machine learning to speed up dynamics

MLatom.com

p(t) = [ [p(t — A0)]

different algorithms
different properties to learn
(p or population)

different systems, data
sets...

L. E. Herrera Rodriguez, A. A. Kananenka. Convolutional Neural Networks for Long Time
Dissipative Quantum Dynamics. J. Phys. Chem. Lett. 2021, 12, 2476—2483

K. Lin, J. Peng, F. L. Gu, Z. Lan. Simulation of Open Quantum Dynamics with Bootstrap-

Based Long Short-Term Memory Recurrent Neural Network. J. Phys. Chem. Lett.

2021, 12, 10225-10234 <

A. Ullah, P. O. Dral. Speeding up quantum dissipative dynamics of open systems with
kernel methods. New J. Phys. 2021, 23, 113019 & 57



Training time [s]

XACS

Xiamen Atomistic
Computing Suite

XACScloud.com

1000.0

800.0

D
S
<
S

400.0

200.0

0.0

TfT T 1T T T T T Ty ITITTrTrTyrIrrryrrrryrrrrrrrorra

l *BGRU (a) -
i 22 models i
, 14 NN + 8 kernel-based models -
I GRU ]
| .: -
- L.STM BLSTM ]
: «CNN )
C CBLSTM i
: Y .CBGRU . :
i c.l.. eCBRNN RNN -
_ o -
- KRR-Mn, E KRR-L-
e NN

00 0.01 0.02 0.03 0.04 0.05 0.06 0.07

Mean Absolute Error

Good ML method for quantum dynamics?

Alexei
Kananenka

Luis Eduardo
Herrera
Rodriguez

L. E. H. Rodriguez, A. Ullah, K. J. R. Espinosa, P. O. Dral, A. A. Kananenka. Mach
Technol. 2022, 3, 045016

Arif Ullah

Kennet
Julian R.
Espinosa
o°<°
. Learn. Sci. b‘@\‘
& 58



XACS .
Good ML method for quantum dynamics?

Computing Suite
XACScloud.com

4 Exact — 1D CNN --- CGRU — BRNN == KRR-L

=8 rt17J 111 r7g85 10 T 3 700 L T L L e B L G L L L LT T ITITTTTTI ™
1.0F 4 1.0F 1.0F
i A : (b) E
P 0.5 e B 0.5 5 3 0.5 B
aas® B i E 3 B
5 E il b - B
S 1 0.0F 1 00F
 : y) E 2
B —-0.5 5 AN LA —-0.5 =
—0.5-llllllllllllll N TR Y 0N R TS Y Tk TR S WY e W WY Y X LY B IS T PR R (% ] | T T T
D 10 15 20 0 O 10 15 20 0 5 10 15 20
tA tA tA
S L B R N L L R NS T R B 3N LI L L LI IO DL LA N LI N B N e I R L LS N B | T
1.0 4 1.0f 1 1.0F 2
- (d) ] ; : R !
_. 05F 3 o5 1 F :
= : ] : 1 0.5 ‘.
S = 4
<\!§ 0.0F 4 0.0 n B 1
: ] i E 1 0.0f
= B — - = =
—0.5F - AL EEE L B
o AR porpty g gep gvpiflicgiipsgey C Ly g gl g g gl o g gl aaa] -

1
0 5 10 1 2 0 5 10 1 2 0 5 10 15 20
tA tA tA &

L. E. H. Rodriguez, A. Ullah, K. J. R. Espinosa, P. O. Dral, A. A. Kananenka. Mach. Learn. Sci. b"b\
Technol. 2022, 3, 045016 & 59



2 Machine learning to speed up dynamics

() = Flofe — At)] dynamics

dynamics propagation is

. anall .

ML dyaamics
p(t) = fM¥[p(t — AD)]



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

oty = Flpt—At)]

dynamics propagation is

. anall .

* recursive (iterative)

Can we do better?

At'
—
/ ° o. 0o 0
Ao <o o
<—>| o ° o
At
] L1 [ [ L1 [ ] ] >
0 foax €



Can we do better?
. - P 1 At dynamics
P@#HH‘Q} <—>l s
/ ’ No ; 'g o o
dynamics propagation is le ° o
~—computationally-expensive 0 t t
. e e
p 1 ML dynamics
p(t) = f[t; other parameters] ©)9, @
/\@\/\‘
] ] ] ] ] ] ] | | | > OO&
0 t



XACS

Xiamen Atomistic

e AI-QD (artificial intelligence-based quantum dynamics)

XACScloud.com

y = characteristic frequency

A = reorganization energy g (time) = f[time; simulation parameters]

T = temperature
PDB code: 3ENI

1
l JK\ § 08
Q
AT X N -
NN/ 2 02 e
‘\\7 0 Y L e P b "“ P Gt P
pico-second watch 0 0.5 1 15 2 2.5
2.5ps time (ps)
Dots: Reference
7-sites Fenna—-Matthews-0Olson (FMO) complex Line: AI-QD
A. Ullah, P. O. Dral. Predicting the future of excitation energy transfer in light-harvesting 5,0‘0

complex with artificial intelligence-based quantum dynamics. Nat. Commun. 2022, 13, &
1930 & 63



XACS

AI-QD vs reference trajectories
—_—n=1 —n=2 n=3 n=4 —n=5 ——n==~6 n==17
1 0.8 ‘
0.8 (a) 0.6 | (b)
0.6
04 ¢

population p,,

1 0.6
Qg 0.8 (c)
o 0.4
g 06
.4;5
= 04 ¢
Q 02 [
@) - .
0.2 et AR

0 oo oo e oo e B O L g A e 0

0 0.5 1 1.5 2 2.5

time (ps)

Test (unseen) trajectories for

parameters not used in training
trajectories

10 20 30 40 50
time (ps)
Predictions of 0.57M trajectories
| uptolns
(d) |
T 10 20 0 4 50 s
time (ps) &0\
' 64

A. Ullah, P. O. Dral. Nat. Commun. 2022, 13, 1930



Can we do even better?
PGF) _ ﬁ[PEF QF)] P 1 At’ dynamics
/ ’ o ; g o A

dynamics propagation is XE' ° °o
) i | O tmax t>
. ve (i ve

p 1 ML dynamics
pt)=Fft: other parameters] 3D

@
@
{p(ti)}i=o = f[other parameters] | , , ., . &
0 t



XACS
One-Shot Trajectory Learning (OSTL)

XACSI d om

Convolutional Flatten Fully connected
layers layer dense layers

[
) T

Simulation
parameters

[p(to) ]
p(tr) Other quantum

p(t2)
s - dynamlcs approaches

Reactmn
center

_P(iM)_

Excitation
energy transfer

One- shot trajectory
learmng approach

{p(t )}, = f[other parameters]

10 ps long dynamics in just 70 ms
« good for massive simulation in parameter space &

A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2022, 6037 ¥ 66
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) ) ;
Xiamen Atomistic 4 “1 \/' »
Computing Suite N S
XACScloud.com T W

3D MD Very slow

0.

The direct learning of molecular dynamics with 4D-spacetime GICnet models

2
4D-A"I Very fast, e.qg., 1 ps trajectory (time

step 0.05 fs) within 1 minute

Fuchun Ge o

F. Ge, L. Zhang, Y.-F. Hou, Y. Chen, A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2023, 14, 7732 & 67



See you online and in person!

CALL FOR PAPERS

Organizer: Konstantinos Vogiatzis,
University of Tennessee, US

Artlflc:lal Intelllgence

@ethrY 3rd International Symposium on Machine
Learning in Quantum Chemistry
(SMLQC)

Open for éﬂﬁqulssmns

University of Tennessee, Knoxville
Fall 2025
Dates TBD



