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Pavlo O. Dral

Al in computational chemistry

Professor | Outstanding Youth (Overseas)

Email: dral@xmu.edu.cn

Research Areas: artificial intelligence,

N
quantum chemistry, dynamics, excited states;” M-atom.com

semi-empirical methods

2024-Present: Nicolaus Copernicus University, Visiting Professor
2021-Present: Xiamen University, Full Professor
2019-2021:
2013-2019:
2010-2013:
2008-2010:
2004-2010:

Xiamen University, Associate Professor
Max-Planck-Institut fiir Kohlenforschung, Postdoc
University of Erlangen-Niirnberg, M.Sc. & Ph.D.
University of Erlangen-Ntirnberg, M.Sc.

National Technical University of Ukraine “KPI”’, B.Sc. & M.Sc.

Research Interests:

Our research transforms chemical physics simulations by developing novel
Al methods and providing software and cloud computing platforms.
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v'Selected papers:

Al platform: J. Chem. Theory Comput. 2024, 20, 1193
Al-quantum dynamics: Nat. Commun. 2022, 13, 1930
Al-quantum mechanics: Nat. Commun. 2021, 12, 7022
Al-excited states: Nat. Rev. Chem. 2021, 5, 388

Al force fields: Chem. Sci. 2021, 12: 14396

Group website: dr-dral.com
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ML potentials reshaping quantum chemistry
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Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 & 6
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P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388
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Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 X 7
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Quantum chemistry approximations
A @\S‘s‘c\mg;”fo/
ADb initio CGSD(T) = gald standard, very slow
(useiit if you Gan!)
READ ARTICLES OF 2021
ofFICIALAUTHoR DFT | B3LYP - istnuch faster than the CCSD(T) but is
o) e much less accurate Do not use B3LYP if
= Semi AIQM1!
= = /\ « YOU can use |
§ 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; Chem. Commun. 2024, 60, 3240 ¥ 8
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Universal

Wit Ab initio AlFenhanced Q™M methods
|
ooy i ﬁ it

DFT DM21, CF22D, DENSZ24...

(@)
= Semi- §
£ empirical AIQM1 N
; TN Nrning AtMnet-2,
Molecular ﬁm:i;ﬁ)ﬁ' net-2,
Mechanics o
>
Accuracy <&
‘0

Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 & 9



XACS Accessible, versatile, and robust Al-enhanced computational

iamen Atom|st|c

o o chemistry platform MLatom@XACS:

No reason to do non-ML computational chemis

Al methods: easy to use, also online A/ metho te

and trust

re accurate,

o) 2447 P1
_. -23 97+1.93 S/
oY,

6
1000 M D
trajectorles

1.
4.0 4.5 1.0

SD(T))CBS 40 >0
UAIQM auto-selected T 10 CPU-h

B3LYP-D3/6-31G*
JACS (2017) 139, 8251 - 16 CPU-years
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Active learning

E Reference -
" New points _ meoe. Labelpoints | |——
: 'l
Propagate gap
Sample bagyy dynsmios {and Model training
. on hopping || <+—| | sample points
8 years of research! : oo ;
Within days, can get precise ML-NAMD o 0 rsh anaaanpie| | +—— | WLmodels
results on a single GPU and <16 CPU = & — e
* ..-...-----'.'.:'.::'.:'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.:'.'.'.'.'.'.'.:'.'.'.'.'.'.'.'.'.'.:'.'.'.Z2:'.:'.:'.'.'.'.'.'.'.'.'.'.:'.'.'.'.'.:'.'.'.'.'.'.'.'.'.'.'.'.'
threads Sta“'"g Sampling from trajectories i

geometry

*k . Propagator:
from scratch for simple molecules § g TSHorgapdynamiesE @ Yes 0
Use main ML model E
— Stop and select | .
@ {El’ EZ’ svers § En}’ Fi current point for | ;
labeling |

M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting \oo&
electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics  ®
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw &

Surfaces i+1,
i-1 uncertain?
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AI-enhanced computational chemistry

MLatom.com

Open source

i

MLatom.com

HF, MP2, CC, B3LYP, ODM2, PM6 UAIQM, AlIQM1,
ADC(2), CASSCF| | wB97x, GFN2-xTB DENS24, DM21

ANI-1x; ANI-2x,
ANI-1cex, ANI<dxnr,
AlMne ‘(

ANI, PhysNet, KREG, sGDML,
DPMD, DeepPot-SE KRR-CM, GAP-SOAP

MACE ...

| | | | |
ab initio DFT semi-empirical l pretrained training-needed
4 ( ‘ - ) 4 )
AlQM1 4 o )
N o & °
@ o (g . R o
HIw) ODM2* | | NNs D4 ®: | " °
QM methods \ QM/ML methods ) \neural nefworkSy \kernel methods /oo&
Updated based on: 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. JCTC 2024, 20, 1193 & 12
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e s AI-enhanced computational chemistry
[ Single point calculations Energies, forces, Hessian matrix... al_]
P\

4 ) . )

Geometry optimizations Frequency calculations
, X\ /ﬂ / /ﬂ\ /ﬁ

P~ AR

- VR . y

4 Thermochemistry ) 4 (Ro&rational‘ectr! \
calculations |
MLatom.com _ §°2
Heat of formation:

)
0
805
2-SVP =
' 0.0 ol
00 2500 2000 1500 1000 500 O 2 3 4 5 6 7
equency/cm™? Energy' eV

Properties & J
&
oo

] spectra Quantum dissipative Two-photon
Simulations J dynamics absorption spectra
\0

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, &0
Y. Dai, Y. Chen, S. Zhang, L. Zhang, A. Ullah, Q. Zhang, Y. Ou. J. Chem. Theory Comput. 2024, 20, 1193 & 13
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Learning materials

MLatom.com

Py
€. XACS Cloud

I Cloud Computing

@ Job Submitter

Terminal

CJ File Manager
E Job Manager

: Jupyter Lab

I Software

m Download

I Learning

|'”:—"| Courses

Testimonials:

"Dr. Dral ofters a _fantaséic introduction

to the concepts arotind ‘machineflearning
in chemistry!<

Courses

For teachers: Your course can be here!

] T Computational
HEAS5AT _
Engb chem|stry & Al Recommend them further!
(T TR MR e
¥E=- Pavio Q\Dral computational chemistry and
¢ b 2 BI04 46 H 14 artificial intelligence (Al) by
| Pavlo O. Dral

|
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Top review from the United States

27 Chapters YJUANTUM CHEMISTRY

65 authors! IN THE AGE OF
Singularly Brilliant MACHINE LEARNING

Reviewed in the United States on October 6, 2022
Verified Purchase

Patrick Faith

| bought this book really with no expectation, it's kind of expensiv@$o was a Bit of agstretch buy with really
no reviews. Recieved it yesterday and quickly jumped through it, th@last bookl read that had this level of
brilliance was Wheeler's Grawty but this book has mucizmore of a tQEagd reminding me of the earl

days of quantum mechanics. Only modern boak thatfit remlnds me of is Wolframs recent "new kind of
but this book is completely practical, team hgse@an@l thinfllk signifacly better path.

| noticed a lot of research lead byihe X{amen area, ennected to europe with a bit of usa work. Represents
a major shift in in leadérship of science, is 3book every one should atleast attempt to glance through to
"get” what is now going on.
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Al is a game changer

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388
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Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 19
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w Categories of machine learning potentials
[ ] Updated based on M. Pinheiro
Nonparametric Parametric Jr, F£Ge, N. Ferré, P. O. Dral,
! | M. Barbatti..Chem. Sci. 2021,
[ Kernel Methods ] { Neural Netw\s ]12, 14396-14413
|
‘gquivariant \
a ) | , N
MaChl.ne PhysNet MACE N
Learn":‘g SchNet NequlP
Potentials MEGNet Allegro
\_ i 1 J
]
[ Learned ]
3
l Ejba' \ Models implemented/interfaced in MLatom o
s)
not implemented in MLatom NS
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Supervised Machine Lear{@

E — f(R) Input (x) — /ix) — Qutput (

Given collection of know find a funCtion f(x)

)




Supervised Machine Lear

E — f(R) Input (x) — /ix) — Qutput (

Given collection of know find a funCtion f(x)

)

Use this fun\@king new predictions given just {x}



Supervised Machine Lear

E — f(R) Input (x) — /ix) — Qutput (

Given collection of know find a funCtion f(x)

to t

training set rain ML model

Use this fun\@king new predictions given just {x}
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Supervised Machine Learning
E — f(R) Input (X)—>7(x)—>Output (V)

|

Given collection of known {X,yy find a function f(x)

training set train ML model

Use this function for making new predictions given just {x’}

 Data

« Choice ofg (descriptor)

« Choice of y.(labels)

« Fitting function (ML algorithm, ML model)
« Optimization'of ML model parameters
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Supervised Machine Learning
E — f(R) Input (X)—>I‘(X)_>OUtpUt (y)

|

Given collection of known {X,yy find a function f(x)

training set train ML model

Use this function for making new predictions given just {x’}

 Data

« Choice ofg (descriptor)

« Choice of y.(labels)

« Fitting function (ML algorithm, ML model)
« Optimization'of ML model parameters
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ML al hms




oo ML Algorithms

ccccccccccccc

« Various types of neural networks (NN),
deep learning

« Gaussian processes (GR)

« Kernel ridge regression (KRR,

« Support vector machines/{SVMs) &
support vettor regression (SVR)

* Linear regression!

« Decision trees

« "K-Nearest neighbor algorithm

 and many more... s
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Linear regression

fXi; B) = Bo + Bixix +B2xiz + -+

S AN

Kernel ridge regression (KRR) eufal networks (NN)

er of parameters is fixed
fXB) = Bo + P1Z1 +B2Z5 + -

Zm = 0(Amo + A1 Xq + QX + )
‘parametric model’

Examples: KREG, KRR-CM Examples: ANI-1ccx, AIQM1 &
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f(x; parameters)
Linear regression

fXi;B) = Bo + Bixiy +Boxiz + -
Number of parameters is fixed: pagametgic model

Neural networks are also parameftric models

Kernelridge regression (KRR)
Ntr
f(xiip) = Z a;k(x;,x;;b)
j=1
Number of par@meters dépends on number of training points:
nonparametric model, e.g. KRR



oo ML Algorithms

ccccccccccccc

« Various types of neural networks (NN),
deep learning

« Gaussian processes (GR)

« Kernel ridge regression (KRR,

« Support vector machines/{SVMs) &
support vettor regression (SVR)

* Linear regression!

« Decision trees

« "K-Nearest neighbor algorithm

 and many more... s
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Linear regression

f(Xi;' B) = ﬁOI—ﬁzxiz + ..
Kernel ”dngm Neural networks (NN)

Qo |

Quantum Chemistry in the Age of Machine Learning. Ed. P. O. Dral. Elsevier: Amsterdam, b"b\
Netherlands, 2023. & 34
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Linear regression

fxiB) = By
Kernel ridgqx

Quantum Chemistry in the Age of Machine Learning. Ed. P. O. Dral. Elsevier: Amsterdam, b"b\
Netherlands, 2023. & 35

3 +Boxiz +

Neural networks (NN)




Linear regression

Multiple linear regression

f(xi; B) = ﬁlxil +'32xi2 + ..
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Multiple linear regression
f(xi; B) = lleil +132xi2 + ...
p
f&xiB) = Z'Bjxij
j=1

fx;B) =x; B

We can find the coefficients B using the method of least squares, where
coefficients are fit to get the minimum residual sum of squares (RSS) with
respect to the training set with N¢- reference values y:

Ner
arg ming » (F(x;; B) = y0)?
i=1
o°<°



Linear regression

Ntr

arg ming > (f(xi; B) = 1)’

L(B) = f(xz B—v)’ 0(

=1
L(B) = (X( @
q Qx"’trl x"’tr"

ﬁ—sz(xB— y) =0
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X7XB = XTy

B=XX)"'X"y
Linear regression has.anganalytical solution!

While it is very advantageous, it assumes that the data follow the linear
distribution, whichis often not the case



Linear regression

Task 4: Fit linear model E=aR on a training s

20 points sampled along H, dissociatic &
@ Z;
S

(energies E in Hartree at FCI/aug
internuclear distances R in Ang
of‘squares (RSS)

Task 5: Fi regre i with intercept b?
Calculate’R idual sum of squares (RSS)

= aR+b
Ntr
RSS = ) (F(xi: B) = ¥)?
i=1

Calculate R2 and resid




Linear regression

RSS=5.042557804 Hartree = 3164.3%cal/mol!

-1.4
Very wrong!
-1.6 &
(@)
&



Linear regression

Task 5: Fit linear regr with interéept b?

Calculate R? and resid o&quares (RSS)

RSS = ) (F(xi: B) = 3)?

=1



Linear regression

Much better, E =aR
but still qualitatively wrong! [ = gR+bH

0
0.2 0 2 4
E =-0.296
0.4 2& 0.7658
0.6 5.0425578 Hartree

RSS = 0.02055899 Hartree
= 13 kcal/mol &
(o)
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Q: What about linear regression with intercept’b?
E =aR+b
It is equivalent to mapping function R - (R, 1), ®((R)) =(R, 1), where ® maps

from p-dimensional input space into . p?-dimensionalfeature space
Now we can solve multiple linear regression with two variables

fXi;B) = B1xiy +P2xi2 = B1R +f,1=aR+b

Xi1 = R;
Xiz = 1
P =a
By =b
o°&



Linear regression

ciation c e shape

)

Any ideas how to get th
ri
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Q: Any ideas how to get the dissociation curve shape
right?

We can use mapping R - (R7%,R71%,1) inspired by Lennard-Jones potential,
this allows us to treat data set (E, R) nonlinear in input space (R) using

vectors in feature space (R7% R 1?,1)
Now we can solve multiple linear regression with three variables:

f(xi; B) = Brxiz +B2Xiz + Baxiz = P1R; %+ BoR7 P + B31 =aR;® + bR +c

Xi1 = Ri_6
Xiz = Ri_12
Xi3 =
b1 =

Max Pinheiro Jr, P. O. Dral, Kernel methods.
by = In Quantum Chemistry in the Age of Machine Learning,

P. O. Dral, Ed. Elsevier: 2023. &
Bz =c Paperback ISBN: 9780323900492 &

>
(S



Linear regression

alitatively'right,
i sﬂl very large error!

0.02464225 Hartree = 15 kcal/mol!
-1.15

E =aR;®+ bR ' +c

a —0.03R;® + 0.00045R; ** — 1.02060806
-1.25

——E ——Eest <&
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Can we extend it to more variables and make i
flexible?

Yes! We can go to infinite number of va
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Let’s rewrite the linear regression equation by representing thefregression
coefficients via a sum over all trainingpoints:

p
FOGB) = ) B
j=1

/’\
Iads
K
=
.
SN————
Al
I
Mg
R
[+
=
~
\..R~
I
1=
K
s
s

xI'x" = (x;,x") Dot-product = inner product = scalar product

of two vectors &
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As we have seen before, we can map vectors x and x' from p-dimensional

input space into p?-dimensional feature space using mapping function,@:
Nty

) = ) a@x) D)
=1
In previous examples we new the mapping function and explicit forms of
vectors in the feature space. But all we need is a dot-product between

vectors in the feature space, not their explicit forms. Such dot-product is
called kernel denoted k(x4,x) ‘and it is calculated in using vectors in the

input space (not feature space!):
k(x;,X) = &(x)" @ (x)

Therkernel trick is substitution of the calculation of the dot-product using
explicit representations of vectors in the feature space by using a kernel

function: Ner

FO) = ) apk(x;,x)

=1 C5)
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Nir

FO) = ) ak(xyxX)
=1
This is a kernel-based machine learning function.

Kernel trick allows us to use tools of linear regression for data nonlinear in

the input space by converting variables into. (higher dimensional) feature
space.

Q: How to findithe regression coefficients «?
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Nty
FO) = ) apk(x;,x)
=1
This is a kernel-based machine learning function.

Kernel trick allows us to use tools of linear regression for data nonlinear in

the input space by converting variables into. (higher dimensional) feature
space.

We can find the coefficients a using the method of least squares, where
coefficients are fit to get the minimum residual sum of squares (RSS) with
respect to the training set with'N 4 reference values y:

Ntr
argming » (f (¢ &) = )2

=1



Kernel-based machine learning
Ntr
arg ming, z(f (xi; @) — ;)
LB = ) (f(x @) — ) e

NZT Nty < J=1
L(B) = Z (Z ajk(xirxj) — J’i>

i=1 \j=1

L(B) = (Ka—y)" (Ka —y)

( k(x1/X1) k(xl’thr)
K = : . :
k

: . : Kernel matrix
(XNtr’Xl) k(XNtr’XNtr)
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(a) Molecule num_atoms num_carbons num_hydrogens

H20 3 0 2

HCN 3 1
c02 3 1
NH3 6 = a-b/([la]/l|b]])

4
C2H2 4 2
CH4 5 1

;§
\°°(°
Max Pinheiro Jr, P. O. Dral, Kernel methods. In Quantum Chemistry in the Age of Machine &2

Learning, P. O. Dral, Ed. Elsevier: 2023, Paperback ISBN: 9780323900492 ¥ 54
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Ntr

arg ming Y (f(x;; @) = y)?
i=1

L(B) = Ka—-y) (Ka—y)

oL(a)
Jo

= 2K (Ka —y) = 2K(Ka = y) = 2KKa — 2Ky = 0

KKa = Ky
K 1KKa = K~ 1Ky

Ka =y

a=K1ly
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Kernel-based ML vs linear regression
Ny
FO) = ) aik(x;,x)

=1
This is a kernel-based machine learning function.

If the kernel function is itself a dot-product:

k(x;,x) =x{x’

The expression becomes equivalent to theslinear regression as we have
seen above and that is why such a dot-product kernel is also called “linear

kernel”:
Nir. Nir p
f(x)= Z a;kix;, x) = Z a;x;x = z B;x;
i=1 i=1 ]=1
Nty
Bj = 2 ;X o
i=1 S
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Kernel-based machine learning
Ner One can get the same g; for infinite
B; = 2 ;X combinations of ¢;

=1
Some solutions will have very large o) with
opposite signs trying t6 compensate each

Np=20 other

N 20
tr — Zi=1 aiRi

B =2

B =(—02962-2)-05+¥ " 0x;

B = 198476910439 - 0.5 — 19847691043.95924"5 + ¥ ”‘ “* ox;

Prone to overfitting,

f(x; B) = Px ==0.2962% numerically unstable
_ g1 Often, K is not invertible
-0y matrix o
OO
&
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Ridge regression — belongs to shrinkage methods (useful for feature
importance analysis)

arg ming(XB — y)"(XB —y) + AB"B

B=X'X+AD'X"y

Another example of shrinkage method is the Iassop Identity matrix
: 1 .-
arg ming(XB —y)' XB -y +A W igl L T 0
0o

Kernel ridge regression (KRR)
arg min, (Ka'— y)! (Kee. — y) + 1a’ Ka

a=(K+ i)y
Coefficient magnitude isfforced to shrunk with larger 1 in these methods

A is nonnegative reqularization hyperparameter, smoothens function and
makes solution numerically more stable.
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Nir

FO) = ) aik(x;,x)
=1
This is a kernel-based machine learning function.

One of the popular kernel functions is the Gaussianskernel function:
Ny

1
k(Xl',Xj) = exp <—FZ(XLS — xj,S)2>

S

It maps vectors x from N,-dimensional input space into infinite-dimensional feature space.

o is a positive hyperparameter defining the length scale of the Gaussian function.



XACS

Model Selection
Many ML algorithms can A, A
: . : 0 1 2 3 4 5
give you practically ideal .0.85 :
predictions for their own
training set
-0.90 -
Underfitting ;o5 |
Low variance ' o=10°1 &1 /\
High bias
g -1.00 \\7
H, dissociation curve %
' ' uj-1.05
R 1210 -
Overfitting
High.variances -1.15 -
Low Bias
-1.20 - \.0°<°
Max Pinheiro Jr, P. O. Dral, Kernel methods. In Quantum Chemistry in the Age of Machine &2

Learning, P. O. Dral, Ed. Elsevier: 2023, Paperback ISBN: 9780323900492 " 60
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-
'S "‘- ...

\ d "
X l “mpum=”

us ernel with o = 0.5, 1,2 (dashed, solid, dotted lines).

Figure from: M. Rupp. /nt. J. Quantum Chem. 2015, 715, 1058 & 61



XACS . -
o KRR with Gaussian kernel: H,

XACScloud.com

Take KRR with Gaussian kernel

Nitr Ny
1
FO) = ) arexp (— 5 ) (s - x;)2>

=1 S

and consider what happens for very small ¢— 0;

~ |y forx’ =x;
f&) = {O,forx’ * X;
and consider what happens for very large g-— oo:
Ny

f(x'p= Z a; =.const

i=1

P. O. Dral, Quantum Chemistry Assisted by Machine Learning. In Advances in Quantum \90
Chemistry: Chemical Physics and Quantum Chemistry Volume 81, 1st ed.; Brandas, E.; Ruud, &°
K., Eds. Academic Press: 2020; Vol. 81. Online tutorial: MLatom.com/AQCtutorial/ » 62




S KRR with Gaussian kernel
y

|

0.5

(a) Overfitting (o = 0.01) (b) Fitting (o = 0.5) &

Figure from: M. Rupp. Int. J. Quantum Chem. 2015, 115, 1058 » 63
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- Model Selection
High Bias Low Bias
Low Variance High Varia
§ - - : e
s bias—-variance
a‘ - ]
underfitting overfitting

al

Model Complexity &
(&)

Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, Inference, and &'&‘\'

Prediction. 2™ ed.; Springer-Verlag, 2009 ' 64
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Model selection (hyperparameter tuning)

We target minimal error not in the training set,
but in the validation set for models trained on
the sub-training set.

Trai V

2
( _ t :
ﬂ. . uning
aining set | Validate —
K)@ J parameters
o°<°
Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, Inference, ,&7’\‘

and Prediction. 2 ed.; Springer-Verlag, 2009 X 66



aese Kernel-based model with Gaussian kernel
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~1.000
H- dissociation curve ~1.025-
)
_ ¥ —-1.050
Full CI calculations: S
more than 30 min ¥
for one value of R. & ~1.100-
2 T2
ML trained on 20 pointsineeds —
|3 -1.150 — ML (Gaussian)
less than 1 sec. —— ML (Laplacian)
_ ~1.175- _ T |
for hundreds of other points g : : 3 i
R, A
P. O. Dral, Quantum Chemistry Assisted by Machine Learning. In Advances in Quantum o°<°

Chemistry: Chemical Physics and Quantum Chemistry Volume 81, 1st ed.; Brandas, E.; Ruud, ,&"‘
K., Eds. Academic Press: 2020; Vol. 81. Online tutorial: MLatom.com/AQCtutorial/ ¥ 67




5-fold Cross-validation




o 5-fold Cross-validation

Training set wjth randomlyishuffled iteMis\ \

sub-training set ‘ ‘ \ ~ valid.




o i 5-fold Cross-validation

ccccccccccccc

Training set wjth randomlyishuffled iteMis\ \

sub-training set \ ‘ \ ~ valid.
w

M\
MV

(\\U)

)

B

Minimize cross-validation error




o Model Selection

[e)®

Random sampling for
model selection is
not always a good idea

Sometimes,
stratification is
preferable

{M -0

O
.
L
@
|

jel -
mQJ

2
Population @\5’
&
Figure by Dan Kernler [CC BY-SA 4.0], from Wikimedia Commons ¥ 71
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Model Evaluation

(estimation of‘the generalization error)
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e ML: Error Estimation
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« Often ML error for its own training set is close to zero

Trai V

A \

AN tun
: . | tuning
Kmal ng set Validate parameters

Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, Inference, ,&7’\
and Prediction. 29 ed.; Springer-Verlag, 2009 & 73
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e ML: Error Estimation
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« Often ML error for its own training set is close to zero
« Using errors in the validation set would be also incorrect, because their minimization is a
part of the training process

Trai V

A \

AN tun
: . | tuning
Kmal ng set Validate parameters

Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, Inference, ,&7’\
and Prediction. 2" ed.; Springer-Verlag, 2009 X /4
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e ML: Error Estimation
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« Often ML error for its own training set is close to zero
« Using errors in the validation set would be also incorrect, because their minimization is a

part of the training process
 We should estimate errors on a
completely independent test set

Trai V | Test

A \

AN tun
: . | tuning
Kmal ng set Validate parameters

&
o
Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, Inference, ,&7’\
and Prediction. 2" ed.; Springer-Verlag, 2009 X 75



o o 5-fold Cross-validation

ccccccccccccc

Entire set with randomly shuffled original«data

train (\\ - test

7~ v
\J7T

AL O
N

v v

““Calculate cross—valida\tion error




o i 5-fold Cross-validation

ccccccccccccc

Training set wjth randomlyishuffled iteMis\ \

sub-training set \ ‘ \ ~ valid.
w

M\
MV

(\\U)

)

B

Minimize cross-validation error
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Kernel-based
algorithms

A 4 \ 4

[ Supervised ] [Unsu Vi
v A 4 D. VV. 'I.t \ 4
Regression Classification ! 5|o_na 'ty Clustering
S0 eduction
» Kernel Ridge L : * K-means
Regression d \ knej)lscrlmmant Analysis . Spectral
. . * Kernel Principal clustering
. SuwNiachMe (SVM) Component » Kkernel self-
C ) ls8ian process (Gp) Analysis (KPCA)  organizing map
 Kernel Canonical
* Kernel KNN _ Correlation
* Kernel 1.0ngth Analysis (KCCA) o
regression \o°
Max Pinheiro Jr, P. O. Dral, Kernel methods. In Quantum Chemistry in the Age of Machine &2

Learning, P. O. Dral, Ed. Elsevier: 2023, Paperback ISBN: 9780323900492 ¥ 78
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« Kernel ridge regression (KRR) N
FO) = ) ak(xyX)

. Prediction
=1

functions are
the same for
N¢r

, . KRR and GP!
FO) E D k(s X

« Support vector machines (SVM)

N¢r

f(X,) = Z aiyik(xi,x'), 0< al-< C

1=1

« Gaussian processes (GP, kriging)

Max Pinheiro Jr, P. O. Dral, Kernel methods. In Quantum Chemistry in the Age of Machine
Learning, P. O. Dral, Ed. Elsevier: 2023, Paperback ISBN: 9780323900492
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e KRR and other kernel methods
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 Kernel ridge regression gives the same prediction as Gaussian
processes:

Ny

FO) = ) apk(x;,x)

i=1

« (Gaussian processes also provide: , k(x%’x)
- variance V k$ -
k (XNtr’x)
V) =k, x) — KTEK+ A K
« Marginal likelihood:
1, i Ner
log p(ylX) = —oya —Elog|K+ Al —710g2n
Hyperparameters in kernel function can be found by optimizing log
marginal likelihoed, for which derivatives are taken, e.qg. alogp(g}jx’ 9)

ES
Rasmussen, Williams, Gaussian Processes for Machine Learning. The MIT Press: Boston, 2006 & 80
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Pros & cons of kernel methods
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Advantages of kernel methods:
« Nonparametric models, i.e., do not assume a specific behavior of data
(compare to parametric model such as linear regression)

« Explicitly incorporate training data, thus very flexible and accurate
« Closed (analytical) solution, i.e. fast training &

_ DR = ) aik(x;,X)
Disadvantages: a=(K+AD™y

=1
 Slow training for lots of training data (scales as 0(N3.))
- Requires lots of RAM to store the kernel matrix'(scales as 0(N2))
« Prediction time slows down with moré training data (scales as 0(N}))

P. O. Dral, Quantum Chemistry Assisted by Machine Learning. In Advances in Quantum \90
Chemistry: Chemical Physics and Quantum Chemistry Volume 81, 1st ed.; Brandas, E.; Ruud, ,&"‘
K., Eds. Academic Press: 2020; Vol. 81. Online tutorial: MLatom.com/AQCtutorial/ & 81
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Table 1 Required memory (RAM) for storing kernel
matrix built with increasing number of training points.

Training set size RAM size
100 =107 78 kB Table 2 CPU time needed for calculating regression coefficients
— 3 for increasing number of training points, assuming that it takes
1000=10 7.6 MB 10 s for 10,000 training points.
o ) ) Traini t si Ti
10,000 = 10" 0.75 GB g ¢ o1 me
— v 100=10" 0.01 mulliseconds
50,000=5x 10 19 GB _ ; —
- 1000 =10 0.01s
100,000 =10 75 GB 10,0001 0* 10 s
500,000 =5 x 10° 1.8TB 50,000 =5 X 10* 21 min
1000,000 = 10° 7.3TB " 100,000=10° 2.8 h
500,000 =5 x 10° 15 days
1000,000=10° 3.9 months
: : . . . <
P. O. Dral, Quantum Chemistry Assisted by Machine Learning. In Advances in Quantum ®

Chemistry: Chemical Physics and Quantum Chemistry Volume 81, 1st ed.; Brandas, E.; Ruud, ,&7’
K., Eds. Academic Press: 2020; Vol. 81. Online tutorial: MLatom.com/AQCtutorial/ & 82



e s Kernel Ridge Regression

Solutions:

« Reduce the training set by selecting the most relevant

noints[1,2]

« Sparsification techniques[3]

« Construct high-dimensional kernels as products of one-
dimensional kernels[4]

See, for example:

[1] Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108
[2] Hu, Xie, Li, Li, Lan, J. Phys. Chem. Lett. 2018, 9, 2725 o
[3] Bartdk, Csanyi, Int. J. Quantum Chem. 2015, 115, 1051 *°
[4] Unke, Meuwly, J. Chem. Inf. Model. 2017, 57, 1923 ¥ 83
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Linear regression

f(Xi;' B) = ﬁOI—ﬁzxiz + ..
Kernel ”dngm Neural networks (NN)

Qe &

Quantum Chemistry in the Age of Machine Learning. Ed. P. O. Dral. Elsevier: Amsterdam, b"b\
Netherlands, 2023. & 85
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Linear regression

fxi;B) = Bo

A
Qa\‘\@

Quantum Chemistry in the Age of Machine Learning. Ed. P. O. Dral. Elsevier: Amsterdam, b"b\
Netherlands, 2023. & 86

3 +Boxiz +

AN

Neural networks (NN)
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Linear regression

5; :f(X,W,b) = b +W1x1 +W2X2 + ...+prp — XTW+b

|

Neural networks (NNs): the single hiddemlayer, feed-forward network

J=fxaawb)=>b+wh &Xoay,a) + - wyhyX oy ay) =h'w+b
hm(X; O, am) — g(am T A1 X1 FlppXy + o0+ ampxp) = g(XTO‘m + am)
9 £l wamb) = FOmw,b) = FO (FO )

Activation functions:

g() = exp(—=a(v — c)?) radial basis function (RBF)

P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the K 37
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. &



HACS Neural network (NN)

Computing Suite
XACScloud.com

nodes=units=neurons

The single hidden layer,
feed-forward NN

w, o ... weights

a, b... biases

f(x;a,a,w,b) = f@(h;w,b)

Input layer Hidden layers

Output layer

P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the Fag
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. &
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Linear regression

|

Neural networks (NNs): the single hidden layer, feed-forward network

y=fxaawb)=b+wh Xa,a) + -+ wyhy(X oy ay) = h'w+ b

hon (X; €, @) = Gl@m ™ amixy + Qpxz + - + Apxy) = gXT a4y + ayy)

g is the activation function.\If:
« g is the identity function, ‘NiN"is equivalent to linear regression gw) =v

g(am + X1 X1 E A Xy + 000+ ampxp) = A T Ap1X1 T ApaXy + 0+ Oyp Xy

« Ulypically, g isiused for the nonlinear transformation making the NN flexible
g() = exp(—a(v —c)?)  radial basis function (RBF)

&
C'<>
\0
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the '&089
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. &
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P. O. Dral, A. Kananenka, F.
Ge, B.-X. Xue, Neural
Networks. In Quantum
Chemistry in the Age of
Machine Learning, 1st ed.;
P. O. Dral, Ed. Elsevier:
2023.

Table 1. Overview of a selection of popular activation functions.

Names

Equation

MLatom.com

linear function

identity function[2]

g) =v

rectified linear unit

(ReLU) [2]

g (@) = max(0,v)

exponential linear unit

(ELU)[5]

v ifv=>0
a(exp(v) —1) otherwise

9 =1

where a is a parameter

continuously differentiable
exponentialdinear unit
(CELU)[6]

v ifv=0
g) = {a (exp (Z) - 1) otherwise

where a is a parameter

Gaussian error linear unit

(GELU)[7]

gwv)=v- % [1 + erf(%)]

faster approximated versions:

2
g(v) =0.5v| 1+ tanh \/;(v + 0.044715v3)

1
1+ exp(—1.702v)

gw)=v-0(1.702v) =v-




Activation functions
radial basis function g() = exp(—a(v 7©)*)
(RBF)[1-2] where a and'¢ are parameters
logistic sigmoid
gw) =@@) =

function[1-2] 1+ exp(—v)
softplus function[2] g) =log(1l + exp(v))
hyperbolic tangent

gw) =T(v) = tanh(v)
function|2]

\90&
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ,&'b

Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. & 91
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Activation functions
1.0 | —linear
RelLU
5 0.5} : ELU
2 — CELU
S 0.0 — GELU
X — RBF
-0.5¢ 1 — logistic
softplus
-1.0} { — tanh
1.0 0.5 0.0 0.5 1.0
Input \59&
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ,&'b
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. & 92
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nodes=units=neurons

The single hidden layer,
feed-forward NN

w, o ... weights

a, b... biases

f(x;a,a,w,b) = f@(h;w,b)

Input layer Hidden layers

Output layer

P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the &3
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. &
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To train NN means to find its weights 0 usually by solving this minimization

task: Nip

arg ming ) ((x;8) — )?
i=1

To avoid overfitting this solution can besregularized using'weight decay
approach (recall ridge regression and KRR):

Ntr

arg ming Z(f(xl, 8) —y;,)° + /lz 0?2

9 w,a,a, b

y=f&aawb)=hb+wh(x 0‘1; )ameterWMhM(X oy, ay) =h'w+b

hin (X; O, @) = g (@ F @1 X1 + QaXz + 0 + Ay ) = gXT 0y + )

P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ,z:."b
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. & 94



XACS ..
Training NNs
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To train NN means to find its weights 0 usually by solving this minimization

task: Nip

arg ming ) ((x;8) — )?
i=1

To avoid overfitting this solution can besregularized using'weight decay
approach (recall ridge regression and KRR):

Ntr

arg ming Z(f(xl, 8) —y;,)° + /lz 0?2

0=waa b

y = f(X, a; a; W, b) S b + Wlhl(X; a]_, alfmeterWMhM(X O(M, aM) — hTW + b

hin (X; O, @) = g (@ F @1 X1 + QaXz + 0 + Ay ) = gXT 0y + )

In contrast to linear regression and kernel methods, closed solution is unknown

A
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ,&'b
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. & 95
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Issues with NNs:
In contrast to linear regression and kernel methods,_no“closed solution gXists
Solutions are unstable and difficult to find.

Computationally expensive optimization problem should be solved and it
therefore often can be speed up by using GPUs instead of CPUs.

GPUs are however much moreexpensive and difficult to get and optimization
is still quite slow.

One of the popular approaches for fitting is back-propagation.

&
C'<>
¢
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ,&'b
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. & 96
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Back-propagation:

N
LO) =) ((x;0) =)

gradient descent updateswith learning rate ¥

(r+1) _ 5@ dL(8)
0, =0, AT

Well'parallelized:

L(8) =%il; Lp= 20, (f (x;;8) — y1)*

The training set is often split into the minibatches (batches)

Update of parameters after the sweep over the entire training set is called an epoch.

P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the K 9
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. & /
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Issues with NNSs:  training

Overfitting, regularization | under-fitting validation
methods to deal with it: 3

* weight decay over-fitting

Ntr

arg ming Z(f(xl, 0) —y)*+ Az 02

loss

I
1
|
|
|
|
|

« early stopping
« data augmentation

training progress

A
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ’&098
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. &
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Issues with NNs:

« Input values should be scaled, usually standardizedsto center the inputs
and scale them so that their standard deviation is1. (Z-score
normalization)

« It is also important to center reference data

 Number of hidden layers and units'should be adjusted often by manual
experimentation

P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023.
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Issues with NNs:

- Initial guess of weights strongly influences the finalsparameter values
« Starting with zero values prevents back-propagation algorithm to find

better solutions
« Starting with too large values often leads to large generalization errors

P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the °
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. 100
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Issues with NNs:

- Initial guess of weights strongly influences the finalsparameter values

« Starting with zero values prevents back-propagation algorithm to find
better solutions

« Starting with too large values often leads to large generalization errors

Thus, one can get lot of different NNs fitted /on the same data!

One can exploit this:

« Take average of multiple NNs to get more stable prediction

« Use deviation between NN predictions to estimate prediction uncertainty
(e.g. useful in active learning)

&
C5)
\0
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ,&°
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. & 101
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Initial Data

Sampling
Sampling

Reference Step
Calculations HDNNPs Target
diverge? Quality?

PP WO~ . WP - S Converged
500 1000 1500 HDNNPs

w
Fig. 6 IR spectrum o
model based PL

M. Gastegger, J. Behler, P. Marquetand, Chem. Sci. 2017, 8, 6924 & 102

Intensity
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Deep learning is based on neural networks (NN) with large depth (for
feed-forward neural network — more than one hidden unit) in contrast

to shallow neural network

Some of other types of neural networks:
« Convolutional networks

 Recurrent neural networks
 Autoencoders

&
C5)
\0
P. O. Dral, A. Kananenka, F. Ge, B.-X. Xue, Neural Networks. In Quantum Chemistry in the ,&203
Age of Machine Learning, 1st ed.; P. O. Dral, Ed. Elsevier: 2023. &
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A mostly complete chart of

- Input Cell

O Backfed Input Cell

é Noisy Input Cell Perceptron (P) Feed Forward (FF)

@ Hidden Cel o -
. Probablistic Hidden Cell : :

‘ Spiking Hidden Cell Recurrent Neural Network (RNN)

. Capsule Cell o o .9
. Output Cell o #%’1‘”’:

0\
. Match Input Output Cell

P

‘ Recurrent Cell

. Memory Cell

. Gated Memory Cell

Variational AE (VAE)

" Kernel

O Convolution or Pool

Hopfield Network (HN

Markov Chain (MC)

Figure from https://www.asimovinstitute.org/neural-network-zoo/

Neural Networks

©2019 Fjodor van Veen & Stefan Leijnen  asimovinstitute.org

Radial Basis Network (RBF)

2

Long / Short Term Memory (LSTM)
[ )

R
IR

The NN zoo

Deep Convolutional Network (DCN)

o W
X0
Deep Feed Forward (DFF) 1

Generative Adversarial Network (GAN)

Gated Recurrent Unit (GRU
) [

P

VaYavaY
¥ INANANANANAS
RV S sy

VA VAW

Denoising AE (DA

\

Deconvolutional Network (DN)

(O/\O/\o)
/N NN\
©0 00
PAVEVEYEN

hine (LSM) Extreme Learning Machine (ELM)

Differentiable Neural Computer (DNC)
) )

'v"

Attention Network (AN)

Kohonen Network (KN) P
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Parametric vs nonparametric

algorithms
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f(x; parameters)
Linear regression

fXi;B) = Bo + Bixiy +Boxiz + -
Number of parameters is fixed: pagametgic model

Neural networks are also parameftric models

Kernelridge regression (KRR)
Ntr
f(xiip) = Z a;k(x;,x;;b)
j=1
Number of par@meters dépends on number of training points:
nonparametric model, e.g. KRR



ey Some of the ML Algorithms

All have some advantages and disadvantages,
but often provide results with similar
accuracy.

In many cases it is not possible to claim
that one fitting method is better than
another. The chogice will depend on
experience and taste.[1]

[1] Manzhos, Dawes, Carrington, Int. J. Quantum Chem. 2015, 115, 1012 " 108
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Source: Wikipedia
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w Categories of machine learning potentials
[ ] Figure based on M. Pinheiro Jr,
Nonparametric Parametric F. Ge, N. Ferré, P."O. Dral, M.
| | Barbatti."Chem. Sci. 2021,
[ Kernel Methods ] { Neural Netw\s ]12, 14396-14413
|
‘gquivariant \
a ) | : )
MaChl.ne PhysNet MACE N
Learn":‘g SchNet NequlP
Potentials MEGNet Allegro
\_ i 1 J
]
[ Learned ]
3
l E°ba' \ Models implemented/interfaced in MLatom
. . o
not implemented in MLatom ©

¥
[ ) 110
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Supervised Machine Learning
E — f(R) Input (X)—>I‘(X)_>OUtpUt (y)

|

Given collection of known {X,yy find a function f(x)

training set train ML model

Use this function for making new predictions given just {x’}

 Data

« Choice of’x (descriptor)

« Choice of y.(labels)

« Fitting function (ML algorithm, ML model)

« Optimization'of ML model parameters N
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Nir T
R¢4
oI YR N TR R (o YRR R # (N
j=1
the Gaussian kernel function RE d it
(o is the kernel width) escriptor
Analytical solution for the regression coefficients « given N, training points
k(xypx) +4 - k (Xl’thr) %1 Y1\ s the regularization parameter
: : ‘ = ‘ ensuring transferability
an YN
k (thr,xl) ok (thr, thr) + 1 tr tr
(K+ ADa =y
o°<°
0\.
&

P. O. Dral, A. Owens, S. Yurchenko, W. Thiel, J. Chem. Phys. 2017, 146, 244108 ¥ 112



Requirements to MLPs
« rotationally and  same-element
translationally atom index
invariant (or invariant
equivariant!)
/
S
W— X
Z
Y
Wi~ X P
4



Molecular Descriptor for CH;CI

((ea )
C-Ci « Sort atoms, e.q.
Yo o hydrogens can be sorted
o by their nuclear repulsion
Tem »  Normalized
Ve_p permutationallysinvariant
kernel

M — rCl—Hl

Fei—mi
eq

Pai—m2 y
Pii-m2
K(M”M Z K(Ml.,PMj)

\ ) \/ perm > )\/ Nperm ( N

> K SPM D " KM, PM
[1] Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108
[2] Bartdk, Csanyi, Int. J. Quantum Chem. 2015, 115, 1051

Pavlo Dral, dr-dral.com 114
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ANI environment vectors (AEVs) consist of radial and angular-atomic terms.
Each element has its own subAEV:

2
Gy = Z 1 (FR") fe(Rij)

J#i

A 1- @\)S —n(—Rij+Rik—R(p))2
Gpq = 2 ¢ Z (1 + cos (Hl-jk — 0 )) e 2 s fC(Rij)fC(Rik).

jk#i

the cutoff function

( 1, r < Tcut — 1a
1 r—reut + 1a
fcut(r) = < E(COS (T[ - ) + 1) y Teut — Ta <r< Tcut,
A
\ 0, r > Tout
\°°&
X. Gao, F. Ramezanghorbani, O. Isayeyv, J. S. Smith, A. E. Roitberg. &2

J. Chem. Inf. Model. 2020, 60, 3408 & 116
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Gaussian approximation potential (GAP)[1] with Smooth«sOverlap of Atomic
Positions (SOAP)[2] descriptor

2
. . . r - rij|
the atomic neighborhood density  p#(x) = exp| ——— fout(|rii]),
Zo-atom
J
([ 1, r < Tcut — 7a
] 1 T — Tcut ~+ A
the cutoff function feut@) =4 > (Cos (ﬂ " ) + 1), reut —1a <71 < Teuts
A
&
[1] A. P. Bartdk, M. C. Payne, R. Kondor, G. Csanyi, Phys. Rev. Lett. 2010, 104, 136403 A

[2] A. P. Barték, R. Kondor, G. Csanyi, Phys. Rev. B 2013, 87, 187115 ¥ 117
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PhysNet is using message-passing NN and so calledslearned’ local
descriptors

the embedding vector

0 _

the coordinates are transformed to
N aT 2
gk(rij) — fc(rij) . e‘ﬁk(e ]_Iik)

O. T. Unke, M. Meuwly. PhysNet: A Neural Network for Predicting Energies, Forces, &2
Dipole Moments, and Partial Charges. J. Chem. Theory Comput. 2019, 15, 3678 ¥ 118
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« Often ML error for its own training set is close to zero
« Using errors in the validation set would be also incorrect, because their minimization is a

part of the training process
 We should estimate errors on a
completely independent test set

Trai V | Test

A \

AN tun
: . | tuning
Kmal ng set Validate parameters

Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, Inference, &2
and Prediction. 2" ed.; Springer-Verlag, 2009
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KRR-CM - kernel ridge regression with Gaussian kernel and Coulomb matrix descriptor

Test set RMSEs in kcal/mol

Number of training points | ___KRR-CM_ _| _____KREG____

100 _3:90+0.41 &’  4.4510.36
2500 { 0.70+0.02 0.5210.01

What do we mean by '100 training points?’Is the validation set included?
Let’s use the term ‘sub-training set’!

for tuning

Sub-trainmmﬂ hyperparameters,
{

early stopping...

Train

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396-14413 ¥ 123
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Supervised Machine Learning
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Machine Learning Interatomic Potentials and Long-Range Physics
Dylan M. Anstine and Olexandr Isayev*
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ABSTRACT: Advances in machine learned interatomic potentials
(MLIPs), such as those using neural networks;shave resulted in short=
range models that can infer interaction energies with near ab initio
accuracy and orders of magnitude reduced computational cost. For
many atom systems, including! macromolecules, biomolecules, and
condensed matter, model aceuracy’ can beecome reliant on the
description of short- and, long-range physical interactions. The latter
terms can be difficult to incorporate into'an MLIP framework. Recent
reséarch has produced numerous models with considerations for
nonlocal \electrostatici and dispersion interactions, leading to a large
range of applications thatican be addressed using MLIPs. In light of this,
we_present a Perspective focused on key methodologies and models
being used where the presence of nonlocal physics and chemistry are
crucial for describing system properties. The strategies covered include MLIPs augmented with dispersion corrections, electrostatics
calculated with charges predicted from atomic environment descriptors, the use of self-consistency and message passing iterations to
propagated nonlocal system information, and charges obtained via equilibration schemes. We aim to provide a pointed discussion to
support the development of machine learning-based interatomic potentials for systems where contributions from only nearsighted
terms are deficient.

machine learning

MLatom.com
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Four Generations of High-Dimensional Neural Network Potentials

Jorg Behler*
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ABSTRACT: Since their introduction about§2$,years ago, machifie’learning (ML) potentials have (Generation 1)(Generation 2)

become an important tool in the'field of atomistic'simulations. After the initial decade, in which neural —
networks were successfully used“te comstruct potentials for rather small molecular systems, the :g%’}. :}.
development of high-dimensional neural network potentials (HDNNPs) in 2007 opened the way for the L ) itk

A 4

application of ML potentials in simulations ofilatge systems containing thousands of atoms. To date, — T —
) ) ) ) (Generation 3 )( Generation 4)
many other types of MLypotentials have been proposed continuously increasing the range of problems S [Py
that can be studied: In thisxeview, the methodology of the family of HDNNPs including new recent ‘,‘qgﬁaﬁ oomele”
developments willbe discussed using a classification scheme into four generations of potentials, which is :*::*:7 VAR
also applicablefto many other types of ML potentials. The first generation is formed by early neural . A >
network potentials designed for low-dimensional systems. High-dimensional neural network potentials
established the'sécond generation and are based on three key steps: first, the expression of the total energy as a sum of environment-

dependent atomic energy contributions; second, the description of the atomic environments by atom-centered symmetry functions

as descriptors fulfilling the requirements of rotational, translational, and permutation invariance; and third, the iterative construction &
of the reference electronic structure data sets by active learning. In third-generation HDNNPs, in addition, long-range interactions o°
are included employing environment-dependent partial charges expressed by atomic neural networks. In fourth-generation >
HDNNPs, which are just emerging, in addition, nonlocal phenomena such as long-range charge transfer can be included. The b‘

applicability and remaining limitations of HDNNPs are discussed along with an outlook at possible future developments. b‘, 135
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electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics  °
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« Often ML error for its own training set is close to zero
« Using errors in the validation set would be also incorrect, because their minimization is a

part of the training process
 We should estimate errors on a
completely independent test set

Trai V | Test

A \

AN tun
: . | tuning
Kmal ng set Validate parameters

Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, Inference, &2
and Prediction. 2" ed.; Springer-Verlag, 2009
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“One [diffusion Monte Carlo] simulation for a
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potential evaluations with B3LYP."
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Figure from: Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral, J. Chem. Theory Comput. 2024. ,&"’
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Figure from: Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral, J. Chem. Theory Comput. 2024. ,&"’
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Figure from: Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral, J. Chem. Theory Comput. 2024. ,&"’
DOI: 10.1021/acs.jctc.4c00821 & 167
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Figure from: Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral, J. Chem. Theory Comput. 2024. ,&"’
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XACS )
S New: Ga pMD!

XACScloud.com

MLatom.com

Energy
|
[%)

---- GapMD "surface"
— Trajectory propagation

Reaction coordinate
&

M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting \90
electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics  °
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw & 170




XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

QC or ML {E;_,E,E; 1} No
{F,_,F;}

v

Yes

Fop =F;—F,_ | |[F=F,or F;_,

Propagate
No J

— | ¥ = \/1 - Eexcess/EkV

l Yes

Endtrajectory

M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting \90&
electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics  °
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw ¥ 171




Active learning

— label
initial - ML .
> new : simulate
data . potential
points

6\
90
Figure from: Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral, J. Chem. Theory Comput. 2024. &"’\

DOI: 10.1021/acs.jctc.4c00821 & 172



XACS
v Physics-based sampling for NAMD

XACSI d om

Surface i
uncertain?

Surfaces i+1,
i-1 uncertain?

Stop and select

VE (s e 5 B ) s current point for

labeling

: CStaftif‘g) Sampling from trajectories :
: geometry :
: Propagator: :
: TSH or gap dynamics :
: > —>| End trajectory :
. l No :
: No No Use main ML model :

M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting 90‘0
electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics b@\
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw &




XACS i i
v Physics-based sampling for NAMD

XACScloud.com

MLatom.com

Active learning

Reference -
Initial data — New points method N abellisaiin _ | Training
(Wigner) set

: A 1 :
: Propagate gap E
: Sample based dynamics and Nioddiwrairing :
: on.hopping <—| sample points :
. probability :
E No 4 T ! :
: Yes Propagate :
: Final model +—— K _Converged? p < TSH and sample| | +— ML models -
: points :
M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting oo&

electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics b@\'
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw &




the robust performance in TSH. To further refine the model in terms of hopping probability,

<

‘after the propagation of each TSH trajectory, we evaluate their uncertainties. The UQ )r NA M D

“ metrics are computed as absolute deviations between the hopping probabilities evaluated

using the energies predicted by the main, and auxiliary models at each time step before the

' UQ threshold was exceeded. We use the same formula as in the Landau—Zener—Belyaev— v > E
f Lebedev (LZBL) formulation of TSH:43#7 » | Training E
: set ;
: |73, :
E P]—)k = exp <2h J ) ) (7) - :
. rropagate gap :
. L Sample based dynamics and Model training
: on.hopping || == sample points :
: probability T :
: No t ! E
: Propagate :
: Final model — Converged? < TSH and sample| | «— ML models :
: points :
M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting oo&

electronic-state manifolds across mo/ecules with mu/t/ state Iearn/ng and gap-driven dynamics b@\
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw &




XACS

w0 Active learning for surface hopping
1.0 4 — -
0.8 - _ MS-ANI, 5950 points, S, - 19 jterations of active learning
" —— MS-ANI, 5950 points, S,

Sosd 0 - Single-state ANI, 15k points, S,|  Th#ee days on
= | Y e Single-state ANI, 15k points, S,| /RTX 4090 GPU and 16 Intel Xeon Gold 6226R CPUs
2 1 & e CASSCF, S, | for the'entire procedure with trainings and labeling
ch 044 B e CASSCF, S, ﬁHz B

0zdf @ F e B

00 ] D S . =

0o 10, 20 £ 30, 40 50 60
Time (fs)

M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting C,o&

electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics b@\'
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw &




XAC Table 1: Mean value and error bars (95% confidence interval) of observables describing ?

cs the deactivation channels and kinetics of fulvene for ML dynamics and reference, CASSCE »
dynamics.
Observable CASSCEF dynamics | ML dynamics
Population at 20 fs (%) 16.3+2.9 16. 9 2.3 Time (fs)
o — Population at 40 fs (%) S iy i 1Y 39 +11.2 T
__80- Planar hopping (%) 94.0+ 1.8 93.8 +1.5 5 .
3 704 Twisted-stretched hopping (%) | 3.7+ 1.5 P+ 1.2 !
2 Twisted-shrunk hopping 2.391.2 2.15 £ 0.90 1
£ 5] ML i 5, reference CASSCF
£ . 30.00 B : 30.00
© ©
EN N L 50 % v 22,50
(lé 30 H r— Q“) 30 4
o 207 - . § 20 15.00
= 10 - - . < 10: 7.500
0 . T T 0.000 0 - ! , ; , 0.000
14 18 1.4 16 1.8

C=CH, distance (A)

C=CH2 distance (A)

M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting

electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics

via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw




XACS

Can equivariant NNs help?
_ _ 1.0 4 i
Crashed after 28 days of active learning after 13
iterations and producing 3850 training points o W -
0.8 A bR RS , iteration 7, Sy -
: : —— MACE, iteration 7, S,
5,06 - Th, Lt MACE, iteration 12, S, |-
© f e MACE, iteration 12, S, |
ncoj. ' W CASSCF’ SO i
............ CASSCF, 81
025 ol -
0.0 - T eT——
0 10 20 30 40 50 60
Time (fs)
M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting 90‘0

electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics b@\
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw &




XACS

XACScloud.com

= Active learning for surface hopping

§=——

10 1 1 | 1 |
. ~ — o = =7 v
e ? — ! 7 o - " .

- - 4 -
& ’ -

Iteration 3
Training set size:
1150 conformations

NN Nl —oN
N~ L2 CN\N 2 ~cN

Populations

Time (fs)

M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting
electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics b@\
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw

MLatom.com




XACS

w0 Active learning for photoreactions
: Iteration 33
{1 I trans —
> -Criasni tra(:: ~6000 training points
40 - 12N:N3 B ©,,202:036 Q
@ G:hvorAT, 2N
@, = 0.42-0.55
£ 304
3 @, =019+ 0.08
o @ e =0.52+0.10
10 -
O_
0 50 100 150 200
C1-N2-N3—-C4 dihedral (°)
M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting 5,0&

electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics &'b\
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw &




XACS
= One model works across systems!

Computing Suite
XACScloud.com

1.0 1.0 : ' e e
0.8 0.8 - o
wn _ 7)) _ i
5 0.6 5 0.6
© ©
a 2
s 0.4+ S04 - _
~NTON N X —CN L
0.2 7 N )/Q\/ i\i
. 0.2 + 8 N~ CN\"?jCN\N Z~cN i
0.0 0.0 4 SRV CHP UL WA DN, TLL
0 0 50 100 150 200
time (fs) Time (fs)
M. Martyka, L. Zhang, F. Ge, Y.-F. Hou, J. Jankowska, M. Barbatti, P. O. Dral. Charting \00‘0
00

electronic-state manifolds across molecules with multi-state learning and gap-driven dynamics
via efficient and robust active learning. https://doi.org/10.26434/chemrxiv-2024-dtclw ¥ 181




XACS

w Categories of machine learning potentials
Data ? [ ] Figure based on M. Pinheiro Jr,
Nonparametric Parametric F. Ge, N. Ferre, P.O. Dral, M.
| | Barbatti."Chem. Sci. 2021,
[ Kernel Methods ] { Neural Netw\s ]12, 14396-14413
|
‘gquivariant \
: | ‘ ~
MaChl.ne PhysNet MACE N
Learning SchNet NequlP
Potentials MEGNet Allegro
\ “  J

]
Learned
=
l Ewa' \ Models implemented/interfaced in MLatom o

not implemented in MLatom ¢

.
| ] &'&182




XACS - -
Universal models (no training needed)

Cmptht
XACScloud.com

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

1 A
hegne, S Ab initio
ch B
_ DM21, CF22D, DENS24...

=) AIQM1: P. Zheng, R.

E= Semi- Zubatyuk, W. Wu, O. Isayev,

= emp|r|ca AIQML p 0. Dral, Nat. Commun.

- 2021, 12, 7022
Molecular ﬁm:i;ﬁ)ﬁ' AlMnet-2,
Mechanics o

>
Accuracy &
)

Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 » 183



XACS Accessible, versatile, and robust Al-enhanced computational

iamen Atom|st|c

o o chemistry platform MLatom@XACS:

No reason to do non-ML computational chemis

Al methods: easy to use, also online A/ metho te

and trust

re accurate,

o) 2447 P1
_. -23 97+1.93 S/
oY,

5&

1.
4.0 4.5 1.0

SD(T))CBS 40 >0
UAIQM auto-selected T 10 CPU-h

&
o
1000 MD B3LYP-D3/6-31G* >
trajectorles JACS (2017) 139, 8251 - 16 CPU-years "184



XACS

Quantum chemistry approximations
A @\S‘s‘c\mg;”fo/
ADb initio CGSD(T) = gald standard, very slow
(useiit if you Gan!)
READ ARTICLES OF 2021
ofFICIALAUTHoR DFT | B3LYP - istnuch faster than the CCSD(T) but is
g e much less accurate 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 &

o
*CHNO elements only - extensions on the way b"b\

P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336; Chem. Commun. 2024, 60, 3240 185



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

a 46M (ES -ESn”

& (R R

t

4.6M EZRY & FOW

[}

ODM2* calculations

|
4.6M EXT & FOT

A-ML

ODM2* calculations

4.6M geometries

/"—J_\

_

ANI-1x data set

O M)
POBODO
Gelg=

O

Transfer
learning

ﬁ geometries

0.5M ESS

0.5M (ESS-EQoN — E2!

disp

)

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

DFT oDM2* D4 cc
Exn Esaum Edsp Exn
—’?
EAIQM1
EAIQM1 @DFT*

o

EAIQM1 @DFT




Dealing with @tiple evels




XACS - ey - -
-  Multi-fidelity data: Transfer learning

XACScloud.com

MLatom.com

IOISS — loss — Ero ——»
—1:025
DFT-level accuracy output CC-level accuracy output
. —~1:050 4
8-:( fc 4 fixed
o o
fc3 fc 3 2 Q7°
Transfer t
fc2 T -1.100 1 @
i
}( fcl 4 ~1.125 A FCl energy reference
Convolution (e.g. AEV) _11504 é pred!ct!on of trlansfer Iea'rmng
—— prediction of direct learning
I ~1.175 A ® FCl training points
Source data (e.g. DFT) — ® FCl validation points
1 2 3 4 5

R, A

Figures: Pavlo O."Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum
chemical methods: A-learning, transfer learning, co-kriging, and beyond. In Quantum &
Chemistry in the Age of Machine Learning, Pavlo O. Dral, Ed. Elsevier: 2023. Paperback &°

ISBN: 9780323900492 & 188



XACS ; ; ; -
Machine learning in quantum chemistry

Cmptht
XACScloud.com

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

A
Ab initio
Che%‘fé‘t%“m
_ Universal models (no training required):
g‘ AIQM1: P. Zheng, R.
= Semi- Zubatyuk, W. Wu, O. Isayev,
E emp|r|ca AIQM1 P. O. Dral, Nat. Commun.
— 2021, 12, 7022
| | ANI-1ccx ANI-1ccx: J. S. Smith,
Molecu f—'r et al. Nat. Commun.
Mechanics 2019, 10, 2903
>
Accuracy &
6‘0\

Perspective: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 & 189



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

MLatom.com

Transfer learning algorithm

Train network Retrain netwoik

Fig. 4 Diagram of the transfer learning technique evaluated in this work. Transfer learning starts from a pretrained ANI-1x DFT model, then retrains to &
higher accuracy CCSD(T)*/CBS data with some parameters fixed during training ©

ANI-1ccx: J. S. Smith, et al. Nat. Commun. 2019, 10, 2903 & 190



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

a 46M (ES -ESn”

& (R R

t

4.6M EZRY & FOW

[}

ODM2* calculations

|
4.6M EXT & FOT

A-ML

ODM2* calculations

4.6M geometries

/"—J_\

_

ANI-1x data set

O M)
POBODO
Gelg=

O

Transfer
learning

ﬁ geometries

0.5M ESS

0.5M (ESS-EQoN — E2!

disp

)

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

DFT oDM2* D4 cc
Exn Esaum Edsp Exn
—’?
EAIQM1
EAIQM1 @DFT*

o

EAIQM1 @DFT




HALS Multi-fidelity data: A-learning

Computing Suite
XACScloud.com

MLatom.com

A —0.6 | = FC| B —0.05 4 — difference between Faand HF
e HF —— ML prediction of the difference
o7l ML LT O training data®f difference between FCl and HF
' — A-ML ' w o A
O FCl training data
-0.8 =0:15
] o
2 g
E ~bis 5 —0.20
a b
> =
2 2 —-0.25
o —1.0 (] \
e .
i L
11 —O 40 -
1 2 L[] [ ] [ ] '—0.35
- H, dissociation curve
-0.40
_13 . T T ~u 1 T T T T T T
1 2 3 4 5 1 2 3 4 5
R, A R, A

A-learning: R."Ramakrishnan, P. O. Dral, M. Rupp, O. A. von Lilienfeld,
J. Chem. Theory . Comput.+2015, 11, 2087

Figure: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum

chemical methods: A-learning, transfer learning, co-kriging, and beyond. In Quantum C,o“\
Chemistry in the Age of Machine Learning, Pavlo O. Dral, Ed. Elsevier: 2023. Paperback &°
ISBN: 9780323900492 & 192



XACS . . . .
v Hierarchical ML (hML): generalized A-learning

XACScloud.com

MLatom.com

Automatic procedure to find optimal training b _¢.
points for each delta-model
Psi=> ymi(Newwm) B
M
w —-0.8 - —— hML prediction
hML for H, £ HF prediction
HF FCI i 209 FCI ground truth
o HF ground truth
hML — AO + AHF E O training data of target value
~1.01 0 00 00006006000
~1.1- \
~1.2 - , , . ; .
Hierarchical ML: P. Q. Dral, A. Owens, A. Dral, 1 2 3 4 5
G. Csanyi, J. Chem: Phys..2020, 152, 204110 R A
Figure: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum
chemical methods: A-learning, transfer learning, co-kriging, and beyond. In Quantum 90&
Chemistry in the Age of Machine Learning, Pavlo O. Dral, Ed. Elsevier: 2023. Paperback b@\

ISBN: 9780323900492 &



XACS Hierarchical ML (hML)
e Combining A-ML with Sampling

Automatic procedure Vi = Z YM,i (N tr,M )
to find optimal M

training points for each

A-model

ey ts [t

+ / max + p
ex.th L="sy, ex.th

i (Nir,ar) . VM, i

- NIy =

V(N M) /

Vi,i

hML = Ag + A + Ayry + AV

SR ,CV LHO ,DBOC
MP2 T Ay17z vzt Ay +Ag +Ap  +A

G
S
P. O. Dral, A. Owens, A. Dral, G. Csanyi, J. Chem. Phys. 2020, 152, 204110



XACS

Hierarchical ML for CH;CI PES
: 50000
Pure ML-model trained on saved
90% of CPU-time < o 10%-hML
. o hML1u2

Weighted RMSE: | 4000 e
3.49 cm~1 = 0.01 kcal/mol -

O

<> 30000 -
" MP2 VTZ VQZ CBS SR CV HO DBOC
> hML = Aq. - +Anps + Ay + Avor +Ag +Ag " +Ag  +Ag

A-ML models: O
saved 99% of CPU-time @ 20000
Weighted RMSE: C
1.12 cm~-1 = 0.003 kcal/mol 2
% Structure-based sampling:
P. O. Dral, A. Owens, S. N. Yurchenko, W.
Thiel, J. Chem. Phys. 2017, 146, 244108
]

20000 40000
TBE energy, ys, cm™! &

P. O. Dral, A. Owens, A. Dral, G. Csanyi, J. Chem. Phys. 2020, 152, 204110 S



Computing Suite

jamen Atomistic - - %*
Xiamen Atomist data set ODM?2 B3LYP/ ®B97X/ ®B97X-D/ ®B97X/ ®B97X-D4/ ANI- AIQMI1 AIQMI1 AIQMI1 CCSD(;") I: ;‘ @

XACScloud.com 6-31G* 6-31G* 6-31G*  def2-TZVPP def2-TZVPP 1lccx @DFT* @DFT e
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 22
ISOMERS44 (AH ,)

1.31 1.19 1.10 . 0.8

3.36 1.75 1.64
‘ 6.83 7.10

IsoL6/11
HC7/11

Torsion
CHNO 0.010 0.010 0.011 0.010 !
MGHBL9 © 0002 0002 0047 0011 0011 0004  —
MGNHBLI11 0.008 0.008 0.004 0.008 0.008 - —

bond angles, °
068 064  0.68 0.68 1.00 077 077  0.70 -

dihedral angles, °

CHNC ; 3 4.68 6.10

586 - <

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022 & 196



XACS

Xiamen Atomistic

v AIQMI investigation of cycloparaphenylenes

2 CPU-minutes 1200 CPU-minutes

T. A. Schaub, A. Zieleniewska, R. Kaur, M. Minameyer, W. Yang, C. M. SchuBlbauer, L. Zhang,
M. Freiberger, L. N. Zakharov, T. Drewello, P. O. Dral, D. Guldi, R. Jasti. Tunable Macrocyclic &

Polyparaphenylene Nanolassos via Copper-Free Click Chemistry. Chem. Eur. J. 2023, 29,
202300668



XACS

coe UAIQM: Universal and Updatable AI-QM models
A T
ry to createsmore
? cCSb betternmodels..
3
Fo)
£
©
.S Yet anether Al
© DFT model...
3 .
O
e |SQM O
8 My cool Al Another Al
model @® model
>
Accuracy .
&

Y. Chen, Y.-F. Hou, O. Isayev, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum &
Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb. & 198




XACS

Xiamen Atomistic

Com Can we do better?

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

Lots of moedels!

A
| 2
p /,. | b initio ! How to choose”
_ DM21, CF22D, DENS24...
o
= Semi-
E emplrlca AIQM1
I_
Molecular ﬁm:ifgﬁ, AIMnet-2,
Mechanics roe
>
Accuracy s
L

Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 » 199



Computing Suite
XACScloud.com

Can we do better?

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

Quahtum
Chemistry

Every model
(DFTor Al ...)
has some problems!

Ab initio

\

DFT [MEDFR y. DM21, CF22D, DENS24...

(@)
= Semi-
E empirical AIQM1
} AN g

Molecular ﬁm:ifgﬁ, AIMnet-2,

Mechanics 7 e

>
Accuracy &
5>

Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 » 200



XACS

coe UAIQM: Universal and Updatable AI-QM models
A
CCSD(T) We can use haman
*g O expertise to select
3 - madels
3 A
é expert selection
© \
-
O
© DFT
-
Q.
g SQM
@)
>
Accuracy o
N

Y. Chen, Y.-F. Hou, O. Isayev, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum &
Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb. & 201




XACS
- UATQM: Universal and Updatable AI-QM models

XACSI d om

A

»

S :

v YA We put together a dozen of

£ | expert selection state-of-the-art models in a

c:U librarysand just give new

S \ models version numbers!

© DFT o

g ok

8 5 rllbrary

e
— -
Accuracy <

Y. Chen, Y.-F. Hou, O. Isayev, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum &7’\’

Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb. & 202




XACS
- JATIQM: Universal and Updatable AI-QM models

XACScloud.com

MLatom.com

nature communications

Explore content v About the journal v  Publish with us v

nature > nature communications > articles > article

Article ‘ Open access ‘ Published: 02 December 2021

Artificial intelligence-enhanced quantum chemical
method with broad applicability

Reviewers

Peikun Zheng, Roman Zubatyuk, Wei Wu, Olexandr Isayev & & Pavio 0. Dral &2

Nature Commun

sk aceesses || Journal of XXX

AIQM2 : the 27 generation of AI models

By Dral’s group

Journal of XXX

AIQMS3 : the 3" generation of Al models
By Dral’s group

* We might end up doing this...
EEE EEHN b(’ 203




XACS

Xiamen Atomistic
Computing Suite

XACScloud.com

nature communications A

Explore content v About the journal v  Publish with us v

nature > nature communications > articles > article

Article ‘ Open access ‘ Published: 02 December 2021

Artificial intelligence-enhanced quantum chemical
method with broad applicability

Peikun Zheng, Roman Zubatyuk, Wei Wu, Olexandr Isayev & & Pavio 0. Dral &2

Nature Commun

15k Accesses |

Journal of XXX

AIQM2 : the 27 generation of AI models

By Dral’s group

Pinned
Pavlo Dral @PavloDral - Jul 12

UAIQM: Universal and Updatable AI-QM models

MLatom.com

’ It seems that putting a dozen of state ofithe art #2A| methods in one big

paper is not appreciated bys$some journals. Slice oriNot to Slice: That is the

Question & youtube.com/Miatch?v=\WYDRg...

Preprint: doi.org/10.26434/cRemr...

snA w
No‘ice ‘ ‘
12 votes “*Final results

Q 3 0 Qs

Journal of XXX

AIQMS3 : the 3" generation of Al models

By Dral’s group

* We might end up doing this...

thi 1K

50%

50%



XACS

coe UAIQM: Universal and Updatable AI-QM models
A
simulation
systems

UAIQM
aute-selection

SQM

O of
Computational time/cost

time budget o I =
Accuracy

S
\C
Y. Chen, Y.-F. Hou, O. Isayev, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum PN

Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb. & 205




XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

UAIQM: Universal and Updatable AI-QM model

b)

W1-F12 & CCSD(T)/CBS

Time (h)
(9]

10 -

Error (kcal/mol)

unlimited
Al QM latest I

DSD-BLYP-D3(BJ)/def2-QZVP
UAIQM (unlimited)
UAIQM (3 s time budge

[~3.5 h]-60.80&
[ ~1.0 h]-59.67
[ ~0.1 h ] -60.1620.
~0.1 s ] -60.44+0.10

[ ~4.5 h]-29.98-29.69
[~2.5 h]-27.93

[ ~0.3 h ] -29.81%0.09
[~0.1 s ]-29.55£0.13

O M

| DFTs/QzZ
12

8 10

Reactions in DARC

[~9.0 h]-18.90&-19. 30°
[~5 0h]-15.18
[~0.6 h]-19.31£0.19

[~0.1s]-18.75£0.37 o°(°
AR
Y. Chen, Y.-F. Hou, O. Isayeyv, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum '&206
&

Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb.




XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

P1
o) & O  -24.47 ;01/ [59
—> '23971193 " 4:0 -
| Q 18.47 % NS o
o L \ 8
o M Wt 0
+ P2 _19.28 ‘ '
7 -19.47%2.91 43°
X -13.59 i
—
\ )
CCSD(T)/CBS
UAIQMiauto-selected 10 CPU-h
1000 MD B3LYP-D3/6-31G*
trajectories - JACS (2017) 139, 8251 16 CPU-years
o°<°

AR
Y. Chen, Y.-F. Hou, O. Isayev, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum ,&"’207
&

Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb.




XACS

- JATQM: Universal and Updatable AI-QM model

XACScloud.com

WARNING: Uncertainty is too high for selected UAIQM method

Properties of molecule 1

Selected UAIQM method: uaigm_gfn2xtbstar@@cc
Selected version: 20240106

Standard deviation of ML contribution - 0.00546625
8388 Har

¥4

Baseline contribution

NN contribution
D4 contribution
Total energy

Y. Chen, Y.-F. Hou, O. Isayev, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum &'z’
Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb.

0.272106359 Hartree
g .000087046 Hartree

P65793 Hartree

)

3.43012 kcal/mol

MLatom.com

o°(°
\0

& 208



XACS
- JATIQM: Universal and Updatable AI-QM models

XACScloud.com

A A

simulation
systems

UAIQM
=\ auto-selection UAIQM
D online i self-

improvement

SQM

<O
Computational time/cost

time budget

Accuracy

Accuracy

Updating UAIQM Library...

S
\C
Y. Chen, Y.-F. Hou, O. Isayev, P. O. Dral. Universal and Updatable Artificial Intelligence-Enhanced Quantum &q’

Chemical Foundational Models. 2024, submitted. https://doi.org/10.26434/chemrxiv-2024-604wb. & 209




XACS . -y
o Element availability

XACScloud.com

MLatom.com

VIIIA

IA

S ® &

Excellent Supported Unsupported
~CCSD(T) level max. DFT level

IVB

VB

I11B VIB VIIB VIIIB VIIIB IB IIB

P



¥ /U

XACS =

. . 7 i 9
mmmmmmmmmmmmmmm ? e\ e
Can we do better &)
XACScloud.com - Lsitas peS
.

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 Lots Of mode|sl

Howto-choose?

- Ab initio
N\ ~i+in CROoOSe them all!

DFT DM21, CF22D, DENS24...

®)
= Semi- §
£ empirical AIQM1 N
— Qv
w ANI-1ccx, AIMnet-2,
Molecular ANI-1xnr
Mechanics r
=
Accuracy &
s

Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 » 211



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

/BaSic properties and reaction \

energies of small systems

Reac-
tion barrier heigh
ts

Intermolecular noncovalent
interactions

Oncovalent j

Nteracti
Reaction €ne gl ﬁ
> 50 ati

“

MN1

O

revPBE

(o)

SCAN

DSD-BLYp PBEO

wWB97X-y/

-

Which one is the best? &9&“

o
& 212



XACS - -
Universal models (no training needed)

Cmptht
XACScloud.com

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

1 A
hegne, S Ab initio
ch B
_ DM21, CF22D, DENS24...

=) AIQM1: P. Zheng, R.

E= Semi- Zubatyuk, W. Wu, O. Isayev,

= emp|r|ca AIQML p 0. Dral, Nat. Commun.

- 2021, 12, 7022
Molecular ﬁm:i;ﬁ)ﬁ' AlMnet-2,
Mechanics o

>
Accuracy &
s

Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 » 213



XACS
e DENS24 series — ML density functionals

XACScloud.com

GMTKN55 benchmark:

« Double-hybrid variant: 1.62 kcal/mol
« Hybrid variant: 2.86 kcal/mol

&
C'<>

Y. Rui, Y. Chen, E. Ivanova, I. Grabowski, P. O. Dral. The best DFT functional is the ensemble of &\'

functionals. Preprint on ChemRxiv, 2024. https://doi.org/10.26434/chemrxiv-2024-2g7zr & 214




XACScloud.com

ACS |
e ~ DFT ensembles |

| ©.4
choose thel! alll B30 “4‘ -

4 —» DENS24 |—9»| Output

% Input
6 i Density functional Ensembles
E nse “ wB97X-V ]——
% Weak learner == Strong learner
N4

Y. Rui, Y. Chen, E. Ivanova, I. Grabowski, P. O. Dral. The best DFT functional is the ensemble of RS
functionals. Preprint on ChemRxiv, 2024. https://doi.org/10.26434/chemrxiv-2024-2g7zr & 215

Accuracy

&




XACS -
More functionals — better accuracy

Computing Suite
XACScloud.com

W
o
o

functional ensemble

3.00 1 DSD-BLYP
[
c 2.75-
S
3 2.50
N 2.25 DENS24x77
<DE Best density
>
-
=

[N—L 2.00
Cl
—= 1.75
1.62 |-1----------------o oo oS :
0 20 40 60 7780
Number of functionals &
Y. Rui, Y. Chen, E. Ivanova, I. Grabowski, P. O. Dral. The best DFT functional is the ensemble of &\'

functionals. Preprint on ChemRxiv, 2024. https://doi.org/10.26434/chemrxiv-2024-2g7zr & 216




What else can we do differe c?)mputational chemistry?




XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

OF gpgmachine learning potential (%)

axAd 6xA’d

Adapted from animation by Arif Ullah & 218



Can we do better?
X 4 :
At' dynamics
— /6
dynamics propagation-is ﬁ: X - N\ g
X ¥ ( Helizable) At
~ Depends-on-time-step 0 bnax 1§
«—Discrete
X 4 ML dynamics
Directly learning dynamics 1O, @
| | | | ] ] ] | ] | > 0&
0 .



XACS
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

g

é
QU
v, AT 7 @ 2 06 |
NP O vis <
2 2
o}

o
N
) ’
4
b
y
4
4
€
L
4
¢ «
4 1

s /’ - " ¥ \
t /&Y i g
,” 7 ] ;‘i; A ‘, K
S X A & >
o »"t" Wi >4 R \RY L f 1
B arvls. (58 - W
/ RAR $is W v/ <y WA "‘/ R
{ s Nl KA —
i R - SOV SAY ) < X
A - P et : AT
o TR > IR o R
) ¢ £ » \ Rt s V] /'"\‘ \
S \ N, ‘4//&‘\\\\'
5 ol v ok Y N KT ‘\\\
4 o\ \ 4 e ) y“‘\\‘
L5 Y [
~ et ¢ 2 \ ‘\\\
- N . 1
1

pico-second watch Oo 0.5 .““;1:; 1.‘5;-“ 2 X
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&
complex with artificial intelligence-based quantum dynamics. Nat. Commun. 2022, 13, &220
b‘,

1930



XACS

. Learning dynamics: 4D-spacetime models
a 1 A MD b 3D-MLP FO/, P
— O ' FO
4 MLP N
AR e SN @ Fy :
Atl | | | | | | | | | > MO MO EpOt — f(M)
t t
’ e 4D-A% | t=0 Fyr = = 9EPO/0xy,
C 4 4D-A2 d = o E
@D @
4D-A2| -
/U\ ‘ t ." @ > F,
L L 1 L 1 1 L L L L > MO’ a_t) - Ft Mt
0 t 4 4
. . xbr,t . . vbr,t . .
Xy = f(Xg, Vgh t) © o Vbre =g, > Apre =~ > Fpr e = mpapy; &
5>

F. Ge, L. Zhang, Y.-F. Hou, Y. Chen, A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2023, 14, 7732 & 221



Very slow

Ref

Stable dynamics for > 1 ns

Very fast, e.qg., 1 ps
trajectory (time step 0.05 fs)
within 1 minute

0.0 fs

F. Ge, L. Zhang, Y.-F. Hou, Y. Chen, A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2023, 14, 7732 222

GICnet




XACS

Xiamen Atomistic

«= Direct learning of molecular dynami

MLatom.com

800 F T T T L T T LI T T LI T T LI T T L T T LI

= DeepPot-SE
5001 = ANI-1ccx, single model

[ m GICnet, t.=10 fs
m GICnet, £.=20 fs

prediction time (s)
F oy
(=]
(=}

ethanol  malonalde be ﬂ toluene

salicylic acid naphthalene paracetamol aspirin

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

azobenzene




Can we do even better?
() = Flo(t — At)] P At'l dynamics

dynamics propagation is KEI o o
*-computationatly-expensive 0 N
) e (i e
pt ML dynamics
pt)=fIt; other parameters] @
; ® @
@
{p(tk)}llyzo = f|other parameters|| , , , | , ., . . . | .S
0 t  &°



XACS
Gt i One-Shot Trajectory Learning (OSTL)

XACScloud.com

Convolutional Flatten Fully connected
layers layer dense layers

\ l

\
|
»%—» %@---»

Simulation
parameters

[p(to)]
p(ty)

p(t2) Other quantum

dynamics approaches

W—

One-shot trajectory
learning approach

Pt

Excitation
energy transfer

{p(t )}, = f[other parameéters]

center

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 & 225



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

@ xcsEn @as  WEBeo D) AKAIIE - SR, B R

TABYARSR 6 S#kH BSER SSKE

e ey
EEEFEEE inmistors BeTo N :
Tim::(ls) s 01 .45 00.41 500 1000 1mmﬂm
EB IR N F N ERNF S MLatom@XACSHfPytho i% RNEEE! £F 1 MLatom@XACSZ#¥F DFAISIOERIBIME L%
BRI R IR D SRR A ! !

() 98 21/ \BS B ) 179 8-7 (») 559 7-31 (») 2435 7-24

tial Molecular
nditions

pL”

Intensity/ortitrary unit
2 °

08 ’
v ‘i;‘
i.00g/10.26434 /chemadv-2024-604wb 10 .
03.31 4000 3500 3000 2500 2000 1500 104 00.24
. Freguencyfem™" .

UAIGM: BB EMOABRN £ FLGRERNE L4 Oo“‘
S R HRK N ST 1 &
(») 2923 7-17 (») 571 7-10 (») 549 7-3 (») 1122 b

(») 3543 6-20 &t 226



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

MLatom.com

XACS

@XACScloud * 184 subscribers - 41 videos
N —

Online resources with Al, computational chemistry & chemical bonding analysis ...more

xacscloud.com

Q Subscribed v

Supercharge your computational :

Home Videos Shorts Live Playlists Q } ] )
chemistry with the universal and...

Popular Oldest

0.8 ey e MS-ANL 5650 poims, S,
——— MS-ANL 5860 poins, S,

65 viewsy 1 month ago

e

Dansity functional Ensembies

You asked and we delivered!

&

MLatom.com

Periodic boundary 1
in MLatom 3.9.0!

Population

Weak leamer st Strong leamer

Y. Rui, Y. Chen, E. Ivanova, L. Grabowskd, P. O. Dral. The best DFT functional Is the ensembie of

Active learning for surface hoy Data in MLatom's Python API :  Not sure which DFT functional to :  Finally! Periodic boundary :

dynamics 53 views + 7 days ago choose? Choose them all! conditions in MLatom &

20 views ¢ 16 hours ago 84 views * 2 weeks ago 92 views * 3 weeks ago Sao
&'b



XACS

Comoin Surs Subscribe to updates
Wechat QQ Group Slack Facebook
Follow Answering your Answering your Join
XACS account questions in real time questions in real time the XACS group

‘ .1. e\
a Yo
| B ®
i *. by e
0@ W%
) YA
) b -
v 9 . :F
Our other channels:
Twitter/X: XACSprogram &
Threads: XACSprogram &
YouTube: XACScloud ,é@
bilibili: XACSHIFA & 228



fae o Tutorial’s Jupyter Notebooks

MLatom.com

Please check the link _
[and register on XACS cloud - optional] Questionary

(=] Far azt 1]
'u"L

Jl-

before Itinchibreak

!
-

IEI’q.,.. e

https://qithub.com/JakubMartinka/karlsruhe2024 &,&’;29




XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

, e‘ ,
A,}‘TMm ” Q

Pavio O. Dral

Xiamen University, P.R. China

otentials I | Visiting_ Profes_sor ir_1

Nicolaus Copernicus University, Poland

Tutoria L

10 September 2024 &



fae o Tutorial’s Jupyter Notebooks

MLatom.com

Please check the link _
[and register on XACS cloud - optional] Questionary

(=] Far azt 1]
'u"L

Jl-

before Itinchibreak

!
-

IEI’q.,.. e

https://qithub.com/JakubMartinka/karlsruhe2024 &,&’;31




MLatom@GitHub
=+

MLatom@XACS

6\

o
\O

Quantum Chemistry Data %



XACS :
Have it your way...

Computing Suite
XACScloud.com

~» Data in different formats and types V3

molecular_database molecule

8
xyzfile=init.xyz
optxyz=opt.xyz
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aigml=mlatom.models.methods(method="AIQM1’)
geomopt=mlatom.optimize geometry(model=aigmi, ...)

mlatom.namd.surface hopping md(model=model, ...)
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From MLatom 3 paper: J. Chem. Theory Comput. 2024, 20, 1193 (under CC-BY license)






molecule

mol = ml.molecule()
mol.read_from_xyz_string('''2 \O
74 “
# or
mol. read_from_xy
# or
import numpy as np
Xyz = np.array([[0, @, @], [0, 0, 0.7]1])
mol. read_from_numpy(coordinates=xyz, species=np.array([1, 1]))

atom

mol.dump(filename="'h2.json")
mol2. load(filename="'h2.json")

mol.charge = 1
mol.multiplicity = 2




molecular_database

[o =

# prepare H2 geometries with bond dengt
Xyz = np.zeros((451, 2, 3))

xyz[:, 1, 2] = np.arange(0.5, 5.
z = np.ones((451, 2)).astypell
molDB = ml.molecular_

-

ml.molecular_d

, 0,0

molDB.dump (fil
molDB2 =

train, test

ing fr

numpy (coordinates=xyz, species=z)

ase.load(filename='h2.json")

9 9

y ) N
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y

(@ -

s

)

.5 to 5.0 A print(len(molDB))

print(len(molDB[:100:4]))

# 451
# 25

# let's change the splitting to 9:1 instead of default 8:2

molDB.split(fraction_of_points_in_splits=[0.9, 0.1])




traj

print
prin
print (
print(f

\aj ectory
( operties

trajectory
methods

ml.data. mollkgj ectory()

r trajectory step {traj.steps[5].step}'")
1 : {traj.steps[5].molecule}"')
ime? {traj.steps[5].time}")
inetic energy: {traj.steps[5].molecule.kinetic_energy}"')




trajectory_step

molecule

S0
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.
I' - onorgy_gaps\

I - - excltatlon _energies

mm wm nonadi

—— e e e em smem o Print (=S1.energy _gradient
print(f'checking multipf®ci ‘ 1.multiplicity}"')

# let's get S1 state

S1 = mol.electronic_states[1]
print(f'{Energy of S1 state is
print(f'Its forces are')

‘ "~ energy -_
‘n.m.ﬂfldbmgw gradients """ lients : ti

\O current_state
q hopping_probabilities

random_number

atic counlina vectors

.energyl}"')

See for more details MLatom’s paper on nonadiabatic dynamics: JCTC 2024, 20, 5043-5057
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