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M. Gastegger, J. Behler, P. Marquetand, Chem. Sci. 2017, 8, 6924 & 3
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Machine learning UV /vis absorption spectra

MLatom.com
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Nuclear Ensemable Approach (NEA) calculates cross Compared with the single point convolution, NEA
section by averaging| over  multiple normalized correctly predicts absorption intensity for
broadening functions at different conformations forbidden transitions (example: benzene)
(marked by different colors). P 1 (E — AE,,)? &
o = AE, (X; X; — <
(B) = ZmCEOEZ Z on ) on () e p( 3G /2y ) @
R. Crespo-Otero, M. Barbatti, Theor. Chem. Acc. 2012 131, 1237 S
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ML-NEA method: B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem

Implementation in MLatom: P. O. Dral, F. Ge, B.-X. Xue, Y.-F. Hou, M. Pinheiro Jr, J. Huang, M. Barbatti,

Top. Curr. Chem., 2021, 379, 27

. A 2020, 124, 7199-7210
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f(Xi) = 2 ajk(xi,xj)

J=1
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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
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)

RE descriptor

(xi,s - xj,s)2>

S

cients a given N, training points

fe(x1,%1) + 4 k (Xl’thr) a1 Y1\ 1is the regularization parameter
: : =\ : ensuring transferability
k (thr,xl) k (thr, thr) + 1) \tr IVer
The KREG model (Kernel ridge
(K + \Da =y regression  [KRR]  with RE
A W\l for tuning descriptor and the Gaussian
- 7 kernel function; RE descriptor
- -ﬂ 14
Sub tram@VElldate' 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 ¥ 6
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Gamen st Automatic determination of training points
0.4 ®
Optimal _number of training points can be
0.3 determined automatically using iterative
procedure that stops after the relative
0.2 - change in ML«alidation errors drops below

the threshold (typically rRMSE < 0.1).

rRMSE

RMSEgeom(Ntr) - RMSEgeom(Ntr — Nstep)

rRMSE =
RMSEgeom (Ntr)

0.11 R
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Number of training points &

B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199-7210 * 7



O Example ML-spectra-3.

The following task is from our book chapter.

MLatom input file:

cross—-section \
Nexcitations=30
pLlotQCNEA

plotQCSPC
de1taQCNEA=0. 05

el). These & data are zipped. You should unzip them

.

These calculations require many data files (reference excitation energies at
and upload all of them as auxiliary files to the cloud.

Create input file and submit the job in the File Manager.

nines the minimum required number of training points, in this case it
d that it took 4 iterations to converge:

Calculations can take more than 5 min. MLatom aut
needed 200 points for precise spectrum. In the out

run ML-NEA iteratively for spectr _ in_iter ) started at Wed Dec 1 12:00:19 2021 CST
ML-NEA iteration 1: t L 0.06717941145022376; rRMSE = 1.0

= 0.09043318436728051; rRMSE = 0.25713761026721255

0.410580813729204

ML-NEA iteration 3: tra 150; RMSE_geom 0.06411060145373663; rRMSE

ML-NEA iteration 4: train_} 200; RMSE_geom 0.0695737045717655; rRMSE = 0.07852252732055763 CSQ'
ML-NEA iteration ended after 4 iteration! e§g>

run ML-NEA iteratively for spectrum generation ( ML_train_iter ) finished at Wed Dec 1 12:08:01 2021 CST |||| total spent 462.02 sec eﬁf E;




XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

sigma/A"2

.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000001
.00000003
.00000009
.00000026

. . . 00000062

. . .00000128

. . . 00000224
~——

Note: You can also plot raw data from &
*.dat files with Origin or Excel A
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— 4 4 DE/eV lambda/ng sigma/A"2
v 2022042208133744410170 4.8205 257.: 2.00000000
73020903190853930.err 4,8225 257.0¢% ). 00000000
: 256. ).00000000
73020903190853930.inp \
256. 88T 9.00000000 Spectrum plotted for you in
- 73020903190853930.log 56.7744 0.00000000 cross-section/plot.png
> o [ — 56.6681 0.00000000
_ 256.5619 0.00000001 Note: You can also plot raw
Ccross-sectiongmisned. 256.4558 9.00000003 data from *.dat files with
» N 256.3497 0.00000009 Origin or Excel
> @ on @' : 4.8385 256.2437 0.00000026
sction spc.dat 4.8405 256.1379 0.00000062
= 4.8425 256.0321 0.00000128 &
= plot.png 4.8445  255.9264 0.00000224 ®
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Cross section, A2 molecule™
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Spectrum plotted for you in
cross-section/plot.png

Note: You can also plot raw
data from *.dat files with
Origin or Excel
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=== Physics-informed active learning m ,
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nitial | ||| '3 ML | final ML
> new . simulate converged?’ :
data boints potential potential

Models

only ground state

+ excited states ML models @
HF, MP2, CC B3LYP PM6, GFN AlQM ANI-1x, ANI-2x ANI, PhysNet, DPMD KREG, sGDML,
ADC(2), CASSCF wB97x AM1, ‘3 QM FT ANI-1cex DeepPot-SE, MACE KRR-CM, GAP-SOAP MLatom.com
DFT*
| | |
ab initio] se irical pretrained [ training-needed ]

" = e N s R
Y.-F. Hou, L. Zhang, N & °| e
pX & ° &
Q. Zhang, F. Ge, \2/— 4 —— o
P. O. Dral, Hp) = El) L oomz2+ | | nns | | pa | o ° &&‘
arXiv:2404.11811.

QM methods J KQM/ML methods / \Neural Networks/ Q(ernel methods/ &, 13




Utilizing different amount of physics-derive
information for uncertainty quantificati

(o)

Iteration 1

Iteration O @ Previous training points

— Gradients

% New point to |

L
rence PES
MLP (used for MD, trained
energies and gradients)

uncertainty

Auxiliary MLP (not used for MD,
trained on energies only)

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811. X 14
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AU Uncertainty thieshelds chosen so
Figure: Ainali, CC BY-SA 3.0 that during Simulations less than
via Wikimedia Commons 1%mshould be uneertain.
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Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811. & 15
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&
Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811. X 16
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< 1000 training points with ANI potential
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Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811. & 17



Conformer search through quasi-classical MD

< 2000 training points with ANI potential

(C) —8— ANI mode!
701/ —e~ DFT

60 -

Glycine
8
conformers

llip
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Angle (*)
R\
Y-F. Hou, L. Zhang, Q. Zhang, &."
F. Ge, P. O. Dral, arXiv:2404.11811. &
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~3000 training points I potential

Direct reaction (100%) ethene + 1,3-butadiene

X gf'-:»; : =

Y.-F. Hou, Q. Zhang, P. O. Dral. https://doi.org/10.26434/chemrxiv-2024-hwsl|4. ¥ 19
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Surface-hopping dynamics

NX

-

~

newtonx.org

Initial conditions

Surface hopping dynamics
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‘\\aiqm1=mlatom.models.methods(method='AIQM1’)
geomopt=mlatom.optimize geometry(model=aigmi, ...)

mlatom.namd.surface hopping md(model=model, ...)

HF, MP2, CC (B?»LYP ] [PMG, GFNz-xTB] [AIQMl } [AN!—lx,ANI-Zx J { ANI, PhysNet, opmo} ( KREG, sGDML, W
ADC(2), CASSCF | | @B97x AM1, PM3, OMx | | AlQM1@DFT ANI-1cex DeepPot-SE, MACE KRR-CM, GAP-SOAP
& & AIQM1@DFT* -3 & )€ p o((‘
0\9
b‘
L. Zhang, M. Martyka, ..., J. Jankowska, M. Barbatti, P. O. Dral. JCTC, 2024, 20, 5043-5057 & 20



XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

____________________________

s~

0.75 4
c — SO
o
= 050 1 —=-_ref.txt-SO
e | — S1
Q. [
£ " ref.txt-S1

0.25

1, v
=7 \_
0.00 T T T T T
0 10 20 30 40 50 60

Time (fs)
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h2 = ml.molecule.from_xyz_string('''2
Hoo®o ] ) )
Hooo.7 Python: highly flexible, can set better setti

)

dft = ml.models.methods(method="B3LYP/6-31Gx")
not'flexible...

# Optimize geometry and calculate frequency
optmol = ml.optimize_geometry(

model=dft, + 1 ) -
initial_molecule=h2 HCqUC=ERact e arntag

) .optimized_molecule /6 -31Gx # reference method to label points

freq = ml.freq(model=dft, ess for the geometry, does not matter much
molecule=optmol) - =1

sampler_kwargs = {
'initcond_sampler': 'wigne
'initcond_sampler_kwargs':
'‘molecule':optmol,
'number_of_initial_c

sampler_kwargs=sampler_kwargs, ¢
min_new_points=5, 7o)
reference_method=dft) 6$



The AL has the following default settings:

O K propagated for 1000 fs.
)

ise on a CPU.

¢ 100 quasi-classical MD trajectori
e ANI-type MLP.

¢ training on a GPU if it is available,
e using all threﬁ can find.




XACS

Xiamen Atomistic
Computing Suite
XACScloud.com

MLatom.com

8.3. Initial data

Initial data are required to kick start your AL. There are two situations which MLatom can handle

1. The user has initial data, which is common if there are some data lying around from the previo

In this case, the user should save the data in MLatom’s molecular e format in the file _cond_db. json . This file must be placed in the

folder where the AL will be performed.

2. The data has to be created from scratch and dumped in init_cond_a
detail.

his step might be quite slow. Here we cover this situation in more
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ri used for geometry
erati at the cross-validation
urve nimum 5 iterations are

By default, we use the normal mode (Wigner) sampling to generate the initial data. Also, the reference method u
optimization and calculation of frequencies and normal modes. The number of initial data points is determin
error of ML model would not change by more than 10% after adding additional 50 points based'e 2arnin
used for the fit). For judging error, the model is trained only on energies to speed up this step i

pler_kwargs which are the most important ones you might want

)

The sampling method is defined by parameters initdata_sampler and
to change (see the manual to see how to change other parameters):

ml.al(

initdata_sampler=init_dataset_sampler,

initdata_sampler_kwargs=init_dataset_sampler_‘kwar
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optfreq_method = ml.models.methods(method="'ANI-1ccx")
eqmol = ml.optimize_geometry(initial_molecule=h2, model=optfreq_method).optimized_molecule
eqmol = ml.freq(molecule=egmol, model=optfreq_method)

# or load the molecule with normal modes and frequencies
# egmol = ml.molecule()
# eqgmol.load(filename="'eqmol.json', format='json')

init_dataset_sampler = 'wigner'
# or explicitly:
# initial_points_sampler = ml.generate_initial_conditions
init_dataset_sampler_kwargs = {
#'generation_method': 'Wigner', # required for ml.generate_initial_
'molecule': egmol,
'initial_temperature': 500, # temperatlre of
'number_of_initial_conditions': 50 # number ofpoin

although it is default there too)

ampling in K
at one time

}

ml.al(

initdata_sampler=ia

initdata_sample ampler_kwargs,
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By default, MLatom will train the main ANI model on energies and gradients and the auxiliary ANI model only on energies onthe entire labeled m— ———
database generated at this point in AL. This will be used in the physics-informed sampling in each AL iteration.

At the moment, the user can switch from the default ANI to KREG or MACE models with m1_model parameter, A
ml.al(

ml_model = 'KREG',

The user has the flexibility to create their own ML model clas m r&‘irements to such a class:

¢ it must have the usual train and predict functions.

e the train function must accept mole database para

e the predict function must a nd/or molecular_database parameters.

Other required parameters.can b 2'the ML model with m1_models_kwargs . To summarize, the user defined function and its

initialization keywor
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# let's define our MD for sampling

# ... but before we start, MD needs initial conditions which should always be different, hence, we need ano r sam, for 1ig
md_initconds = 'wigner'
# or explicitly:
# md_initconds = ml.generate_initial_conditions
md_initconds_kwargs = {
'molecule': egmol, # must contain normal modes and frequencies!
#'generation_method': 'Wigner',
'initial_temperature': 300, # temperature of Wigner sampling in K
'number_of_initial_conditions': 100 # defines number of trajectories

# ... now we can define our MD sampler

al_sampler = 'md'

# faster and default is batch md, when forces of m

#al_sampler = 'batch_md'

sampler_kwargs = {
'initcond_sampler': init_cond_sampler,
'initcond_sampler_kwargs': md_initcon warg
'maximum_propagation_time':5000. Ma pagat time; unit: fs
'time_step':0.5, # M ime : fs

arallel in batches:

[ple p

# Finally, let's pass
ml.al(

sampler=al_sampler,
sampler_kwargs=sampler_kwargs, .
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Sampling function can also be defined by the user. This function must accept ml_model parameter and return molecule_database object with the
points to label. Generic example:

def my_sampler(ml_model=None, kwargl, kwarg2, ...):
moldb2label = ml.data.molecular_database()
#do what you need to collect points

moldb2label. append(newmol2label)
return moldb2label

ml.al(

sampler=my_sampler,

sampler_kwargs={kwargl_with_value, kwarg2_with_val ;
) "....:!i‘....“
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In addition, we provide an important option that affects the quality of sampling: ug_threshold . Although it is det matically, the user

can overwrite it with another number - the smaller the stricter and may lead to many more iterations and ed

Example with these two options (0.5 kcal/mol for the UQ threshold):

ml.al(

sampler="md",

sampler_kwargs={

'ugq_threshold': 0.5/ml.constants.kcalpermol2Hartree,
-
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ml.al(
max_iterations =
new_points
min_new_points
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import mlatom as ml

ethanol = ml.molecule.from_xyz_string(''"'...

III)
eqmol
egqmol

MLatom.com

ml.optimize_geometry(initial_molecule=ethanol, model=optfreq_method).optimized_molecule
ml.freq(molecule=egmol, model=optfreq_method)

dft = ml.models.methods(method="'B3LYP/6-31Gx")
init_cond_sampler = 'wigner' # for both initial data and MD
init_dataset_sampler_kwargs = {
'molecule':eqmol,
'initial_temperature': 300,
'number_of_initial_conditions': 50
}
md_initconds_kwargs = {
'molecule':egmol,
'initial_temperature': 300,
'number_of_initial_conditions': 100
} # We want 100 trajectories at each iterati
# ... now we can define our MD i
al_sampler = 'batch_
sampler_kwargs = {
'initcond_samp
'initcond_samp

initdata_sampler=init_cond_sampler,

initdata_sampler_kwargs=init_dataset_sampler_kwargs,

sampler=al_sampler, o‘°
sampler_kwargs=sampler_kwargs, 5>
new_points = 300, e§g>
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