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Models implemented/interfaced in MLatom
not implemented in MLatom

Categories of machine learning potentials

Figure based on M. Pinheiro Jr, 
F. Ge, N. Ferré, P. O. Dral, M. 
Barbatti. Chem. Sci. 2021, 
12, 14396–14413

Data ?
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Active learning with several NNs

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

• Deviation between NNs
• Structural similarity
• Variance...
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Nuclear Ensemble Approach (NEA) calculates cross
section by averaging over multiple normalized
broadening functions at different conformations
(marked by different colors).

Compared with the single point convolution, NEA
correctly predicts absorption intensity for
forbidden transitions (example: benzene)

R. Crespo-Otero, M. Barbatti, Theor. Chem. Acc. 2012, 131, 1237
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Machine learning UV/vis absorption spectra
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Bao-Xin
Xue

ML-NEA method: B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199–7210
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

Mario
Barbatti

Δ""# /&
Learned properties:
• excitation energies
• oscillator strengths 0"# /&

Interface:

Machine learning UV/vis absorption spectra
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The KREG model (Kernel ridge
regression [KRR] with RE
descriptor and the Gaussian
kernel function; RE descriptor
stands for Internuclear distances
Relative to Equilibrium) to
complete all the ML tasks.
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RE descriptorthe Gaussian kernel function
(! is the kernel width)

Analytical solution for the regression coefficients % given Ntr training points

! is the regularization parameter 
ensuring transferability

The KREG model

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

Train

ValidateSub-training set
for tuning 
hyperparameters
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Optimal number of training points can be 
determined automatically using iterative 
procedure that stops after the relative 
change in ML validation errors drops below 
the threshold (typically rRMSE < 0.1).

Automatic determination of training points

B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199–7210
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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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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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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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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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initial 
data

ML 
potential simulate converged?

Yes

No

label 
new 

points

final ML 
potential

Physics-informed active learning

Y.-F. Hou, L. Zhang, 
Q. Zhang, F. Ge, 
P. O. Dral, 
arXiv:2404.11811.
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Physics-informed active learning

uncertainty

Utilizing different amount of physics-derived 
information for uncertainty quantification

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.
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Figure: Ainali, CC BY-SA 3.0 
via Wikimedia Commons

Uncertainty thresholds chosen so 
that during simulations less than 
1% should be uncertain.

Automatic uncertainty quantification

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.
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! = !a +
$
%trL

Error !

Number of training points "tr

Diminishing returns (small increase in 
accuracy) with an increasing number of 
training points

Automatic initial data building

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.
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Accurate vibrational spectra

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.

Ethanol spectra

< 1000 training points with ANI potential
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Glycine 
8 

conformers

Conformer search through quasi-classical MD

Y.-F. Hou, L. Zhang, Q. Zhang, 
F. Ge, P. O. Dral, arXiv:2404.11811.

< 2000 training points with ANI potential
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19Y.-F. Hou, Q. Zhang, P. O. Dral. https://doi.org/10.26434/chemrxiv-2024-hwsl4.

Time-resolved mechanisms

~3000 training points with ANI potential
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Surface-hopping dynamics

L. Zhang, M. Martyka, ..., J. Jankowska, M. Barbatti, P. O. Dral. JCTC, 2024, 20, 5043–5057
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L. Zhang, Y.-F. Hou, M. Martyka, M. Barbatti, P. O. Dral*, et al. unpublished

Fulvene

Physics-informed active learning
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Slow and not flexible...

Python: highly flexible, can set better settings
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