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Normal modes are eigenvectors (obtained by diagonalization)

Eigenvalues are force constants !
Frequencies are derived from force constants as:

&~ (
)$

IR spectra from static calculations

Calculations done within the rigid-rotor harmonic oscillator approximation.
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https://webbook.nist.gov/cgi/cbook.cgi?ID=C64175&Units=SI&Type=IR-SPEC&Index=0#IR-SPEC
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Actual spectra have anharmonicity effects
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Infrared spectra from MD

IR intensities: 

! " ∝ $ % & % ' + & !)"#$%d'

! " ∝ " tanh ℏ"
21&2

$ 3 & 3 ' + & !)"#$%d'

Long MD trajectory is needed!

L. Zhang & Y. Hou, F. Ge, P. O. Dral, Phys. Chem. Chem. Phys. 2023, 25, 23467

Power spectrum: 

Autocorrelation function of velocities

Fast Fourier transform of the autocorrelation function of dipole moments
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Experiment (NIST)
AIQM1 MD
200 ps trajectory at 300 K

Infrared spectra from MD

Frequency, cm−1

IR intensities: 

! " ∝ " tanh ℏ"
21&2

$ 3 & 3 ' + & !)"#$%d'

Long MD trajectory is needed!

Tr
an

sm
itt

an
ce

ethanol

L. Zhang & Y. Hou, F. Ge, P. O. Dral, Phys. Chem. Chem. Phys. 2023, 25, 23467
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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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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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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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Conventional programming in quantum chemistry:
Code for molecular orbitals
Code for excitation energies

Code for oscillator strengths
…

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

MOs excitation energies Oscillator strength

Training data

Quantum chemistry vs Machine learning
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19P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 

ML-nuclear ensemble approach (ML-NEA)
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20P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 

ML-nuclear ensemble approach (ML-NEA)
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QC calculations
ML predictions

Machine learning (ML) 
simulates high precision 
cross sections !(E) using 
large ensembles (Np=50000) 
with small fixed broadening 
parameter δ=0.01 eV

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

Δ("# 5&

Learned properties:
• excitation energies

• Oscillator strengths

6"# 5&

ML-nuclear ensemble approach (ML-NEA)
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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 selection of training points

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

RMSE()*+ 3,- =
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rRMSE = MNO(2345 3,- − MNO(2345(3,- − 36,3%)
MNO(2345(3,-)
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Machine learning single-photon absorption spectra

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
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Two different mesium-sized ensembles 
of the same size (500 points) sampled 
from a Wigner distribution give very 
different spectra at QC level

ML trained on both QC ensembles 
considerably improves precision of spectra 
that are very similar to each other

High-precision spectra of benzene

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



dr
-d
ra
l.c
om

26

N

N N

The error of ML vs reference QM is smaller than

the error of QM vs experiment

B.-X. Xue, P. O. Dral, M. Barbatti, J. Phys. Chem. A 2020, 124, 7199–7210
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ML-NEA is available in
MLatom interfaced to Newton-X

38 atoms and 30 excited states
Only 100 training points are sufficient!
ML training and predictions are very fast 
(minutes)

Black-box implementation into MLatom

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



dr
-d
ra
l.c
om

33

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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Machine learning in chemistry

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 
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Machine learning in chemistry

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 
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ML two-photon absorption

Cheng WangZhou DaYuming Su

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

XACS

Two-photon absorption 
applications:
• two-photon lithography
• Photodynamic therapy
• Bioimaging
• 3D printing
• Upconverted laser

BP-Aegirsson, CC BY-SA 4.0
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Wavelength_lower_bound, wavelength_upper_bound, Et30 (defines solvent)

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

Two-photon absorption
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Two-photon absorption

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

tpa2.txt

tpa1.txt
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