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Atomistic simulations with machine learning: 
From dynamics to vibrational spectroscopy

Machine learning potentials

Machine learning is revolutionizing all fields of science, drasti-
cally accelerating research from high-throughput screening and 
materials design via laboratory automation to planning and 
analysis of experiments. Similarly, a paradigm change is taking 
place in the field of atomistic simulations by the increasing use 
of machine learning potentials (MLP), which combine the accu-
racy of electronic structure calculations, such as density func-
tional theory (DFT), with the efficiency of classical force fields 
[1, 2, 3]. These advances nowadays allow to perform molecular 
dynamics (MD) simulations of systems with constantly increas-
ing complexity going far beyond the size accessible by direct  
ab initio MD.

The core idea of MLPs is to replace demanding electronic struc-
ture calculations by trained machine learning (ML) models of the 
potential energy surface. Still, for a reliable description of many 
systems a combination of ML and physical concepts has turned 
out to be crucial. Consequently, many different types of MLPs 
have been proposed in recent years, and the underlying archi-
tectures may be classified into different generations to specify 
the physical interactions they are able to describe and their ap-
plicability to different types of systems [4]. The first generation 
of MLPs has been introduced already three decades ago, but 
their restriction to very small systems has strongly limited their 
applicability. Large condensed systems containing thousands 
of atoms can be studied with second-generation MLPs, such as 
second-generation high-dimensional neural network potentials 
(2G-HDNNP, see Fig. 1), which are based on the locality of a ma-

jor part of the atomic interactions [5]. Long-range interactions 
beyond the local atomic environments are included in third-gen-
eration MLPs, most importantly electrostatics and dispersion. 
Finally, global phenomena like long-range charge transfer are 
accessible in fourth-generation MLPs [6].

Fig. 1: Typical system size for the simulation of liquid water at the MnO2-ter-
minated (001) surface of the Li intercalation compound LiMn2O4 using a sec-
ond-generation high-dimensional neural network potential [7]. 

Machine learning for vibrational spectroscopy

Modern MLPs can reproduce reference energies and forces 
with remarkable accuracy, extending electronic-structure sim-
ulations to time and length scales that would otherwise be 
inaccessible. A natural next step is to learn complementary 
electronic quantities that connect trajectories to experimental 
observables. A particularly attractive target is vibrational spec-
troscopy. Peak positions and intensities reflect the distribution 
of molecular configurations, while line shapes also contain in-
formation on fluctuations and relaxation dynamics. Quantita-
tive agreement with experimental spectra can therefore build 
confidence in a simulation and thus supports exploring quan-
tities that are not directly accessible experimentally. The ex-
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change between experiment and theory is equally valuable in 
the opposite direction: low-frequency (THz), multidimensional, 
and time-dependent spectra often contain overlapping, corre-
lated contributions and can be difficult to interpret atomisti-
cally. Here, simulations can disentangle these contributions, 
assign spectral features to molecular motions, and distinguish 
between competing mechanisms [8].

For IR spectroscopy, the central electronic property is the di-
pole moment. For finite systems such as gas-phase clusters, 
IR spectra have been calculated by learning the total dipole 
moment [9]. In periodic systems, the corresponding polariza-
tion is multivalued. This challenge can be addressed using ML 
representations of atomic polar tensors (APTs) that rigorous-
ly assign the dipole response to individual atoms without the 
ambiguity of an artificial charge partitioning scheme [10, 11]. 
Raman spectroscopy can be treated similarly using polariza-
bility gradient tensors (PGTs) [11]. These models require com-
paratively few reference calculations and reproduce explicit 
ab initio spectra with high accuracy. For typical system sizes, 
calculations that would require months of direct ab initio MD 
can be completed within hours on a standard workstation. 
Most importantly, the atom resolved response tensors enable 
a rigorous, quantitative assignment of spectral features. The 
THz spectrum of liquid water provides an illustrative example: 
the calculated spectrum can be decomposed into additive con-
tributions from specific atoms and different kinds of motion, 
revealing directly how H-bond vibrations and water librations 
combine to produce the overall signal (Fig. 2).

Driving molecular dynamics with pulsed electric fields

The learned APTs have a second purpose: they rigorously pro-
vide the first-order coupling between the atoms and an external 
electric field by delivering the field-induced forces. Static and 
time-dependent electric fields can therefore be incorporated 
into machine learning MD simulations [12-14]. Applying static 

Fig. 2: Direct microscopic assignment of the THz spectrum of liquid water. 
Learned atom-resolved response tensors (APTs) allow the calculated total 
spectrum (black) to be decomposed into additive translational (green) and 
rotational (blue) contributions. The feature near 200 cm-1 is dominated by col-
lective H-bond stretching, whereas the broad band around 600 cm-1 arises 
mainly from librations. 

Fig. 3: Example of an explicitly simulated THz pump-probe experiment. A 12.3 THz pulse excites liquid water, while molecular reorientation (top) and H-bond 
lifetime (bottom) are monitored using machine learning MD simulations. Their different relaxation behaviors reveal a transient response beyond simple heating. 
The dashed vertical line marks the pulse maximum in time. Adapted from Ref. [14].

fields, the field strength can be used as a thermodynamic con-
trol parameter, providing access to field-dependent transport 
properties, such as ionic conductivities in aqueous solution 
[13]. Time-dependent fields allow the electric-field component 
of a light pulse to be modeled explicitly [14, 15]. The system’s 
response can then be followed with atomistic resolution dur-
ing and after the pulse. This opens a route towards simulating 
pump-probe and multidimensional spectroscopies, with the 
pulse frequency, duration, polarization, and intensity chosen 
to match the experiment as closely as possible.

A particularly interesting case was provided by experiments in 
which liquid water was excited with an intense 12.3 THz pump 
pulse [16]. The interpretation of this measurement sparked 
a debate about if the observed response reflected a genuine 
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non-equilibrium response of water dynamics or if it is caused 
predominantly by thermal effects [17, 18]. The molecular re-
sponse was therefore simulated directly by explicitly applying 
a closely matching THz pulse to liquid water in machine learn-
ing MD simulations [14]. Even with ML acceleration, obtaining 
statistically converged results required 1,600 independent 
non-equilibrium trajectories of 20 ps each – effectively repeat-
ing the pump pulse 1600 times – generating a total of 32 ns of 
trajectory data at ab initio accuracy. The simulations show that 
the energy is initially deposited into molecular librations, be-
fore being redistributed into translational and intramolecular 
vibrations. Simultaneously, rotational relaxation and H-bond 
dynamics evolve differently in time: the former does not relax 
back to equilibrium in the simulated time window, while the 
H-bond lifetime returns to equilibrium at about 5 ps after the 
pulse maximum (Fig. 3). The effect of the pulse therefore ex-
tends beyond simple heating and confirms the initial interpre-
tation of a transient perturbation of the H-bond network.

In conclusion, modern ML-based methods allow experiment 
and simulations to advance hand in hand: measurements 
provide stringent tests of the simulations, while atomistic tra-
jectories reveal the molecular motions behind the observed 
signals. This partnership holds a particular promise for mul-
tidimensional spectroscopies whose signals encode a wealth 
of structural and dynamical information, but are exceptionally 
difficult to interpret. By bringing ab initio accuracy to the time 
scales and complexity of these experiments, ML allows theory 
to close this gap – and to uncover molecular dynamics that 
measurements alone cannot reveal directly.
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