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Abstract

Machine learning (ML) continues to revolutionize computational chemistry by accelerating
predictions and simulations by training on experimental or accurate but expensive quantum
chemical (QC) calculations. Photodynamics simulations require hundreds of trajectories
coupled with multiconfigurational QC calculations of energies, forces, and non-adiabatic
couplings that contribute to the prohibitive computational cost at long timescales and complex
organic molecules. ML accelerates photodynamics simulations by combining nonadiabatic
photodynamics simulations with an ML model trained with high-fidelity QC calculations of
energies, forces, and non-adiabatic couplings. This approach has provided time-dependent
molecular structural information for understanding photochemical reaction mechanisms of
organic reactions in vacuum and complex environments (i.e., explicit solvation). This review
focuses on the fundamentals of QC calculations and machine learning techniques. We then
discuss the strategies to balance adequate training data and the computational cost of
generating these training data. Finally, we demonstrate the power of applying these ML-
photodynamics simulations to understand the origin of reactivities and selectivities of organic
photochemical reactions, such as cis-trans isomerization, [2+2]-cycloaddition, 41T-electrostatic
ring-closing, and hydrogen roaming mechanism.

1. Introduction

Photochemical reactions are ubiquitous and responsible for many processes, including
photosynthesis, vision, photocatalysis, and photodissociation. They generally occur in mild
conditions with high atomic economies and provide synthetic tools with excellent
spatiotemporal control over chemoselectivity, regioselectivity, and stereoselectivity. These
essential features enable building molecular frameworks from designed molecules' to
structurally complex natural products.*® As such, photochemical reactions are gaining
increasing importance in academic research and industrial applications for the synthesis of
energy-dense fuels,”" innovation of energy storage devices,'*'® advancement of drug
design,"” '® and development of novel materials.'® %

Photochemical reactions begin with a ground-state molecule absorbing a photon with an
appropriate frequency to promote an instantaneous electronic transition to an excited state of
the same spin multiplicity. The subsequent processes redistribute the absorbed energy along
the molecular vibration modes on the excited-state potential energy surface (PES), which leads
to structural transformations. In contrast to light-induced luminescence as the consequence of
the radiative decay, photochemical reaction undergoes a nonradiative decay relaxing the
photoexcited molecule to the ground state as a product or ground-state reactive intermediate.
Recent developments in time-resolved spectroscopic technologies allow chemists to study
photochemical reactions on an ultrafast timescale.?"? In principle, the instrument, for instance,
transient absorption spectroscopy, can probe the excited-state dynamics of photoexcited
molecules and provides structural information. At the same time, the reacting species evolve
during photochemical reactions. However, interpreting the molecular vibrations becomes
increasingly complicated for conformationally flexible molecules with competing non-radiative
mechanistic pathways. The increasing degrees of freedom lead to elusive spectroscopic data,
where the excited-state vibrational modes involve multiple synchronous bond stretching or



torsions. Moreover, the timescale resolution of spectroscopy techniques (i.e., transient
absorption and time-of-flight mass spectroscopy) is infeasible to capture all transient
intermediates and molecules in excited states.

Quantum mechanics provides a theoretical framework to understand the relationship between
molecular excited-state structures and their reactivities and selectivities. Calculations of the
electronic transitions and the mechanistic critical points along the relevant excited-state PES
provide unprecedented knowledge of the time-dependent evolution of molecular excited states
toward photoproducts.

The theories derived from a static PES in equilibrium often fail to explain the reaction
mechanisms of the photochemical reactions over a vast range of timescales (10-'°to 10-3s).
As such, dynamical effects must be considered to understand experimental quantum yields or
predict the outcome of unknown photochemical reactions. These dynamical effects can be
simulated with nonadiabatic molecular dynamics (NAMD). The mixed quantum-classic (MQC)
trajectory formalism of NAMD is widely used to capture the dynamical effects on the excited-
and ground states on-the-fly. The MQC trajectory propagates along an excited-state PES using
classical mechanics by solving Newton's Equation of Motion. Quantum chemical methods
evaluate nuclear forces by solving approximations to Schrédinger's Equation. Despite the
flexibility and accuracy of NAMD simulations, they can have a prohibitive computational cost
because they rely on thousands of consecutive QC calculations along a reaction coordinate.
Thus, the NAMD simulation based on time-dependent density functional theory (TDDFT) and
post-Hartree-Fock (HF) calculations are commonly limited to medium-sized molecules with
40-50 atoms and timescales of only a few picoseconds.?* ?° Therefore, many research groups
are developing new approaches to extend the length and timescale of NAMD, such as
improving the accuracy of semiempirical methods,?*2® fitting analytical potential with linear
vibronic coupling model®:3® and accelerating QC calculations with GPU.*’

With the rise of high-performance computing resources, researchers worldwide have
generated massive amounts of data; ML has been used to design molecules that intelligently
satisfy multiple properties.>* 3 Examples of these include material design and drug
discovery,® 3° reaction barrier prediction,*® transition states search,*° solving the
Schrédinger equation*® *' modeling wave functions,** *® optimizing density functionals,** *® and
predicting IR,*® UV-Vis,*" *® and NMR*® spectra. The main advantage of ML is that it can
effectively learn the N-dimensional relationships of any input-output relation datasets that are
otherwise overwhelming to humans. This feature enables the development of ML potential as
an alternative for QC calculations to predict excited-state PESs for NAMD at a negligible
computational cost without losing accuracy.

This review provides an overview of recent developments in ML photodynamics. We will first
discuss the fundamentals of the theoretical methods integrated into the ML photodynamics
approach, including the QC methods available for generating accurate reference data of
excited-state electronic properties. Then we will review the NAMD approaches compatible with
ML potentials for simulating photochemical reactions, the ML techniques ready for fitting
excited-state PESs with QC reference data, and the training data generation strategies. Then,
the following sections will summarize the applications of ML photodynamics with recent studies
on photochemical reaction mechanisms, such as cis-trans isomerization, [2+2]-cycloadditions,
41r-electrocyclic ring-closing reactions, and hydrogen roaming. Finally, the discussions will be
focused on the emerging chemical problems in photochemical reaction research and the
technical details of the employed QC and ML methods.

2. Methods

We first introduce the methods used in the ML photodynamics simulation. Figure 1 illustrates
a brief flowchart for choosing appropriate methods in our experience, explained by the
following discussions.
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Figure 1. Flowchart for choosing machine learning models, nonadiabatic dynamics methods,
and quantum chemical methods for training data calculations.

2.1. Machine learning methods

ML methods are popular for developing fast and accurate potential models for molecular
dynamics simulations.’® %' For photodynamics simulations, the ML potential learns the
relationships between the molecular structures and the ground and excited-state electronic
properties, for instance, energies, forces, nonadiabatic couplings (NACs), and spin-orbit
couplings (SOCs). The molecular descriptor numerical representation encodes three-
dimensional structural information. The ML model reads the molecular descriptor to predict the
ground and excited-state energies, forces, NACs, and SOCs by minimizing the errors between
the expected numbers and the ground-truth data. Selection of the ML models and molecular
descriptors needs extraordinary carefulness because they are two main factors determining
the accuracy of the ML potentials for photodynamics simulations.

Kernel and neural networks (NNs) are popular methods for training ML potentials (Figure 1).
The kernel methods (e.g., Kernel ridge regression and Gaussian process regression) are
nonparametric to search the form of the kernel functional depending on the training data that
make probabilistic predictions. The complexity and number of parameters of kernel methods
increase as the training data expands. Neural networks optimize a fixed number of predefined
hidden layers and node parameters by minimizing a loss function (e.g., mean square error).
This NN architecture is called a multiple-layer perceptron (MLP). The optimization of NN also
requires tuning hyperparameters (e.g., activation functions, number of hidden layers and
nodes, learning rates, and regularizations). Since the complexity of the NN is independent of
the training data, it is expected to have good computational scaling and memory usage for



large training sets, including photodynamics simulations. Various ML potentials have been
developed to improve the accuracy of the predicted potential energies and forces, such as
high-dimensional neural network potential (HDNNP),*? SchNet,>® PhysNet,>* ANI,® ¢ deep
potential smooth edition (DeepPot-SE),>” symmetrized gradient-domain machine learning
(sGDML),*® permutationally invariant kernel ridge regression using RE descriptor and the
Gaussian kernel (pKREG),*® reproducing kernel Hilbert space (RKHS),*® Gaussian
approximation potential (GAP),*' neural equivariant interatomic potential (NequlP),%? and local
equivariant deep neural network interatomic potential (Allegro).®® Some packages of a
collection of ML methods are MLatom,*® ®* and fast learning of atomic rare events (FLARE).®®
A comparison of NN and kernel methods show similar accuracies for ML photodynamics

simulations.®® More benchmarks on various ML potentials are reviewed in these references.>”
67,68

Molecular descriptors must satisfy the translational and rotational invariance to hold a valid and
machine-learnable mapping between molecular structures and corresponding energies and
forces. These requirements motivate the development of global descriptors such as internal
coordinates, Coulomb Matrix,®® and inverse distance matrix.”® The global descriptors above
are not invariant with respect to the permutation of chemically equivalent atoms. Permutation-
invariant representations are created with sorting techniques (e.g., bag-of-bonds,”" and
randomly sorted Coulomb matrices’®). However, it could result in discontinuous PESs, where
the ML potential becomes challenging to train. Permutationally invariant polynomials™ is
another solution applicable only for small molecules as the number of permutations grows
exponentially with molecular complexity. We have introduced the permutation map technique™
> to restore the permutationally invariant structural information from existing training data
according to molecular symmetry. Alternatively, we can choose a local descriptor representing
the local chemical environment around each atom with a set of basis functions in a given cutoff
sphere. The local descriptors are permutationally invariant and size extensive because they
decompose the total energy into atomic contributions. Some examples of local descriptors are
atom-centered symmetry functions (ACSFs),”® smooth overlap of atomic positions (SOAP),””
and Faber-Christensen—Huang-Lilienfeld (FCHL).”® Pozdnyakov and co-workers addressed
the significance of the higher-order terms in the local descriptors.”® The high-order terms
improve the atomic structure representations by adding angular information beside the
interatomic-distanced-based radial information. Using physics-informed descriptors can
achieve high-accuracy ML performance with minimal training data.

Recent NN-based ML potentials incorporate the local descriptor in the model, thus enabling
simultaneous optimization of the descriptors and model parameters during the training.
Message-passing neural networks (MPNN) implement such descriptors.®® MPNNs embed the
atomic information (e.g., atom type) using discrete numbers, called node features, and the
interatomic information using a transformation function of the pairwise atomic distances, called
edge features. The node and edge features go through the message-passing layer that
updates the node features by convoluting the neighboring node features weighted by the
corresponding edge features within a local environment following the molecular connectivity
graph. Iterative updating of node features with a message-passing layer refines the encoded
messages on each atomic center. Their sum is used to fit the molecular properties (e.g., total
energy). Increasingly sophisticated convolutional layers are introduced to extract the atomic
features acting as a pattern filter for the local atomic environment. This type of convolutional
layer was implemented in Deep Tensor NN (DTNN)*® and the descendant SchNet,®' which
uses Gaussian functions to learn the internuclear distance for fitting molecular potential and
force field. Similar NNs are PhysNet, * HIP-NN,®? DeepPot-SE,% SchNOrb,*? and
SpookyNet.®® The Gaussian functions only transform the node and edge features as scalers,
which is inefficient for learning the angular information. Spherical harmonic functions allow NN
to learn the node and edge features in the form of tensors. These geometrical tensors can
represent the radial, angular, and high-order structural information, significantly accelerating



the training with a minimum amount of data. The convolution of tensors requires special tensor
product operations satisfying the translational and rotational invariance, which is implemented
in Euclidean equivariant neural networks (e3nn).%? NequlP® and Allegro®® are two applications
of e3nn for learning the atomic potential. NequlP outperforms existing ML models with high
accuracy but up to three orders of magnitude fewer data sets;®? and the Allegro, with similar
accuracy to NequlP, achieves high learning and prediction efficiency in simulating a system
with 100 million atoms.®® To the best of our knowledge, many graph convolutional NNs (GCNN)
are available for ground-state molecular dynamics, but only a few have been adapted for
photodynamics simulations.

Researchers can learn excited-state PESs based on a time series of molecular geometries in
NAMD trajectories with recurrent NNs (RNNs).®* The RNN uses a directional connective graph
that passes the outputs of the previous step as inputs of the current step. It predicts further
data by considering the historical evolution's memory information, which extracts the temporal
features. The long short-term memory (LSTM) units are used to avoid gradient vanishing and
exploding problems.®® Recent work by Gu and Lan has reported successful multi-configuration
time-dependent Hartree (MCTDH) dynamics simulations using LSTM-NN.2¢ Due to the
complexity of input data constructions-a time series of geometries rather than a single
geometry, the LSTM-NN has not been used for simulating photochemical reactions.
Nevertheless, the LSTM-NN shows a promising solution to avoid problems in learning NAC.
The NACs are essential in the FSSH method because it determines the time evolution of the
state population, which controls the surface hopping probability. A recent work by Shen and
co-workers showed that LSTM-NN could learn the state population in a given number of
consecutive snapshots in trajectories.®* As such, the NACs are no longer needed as the
predicted state population matrix can be directly used to compute the surface hopping
probability for FSSH. Although this approach successfully worked for analytical models,
applications in molecular systems have yet to be reported.

2.2. Nonadiabatic molecular dynamics

The ML photodynamics stems from the NAMD methods using MQC trajectories. Nuclear
motions are treated classically along a single PES. Omitting nuclear quantum effects
substantially accelerates these simulations and enables the simulation of full-dimensional
NAMD photodynamics of interesting, practical molecules. *?° The most time-consuming step
is the computation of ground- and excited-state energies and forces because the MQC
trajectory requires sequential on-the-fly computations at each timestep. Furthermore, a typical
NAMD simulates an ensemble of independent MQC trajectories to obtain statistically
meaningful results. As such, the number of trajectories multiplied by the number of nuclear
geometries gives thousands of QC calculations resulting in a prohibitive computational cost.
In the NAMD simulations with MQC trajectories, the trajectory propagates along an electronic
state of a PES. The surface hopping algorithm describes the nonadiabatic electronic
transition(s) by hopping between the electronic states in degeneracy regions with strong NACs,
known as trajectory surface hopping (TSH). Fewest switches surface hopping (FSSH) is a
widely used algorithm to determine the probability of surface hopping. It requires information
on the nonadiabatic couplings (NACs) between the PESs with the same spin multiplicity and
the spin-orbit couplings (SOCs) between PESs with different spin multiplicities, e.g., singlet
and triplet.®”- 8 Many photochemical reactions have been studied using the FSSH dynamics
method.?**" However, learning NACs for ML photodynamics is challenging for the following
reasons. 1) The number of NACs increases with the number of PESs quickly in a relationship

of N (N — 1)/2 for an N-state system. Since modeling photochemical reactions involves at least
two states, the computations of NACs become the most expensive part of generating the QC
training dataset. 2) The NACs are in an arbitrary phase because the wave functions of two
electronic states are usually randomly initialized. NAMD simulation commonly performed
phase corrections based on the overlap of NACs over two continuous timesteps. However, the
training data does not enforce structural continuity. There is no guarantee that the structures



are in the same order as them in the trajectory or the same trajectory. The phase corrections
are performed with additional geometrical interpolative techniques.?> On the other hand, a
phaseless loss function was introduced to train NNs regardless of the phase of NACs data.®
For each state pair, the NAC data are multiplied by the phase factor (i.e., +1 or —1) to evaluate
the prediction errors. The combination of phase factors with the lowest fitting error corresponds
to the phase-corrected NAC data and will be used to train the NNs. The main drawback of this
approach is that the loss function calculations scale with 2V for N states. It becomes inefficient
when N is large. For instance, fitting the NACs over five states would evaluate the loss function
16 times. 3) NACs, defined in Eq. 1, are sensitive to the inverse of the energy gaps between
the two coupling states. It is nearly zero for almost all points along a photodynamics simulation
except for near avoided crossings or conical intersections. The magnitude suddenly
approaches infinity as the molecule approaches the state-crossing. The discontinuous NAC
function leads to a highly challenging ML task that still does not have a general solution. A
remedy to this issue is learning the numerator terms of the NACs, which is a continuous
function of reaction coordinates avoiding cusp data.®? Then, the full NACs can be computed
on-the-fly by dividing the gaps between the ML-predicted energies. Still, the above approach
remains difficult to predict the NACs at the degeneracy regions, where the ground-truth energy
gap could be smaller than the prediction error within the so-called chemical accuracy of 1.0
kcal mol'. Nevertheless, this approach has successfully predicted several molecules' excited-
state dynamics and photochemical reactions.?® % 4)The NACs are vectorial properties as they
indicate the steep descent directions for the changes of two coupled wave functions. They
must be learned together with the geometries satisfying the translation invariance and
rotational covariance. Marquetand and co-workers constructed a virtual ML potential and used
the first-order derivatives to fit the numerator term of the NAC data.®® In contrast to the
straightforward physical relationship between energy and force, the physical meaning of the
virtual potential is unclear. Thus, the training data are unavailable to improve the accuracy of
the virtual potential. It worked for model systems (e.g., CH2NH.*), but we have seen overfitting
issues in molecules beyond these systems.” 949
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An alternative to learning NACs is Zhu-Nakamura's theory of surface hopping (ZNSH).** %" The
ZNSH method uses a generalized one-dimensional model to describe the nonadiabatic
transition, where the forces are diabatized based on three-point interpolation. It computes the
surface hopping probability based on an analytical equation of energy gap and forces, which
is generalizable to include SOCs for intersystem crossing mechanisms.?® The ZNSH method
requires the forces of all involved states instead of the current state in FSSH, leading to
relatively expensive QC calculations. Fortunately, the ML forces and energies are learned
simultaneously. As such, the ZNSH method can take full advantage of the ML acceleration in
ML photodynamics simulations. The ZNSH method has shown comparable results to the FSSH
gg(?ggod for studying several molecules' excited-state dynamics and photochemical reactions.®”
Another solution to the NAC problem relies on on-the-fly computed NACs with the Baeck-An
(BA) approximation;'®': 192 the BA approximation computes NACs as a function of the second-
order derivative of the energy gap with respect to the nuclear positions. While calculating the
second-order derivative of the energy gap is time-consuming, the auto differentiation
techniques are compatible with ML techniques due to the analytical evaluations of second-
order derivatives. By transferring the energy gap derivatives from the geometric domain to the
time domain, we can numerically compute the second-order derivative by evaluating the
temporal changes of energy gaps along with three adjacent time steps.'® The approximated
NACs are also termed curvature-approximated time derivative couplings (kTDC), as their
quantities only depend on the curvature of PES."® The kTDC approach enables ML FSSH
photodynamics, which is notably less empirical than ZNSH dynamics. Figure 1 demonstrates



that the NAMD method choice for ML photodynamics simulations depends on the rigor of the
available NAC computations.

2.3. Quantum chemical methods

Choosing an appropriate QC method for excited-state calculations is essential to prepare
accurate training data for ML photodynamics simulations (Figure 1). Single and multireference
methods are two common types of QC methods popular for studying electronic properties and
nuclear dynamics in excited states. Single-reference (SR) methods compute excited-state
electronic structures using the ground state as a reference under the adiabatic approximation,
such as time-dependent density functional theory (TDDFT),'™ approximate second-order
coupled-cluster (CC2)," and algebraic diagrammatic construction to the second order
(ADC(2))."% 197 However, SR methods suffer some deficiencies in studying excited states in
the following cases. 1). The SR method based on single excitations, e.g., TDDFT, cannot
describe the double excitation. 2). The SR methods do not treat the ground and excited-state
wavefunction on equal footing; thus cannot correctly compute the excited states degenerate to
the ground state. These situations are often encountered in computing photochemical reaction
pathways, where the doubly excited state could participate in the reaction, and the reactions
could go through regions of degeneracy between the ground and excited state (e.g., avoided
crossings and conical intersections). Moreover, the SR methods produce the wrong
dimensionality for the branching plane of singlet conical intersections because the single
excitation formulation computes incorrect interaction between the ground and excited states.
This issue results in a problematic energy relaxation path from a conical intersection.'%® 1%
Spin-flip technique (e.g., SF-TDDFT)"% """ was introduced to restore correct PESs surrounding
conical intersections. Other methods, such as the mixed reference spin-flip TDDFT (MRSF-
TDDFT)"? and spin-restricted ensemble-referenced Kohn—Sham (REKS)'® can compute
conical intersection at the cost of SR methods.

Multiconfigurational methods are sufficiently robust to describe conical intersections' electronic
structures and nuclear geometries. Many works have shown that the conical intersections
computed by multiconfigurational methods are required to explain the mechanism and obtain
the structure-reactivity relationships in photochemical reactions.®*®' The multiconfigurational
methods often use reference wave function generated by the complete active space self-
consistent field (CASSCF). The CASSCF wavefunction includes the full configurational
interactions in a subset of molecular orbitals, called active space, that can fully address issues
in the abovementioned single-reference method. Two popular multiconfigurational methods
are complete active space second-order perturbation theory (CASPT2)"* 5 and
multireference configuration interaction (MRCI).""®"® CASPT2 directly adds second-order
perturbative corrections (i.e., dynamical correlation) to the CASSCF excited-state energies;
MRCI computes the electronic excitations by generating single and double electron transitions
on top of the CASSCF wavefunctions. Moreover, the extended multistate (XMS)'® and
dynamically weighted (XDW)'?' variants of CASPT2 improve the energy corrections near the
state-crossing regions. It is important to remember that the MR methods rooted in CASSCF
have limitations. 1). modern QC software limits the active space size to 22 electrons and 22
orbitals due to the exponential growth of the configuration state functions. Recent
developments in the adaptive sampling configuration interaction (ASCI) method have
expanded the active space size beyond 50 electrons and 50 orbitals.'?* '2® 2) The active space
and the state-averaging choice are not trivial. In our experience, the results depend on the
researcher’s expertise with multiconfigurational methods and active space selection prowess.
3) MR calculations are significantly more expensive than SR calculations because they need
to optimize the configuration and orbital coefficients simultaneously or asynchronously. They
are only affordable to study the excited states of small molecules.® '?* 12> CASSCF is more
frequently used for medium-sized molecules,®" % although the lack of dynamical correlation
often overestimates the excitation energies.’?” As such, the CASSCF results must be validated
against the multireference calculations to confirm the consistent electronic nature (i.e.,



topology) of the excited-stated PESs along the photochemical reaction pathway. Neither single
nor multireference methods may be available to describe the entire photochemical reaction
pathways, where a combination of QC methods can be employed.'?® 2

2.4. Training data

The performance of ML potential in predicting photochemical reactions highly relies on the
quality of training data. The training data for photodynamics simulations requires sufficiently
sampling the structures on the ground and excited-state PESs (i.e., configurational space).
This task requires different types of training data from the commonly used molecular structure
and properties database across the chemical compound space, such as QM7,° QM7b,""
QM8,"*? and QM9."** The MD17 database, for instance, is popular for benchmarking ML
potential across ground-state configurational space for small organic molecules.”™* A more
recent WS22 database provides 1.18 million equilibrium and non-equilibrium geometries of
molecules up to 22 atoms, sampled from Wigner distributions centered at different ground-
state conformations.’™ The design of the WS22 database has been quite helpful for
benchmarking ML potential for excited-state dynamics. The diversity in chemical composition
and accessible conformations assures a broad and statistically robust representation of the
PESs.

Photodynamics simulations could lead to an immense amount of excited-state molecular
geometries outside the existing databases. Unfortunately, a universal ML potential trained with
existing data for the excited states of the molecules with various sizes and compositions is not
available. The main reason is that the excited-state energy is an intensive quantity that cannot
decompose into atomic contributions. Second, the excited-state electronic energy is not a
smooth function of nuclear configurations, especially near the state-crossing region, if the
number of computed excited states is insufficient. However, it is impossible to determine the
number of excited states for all molecules and photochemical reactions. Molecules can go
through various states in photochemical reactions depending on the nature of absorption and
wavelength of the employed light source. Therefore, training ML potentials for photodynamics
simulations requires generating tailored training data for a specific photochemical reaction.

There are two main strategies for training data generation, human-designed and data-driven
approaches. The human-designed approach is based on well-designed molecular structure
sampling methods, such as the MD-based methods (umbrella sampling,'® trajectory-guided
sampling,’®” enhanced sampling,'® and metadynamics'®), stochastic surface walk,'® Wigner
sampling,’" and normal mode scans.?® 2 These methods have been applied for learning
thermal reactions; however, the data sampling efficacy is limited for complex photochemical
reactions. For instance, ground-state MD simulations access different mechanistic pathways
from excited-state processes, while excited-state MD becomes prohibitively expensive as the
number of degrees of freedom increases. Wigner sampling for the reactant or product
geometries captures only accessible nonequilibrium geometries near local or global minima.
Normal mode scans include many irrelevant molecular vibrations. A composite scheme that
combines Wigner sampling and geometrical interpolation could overcome the individual
limitation to generate a compact yet relevant initial set.** A similar approach has been used to
generate the WS22 database.’® The data-driven approach, also called adaptive sampling
(Figure 2) or active learning, is more efficient and nearly eliminates human bias. The objective
is to train an initial ML potential with available computed training data and use it to explore the
excited-state PESs with the active learning algorithm. The simulations monitor the ML
predictions with a measure of uncertainty in the predicted values to determine the
undersampled data. The uncertain data are recomputed with multiconfigurational QC
calculations to expand the original training dataset, iteratively improving the ML potential by
retraining the model with new data until no undersampled data is found. The uncertainty metric
is available in the kernel methods such as Gaussian Process Regression (GPR), as it always
returns the prediction's covariance. However, a single NN model does not have an uncertainty



measure. Our group has followed the concept of the query by committee,'*® where two NNs
are independently trained, and the standard deviation between their predictions quantifies the
uncertainty.
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Figure 2. Schematic demonstration for the adaptive sampling procedures. The workflow starts
by generating a training set with Wigner sampling and geometrical interpolations. The QC
calculations produce the initial data to train two NNs. The initial conditions of NAMD simulations
reuse the Wigner sampled structures; the NNs predict energies, gradients, NACs, and SOCs
to propagate surface hopping trajectories. If the prediction standard deviations (o) of NNs are
large, the energies, gradients, NACs, and SOCs of the current structure are recomputed and
added to the training data. Then NNs are retrained to restart NAMD simulations. If the
prediction standard deviations are sufficiently small, the training cycle completes.

The advantage of adaptive sampling is that the training process automatically explores the
excited-state PESs, searching all possible photochemical reaction pathways. It benefits the
training data preparation as it requires knowledge of one of the possible competing
photochemical reactions. The recent study on the photochemical [2+2]-cycloaddition of [3]-
ladderdiene toward cubane has shown the efficiency of adaptive sampling, discovering the
unseen structures and reactions mechanism based on exclusive information about the [2+2]-
cycloaddition pathway.”

2.5. Multiscale approaches with ML potential

Photochemical reactions of interest to organic chemists rarely occur in the gas phase; solvated
media are much more common. Capturing chromophore-solvent interactions and
understanding their role using QC methods is challenging because of the exponential scaling
with the system size. Multiscale approaches divide the complex environment of chromophore
and surroundings into at least two components. The chromophore undergoing the



photochemical reaction is typically treated with a quantum mechanical (QM) method to account
for bond breaking and forming. In contrast, the surrounding explicit solvent molecules are
treated with a lower level of theory (e.g., classical force field or semiempirical method). These
simulations are known as QM/MM when the solvated chromophore is treated with a QM
method and the surrounding solvent molecules are treated with a classical force field."* The
computational cost of this simulation can still be prohibitively high when the QM method is
multiconfigurational (i.e., CASSCF), thus integrating an ML potential into multiscale
approaches enables the ML/MM, ML/semi-empirical (QM’), or QM/ML methods with higher
efficiency and applicability than the QM/MM methods.

Herein, we briefly introduce the QM/MM methods to show how ML potential can be adapted
into multiscale approaches. Different flavors in the QM/MM methods have been implemented
to compute the center chromophore's energy and the whole system's total energy with the
environment. The total energy of the chromophore and environment can be evaluated in a
subtractive and additive scheme. The MM energy of the chromophore is replaced by the QM
energy to remove the double-counted MM contributions in the MM total energy in the
subtractive scheme. The nonbonded interactions between the chromophore and the
environment, including electrostatic and Van der Waals interactions, are computed at the MM
level. Alternatively, the total energy is obtained by summing up the QM energy of the
chromophore, the MM energy of the environment, and the QM/MM coupling term accounting
for the nonbonded interactions.

The ML potential can improve QM and or MM calculations in the QM/MM methods. In the
QM/ML scheme, an ML potential trained with QC calculation data could work as the MM
backend. It ensures the same accuracy of the QM and ML energies alleviating mismatched
accuracies between the QM and MM energies.'*® By treating the MM region as multilayer
energy-based fragments, the QM/ML method has successfully simulated the excited-state
dynamics of dimethyldiazene in a solvent box of 40 water molecules.'® In the ML/MM scheme,
one can use the ML potential to correct the energies and forces obtained from the low-cost
semiempirical QM (e.g., DFTB) calculations (i.e., A-learning), matching the results of DFT
calculations. The A-learning approach has been reported to accelerate the MD simulations for
thermal reactions (e.g., Sz reaction and Claisen rearrangement) using the HDNNP'#7-'%° and
DeepPot-SE."™ On the other hand, the ML potential, such as HDNNP,"®' FieldSchNet,'®? and
Deep-Pot-SE'®® have been adapted to a QM calculator that predicts the energies and forces
at the same level as the QM training data. These methods belong to the electronic embedding
ML potential. They incorporated additional electronic embedding features to learn the
environment-polarized QM data, which properly retains the dependence of energies and forces
on the external charges. A similar approach has been implemented to support the electrostatic
embedding GPR model."® A recent study demonstrated that the embedded atom neural
networks (EANN)™® ' in a mechanical embedding scheme could be as accurate as the
electronic embedding ML potential when choosing an appropriate QM region for training data
calculations. The ML/MM methods still have inconsistent energetic descriptions between the
QM and MM regions. To mitigate the inconsistency during SchNet model training, a buffered
region between the inner QM and outer MM regions was introduced.' The buffer region
experiences full electronic polarization by the inner QM region. The effective interactions with
the QM region are calculated at the QM level, while the interactions with the MM region are
described at the MM level. The total interactions are a combination of MM interactions and the
effect of the QM region on the electronic degrees of freedom of the buffer region, which
minimizes the artifacts arising from mixing QM and MM data.

3. Applications of ML photodynamics for resolving photochemical reaction mechanisms
ML photodynamics has numerous applications for studying excited-state dynamics,
nonradiative decay processes, and complex photoreactions. For instance, Maquetant and co-
workers demonstrated that both KKR and NN models could learn the excited-state dynamics
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of small molecules, such as CHzNH:*, S=CH, and S02.% * Haberson and co-workers used
the KRR model to perform MCTDC simulations for several molecular systems,'®® explaining
the excited-state hydrogen tunneling phenomena.’®® Pavlo and co-workers applied KRR to
learn the quantum dissipative dynamics of open systems;'® they also reported that a CNN
model could predict 10-ps-long trajectories of open quantum systems dynamics in one shot.'®"
In this section, we will focus on the ML photodynamics application in resolving complex
mechanistic questions in photochemical reactions.

3.1. Photochemical cis-trans isomerization of hexafluoro-2-butene

The first example demonstrating an automatic discovery of photochemical reaction pathways
using ML photodynamics simulations is the NN-predicted cis-trans isomerization of hexafluoro-
2-butene (Figure 3a).** The NN potential was constructed using two independently trained MLP
models with the inverse distance matrix representation. The training set was initially generated
with the Wigner sampling combined with geometrical interpolations from the cis to the trans-
configuration, complemented with snapshots of short-time (50 fs) NAMD trajectories, which
gives a total number of 4961 data points. The training data were computed at CASSCF(2,2)/cc-
pVDZ level. Adaptive sampling searched the undersampled geometries. It propagated 250
trajectories from the S1state in 500 fs. 80% of the trajectories have finished in 5 iterations
finding 565 new geometries. Up to 28 iterations, 98% of the trajectories were completed. It
collected an overall of 1516 new geometries leading to a final training set of 6207 data points.
The mean absolute errors (MAESs) of energy predictions were 0.023-0.025 eV, satisfying the
commonly accepted chemical accuracy of 0.043 eV(1 kcal-mol™).

The NN predictions of energies, forces, and NACs take 0.01s on a single CPU, which was
3.4-10*times faster than the CASSCF(2,2)/cc-pVDZ calculations. The significant accelerations
allow us to simulate the dynamics of trans-hexafluoro-2-butene up to 10 ns in 50 hours using
a single CPU. It also afforded more trajectories than the QC NAMD simulations. For example,
the 500 fs simulations of frans-hexafluoro-2-butene cost-efficiently propagated more than 5000
trajectories to obtain a statistically sufficient sampling of the photochemical reaction pathways.

Due to the overfitting issue of NACs, the ML photodynamics simulations using FSSH with NN-
predicted NACs overestimate the S lifetime of frans-hexafluoro-2-butene compared to the
reference CASSCF(2,2)/cc-pVDZ trajectories (Figure 3b). The ZNSH with NN-predicted
energies and forces could reproduce the QC reference value of 29.0 fs, predicting an S lifetime
of 33.5 fs. Given the NN ZNSH trajectories, the final trans : cis ratio was 3.5: 1, which is close
to the frans: cis ratio of 2.8: 1 found in the QC reference trajectories. Characterizations of the
trajectories showed that the NN and QC trajectories underwent virtually identical geometrical
changes at the S1/So surface hopping points, showing a similar topology of the S1/So crossing
seam.

In addition to the cis-trans isomerization mechanism, photoexcited hexafluoro-2-butene can
promote hydrogen migrations forming a carbene intermediate. This pathway was intentionally
excluded from the initial training data as human-introduced bias in the underlying
photochemical reactions of hexafluoro-2-butene. The adaptive sampling rediscovered the
undersample structures corresponding to the hydrogen migration pathways. The final NN
trajectories predicted a frans: carbene ratio of 1.1: 1, which also agrees with the QC reference
value of 1.6: 1. It suggests that ML photodynamics are feasible to study photochemical
reactions with minimal prior knowledge of the underlying reactions.
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Figure 3. (a) The cis-trans isomerization of hexafluoro-2-butene with frans: cis and trans:
carbene ratios predicted by 500 fs CASSCF(2,2)/cc-pVDZ and NN trajectories. (b) The state
population of hexafluoro-2-butene in 500 fs. QC denotes the FSSH trajectories computed with
CASSCF(2,2)/cc-pVDZ calculations. NNznsH indicates the NN trajectories with Zhu-Nakamura
surface hopping, which does not use NN-predicted NACs. NNrssn denotes the NN trajectories
with FSSH using NN-predicted NACs. The deviation between the QC and NNkrssH trajectories
resulted from the overfitted NACs. Results are reproduced from reference® with permission
from the Royal Society of Chemistry.

3.2. Photochemical 41r-electrocyclization of norbornyl cyclohexa-1,3-diene

ML photodynamics simulations can disentangle the photochemistry experiment results beyond
the limits of the QC NAMD approach. One such example is the photochemical 41r-
electrocyclization of norbornyl cyclohexa-1,3-diene (Figure 4a).** The experiment observed a
stereoselective ring-closing reaction favoring the anti-configuration. Due to the structural
complexity and the number of nuclear degrees of freedom, the NAMD simulations with
CASSCF(4,3)/ANO-S-VDZP calculations took 17 days to obtain 1 ps dynamics with 240
trajectories. Within the simulation time, two intermediates were predicted, which were not
observed in the experiments. The limited number of trajectories also missed predicting the
minor product in endo-configuration. Thus, the QC NAMD simulations were insufficient to
explain the experimental stereoselectivity.

We sought to resolve the mechanism of the 41r-electrocyclization of norbornyl cyclohexa-1,3-
diene with the help of the ML photodynamics approach. The NN potential used the MLP model.
The training data generations include the Wigner sampling, geometrical interpolation, and
sampling from the 50 fs trajectories of QC NAMD simulations. This method generated 3349
training data computed at the CASSCF(4,3)/ANO-S-VDZP level. The adaptive sample further
collects the undersampled structures by propagating 250 trajectories in 1 ps. The temperature
was increased to 1200 K to accelerate the exploration of high-energy nonequilibrium
geometries. During the adaptive sampling, the normal completion of trajectories reached 80%
after 6 iterations, then fluctuated in the next 18 iterations. It approached 90% after 50 iterations
and stopped at 96% in 100 iterations. The final number of training data is 6272. The MAE of
the NN predicted energies are 0.027—-0.031 eV.
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The ML photodynamics simulations for norbornyl cyclohexa-1,3-diene obtained 3954
trajectories in 1 fs, where a single trajectory only spent 38 s, representing a 3.8-104-fold
acceleration to the CASSCF(4,3)/ANO-S-VDZP calculation. The increased number of
trajectories allows us to observe the less favored pathway toward endo-configurations. The
predicted yields of the anti and endo-configuration were 0.7% and 0.2%, respectively. Since
the simulations did not include re-excitation of the reformed reactant, the predicted yields are
lower than the experimental values of 28% and 4% for the anti and endo-configuration.
Nevertheless, the predicted anti: endo ratio in the first 200 fs matched the experimental
measurements over 4 hours. The ML photodynamics simulations suggested that the anti-
configuration is favored because its S1/So crossing regions are more accessible than the endo-
configuration.
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Figure 4. (a) The 41-electrocyclization of norbornyl cyclohexa-1,3-diene with experimental and
predicted reaction yields. The predicted yields are obtained from 1 ps QC and ML-NAMD
simulations. (b) Plot for NN predicted photochemical and thermal interconversions between
cyclohexa-1,3-diene (NCHD) and the experimentally absent intermediates, syn-Int and anti-Int
in 1 ns. The plot in the first 100 fs shows the photochemical conversion from NCHD to syn-Int
and anti-Int. The following plot shows the thermal conversion from the intermediates back to
NCHD. The plot suggests a short thermal lifetime of intermediates of about 1 ns. Results are
reproduced from the reference® with permission from the Royal Society of Chemistry.

The predicted intermediates in QC NAMD simulations raise a fundamental question on the
prediction reliability of the CASSCF(4,3)/ANO-S-VDZP calculations simulating the
photochemical reaction of norbornyl cyclohexa-1,3-diene. With ML accelerations, we extended
the simulations to 1 ns to monitor the subsequent dynamics of the intermediates. The
trajectories showed continued thermal isomerization of the intermediate back to reactant in 1
ns (Figure 4b). This finding confirmed the metastability of the intermediates and explained their
absence in the experiments. This example highlighted the advantages of ML photodynamics
simulations in studying complex (photo)chemical reaction mechanisms involving elusive and
long-lived intermediates.
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3.3. Photochemical [2+2] cycloaddition of substituted [3]-ladderdienes

The substituent effects play an essential role in the [2+2]-cycloaddition of [3]-ladderdiene that
facilitates the formation of cubane, a class of highly-strained organic molecules. Experiments
reported an increasing quantum yield (QY) of cubane following the order of methyl (CHs),
trifluoromethyl (CFs), and cyclopropyl (cPr) groups in the octa-substituted [3]-ladderdienes
(Figure 5a).”* Uncovering substituent effects has been impossible for decades because octa-
substitutions significantly raise the computational cost. For instance, the 1 ps NAMD
simulations with CASSCF(8,7)/ANO-S-VDZP+ANO-S-MB(for substituents) calculations for the
octamethyl [3]-ladderdiene would take several months. The ML photodynamics simulations
can handle full dimensionality greater than 200 degrees of freedom with affordable
computational cost. As such, ML photodynamics simulations have been applied to study the
substituent effects.”

The NN potentials built by the MLP model showed the flexibility of the NN learning various
kinds of photochemical reactions. The training data generation solely used the Wigner
sampling for the octa-substituted [3]-ladderdiene and the geometrical interpolations from the
optimized geometries of octa-substituted [3]-ladderdiene, the S1/Se minimum energy conical
intersection (MECI) of the [2+2]-cycloadditions, and the corresponding cubane derivatives. The
nuclear displacements of the Wigner sampled geometries were mixed into the interpolated
geometries to expand the structural diversity in the training data. Initial training data were 4321
for octamethyl [3]-ladderdiene and 3361 for octatrifluoromethyl and octacyclopropyl [3]-
ladderdiene.

The octa-substituted [3]-ladderdienes have a C.symmetry in their connection graph. Thus, a
permutation map according to the C.symmetry was used to automatically expand the training
data maintaining the permutational invariance in the total energy and the covariance in the
forces.”* The generated data contains the structural information in the permuationally
equivalent geometries following the C: relationship without computing more training data or
spending more adaptive sampling iterations to search them. Thus, a permutation map helped
minimize the requisite training data size and speed up active learning. It leads to a moderate
increase of the data size in 1.98-2.23 times when it finds the optimal NN potential with 125
trail trajectories exploring the excited-state PESs (Figure 5c¢). Thus, it effectively maintains a
manageable computational cost of the NN potential training at the CASSCF(8,7)/ANO-S-
VDZP+ANO-S-MB(R) level. The final MAE of NN energy predictions were 0.040-0.046, 0.032—
0.045, and 0.037-0.039 eV for the octamethyl, octatrifluoromethyl, and octacyclopropyl [3]-
ladderdiene, respectively.

The NN potential showed 1.5-6.4-10%fold accelerations to the energies and forces
computations with the CASSCF(8,7)/ANO-S-VDZP+ANO-S-MB(R) calculations for the
substituted [3]-ladderdiene. The ML photodynamics simulations propagated 3835, 3259, and
3122 trajectories from the S:-FC points in 2 ps with a 0.5 fs time step for the octamethyl,
octatrifluoromethy, and octacyclopropyl [3]-ladderdiene. The simulations uncovered four Si
relaxation pathways of octamethyl [3]-ladderdiene, including the [2+2]-cycloaddition, 41T-
disrotatory electrocyclic ring-opening, oc-c cleavage, and 61r-conrotatory electrocyclic ring-
opening (Figure 5b). It showed the 41 and 61T-ring-opening reactions are faster than the [2+2]
cycloaddition when R = CHs. The CF3 has close-shell repulsion to block the 61r-ring-opening
pathway enhancing the preference of the [2+2] cycloaddition. The cPr are steric repulsive,
further accelerating the [2+2]-cycloaddition reaction and completing the 4tr-ring-opening
reaction. The predicted reaction QYs were 1%, 14%, and 15% for the octamethyl,
octatrifluoromethy, and octacyclopropyl cubane, in line with the trend observed in the
experiment.
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Figure 5. (a) Photochemical [2+2] cycloaddition of octa-substituted [3]-ladderdienes toward
cubanes with experimental and NN predicted QYs. (b) Three reaction coordinates, r, d, and c,
corresponding to the [2 + 2] cycloaddition, electrocyclic ring-opening, and oc-c cleavage
pathways observed in the NN trajectories of octa-substituted [3]-ladderdienes, respectively. (c)
Geometrical distributions of the training data for the NN potential of cta-substituted [3]-
ladderdienes. The initial set is in black. The color bar of the data shows the interactions of the
adaptive sampling. The final training set contains 9303, 6659, and 7697 data points for R =
CHs, CF3, and cPr. Results are reproduced from the reference’ with permission. Copyright
2021 American Chemical Society.

3.4. Photochemical 41-electrocyclization of fluorobenzenes

The nanosecond-scaled NAMD simulations enabled by the ML photodynamics approach
provide an effective tool for studying the photochemical reactions involving long-lived
photoexcited species. Fluorobenzenes are one example of the excited-state lifetimes falling in
nanoseconds' time window (Figure 6a).” Moreover, the fluorinations of benzene introduce
unusual low-lying 1" states strongly coupled with the Tr* states. Thus, investigating the
excited-state dynamics and subsequent photochemical reactions of fluorobenzenes requires
a highly accurate description of the excited-state PES at the XMS-CASPT2 level. However,
the NAMD simulations in nanoseconds at the XMS-CASPT2 level are far beyond the affordable
computing resources.

The ML photodynamics simulations revealed the photochemical reaction mechanism of
fluorobenzenes with high-fidelity structural information. The NN potentials built by the MLP
model successfully learned the excited-state properties of the highly symmetric fluorobenzene
structures with the help of a permutation map (Figure 6b).” The training data were generated
using the Wigner sampled structures of fluorobenzenes at their equilibrium geometries and the
interpolated structures from the optimized geometries of fluorobenzenes to the corresponding
Dewar-fluorobenzenes via an S1/So MECI. The number of initial training data computed at
XMS-CASPT2(6,7)/aug-cc-pVDZ level are 901, 3104, 1677, and 4543 for hexafluorobenzene,
pentafluorobenzene, tetrafluorobenzene and trifluorobenzenes. The hexafluorobenzene and
tetrafluorobenzene have notably smaller data sizes than the others because they have
chemically equivalent reaction channels at symmetric carbon atoms. The adaptive samplings
continued to explore the undersampled structures. The S1PESs of fluorobenzenes display S+
minimum regions near the S+-FC regions, which prevent the trajectories from moving farther in
picoseconds. As such, the adaptive sampling scaled the initial kinetic energies 2—3 times to
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fast forward the excited-state dynamics fluorobenzenes, so adaptive sampling can be done
using 200 trajectories propagated from S1in 10 ps. As shown in Figure 6¢, using a permutation
map notably accelerated the training process for hexafluorobenzene (Figure 6c¢). With
permutations, the completion ratio of adaptive sampling increase to 0.8 in 10 iterations and
exceeds 0.9 in 30 iterations; without permutations, the adaptive sampling curve fluctuates in
the first 20 iterations, which spent 29 iterations to meet a completion ratio of 0.8. The adaptive
sampling with permutations found considerably fewer structures (2128) than that without
permutations (3029). At the end of adaptive sampling, the training data size increased to 3051,
4037, 4710, and 10204 for hexafluorobenzene, pentafluorobenzene, tetrafluorobenzene, and
trifluorobenzene, respectively. The final MAE of NN energies were accordingly 0.027—-0.028,
0.020-0.021, 0.030-0.036, and 0.023-0.024 eV.

F

F F
(a) . " R § F " : . EER F UF
254 nm | | 254 nm | | . | |
20°C, 10 h 1, 10-40 h J__L _L
E F F F FF R
F H
1 3

F £ = Fooy H
2 4 5
H F
FE H FE F oy RN HE & He F
E E H F /
254 nm 254 nm
—=m L T - U] ——= L e O
F I F A T N H r Hoavew ¢7 0 e B e T
6 7 8 9 10 1 12
Texp. (PS) TNN predicted. (PS) QYexp. (%) QYNN (%) QYexp. (%) QYNN (%)
1 70 60 2 <3 0.4 8 not reported 0.1
3 29 12 4 not reported 0.5 10 not reported 0.1
6 1350 116 5 not reported 0.3 11 <2 0.3
9 not reported 28 7 not reported 0.0 12 <2 0.4

(C) 1.0 1 —with permutation
=—=no permutation

Cs operation
0.8
Ii—lip !

o
>

Completion ratio

o
N

lip=[d12,d15,d14,...d25,...]

1

o
o

2 rotational invariant| Lp=1

3 0 5 10 15 20 25 30

l>=[d12,d13,d14,...0>5,...] Number of iterations

Figure 6. (a) Photochemical 4tr-electrocyclization of fluorobenzenes with reported
experimental and NN-predicted excited-state lifetimes and QYs. (b) A permutation map for
hexafluorobenzene, defined by the “Cs operation” reordering the atoms around the Cs axis of
hexafluorobenzene. Two different inverse distance matrix representations, /1 and I, for an
equivalent structure can be learned simultaneously after reordering the atoms. (c) Adaptive
sampling curves of hexafluorobenzene with and without a permutation map. The completion
ratio is the number of complete trajectories divided by the total number of trajectories. Panel

(b) and (c) are reproduced from the reference’ with permission. Copyright 2022 Wiley-VCH.

The ML photodynamics simulations with about 1800 trajectories in 4 ns predicted time
constants were 116 ps, 60 ps, 28 ps, and 12 ps for tetrafluorobenzene, hexafluorobenzene,
trifluorobenzene, and pentafluorobenzene. These results reproduced the experimentally
observed trends in the S1decay time constants. The trajectories revealed that the long lifetime
of hexafluorobenzene originated from the pseudo-Jahn-Teller effects that create a relatively
stable excited-state minimum by breaking the Dsn symmetry of the benzene ring. The structural
distributions of the S1/So surface hopping points of fluorobenzenes showed no correlation to
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the reaction coordinates along with the 41r-electrocyclic ring-closing pathway. This finding
suggests the 41r-electrocyclization of fluorobenzene is controlled by the dynamical effects
depending on the instantaneous nuclear momentum facilitating the 1,4-carbon bond formation.
As a result, the underlying 4tr-electrocyclic ring-closing reaction becomes inefficient with
predicted QYs of 0.1-0.5% in Dewar-fluorobenzenes, explaining the experimental QYs about
1%.

3.5. Transferrable ML potentials to predict the cis-frans isomerizations of azobenzenes. The
ongoing ML model development highly desires a transferable ML potential to predict unseen
photochemical reactions. However, an ML potential that fits the excited-state PESs of
molecules throughout the chemical space is still unavailable. Because of the intensive nature
of excitation energy, the decomposition of excited-state energies into atomistic contributions in
different kinds of molecules is questionable. The number of excited states involved in the
photochemical reactions is also system and problem-dependent, which further complicated the
development of the universal ML model for excited states. Recent work by Marquentand and
co-workers has shown the first hint at the transferability of the excited states by training ML
potential on two isoelectronic molecules.*’” A later work by Gémez-Bombarelli demonstrated
significant progress in developing the transferability of NNs for predicting the cis-trans
isomerizations of a series of azobenzenes (Figure 7a)."%

The transferable NNs, called adiabatic artificial NN (DANN), were built upon the PaiNN model
(Figure 7b)."®® It used scalar and vectorial features to embed the atomic node and edge
information and updated the features through equivariant message-passing layers with the
neighboring atoms. The scalar output features are mapped to predict atomic contributions to
the adiabatic Hamiltonian matrix elements. The adiabatic Hamiltonian was then diagonalized
to predict the total energy of each state. The diabatic Hamiltonian matrix helped NN learn the
excited-state energies and forces of azobenzene derivatives. It also produces smooth diabatic
couplings between the diabatic states, which were rotated from the diabatic basis to the
adiabatic basis to fit the NACs. This strategy avoided the direct fitting of the NACs containing
nondifferentiable cusp at the Cl regions.

The training data contain the geometries of 8269 azobenzene derivatives, including 164
reported in the literature. The geometries were generated by scanning the central CNNC
dihedral angle and the CNN/NNC angles corresponding to the rotation and inversion pathways
yielding a total of 567037 geometries. The Soand S+ energies and forces were computed using
spin-flip TDDFT calculation at the BHHLYP/6-31G* level.'®? Adaptive sampling was then used
to find undersampled geometries and retrain the NNs. As the training data included more
equilibrium geometries of azobenzenes derivatives than the near-Cl geometries, a sampling
procedure based on the structural similarity and the So/S: energy gap was introduced to
balance geometry selection during the adaptive sampling by giving higher sampling probability
to underrepresented geometries.

To test the performance of the DANN, the energies, forces, NACs, and QYs of 40 unseen
azobenzenes derivatives were predicted against the computed and experimental values. The
prediction MAEs were 3.06 and 3.77 kcal-mol-' for the Soand S1 states of the unseen species.
It should be noted that the MAE of the So-S1gap was 1.89 kcal-mol-" contrasting the accuracy
of the semiempirical spin-flip TD-DFTB method.'® The predictions of Soand S force leads to
errors of 1.72 and 2.31 kcal'mol-"-A-' with a nice R2? correlation coefficient near 1. However,
The predictions of NACs gave a poor R? value of 0.50. These results suggested the
diabatization cannot remove the curl component of the NAC vector, which emphasized the
difficulty of predicting NACs. The predicted QYs showed a moderate correlation to the
experimental yields. The R? value was 0.41, indicating numerical errors in the predicted QYs
compared to the mean predictor. The Spearman coefficient p was 0.71, which suggests the
model predicted the QYs in a correct rank. The computational cost of DANN fitted a scaling of
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N°4° for N atoms, whereas the SF-TDDFT calculations scaled with N?8. Thus the DANN
accelerated the QC calculation by five to six orders of magnitude.

Given the accelerations and transferability of DANN, ML photodynamics simulations were then
used to virtually screen azobenzene derivatives for largely red-shifted absorptions and high
transformation ratio QYa-o/QYv-a. The dataset contains 3100 combinatorial azobenzene
derivatives generated by the literature-informed substitution patterns.'®® Several hypothetical
derivatives were identified to have either the QY.is-trans, QYtrans—cis, Or red-shifted absorption
wavelength higher or longer than the average values of the compound space.
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Figure 7. (a) Cis-trans isomerization of azobenzene systems. (b) Schematic representation of
the DANN model. The atoms and interatomic distances in azobenzenes are embedded into
node and edge features and updated by equivariant message-passing layers in PaiNN. The
outputs are mapped to the diabatic Hamiltonian matrix elements, which are diagonalized to
predict the adiabatic energies and forces. (c) Virtual screening identified azobenzene
derivatives with high QY cis—ransand QY rans—cis. The QY's are cited from the reference.'®?

3.6. Roaming mechanism of photoexcited tyrosine

Amino acids feature ultrafast nonradiative decay from the electronically excited state to the
ground state. The process is faster than the harmful photochemical reactions, thus, preventing
photodamage caused by UV/visible light. Understanding the photochemical reaction
mechanism of amino acids can substantially contribute to improving the photostability of
peptides and proteins in the design of novel drugs in phototherapy. Tyrosine is one of the amino
acids prone to photoexcitation by sunlight. The major deactivation pathway of tyrosine is the
photodissociation of the O—H bond located on the phenol ring. Two main dissociation channels
in a fast and a slow timescale have been proposed for tyrosine after photoexcitation using 200
nm laser pulses.'® Experimental studies conducted on tyrosine cannot resolve the O—H bond
photodissociation mechanism or trace the roaming atoms. Theoretical studies revealed a
repulsive 1mo* state that can lead to photodissociation,'®® but have been limited to static
calculations or low accuracy.'®® '®” More comprehensive computational simulations are needed
to uncover the excited-state dynamics of tyrosine, but these remain computationally infeasible.

Marquetand and co-workers applied the SchNarc approach to comprehensively investigate the
excited-state dynamics of photoexcited tyrosine. The SchNarc approach performs ML
photodynamics simulation using trajectories surface hopping with arbitrary couplings
(SHARC)'®® and ML potential built by SchNet models.>® They trained two NNs to predict the
excited-state energies, forces and approximated NACs and a third NN to predict the SOCs.
The training data of tyrosine included the energies and forces for 5 singlet states and 8 triplet
states and the SOCs between them, which yield 29 energies, 29 forces, and 812 SOCs. Figure
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8a illustrates a flowchart of training the SchNarc model. The structures were initially sampled
by scanning the normal modes of the 12 lowest energy conformers of tyrosine and the
transformation from the neutral to the zwitterionic form, which gave 1967 data points. The
training data were mainly computed with ADC(2)/cc-pVDZ calculations because they agreed
better with the absorption spectrum of tyrosine than the CASSCF or CASPT2 calculation.
These data were used in an initial adaptive sampling running 100 trajectories for each
conformer until the number of data points approximately doubled. The initial adaptive sampling
explored the PESs in each state without surface hopping between the same spin multiplicity,
which collected 16738 data points. However, the ADC(2) method cannot correctly describe the
degeneracy between the excited and ground states for the bond-forming and breaking
processes. Thus, ad hoc data were computed using CASPT2(12, 11)/ANO-RCC-pVDZ
calculations when the distance between the hydrogen atom and another atom is longer than
empirically defined thresholds. To enable long timescale simulation, another adaptive sampling
was used to train the ML potential of tyrosine with 200 trajectories propagated from the Ssstate
in 3 ps, finally giving 17265 data points. The MLP models were used to train the ML potential
during the adaptive sampling because it is 18 times faster than the SchNet models. The SchNet
models were used to learn the final training data and ML photodynamics simulation, as they
produced more accurate results and MLP.

About 1000 ML photodynamics trajectories were excited to the Ss within the excitation window
of 6.5—-7.0 eV and propagated in 10 ps to inform the photochemistry of tyrosine. 83% of the
trajectories showed direct dissociation of a hydrogen atom, the formation of a zwitterionic
species, and other fragmentations pathways. 17% of the trajectories found a roaming hydrogen
atom after the photodissociation of the O-H bond (Figure 8b). Of these roaming trajectories,
36% stayed with roaming hydrogen atoms, whereas the other trajectories moved toward
diverse fragmentation pathways. These results revealed the roaming mechanisms beyond the
chemical intuition in peptides and proteins, which brings our knowledge further toward a better
understanding of the photostability and photodamage of biological systems.

(a)

training data adaptive sampling ad hoc data final training simulations
zgzrf):fg)ies .mode.I: MLP CASPT2(12,11) model: SchNarc .time:.10. ps
20 forees trajectories: 1200 o ~3 days on GPU trajectories: 1022
812 SOCs data:1697—16738 1673817265 initial state: S,
(b) _ -
(@) OH (@) OH (0) (0] (0) (0] . (0] OH (0] OH
H
+ + +
NH, NH, NH4 NH4 NHg NH,
— L —_— E— E— H+
H+ H+
OH 0 0 0 0 o
S,4: O-H dissociation Si: hydrogen roaming So: N-H dissociation

Figure 8. (a) Flowchart for illustration of training SchNarc model. (b) NN revealed the light-
induced hydrogen roaming mechanism of tyrosine. The technical information and mechanism
were summarized according to the reference.'?®

4. Conclusion

ML photodynamics approach has become an emerging tool for learning photochemistry. The
extraordinary accelerations by ML techniques offer great potential for resolving the elusive
photochemical reaction mechanisms at an atomistic level in an ultrafast timescale. The recent
development of ML models enables accurate predictions of energies and forces of the same
quality as quantum chemical calculations. The training protocol with adaptive sampling can

19



effectively search the undersampled data out of the initial set generated based on chemical
intuition, reducing human bias in the training data generation. The reviewed studies have
shown ML photodynamics simulations from picoseconds to nanoseconds for various
molecules in medium and large sizes. The ML photodynamics simulations provided a high
fidelity of trajectories to inform the excited-state structural information underlying the
reactivities, stereoselectivity, and unseen mechanistic pathways in complex photochemical
reactions.

While the applications of ML photodynamics in photochemistry grow rapidly, several limitations
need to be addressed in the ongoing and future method development. First, an accurate ML
model for predicting NACs is unavailable. Using the approximated NACs derived from the ML
energies, forces, and Hessian does not guarantee accurate surface hopping when the excited
and ground state energy gap is significant. The surface hopping calculations depends on the
energy gap, which could be smaller than 1 kcal-mol-'. Thus, ML potential needs higher
accuracy than the commonly accepted chemical accuracy, at least for structures near the state-
crossing regions. The transferability of the ML potential for excited states remains largely
unexplored. The few studies describe a transferable ML potential limited to isoelectronic
molecules or derivatives undergoing similar mechanistic pathways. Therefore, a universal ML
potential for representing the excited states of molecules with arbitrary size and composition
is desired for fully exploiting the advantages of ML photodynamics for studying photochemistry.
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