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Abstract

The accurate description of nonadiabatic quantum molecular dynamics represents one of
the most significant challenges in modern computational chemistry, serving as a gateway
to understanding complex phenomena ranging from photochemistry and electron transfer
to surface scattering and biological exciton transport. A key difficulty lies in bridging
high-level electronic structure theory for ground and excited states with accurate quantum
dynamics theory. Although on-the-fly semiclassical approaches are increasingly viable,
most quantum dynamics simulations still rely on pre-constructed potential energy sur-
faces, or in the nonadiabatic context, diabatic potential energy matrices (DPEMs). This
perspective paper addresses the theoretical foundations, construction methodologies, and
emerging frontiers of DPEMs. We examine the mathematical framework of the adiabatic-
to-diabatic transformation, addressing the inherent topological challenges imposed by the
geometric phase and the curl condition. We further analyze the transformative impact
of machine learning, detailing how machine learning algorithms, such as permutation
invariant polynomial neural networks and deep learning architectures, are reshaping the
construction of global, high-dimensional DPEMs. Finally, we explore the disruptive po-
tential of quantum computing, discussing how quantum algorithms are automating the
direct simulation of nonadiabatic dynamics. In emerging quantum-centric workflows,
DPEMs will continue to provide the critical bridge which enables the mapping of realistic,
time-dependent molecular Hamiltonians onto quantum hardware.

Keywords: diabatic potential energy matrices; nonadiabatic molecular dynamics; conical
intersections; machine learning; quantum computing; nonadiabatic coupling; neural
networks; quantum simulation

1. Introduction
The theoretical treatment of molecular systems has been dominated for nearly a

century by the Born–Oppenheimer (BO) approximation [1]. By assuming that the motion
of atomic nuclei (M∼103–105 a.u.) and electrons (me = 1 a.u.) can be separated due to their
disparate masses, the BO approximation allows the electronic Schrödinger equation to be
solved at fixed nuclear geometries. This yields the adiabatic potential energy surfaces (PESs)
that form the conceptual landscape of modern chemistry. However, the adiabatic picture is
fundamentally insufficient for describing processes such as photochemistry, charge transfer,
and nonadiabatic atomic collisions and scattering. As molecules explore excited-state
manifolds, they frequently encounter regions where electronic states become degenerate or
quasi-degenerate, most notably at conical intersections (CIs) [2,3].
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In the vicinity of a CI, the motion of electrons and nuclei become comparable, inducing
a breakdown of the BO approximation. The nonadiabatic coupling term, a vector quantity
involving the derivative of the electronic wave function, becomes singular at a CI, creating
a cusp in the potential energy surface and rendering the nuclear Schrödinger equation
numerically unstable. To circumvent this, the diabatic representation is introduced. Unlike
adiabatic states, which are defined as eigenfunctions of the electronic Hamiltonian, diabatic
states are constructed to vary smoothly as a function of nuclear geometry. In this repre-
sentation, the singular kinetic energy coupling is transformed into smooth, off-diagonal
potential energy coupling terms [4–6].

This perspective paper addresses the rapidly evolving field of diabatic potential
construction, emphasizing the transition from manual, system-specific derivations to auto-
mated, data-driven workflows powered by machine learning and quantum computing.

1.1. The Nonadiabatic Couplings

The total molecular Hamiltonian HT is partitioned into the nuclear kinetic energy
operator Tnuc and the electronic Hamiltonian H(r; R):

HT(r, R) = Tnuc(R) + H(r; R) =
Nnuc

∑
α=1

−1
2Mα

∇2
α + H(r; R) (1)

where r and R denote the collective electronic and nuclear coordinates, respectively,
and the semicolon indicates that their motion can be separated. Nnuc is the number of
nuclei. In the adiabatic representation, the electronic wave functions satisfy the electronic
Schrödinger equation,

H(r; R)ΨI(r; R) = EI(R)ΨI(r; R), (2)

where I labels the Ith electronic state. The nonadiabatic couplings arise from the action of
∇2

α on the parametric dependence of the total wave functions [2]. Below we will suppress
the subscript α for simplicity. The dominant first-order interstate coupling, or simply the
derivative coupling, is defined below as

fI J(R) = ⟨ΨI(r; R)|∇|ΨJ(r; R)⟩r (3)

It is natural to expand ΨI(r; R) in the basis of configuration state functions (CSFs) [7], where

ΨI(r; R) =
NCSF

∑
i

cI
i (R)ψi(r; R). (4)

Upon substituting Equation (4) into Equation (3), the derivative coupling separates into a
configuration interaction (CI) contribution, computable within the CI expansion, and a CSF
contribution, which is more subtle and originates from the coordinate dependence of the
CSF basis

fI J(R) = fI J
(CSF)(R) + fI J

(CI)(R), (5)

where

fI J
(CI)(R) = ⟨cI(R)|∇|cJ(R)⟩CSF =

1
EJ − EI

⟨ΨI(r; R)|∇H(R)|ΨJ(r; R)⟩CSF (6)

and
fI J
(CSF)(R) = ∑

ij
cI

i (R) cJ
j (R)⟨ψi(r; R)|∇|ψj(r; R)⟩r. (7)
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Note that the subscript CSF in Equation (6) indicates a dot product over the CSF space, and
the subscript r in Equation (7) is a integration over electronic coordinates.

Since fI J
(CI) is inversely proportional to the adiabatic energy gap ∆EI J(R) = EJ(R)−

EI(R), as the system approaches a conical intersection where ∆EI J → 0, the coupling vector
diverges (fI J → ∞). This singularity creates a cusp in the potential energy surface and
renders the numerical propagation of wave functions unstable [2].

1.2. Adiabatic-to-Diabatic Transformation

To remove the singularity, we seek a unitary transformation U(R) that rotates the
adiabatic basis {Ψa} into a new, diabatic basis {Ψd}:

Ψd(r; R) = U(R)Ψa(r; R) (8)

Here superscripts a and d label adiabatic and diabatic representation, respectively.
The defining condition for a strictly diabatic basis is that the derivative coupling vanishes
identically in the new representation:

fd(R) = U(R)†fa(R)U(R) + U†(R)∇U(R) = 0. (9)

Rearranging this condition yields the fundamental first-order partial differential equation,
known as the ADT equation [5]:

∇U(R) + fa(R)U(R) = 0. (10)

The solution of this equation transforms the singular derivative couplings into smooth
off-diagonal potential energy terms Vd(R), allowing the diagonal diabatic potentials to
cross smoothly at the CI seam. As a special case, for a two-state system, the transformation
matrix U(R) is a planar rotation parameterized by a mixing angle θ(R).

1.3. Topological Constraints

While the ADT provides a formal resolution to the singularity problem, its existence is
constrained by vector calculus. For the scalar field θ to be uniquely defined, the vector field
must be conservative (irrotational). This leads to the curl condition:

curl fI J(R) =
∂ f I J

β

∂Rα
− ∂ f I J

α

∂Rβ
= 0. (11)

For diatomic molecules, the nuclear configuration space is one-dimensional, making the
curl trivially zero; thus, strict diabatization is always possible. However, for polyatomic
systems (N ≥ 3), Mead and Truhlar proved that the nonadiabatic coupling field generally
possesses a non-zero curl in the presence of a conical intersection [8]. This implies that a
strictly diabatic basis does not exist globally for polyatomic systems. In practice, modern
methods construct quasi-diabatic bases that remove the singular, longitudinal component
of f I J while minimizing the residual transverse component of f I J [9,10]. Because the nuclear
configuration space is a multi-dimensional manifold, the Hodge decomposition states that
f I J cannot be exact, where the co-exact portion, which cannot be rotated away by a simple
scalar gauge transformation, remains as the residual transverse component [11].

2. The Machine Learning Revolution in Diabatic Potentials
The integration of machine learning into chemical physics has fundamentally altered

the landscape of potential energy surface construction. While machine learning regression
of adiabatic, especially ground-state, potential energy surfaces has progressed rapidly, ML
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models for full diabatic potential energy matrices (DPEMs) remain far less developed. This
discrepancy arises from several challenges. First, it is straightforward to realize that a
DPEM is an Ns × Ns electronic potential matrix for Ns states. Unlike a single PES, ML
models must therefore output all diagonal energies and off-diagonal couplings of this
matrix simultaneously, preserving its Hermitian symmetry. This multi-dimensional output
requirement is more complex than fitting a single scalar surface. Moreover, two more
profound reasons are listed below.

1. Symmetry requirements: Perhaps more important, and often misunderstood, is that
unlike a single adiabatic PES, which is a scalar function and is automatically invariant
under permutation of identical nuclei, a diabatic potential energy matrix must satisfy
covariant symmetry constraints imposed by the complete nuclear permutation inver-
sion (CNPI) group. Under a permutation of identical nuclei, the nuclear geometry is
transformed and, simultaneously, the diabatic electronic basis may rotate within the
multi-state subspace. As a result, the DPEM is required to transform as

V(P̂R) = U(P̂)V(R)U†(P̂), (12)

where U(P̂) is a matrix representation of the CNPI operation in the diabatic state
space. This requirement imposes nontrivial constraints on both diagonal energies
and off-diagonal couplings, including possible sign changes or state mixing under
permutation. In contrast, conventional PES fitting only enforces permutation invari-
ance of a scalar quantity. Ensuring correct CNPI symmetry in a DPEM is essential
for preserving nuclear indistinguishability, correct vibronic symmetry, and physically
meaningful nonadiabatic dynamics, and substantially increases the difficulty of both
analytic construction and machine learning-based fitting.

2. Non-uniqueness of diabatic states: Diabatic states and coupling elements are not di-
rectly provided by standard ab initio calculations and require a separate diabatization
procedure. As a result, high-quality diabatic training data are scarce. The diabatic
basis is not uniquely defined and may require arbitrary unitary rotations or phase
conventions. Without additional constraints, ML fitting of the DPEM has infinitely
many equivalent solutions when only adiabatic data are used, adding ambiguity.
This lack of uniqueness and the need for extra constraints further complicates ML
modeling of DPEMs.

Over the past two decades, ML has progressed from the regression of adiabatic poten-
tial energy surfaces toward the more rigorous construction of global diabatic Hamiltonian
matrices [12–15]. This shift reflects the need to move beyond scalar energy fitting and ad-
dress matrix-valued electronic structure objects that encode interstate couplings, symmetry
constraints, and gauge freedom. In this section, we discuss the architectural innovations
that allow ML models to respect exact physical symmetries, properly account for geometric
phase effects, and remain scalable in high-dimensional nuclear configuration spaces.

2.1. Permutationally Invariant Polynomial Neural Networks (PIP-NN)

To accurately represent the high-dimensional landscapes of polyatomic systems, a dia-
batic matrix model must rigorously satisfy the symmetry constraints imposed by the CNPI
group. The permutationally invariant polynomial neural network (PIP-NN) has emerged
as a cornerstone methodology for this task, representing a synthesis of invariant theory
and deep learning.

The foundation of the PIP-NN methodology lies in the seminal work of Braams and
Bowman [16], who introduced the use of symmetrized monomials for fitting adiabatic
potential energy surfaces. They demonstrated that internuclear distances rij, rather than
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internal bond angles, provide a more robust basis for describing global surfaces, provided
they are transformed into Morse-like variables to enforce asymptotic boundary conditions.
While the initial approach relied on linear least-squares fitting of massive polynomial
expansions, it suffered from the factorial scaling of the basis size with the number of atoms.
Jiang and Guo [17] integrated these invariant polynomials as the input layer of a feed-
forward neural network. This hybrid PIP-NN architecture leverages the network’s ability
to model complex non-linearities with a compact parameter set while guaranteeing exact
permutational symmetry through the input features.

The construction of a PIP-NN for a diabatic potential energy matrix Vd(R) begins
with the transformation of Cartesian coordinates R into variables including but not limited
to Morse variables:

yij = exp
(
−

rij

λ

)
(13)

where rij is the Euclidean distance between atoms i and j, and λ is a normalization parame-
ter. The input vector G = {G1, G2, . . . , GM} for the neural network consists of permutation-
ally invariant polynomials (PIPs), generated by applying a symmetrization operator Ŝ to
the monomials:

Gk(y) = Ŝ

[
∏
i<j

y
n(k)

ij
ij

]
=

1
|G| ∑

P̂∈GCNPI

P̂

[
∏
i<j

y
n(k)

ij
ij

]
(14)

For a multi-state system, the diagonal elements Vii(R) are totally symmetric. However,
the off-diagonal coupling elements Vij(R) (i ̸= j) must transform according to the direct
product of the irreducible representations of the electronic states, Γi ⊗ Γj. To enforce this,
modern PIP-NNs employ a “diabatization by ansatz” approach, modeling the coupling
as the product of a symmetry-carrying analytic function fsym(R) and a learned totally
symmetric neural network output:

Vij(R) = fsym(R) · Nij(G) (15)

This ensures that the nodal planes and phase changes required by the electronic symmetry
are preserved across the entire nuclear configuration space [18].

The last few years have seen the maturation of PIP-NNs into a production-level tool
for nonadiabatic dynamics. Some of the progresses includes:

1. Fundamental invariants neural networks: To bypass the computational bottleneck of
generating thousands of symmetrized monomials for systems with >6 atoms, recent
works have adopted fundamental invariants (FIs) [19,20]. FIs constitute a minimal
generating set for the ring of invariants, allowing the input layer to remain compact
and scalable for high-dimensional systems.

2. Generalization to properties: Yarkony and coworkers have pioneered the interpre-
tation of molecular properties in nonadiabatic systems [18,21–24]. Unlike adiabatic
energies which are continuous but not differentiable, the adiabatic molecular prop-
erties such as dipoles and spin–orbit couplings are fundamentally discontinuous
in the adiabatic representation. Attempting to fit these irregular features directly
with neural networks is error-prone. Instead, these works employ diabatization to
transform the properties into a smooth, continuous representation that eliminates
the singularities [18]. This rigorous treatment enables high-fidelity simulations of
complex quantum phenomena, including intersystem crossing mechanisms [25,26]
and light–matter interactions in cavity molecular dynamics [27,28].

3. Reduced-information diabatization: Recent studies have demonstrated that accurate
DPEMs can be constructed using only adiabatic energies, bypassing the need for
expensive nonadiabatic coupling vectors or derivative couplings [29–31]. By rigor-
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ously enforcing the diabatic symmetry ansatz within the neural network architecture,
the PIP-NN can essentially reverse-engineer the off-diagonal coupling terms. It infers
the correct coupling topology solely from the specific shape of the avoided crossings
and the potential energy gaps between adiabatic states. This approach significantly
reduces the computational cost of generating the training set, as it requires only
standard single-point energy calculations rather than complex wave function-based
nonadiabatic coupling evaluations.

2.2. Novel ML Architectures and Their Potential Application in DPEMs

The last few years have witnessed great success in potential energy surface fitting.
Examples include the phaseless corrections. As has been pointed out in Section 1.2, the sign
of the adiabatic wave function |ΨI⟩ is arbitrary and can flip randomly between geometries
in a training set. This makes the nonadiabatic coupling vectors and off-diagonal DPEM
elements discontinuous and unlearnable by smooth regression functions. Recent work has
solidified clustering-based phase correction algorithms that use kernel ridge regression
in an expectation-maximization loop to iteratively reassign signs to training data until a
smooth surface is recovered [32].

The success of large language models has inspired transformer-type architectures for
chemistry. One example is equivariant transformers (EqT) and message passing atomic
cluster expansion (MACE), which replace standard scalar features with equivariant ten-
sor products using Clebsch–Gordan coefficients to predict vector and tensor quantities
directly [33]. In recent work [34], Zhu and Iyengar introduce a graph-based “LLM-type” ar-
chitecture, where interacting molecular subsystems (nodes, edges, faces) are processed by a
family of neural networks; this approach utilizes k-means tessellation for data efficiency and
demonstrates remarkable transferability, enabling models trained on lower-dimensional
systems to predict high-dimensional potential energy surfaces with sub-kcal/mol accuracy.

While the applications discussed here primarily target adiabatic chemistry and are
not the central focus of this work, we anticipate that these methodologies can be naturally
extended to nonadiabatic chemical processes in future studies. The main obstacles to such
extensions arise from two fundamental challenges outlined above: the construction of
quality diabatic representations and the faithful encoding of CNPI symmetry. For example,
the use of the phaseless approximation, as commonly employed in auxiliary-field quantum
Monte Carlo and related methods, may introduce systematic biases analogous to those ob-
served in constrained-path or fixed-phase approximations. Understanding and mitigating
these errors during the construction of DPEMs are necessary.

2.3. Highly Automatic Workflow of Diabatic Potential Energy Matrices

The construction of diabatic potential energy matrices (DPEMs) has historically been a
“craft” rather than a routine calculation. Unlike many computational chemistry tools that are
largely a black box, generating DPEMs requires making high-level choices regarding active
spaces, diabatization methods, and phase consistency, which makes automatic workflow
hard. However, recent literature highlights a shift toward fully automated, closed-loop
workflows. This progress rests on several pillars.

1. Automated Active Space Selection: multi-configurational self-consistent field
(MCSCF) is one of the most commonly used heuristics for nonadiabatic systems
and also the starting point of many more advanced methods. Note that we exclude
discussion of single-reference methods, as CIs exhibit multireference character, al-
though remedies within single-reference frameworks have been proposed. However,
MCSCF calculations are notoriously unstable and can converge to wrong roots or
suffer from root-flipping during automated data generation. A “poisoned” data point
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generated by a failed automated calculation can destroy the accuracy of the entire
DPEM. The primary bottleneck in automating excited-state reference data is the selec-
tion of the active space for multiconfigurational calculations. A poor choice leads to
intruder states and discontinuous surfaces. Recent protocols have successfully auto-
mated this decision processes such as AutoCAS. This algorithm utilizes density matrix
renormalization group calculations to evaluate single-orbital entropies and mutual
information. It automatically identifies the strongly correlated orbitals required for
the active space based on quantum entanglement measures, removing user intuition
from the loop [35,36].

2. Active Learning and authomated diabatization: Static grid sampling is inefficient
for high-dimensional DPEMs. The field has shifted to a more active learning strategy.
In this workflow, an ML model drives the dynamics, and uncertainty quantification
triggers reference quantum calculations only when the model enters unexplored
regions. Some examples include the MELTS framework [37]. Note that standard active
learning is often insufficient for nonadiabatic systems because it may undersample
the topologically complex regions near conical intersections. This has been addressed
by, for example, gap-driven dynamics, a sampling strategy that specifically targets
geometries with small adiabatic energy gaps, ensuring the automated workflow
captures the seam where nonadiabatic couplings diverge [38].

Despite these advances, papers describing fully end-to-end black-box tools for DPEM
construction remain scarce compared to ground-state potentials. Building a system that in-
tegrates unstable electronic structure theory, active learning dynamics, and neural network
architectures requires a software stack that is difficult to maintain and distribute.

The future of automated DPEM construction lies in moving away from imposing
physical ansatzes and toward learning the physics directly from data, such as in ansatz-free
Hamiltonian learning. This would bypass the need for explicit diabatization ansatzes
entirely. We anticipate a move toward generative models that can generate valid potential
energy matrices conditioned on molecular graphs. By training models on massive databases
of excited-state trajectories [39], it may be possible to predict approximate DPEMs for new
molecules via transfer learning, drastically reducing the need for expensive ab initio
data generation.

3. The Frontier of Quantum Computing for Nonadiabatic Dynamics
In Feynman’s original formulation, a quantum computer is a computational frame-

work for the efficient simulation of the probabilistic dynamics governing physical sys-
tems [40]. While machine learning has proven effective in accelerating the interpolation of
potential energy surfaces, quantum computing offers the prospect of addressing the gener-
ation of electronic structure data itself, as well as enabling direct simulation of quantum
dynamics. This capability is particularly compelling for strongly correlated and nonadia-
batic systems, for which classical approaches encounter prohibitive exponential scaling.

There is growing recognition of a quantum-centric workflow in which quantum pro-
cessors and classical high-performance computing (HPC) resources operate in tandem
to enable the next generation of chemical simulations, as shown in Figure 1. Within this
framework, DPEMs play a central bridging role, providing a compact and physically trans-
parent representation that connects electronic structure theory with quantum dynamical
propagation. In practice, DPEMs are constructed and validated on classical computers with
the aid of machine learning and subsequently mapped onto quantum hardware, where
they enable efficient simulation of nonadiabatic quantum dynamics beyond the reach of
classical approaches.
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Figure 1. The proposed quantum–classical workflow for nonadiabatic quantum molecular dynamics.

3.1. Quantum Algorithms for Excited-State Electronic Structure

Due to the noisy nature of current quantum hardware, variational algorithms are
the workhorses for chemical applications. Many methods have been developed to tackle
the electronic structure of excited states. Variational quantum deflation (VQD) [41] finds
excited states sequentially by minimizing a cost function that includes an orthogonality
penalty to previously found states:

L(θI) = ⟨ΨI(θI)|Ĥ|ΨI(θI)⟩+
I−1

∑
J=0

β J
∣∣⟨ΨI(θI) | ΨJ(θJ)⟩

∣∣2. (16)

Here, ΨI(θI) denotes a parameterized variational approximation to the I-th electronic
eigenstate of the Hamiltonian Ĥ. Note the (r; R) dependence is omitted for simplicity.
θI labels the variational parameters. The second term penalizes overlap with previously
optimized lower-lying variational states {ΨJ}J<I . The penalty coefficients β J > 0 control
the strength of the orthogonality constraint and enforce approximate mutual orthogonality
among the variationally obtained excited states.

Quantum computers offer a convenient way to implement unitary transformations
acting simultaneously on sets of orthogonal states, since orthogonality is preserved under
a common unitary operation [42,43]. This formulation can be viewed as an extension of
the ensemble Rayleigh–Ritz variational principle. Recently, some progress has been made
in nonadiabatic chemistry by exploring the conical intersection of cytosine with similar
algorithms based on orthogonality [44].

Decent work has been made on the development of state-averaged orbital-optimized
variational quantum eigensolver (SA-OO-VQE) quantum algorithm for nonadiabatic chem-
istry by Yalouz et al., where they established a rigorous framework for this approach by
deriving analytical nonadiabatic couplings and gradients that account for orbital response,
thereby enabling the precise simulation of molecular dynamics and the location of conical
intersections [45]. On top of this, they introduced a method for the transformation-free
generation of quasi-diabatic representations. By exploiting the intrinsic flexibility of the
ansatz, this approach effectively circumvents the numerical instabilities associated with
singular adiabatic-to-diabatic transformations, providing a robust means to characterize
the topology of electronic degeneracies [46].

Alternative strategies to resolve the excited-state manifold include the use of spectral
representations for variance-constrained targeting [47,48] and sample-based quantum
diagonalization for efficient subspace projections [49]. Furthermore, the quantum Davidson
method has been developed to iteratively expand Krylov subspaces, providing a robust
route to low-lying states [50]. These varied methodologies collectively broaden the reach
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of quantum computing for complex electronic spectra beyond state-averaging techniques,
accounting for the possible non-orthogonality at conical intersections.

3.2. Quantum Dynamics on Quantum Computers

Beyond static potentials, quantum computers can simulate time evolution, Û(t) =
e−iĤt, directly. The standard approach is Trotterization, which decomposes the exponential
into a product of non-commuting terms:

e−iĤt ≈
(

∏
k

e−iĤk∆t

)t/∆t

. (17)

By mapping the molecular Hamiltonian across nuclear geometries, these time-evolution
operators can be integrated into ab initio nonadiabatic molecular dynamics schemes to
propagate electronic wave packets. This framework allows for the direct simulation of
population transfers and coherences without the scaling bottlenecks of classical algorithms.

The emerging frontier of nonadiabatic dynamics focuses on the behavior of molec-
ular systems within open quantum environments [51]. Accounting for environmental
dissipation and decoherence is essential for accurately modeling chemical processes in the
condensed phase or within optical cavities. Future research in this domain aims to leverage
open-system quantum algorithms to capture the complex interplay between electronic
transitions and bath-induced relaxation.

Another validation of nonadiabatic theory has come from analog quantum simula-
tions [52,53]. In a series of landmark experiments [52], trapped-ion devices were designed
to simulate a conical intersection. They mapped the electronic states to the ion’s internal
hyperfine levels and the nuclear coordinates to the physical motion. By driving the ion
with state-dependent optical forces, they synthesized a model Hamiltonian and allowed
for the direct observation of the geometric phase. As the wave packet encircled the CI point
in parameter space, interferometry revealed the predicted π phase shift, a fundamental
topological feature that had eluded direct observation in molecular experiments.

3.3. DPEM: Bridging Electronic Structure Theory with Quantum Dynamics

While the previously reviewed article establishes foundational principles for quantum
simulations of nonadiabatic dynamics, the Hamiltonians considered therein are predomi-
nantly synthesized or toy Hamiltonians. Although such constructions successfully capture
essential physical phenomena, they remain idealized representations. From a chemist’s
perspective, a central objective is to extend these approaches to realistic molecular systems,
where quantitative accuracy and predictive power are essential.

In practical quantum molecular dynamics, for example within grid-based quantum
simulation frameworks, the availability of high-quality DPEMs is a critical prerequisite.
These DPEMs must accurately represent both the potential energy surfaces and the as-
sociated couplings across relevant regions of nuclear configuration space. Constructing
such representations typically requires extensive ab initio electronic structure calcula-
tions, followed by careful fitting procedures to ensure smoothness, symmetry preservation,
and correct asymptotic behavior. As system size and electronic complexity increase, espe-
cially in strongly correlated or near-degenerate regimes, the cost and difficulty of generating
reliable DPEMs can become prohibitive. Bridging this gap will require systematic strategies
for integrating high-fidelity electronic structure data with quantum simulation protocols,
as well as scalable methods for diabatization and Hamiltonian construction that remain
tractable beyond low-dimensional or weakly correlated systems.
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4. Discussion and Future Outlook
We anticipate an emerging paradigm in which quantum simulation and machine

learning are combined into a tightly integrated hybrid quantum–classical–AI workflow.
Rather than viewing quantum computers as standalone replacements for classical com-
puters, their near- and mid-term utility lies in their selective deployment at points of
maximal theoretical and computational difficulty, coupled to data-efficient learning and
direct dynamical propagation.

Within this framework, quantum hardware is primarily tasked with data generation
at chemically and physically critical configurations and the high-fidelity propagation of
electronic wave packets. Importantly, this usage pattern minimizes quantum resource
requirements by restricting quantum calculations to sparse, high-impact regions of con-
figuration space or specific time-evolution windows that defy classical approximation.
The resulting quantum data can be incorporated into AI-driven diabatization pipelines.
A critical component of this workflow is active learning. Once the diabatic representation
is learned, the quantum processor can be deployed to propagate the nonadiabatic wave
packet directly. By utilizing Trotterized evolution or variational algorithms, the quantum
computer handles the coherent transitions at nonadiabatic seams, providing a rigorous
alternative to classical devices.

While significant challenges remain in hardware scaling, the convergence of these ap-
proaches suggests a realistic route toward quantitatively reliable nonadiabatic simulations.
Rather than eliminating the nonadiabatic problem, this hybrid paradigm reframes it as an
engineering challenge, guided by the informed deployment of quantum resources for both
representation and evolution.

Finally, the treatment of dissipative and environmental effects represents a critical
frontier where quantum simulations can extend the reach of traditional nonadiabatic
models. By leveraging ancilla-assisted or noise-resilient algorithms to simulate open
quantum systems, one can rigorously capture the decoherence and relaxation pathways
that define nonadiabatic molecular behavior.
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