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Abstract

The Transformer model, renowned for its powerful atten-
tion mechanism, has achieved state-of-the-art performance in
various artificial intelligence tasks but faces challenges with
quantum data. With a growing focus on leveraging quan-
tum machine learning for quantum data, particularly in quan-
tum chemistry, we propose the Molecular Quantum Trans-
former (MQT) for modeling interactions in molecular quan-
tum systems. By utilizing quantum circuits to implement the
attention mechanism on the molecular configurations, MQT
can efficiently calculate ground-state energies for all config-
urations. Numerical demonstrations show that in calculating
ground-state energies for H2, LiH, BeH2, and H4, MQT out-
performs the classical Transformer, highlighting the promise
of quantum effects in Transformer structures. Furthermore,
its pretraining capability on diverse molecular data facilitates
the efficient learning of new molecules, extending its applica-
bility to complex molecular systems with minimal additional
effort. Our method offers an alternative to existing quantum
algorithms for estimating ground-state energies, opening new
avenues in quantum chemistry and materials science.

Code — https://github.com/FujitsuResearch/
molecular quantum transformer

Introduction
The marriage of quantum computing and machine learning
(ML) has given rise to the field of quantum machine learn-
ing (QML) (Dunjko, Taylor, and Briegel 2016; Biamonte
et al. 2017; Havlı́ček et al. 2019), which aims to leverage
quantum computers to tackle problems that are infeasible for
classical computers. In recent years, there has been a grow-
ing recognition within the research community that classical
data, such as text and images, do not inherently require quan-
tum effects for processing. There is a shift towards employ-
ing QML methods that exploit quantum effects on data orig-
inating from quantum systems. One promising yet under-
explored area is the application of QML methods in quan-
tum chemistry, where QML holds the potential to determine
molecular and material properties more efficiently than tra-
ditional quantum computational chemistry algorithms.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

A central focus in quantum computational chemistry is
the electronic structure problem, which involves calculat-
ing the electronic Hamiltonian’s ground-state energy while
assuming the molecule’s nuclei remain fixed. Among the
most studied algorithms for this problem are the Varia-
tional Quantum Eigensolver (VQE) (Peruzzo et al. 2014;
Kandala et al. 2017) for Noisy Intermediate-Scale Quantum
(NISQ) devices and Quantum Phase Estimation (QPE) (Ki-
taev 1995; Nielsen and Chuang 2010) for fault-tolerant
quantum computers. While these approaches show promise,
they face practical limitations. For instance, estimating the
ground-state energy of FeMoCo, a well-known and prac-
tical benchmark in quantum chemistry, would require a
fault-tolerant quantum computer with millions of physical
qubits operating for nearly four days using QPE (Lee et al.
2021). In contrast, VQE can utilize fewer, noisier qubits,
but its scalability is hindered by the extensive measurement
demands during optimization, particularly for large-scale
molecular systems (Tilly et al. 2022; Gonthier et al. 2022).

Practical Motivation. In practical quantum chemistry,
estimating the ground-state energy for a single molecular
configuration is often insufficient. Determining dynamic and
structural properties, such as reaction barriers and optimal
geometries, necessitates exploring multiple configurations.
This requires knowledge of a family of ground states for
a series of Hamiltonians parameterized by variables like
nuclear coordinates and electron-nucleus distances. Conse-
quently, one must compute numerous ground states with cor-
responding energies over a potential energy surface. How-
ever, a straightforward approach, such as independently run-
ning QPE or VQE for each configuration, incurs prohibitive
computational costs. To address this, meta-based approaches
leverage classical ML to optimize circuit parameters across
multiple configurations simultaneously, as seen in Meta-
VQE (Cervera-Lierta, Kottmann, and Aspuru-Guzik 2021).
Another intriguing approach is the use of generative QML to
produce ground states learning from quantum data (Ceroni
et al. 2023). Nevertheless, these methods lack adaptability
to varying molecule types and Hamiltonian forms and fail to
capture correlations effectively.

Contributions. We propose the Molecular Quantum
Transformer (MQT), a Quantum Transformer (QT) model
designed to calculate molecular ground-state energies
[Fig. 1(a)]. The MQT leverages attention mechanisms im-
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Figure 1: (a) Overview of the Molecular Quantum Transformer (MQT) model for the ground-state energy calculation
across various molecules and their configurations, and the comparison with traditional methods. (a) For each molecule
A, B, C,. . . and its associated configuration r1, r2, r3, . . ., the MQT receives a corresponding classical features sequence
xA(r1),x

B(r2),x
C(r3), . . . through an embedding process. Leveraging a quantum attention mechanism, the MQT captures

the complex interactions and correlations within the molecular system. The output of the MQT is a sequence of quantum states
|ψA(r1)⟩ , |ψB(r2)⟩ , |ψC(r3)⟩ , . . ., which reflects these correlations in a variational representation of the estimated ground
states for (A, r1), (B, r2), (C, r3), . . ., respectively. The Hamiltonian HA(r1), H

B(r2), H
C(r3), . . ., derived from quantum

mechanics are transformed into measurable operators to be measured on |ψA(r1)⟩ , |ψB(r2)⟩ , |ψC(r3)⟩ , . . .. During training,
the optimization process adjusts the variational parameters in both the MQT and the embedding process to minimize the ex-
pectation value ⟨H(r)⟩|ψ(r)⟩ across various molecules and a range of r values. In the evaluation phase, given a molecule, the
MQT can provide an estimator of ground-state energy E(r) for any configuration r. (b) In contrast, traditional methods such
as VQE or QPE require an independent and computationally expensive solver for each molecule and configuration r.

plemented through variational quantum circuits (VQCs), en-
abling efficient modeling of complex interactions and corre-
lations within molecular quantum systems. By training on
random molecular configurations at each iteration, the MQT
captures these interactions, allowing it to generalize and ob-
tain ground-state energies across diverse configurations. The
MQT enables the simultaneous learning of ground-state en-
ergies across a range of bond lengths within a single model,
providing greater resource efficiency compared to indepen-
dently executing QPE or VQE for each molecular configu-
ration [Fig. 1(b)]. We compare MQT to a classical Trans-
former model under identical conditions of model dimen-
sionality, demonstrating the superior performance of MQT
over its classical counterpart. Furthermore, the MQT can be
utilized to learn new molecules efficiently through pretrain-
ing with diverse molecular data. This capability enables the
application of MQT in complex molecules with minimal ef-
fort, leveraging well-established molecular data.

Background
Variational Quantum Circuits (VQCs)
VQCs represent a pivotal advancement in QML, bridg-
ing classical and quantum computing paradigms to address
complex ML tasks. At their core, quantum circuits con-
sist of sequences of quantum gates applied to qubits, gen-
erating entangled superposition states that enable quantum

systems to perform computations unattainable by classical
means. VQCs extend this framework by incorporating tun-
able parameters, allowing optimization for specific objec-
tives. Here, VQCs are constructed from a combination of
fixed gates, which encode classical input data x (e.g., fea-
tures for ML tasks) via rotation angles, and variable gates
parameterized by θ. The measurement process on qubits
captures objective function details, such as the discrepancy
between the predicted output and the target. The function
Ψ(x,θ) = U(x,θ) |0⟩ maps these parameters to a quantum
state through a series of unitary operations applied to an ini-
tial |0⟩ state, defining a unique circuit architecture (Havlı́ček
et al. 2019). This hybrid approach leverages classical op-
timization techniques to tune parameters, rendering VQCs
fully differentiable and compatible with standard deep learn-
ing algorithms (Mitarai et al. 2018).

Quantum Transformer
The Transformer model (Vaswani et al. 2017) has been rec-
ognized as a remarkable advancement in artificial intelli-
gence. Its key power lies in its “attention mechanism”, which
discerns the relative importance of different parts of its in-
put and the connection strengths between them. Despite
these successes, the current implementation of the Trans-
former faces several challenges, including high computa-
tional costs, substantial memory requirements, the necessity
for large datasets, and a vast number of training parameters.
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These limitations have prompted researchers to explore im-
proved Transformer designs.

Efforts have been made to develop quantum versions of
the Transformer model. A significant advancement in quan-
tum neural networks (QNNs) involves integrating the self-
attention mechanism by encoding query and key vectors
as quantum states using VQCs. This adaptation enables
quantum analogs of the classical self-attention framework,
though various approaches differ in their implementation.
One straightforward extension replaces the classical inner-
product self-attention with the overlap of quantum states (Si-
pio et al. 2021), but this method struggles to scale effectively
for capturing correlations in large datasets due to its compu-
tational complexity. An alternative method employs Gaus-
sian projections of query and key quantum states, enhancing
scalability while retaining essential features (Li, Zhao, and
Wang 2024). Other quantum self-attention variants include
quantum vision Transformers (Xu et al. 2025) as an end-
to-end approach that leverages analog encoding with quan-
tum random access memory (qRAM) (Giovannetti, Lloyd,
and Maccone 2008), and hybrid classical-quantum meth-
ods (Cherrat et al. 2024; Smaldone et al. 2025) to reduce the
time complexity of computing query-key dot products. Ad-
ditionally, some proposals diverge from inner-product-based
attention entirely, opting instead to mix tokens directly in
Hilbert space to model correlations without explicitly calcu-
lating query-key dot products (Zheng, Gao, and Miao 2023;
Evans et al. 2025). Despite innovative adaptations, these
quantum self-attention implementations have demonstrated
limited performance on tasks involving classical data, such
as text and image classification, highlighting challenges in
translating the advantages to practical applications.

The Electronic Structure Problem
We consider a complex quantum many-body system in
which multiple electrons and nuclei interact with each other
through Coulomb interactions. Since the nuclei are thou-
sands of times heavier than the electrons, they hardly move
under the attraction from the electrons and can be regarded
as fixed at coordinates Rm (Born-Oppenheimer approxima-
tion). The wave function where N electrons move around
M (fixed) nuclei (with atomic numbers Z1, . . . , ZM ) can be
written as ψ(r1, r2, . . . , rN ), and the HamiltonianH for the
electrons can be expressed in Hartree atomic units as follows
in the following simplified form (first quantization):

H(R) = −
∑
i

∇2
i

2
+
∑
i<j

1

|ri − rj |
−
∑
i,m

Zm
|ri −Rm|

.

(1)

Solving the Schrödinger equation Hψ = Eψ to deter-
mine the electronic state of a quantum many-body system is
known as the molecular electronic problem. This problem is
crucial for materials design and drug discovery but remains
a central challenge in quantum chemistry.

Classical methods such as density functional theory
(DFT) (Kohn, Becke, and Parr 1996), quantum monte carlo
(QMC) (Hammond, Lester, and Reynolds 1994), and density
matrix renormalization group (DMRG) (White 1992) have

significantly advanced the approximation of molecular elec-
tronic structure, each balancing accuracy and computational
cost in different ways. In parallel, quantum computing of-
fers a promising alternative by natively handling quantum
states, with algorithms like QPE (Kitaev 1995; Nielsen and
Chuang 2010) and VQE (Peruzzo et al. 2014; Kandala et al.
2017) emerging as leading approaches. While QPE provides
exponential precision, it requires fault-tolerant hardware. In
contrast, VQE is more practical for near-term devices but
relies heavily on ansatz design and optimization strategies.

To be implemented on quantum computers, the Hamilto-
nian in Eq. (1) is transformed as (the second quantization):

H(R) =
∑
p,q

hpq(R)c†pcq +
1

2

∑
p,q,r,s

hpqrs(R)c†pc
†
qcrcs.

(2)

This operation is equivalent to the basis function expansion
of the wave function. Here, c†p and cp are the fermionic cre-
ation and annihilation operators acting on the p-th orbital.
Therefore, c†pcq is the operator to transit the state on the q-
th orbital to the p-th orbital, and c†pc

†
qcrcs is the operator

to transit a pair of state (r, s) → (p, q). The one and two-
electron integrals hpq(R) and hpqrs(R) in the molecular or-
bital basis ϕp(r) (yielded from the Hartree-Fock optimiza-
tion procedure) depend implicitly on R, which is the general
nuclear coordinate associated with the fixed nuclear config-
uration in 3-dimensional space. These integral coefficients
are calculated on the classical computer as follows:

hpq(R) =

∫
dr ϕ∗p(r)

(
−∇2

2
−
∑
m

Zm
|r −Rm|

)
ϕq(r),

(3)

hpqrs(R) =

∫
dr1dr2

ϕ∗p(r1)ϕ
∗
q(r2)ϕr(r2)ϕs(r1)

|r1 − r2|
. (4)

The next step in implementing the Hamiltonian form in
Eq. (2) using quantum circuits is to map the fermionic cre-
ation and annihilation operators to Pauli operators using
methods such as the Jordan-Wigner or Bravyi-Kitaev trans-
forms (Seeley, Richard, and Love 2012).

Proposal: Molecular Quantum Transformer
We propose the Molecular Quantum Transformer (MQT)
model, which replaces the VQE ansatz with a QT struc-
ture to determine the electron wave function that minimizes
the Hamiltonian’s energy. The fundamental concept of the
attention mechanism involves capturing correlations among
all tokens simultaneously. In the context of the MQT, these
tokens represent features derived from the positions and dis-
tances between atomic nuclei. As configurations change, the
model adapts its features, such as electron configurations,
based on these relationships. This adaptation is generalized
through training the model across a variety of conditions.
In contrast, running QPE or VQE demands independent re-
sources for each molecular configuration, necessitating mul-
tiple models. The MQT, however, can learn the ground-state
energies for various molecules and various configurations si-
multaneously within a single model.
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Figure 2: Structure of Molecular Quantum Transformer (MQT).

The structure of our MQT model is illustrated in Fig. 2.
Given a molecular structure defined by atomic symbols and
the nuclear coordinates of its constituent atoms, we con-
struct the molecular Hamiltonian H in a qubit-based repre-
sentation using nq qubits as a preprocessing step. Here, we
utilize the PennyLane molecules dataset (Azad 2023) and
its built-in functions (Bergholm and et al. 2022) to gener-
ate the molecular Hamiltonians. The MQT begins with a
tokenization module that creates input tokens eleci-nuclj
(i = 1, . . . , n; j = 1, . . . ,m), representing the electronic
state as an n×m two-dimensional array of demb-dimensional
features. Here, demb is the embedding dimension, n and m
denote the number of electrons and nuclei, respectively, re-
sulting in an n×m× demb feature matrix. For each electron
index i, the m tokens eleci-nuclj (j = 1, . . . ,m) are pro-
cessed by a block Bi, which consists of L layers. Each layer
includes an amplification module Np and a QT module. The
amplification module Np scales the feature values by the
proton number Np to reflect the differences among nuclear
species before passing them to the QT module. The QT mod-
ule contains trainable parameters, which are shared across
all blocks B1, . . . , Bn. The outputs of all QT modules are
combined into a single feature representation via an aggrega-
tion module. A fully connected (FC) module then maps this
aggregated feature into a vector with the same dimension-
ality as the nq-qubit state vector. This transformed vector is
subsequently added to the Hartree-Fock (HF) state vector,
and the resulting representation is used to generate the final
electronic state through an amplitude embedding module.
The expectation value of the Hamiltonian H is computed
from this amplitude-embedded state via a measurement pro-
cess. This expectation value is minimized via the trainable
parameters in the QT, aggregation, and FC modules.

Tokenization Figure 3(a) depicts the tokenization module.
Each demb-dimensional feature input vector x in the token
matrix is derived from a vector concatenating the relative
positions of electrons to each nucleus (pin

en) and their initial
distances (rin

en), processed through a FC layer with trainable
weightsWen (von Glehn, Spencer, and Pfau 2023). The com-

putational steps to obtain pin
en and rin

en are outlined as follows:

• Input: The input consists of the positions of individ-
ual atoms (nuclear coordinates) and electron identifiers
(atomic orbital assignments). For example, in BeH2, the
3D coordinates of the Hydrogen (H) atoms are symmet-
rically positioned along the z-axis at (0, 0,−2.5) and
(0, 0, 2.5), with the Beryllium (Be) atom at the origin
(0, 0, 0). The nucleus position is an m × 3 matrix with
m = 3, where the first and last rows correspond to the
two H atoms. Electron identifiers are assigned as follows:
[1] (1s) for the first H, [1] (1s), [2] (1s), [3] (2s), and [4]
(2s) for Be, and [1] (1s) for the second H.

• Embedding (1): Each electron identifier is converted into
a one-hot vector of dimension equal to the maximum
identifier (4 in the BeH2 example). Thus, all n electron
identifiers are represented as an n × 4 binary matrix.
This matrix is then multiplied by a 4×3 trainable weight
matrix to produce an n × 3 matrix of electron relative
positions. These positions are relative to their respective
atoms, and the trainable weights ensure that electron po-
sitions adapt to changes in the molecular structure.

• Adder (2): The absolute position of each electron is com-
puted by adding its relative position to the position of its
associated atom, resulting in an n× 3 matrix.

• Subtraction (3): The relative positions between all elec-
trons and all nuclei are calculated. For each nucleus, an
n×3 matrix is obtained by subtracting the absolute posi-
tions of all electrons from that nucleus’s position, yield-
ing an output matrix pin

en of shape n×m× 3.
• Concatenation (4): The relative distance matrix rin

en, with
shape n×m×1, is derived from pin

en where each element
in rin

en is the Euclidean norm of each position vector. Con-
catenating pin

en with rin
en produces an n×m× 4 matrix.

Quantum Transformer (QT) The architecture of the QT
module is depicted in the lower panel of Fig. 3(a), consisting
of L layers. In each layer, the input features derived from
the classical representation of the molecule are processed
through the arccos, tanh, and amplification Np modules. For
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Figure 3: (a) Tokenization and Quantum Transformer module in the MQT. (b) Quantum self-attention update (|ψj,k−1⟩ →
|ψj,k⟩) with the StrEnt and MPS ansatzes are depicted in the lower panel with the trainable rotation gates. (c) The aggregation
module transforming the Quantum Transformer output matrix y(L) (n×m× demb) into a 2demb-dimensional feature vector.

each electron, this generates anm×demb features matrix cor-
responding to m tokens xj . Each demb-dimensional feature
vector of token xj is embedded into a quantum state |ψj,0⟩
via an angle embedding layer using demb qubits. Query,
Key, and Value transformations, implemented with quantum
ansatzes, are applied to update the states |ψj,k−1⟩ → |ψj,k⟩
(k = 1, . . . ,m) through a quantum self-attention mecha-
nism. The final state |ψj,m⟩ is measured in the computational
basis and converted back into classical features of dimen-
sion m × demb, yielding an n × m × demb feature matrix
for n blocks of n electrons. These features are added to the
input features via a residual connection and normalization,
producing input for the next layer.

The detailed of the update |ψj,k−1⟩ → |ψj,k⟩ is shown
in Fig. 3(b). For an input token xj , angle embedding is per-
formed using a RY rotation gate (Embed.) on a second aux-
iliary token register. This is followed by a Query transforma-
tion and the adjoint of Key transformation, both constructed
with a single layer of strongly entangling (StrEnt) ansatz.
The adjoint matrix of the angle embedding (Embed.†) for
token xk is applied to compute the Hadamard product of the
Query and Key, which resembles the single-head attention.
This product is then transformed into a 1-qubit attention
representation using a 2-bond matrix product state (MPS)
ansatz implemented with trainable RY and an additional an-
cilla qubit. Next, a Value transformation for xk is applied us-
ing the first auxiliary token register, involving the angle em-
bedding and a six-layer StrEnt ansatz. Finally, a controlled
SWAP gate updates the features based on the attention.

Aggregation The outputs of all QT modules are summa-
rized into a feature matrix y(L) of dimension n×m× demb,

which is then transformed into a 2demb-dimensional feature
vector via an aggregation module [Fig. 3(c)]. Initially, the
amplification modules Np and Ampren

are applied to y(L)

without altering its dimension. Each element yijk (1 ≤ i ≤
n, 1 ≤ j ≤ m, 1 ≤ k ≤ demb) in y(L) is transformed as:

yijk → e−ren(i,j,0)Npyijk, (5)

whereNp is the proton number, ren is the n×m×1 electron-
nucleus relative distance matrix with elements ren(i, j, 0)
(1 ≤ i ≤ n, 1 ≤ j ≤ m). The relative distance ren is up-
dated from the initial distance rin

en using the attention scheme
through the following inversion:

[pout
en , r

out
en ] =

(
W⊤

en ×Wen
)−1 ×W⊤

en × y(L), (6)

ren = std(rin
en)×

rout
en − mean(rout

en )

std(rout
en )

+ mean(rin
en),

(7)

where mean(A) and std(A) denote for the scalar mean and
standard deviation of all elements in matrix A, and rin

en and
rout

en share the n×m×1 dimension. Here, ×,+,− are broad-
cast operators applied element-wise to rout

en .
The output of Ampren

with dimension n × m × demb is
processed by an FC module with trainable weights to obtain
features of dimension n ×m × (2demb). These features are
then separately processed along the nuclear dimension di-
rection (second axis) by an averaging (Avg.) module and a
repeated one-dimensional convolutional (1D-Conv.) module
(kernel size 2, stride 2) until m becomes 1. The separated
processed features are summed to produce an n × (2demb)
feature matrix. This matrix is normalized and adjusted by the
amplification module Ampre

, where re (dimension n) is the
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Figure 4: Potential energy curves and estimation errors
(∆E) in the inset plots for varying bond lengths in (a) H2

(b) LiH, (c) BeH2, and (d) H4 molecules using the quantum
(red lines) and classical (dotted blue lines) Transformers.

average ren across its second dimension. The amplification
module Ampre

multiplies each element at the index (i, k)

(1 ≤ i ≤ n, 1 ≤ k ≤ 2demb) of the feature matrix to e−re(i)

where re(i) is the i-element in re. The output is then sep-
arately processed by Avg. and 1D-Conv. modules along the
electron dimension direction (the first axis), summed to form
a 2demb-dimensional feature vector, and further normalized
and amplified by Ampr. Here r is the scalar average of re,
and each element of the vector is multiplied by e−r.

Numerical Experiments
In the following numerical experiments, we apply MQT to
estimate the potential energy curves (PEC) of the molecu-
lar Hamiltonian for H2, LiH, BeH2, and H4. For the second
quantization of the Hamiltonians, we employ the Bravyi-
Kitaev mapping for H2 (8 qubits), LiH (12 qubits), and BeH2

(14 qubits), and the Jordan-Wigner transformation for H4 (8
qubits). The 6-31G basis set is used for H2, while STO-3G
basis set is applied to the other molecules.

We first evaluate MQT in a plain training scenario, where
it is trained and tested on data from the same molecule. Sub-
sequently, we investigate the pretraining on H2,BeH2, and
H4, followed by fine-tuning on a different molecule (LiH).
We set demb = 8 as the default setting in these experiments.

Estimating the PEC with Plain Training
In plain training, the token matrix is generated in each iter-
ation from a configuration with a random bond length sam-
pled from (0.0, 5.0) [Bohr]. After training, the PEC is es-
timated for bond lengths ranging from 0.1 to 4.9 [Bohr]
in 0.1 [Bohr] increments. We use L = 6 layers of QT
modules in each block Bi. We compare the performance
of MQT against a classical Transformer replacing the QT
module in Fig. 2. To align with the settings of MQT, we

Figure 5: Bar plot comparing the average ground-state en-
ergy estimation error of LiH over potential energy curves
between the classical Transformer (∆c) and MQT (∆q) as
a function of the token embedding dimension demb. Error
bars represent standard deviations. The quantum result at
demb = 768 is not displayed due to resource limitations.

consider the classical Transformer with demb embedding di-
mensions, 4 × demb intermediate dimensions of the feed-
forward networks, and a single-head attention mechanism.
We use AdamW (Loshchilov and Hutter 2019) optimizer
with a weight decay rate of 0.001. The learning rate is set
to 0.008 for the classical Transformer with H2; and 0.004
for other cases. In the optimization, we run four processes in
parallel on a single GPU (Recht et al. 2011), with each pro-
cess performing 2500 iterations, for a total of 104 iterations.
We use the TorchQuantum (Wang et al. 2022) library for the
simulation of quantum circuits in MQT.

Metric H2 LiH BeH2 H4

∆c 9.3e-3 6.0e-3 3.3e-2 1.9e-2
∆q 8.9e-3 3.5e-3 2.7e-2 0.5e-2

Table 1: Average ground-state energy estimation error by
classical Transformer (∆c) and MQT (∆q)

Figure 4 compares the energy estimations of the MQT
and classical Transformer against the theoretically calcu-
lated ground-state energies for each molecule. The inset fig-
ures show the estimation errors, with each line representing
one of nine trials. MQT exhibits lower estimation errors than
the classical Transformer for (b) LiH, (c) BeH2, and (d) H4.
For (a) H2, the estimation errors of MQT are nearly iden-
tical to those of the classical Transformer (note the differ-
ing y-axis scales across plots). The average estimation errors
across all tested bond lengths for the classical Transformer
(∆̄c) and MQT (∆̄q) are summarized in Tab. 1. These re-
sults suggest that MQT performs comparably to the classical
Transformer for H2 but outperforms it for other molecules,
reducing the average estimation error by 42% in LiH, 18%
in BeH2, and 74% in H4 compared to the classical Trans-
former. In Fig. 5, we further compare ∆c and ∆q of LiH
for different demb ∈ {4, 6, 8, 10}. MQT shows lower estima-
tion error, consistent with all demb, and achieves the saturated
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Figure 6: Energy estimation errors (∆E) in nine trials show
MQT trained on LiH with few-shot learning, comparing
pretraining on H2, BeH2, and H4 (orange lines) versus no
pretraining (dotted teal-blue lines) and zero-shot learning
(green line with circle markers) across varying bond lengths.

value when demb ≥ 6. Interestingly, even with demb = 768,
the classical Transformer exhibits significantly higher esti-
mation errors compared to MQT at much lower demb. This
discrepancy may be attributed to the optimization difficulty
associated with the large number of parameters in the clas-
sical model, or it may indicate that MQT is inherently bet-
ter suited to modeling molecular data. These findings under-
score the potential advantages of integrating quantum struc-
tures into the Transformer framework.

Estimating the PEC with Pretraining
The MQT model with L = 12 layers in each QT block is
pretrained on multiple molecules (H2, BeH2, H4). Here we
employ Bravyi-Kitaev mapping and train with 2 × 104 iter-
ations. Then the model is fine-tuned with a small number of
data points (few-shot learning) to estimate the PEC of LiH.

During fine-tuning, the training mirrors the setting in the
pretraining stage, employing the AdamW optimizer with a
weight decay of 10−3 and a learning rate of 4 × 10−3. The
training data for LiH consisted of five randomly selected
bond lengths: {0.5, 1.5, 2.5, 3.5, 4.5} [Bohr]. We run four
processes in parallel on a single GPU, with each process
performing 500 iterations, for a total of 2000 iterations for
fine-tuning. After the fine-tuning, the PEC is estimated for
bond lengths from 0.1 to 4.9 Bohr in 0.1 Bohr increments.
Figure 6 depicts the average estimated error curves for pre-
training and fine-tuning (orange lines, labeled “w/ Pretrain
(LiH)”) and fine-tuning only (green lines, labeled “w/o Pre-
train”) across nine trials. The pretrained model yields more
accurate estimations in few-shot learning compared to only
using fine-tuning, as indicated by reducing nearly 19% of
error to the theoretical values from 7.6 × 10−3 (“w/o Pre-
train”) to 6.2×10−3 (“w/ Pretrain (LiH)”). Notably, with the
same number of training data points, our model achieves an
11% improvement in few-shot learning performance com-

pared to the neural network-based meta-VQE (Cervera-
Lierta, Kottmann, and Aspuru-Guzik 2021), which yields an
average estimation error of 7.0×10−3. The neural network-
based meta-VQE (Cervera-Lierta, Kottmann, and Aspuru-
Guzik 2021) is reimplemented in our experiments on LiH.

We further evaluate the zero-shot learning, where the pre-
trained MQT is tested on LiH without fine-tuning. As shown
in Fig. 6, the estimation errors of zero-shot MQT signifi-
cantly exceed those of few-shot MQT, indicating that zero-
shot learning is inadequate. At least a few-shot learning is
necessary to enhance estimation accuracy.

Discussion
We proposed the MQT model, which leverages the quan-
tum attention mechanism to revolutionize the calculation of
ground-state energies. The key contribution is that MQT can
be adapted to train on multiple molecules and multiple con-
figurations without altering the model structure. MQT con-
sistently outperformed the classical model in estimating po-
tential energy curves for H2, LiH, BeH2, and H4. In sce-
narios with small molecules and readily available training
data, pretraining MQT can significantly reduce the number
of quantum circuit runs required for larger and more com-
plex molecular systems. To maximize this pretraining ad-
vantage, designing suitable pretraining datasets for specific
molecules is crucial.

Scaling MQT to larger molecules requires addressing sev-
eral limitations. A primary bottleneck is the output quantum
state representation via amplitude embedding, where direct
state preparation is challenging due to the complexity scal-
ing exponentially with the number of qubits nq . The qRAM
scheme could reduce this complexity to near-linear in nq ,
but fault-tolerant qRAM remains an engineering challenge.
The FC-HF block tied to amplitude embedding in Fig. 2
could be replaced with a VQC to directly produce states
without amplitude embedding. Inspired by the divide-and-
conquer approach in VQE (Fujii et al. 2022), we can con-
catenate MQTs to enable the application to large systems
with strong intrasubsystem and weak inter-subsystem inter-
actions on small-scale quantum computers.

In the near term, while improvements in the architec-
tural completeness of QT models and their compatibility
with classical components are still necessary, establishing
a unified benchmarking framework is critical for accurately
evaluating their real-world performance across different ap-
proaches. Generative tasks involving molecular data rep-
resent particularly promising applications in this context.
Looking ahead to the early era of fault-tolerant quantum
computing, QT models based on quantum linear algebra of-
fer strong theoretical potential (Guo et al. 2024; Liao and
Ferrie 2024; Khatri et al. 2024). As quantum hardware con-
tinues to evolve, QTs are expected to play an increasingly
impactful role in solving complex tasks, unlocking new pos-
sibilities in quantum-enhanced machine learning. In this
perspective, MQT serves as a compelling example of how
quantum-enhanced architectures can go beyond traditional
text and image applications, addressing fundamental chal-
lenges in quantum chemistry and materials science, domains
where classical neural networks are inherently limited.
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