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ABSTRACT

The high computational cost of classical diffusion models can limit their use in
large-scale 3D molecular generation for drug and material discovery. We intro-
duce Structure-aware Quantum Diffusion (SQ-Diff), the first full quantum diffu-
sion model for this task, designed to leverage potential quantum advantages in
the Noisy Intermediate-Scale Quantum era. Structural priors (e.g., inter-atomic
distances) are encoded into the initial quantum state via a novel state prepara-
tion procedure that yields a unified normalization scheme dependent only on the
number of atoms. The denoising process is driven by a Quantum U-Net, a fully
quantum architecture that combines learnable variational quantum circuits with
parameter-free operators. Training is guided by these structural priors enforced
through a graph-based objective function to maintain structural consistency. Ex-
perimentally, SQ-Diff generates valid and diverse 3D molecules and shows im-
proved performance over existing quantum-based methods. While a gap in gen-
eration quality compared to leading classical models remains, our model matches
the inference speed of the fastest classical approaches with only a few quantum
parameters, setting a new benchmark for pure quantum generative models.

1 INTRODUCTION

The automated discovery of novel molecules with desired 3D structures is a key area of modern
drug discovery and material science (Sanchez-Lengeling & Aspuru-Guzik, 2018). By generating
valid and diverse molecules, computational methods can significantly accelerate the design-test-
analyze cycle, reducing costs and exploring vast regions of the chemical space that are otherwise
inaccessible. Among various deep generative models, such as Variational Autoencoders (VAEs)
that learn a latent representation of the data (Kingma & Wellingl 2013) and Generative Adversarial
Networks (GANs) that use a discriminator to refine generated samples (Goodfellow et al.| [2014),
diffusion models (Ho et al.|[2020; Song et al., 202 1b) have recently emerged as a powerful paradigm
for 3D molecular generation. Their performance stems from their formulation as score-based mod-
els that learn the gradient of the data log-likelihood, allowing them to capture fine-grained details of
the underlying distribution. This has led to state-of-the-art performance in generating high-quality
molecular geometries (Hoogeboom et al.l 2022; |Xu et al., [2023). However, despite their success,
classical diffusion models face persistent challenges. The iterative denoising process is computa-
tionally intensive, leading to slow sampling speeds that can hinder high-throughput virtual screen-
ing (Wang et al., 2025). Furthermore, generative models can struggle to produce novel scaffolds
beyond what is represented in their training data, a well-documented challenge in benchmarking de
novo molecular design (Brown et al.,2019).

Quantum computing offers a fundamentally different paradigm for generative modeling, holding the
potential to overcome some of these classical limitations (Biamonte et al., [2017; |Smaldone et al.|
2025)). The principles of quantum mechanics, such as superposition and entanglement, provide ac-
cess to an exponentially large Hilbert space. This vast state space is particularly well-suited for
representing the intricate conformational and electronic states of molecules, which are themselves
quantum systems. This allows quantum models to represent and explore complex, high-dimensional
probability distributions with potentially greater efficiency and expressivity than their classical coun-
terparts (Cerezo et al.,[2021). Recent work has already demonstrated that hybrid quantum-classical
models can generate novel, synthesizable molecules that are validated in the lab, showcasing the po-
tential of this paradigm to impact real-world drug discovery campaigns (Ghazi Vakili et al., 2025)).



Despite this promise, the application of Quantum Machine Learning (QML) to molecular generation
is still nascent (Smaldone et al., 2025). Early efforts, such as quantum GANs with a hybrid gener-
ator (QGAN-HG) (Li et al.,|2021)) and scalable quantum generative autoencoders (SQ-VAE) (L1 &
Ghoshl, [2022), relied on hybrid quantum-classical architectures, focusing on 2D molecular graphs.
The more challenging task of direct 3D molecular generation in a pure quantum framework remains
largely unexplored. While the recently proposed quantum circuit-based VAE for 3D molecular gen-
eration (QVAE-Mole) (Wu et al., 2024) represents a step forward by using a pure quantum VAE
for 3D generation, limitations persist. These models often use state preparation procedures that do
not fully embed the graphical topology, particularly inter-atomic distances. Failing to encode this
geometric information can lead to structurally invalid outputs. Moreover, graph priors such as per-
mutation invariance are not explicitly considered (Zhao et al., 2024). VAE-based approaches can
also be prone to posterior collapse (Bowman et al.,|2016)). These limitations highlight the need for a
more robust and structurally-aware quantum generative framework.

To address these challenges, we introduce, to our knowledge, the first pure quantum diffusion model
for de novo 3D molecular generation. Our approach integrates molecular graph structure with a
quantum diffusion process. We propose a novel state preparation procedure that encodes atom and
bond information into the initial quantum state, creating a latent representation that reflects the
molecule’s topology. The core of our generative process is a quantum denoising U-Net (Ronneberger
et al., |2015) that learns to reverse the noise process. This architecture is composed of variational
quantum circuits (VQCs) for learnable transformations and parameter-free quantum operations for
downsampling and upsampling. The training is supervised by structural priors, including node-edge
consistency and permutation invariance, to guide the model toward generating valid structures. For
efficient inference, we adapt the Denoising Diffusion Implicit Models (DDIMs) (Song et al.| [2021al)
sampling scheme.

Our main contributions are summarized as follows:

1. We propose the first pure quantum diffusion model for 3D de novo molecular generation, fea-
turing a Quantum U-Net architecture that uses VQCs for learnable denoising and parameter-free
operators for multi-scale feature processing.

2. We introduce a state preparation method that explicitly encodes atom and bond information from
molecular graphs, combined with training supervised by structural priors to guide the generative
process.

3. We empirically demonstrate on the QM9 benchmark that our model achieves inference speeds
comparable to the fastest classical methods and shows improved generation quality over promi-
nent quantum models, presenting a promising application of QML in scientific discovery.

2 RELATED WORK

Our work is situated at the intersection of classical generative models for molecules and the emerging
field of QML.

Classical Generative Models for Molecules. Deep generative models have significantly advanced
molecule discovery. Early approaches were dominated by VAEs (Kingma & Welling, 2013)) and
GANSs (Goodfellow et al.;[2014). More recently, diffusion models (Ho et al.,2020) have become the
state of the art, particularly for generating 3D molecular structures. Models like Geometric Diffu-
sion Model (GeoDiff) (Xu et al.,2022) and Equivariant Graph Diffusion Model (EDM) (Hoogeboom
et al.| 2022)) demonstrated strong performance by leveraging equivariant neural networks to respect
the geometric symmetries of molecules. These models typically operate on continuous representa-
tions of atom coordinates and types, progressively denoising them from a simple prior distribution.
Key application areas for these models include de novo generation (Hoogeboom et al.| [2022)), con-
former generation (Jing et al., [2022), structure-based drug design (Schneuing et al., 2024), and
molecular docking (Corso et al., 2023)).

Accelerating Classical Diffusion Models. A significant drawback of traditional diffusion mod-
els is their slow sampling speed, which requires hundreds or thousands of sequential denoising
steps. To address this, DDIMs (Song et al., [2021a) were introduced, enabling faster generation
through a deterministic, non-Markovian reverse process. This is achieved by re-formulating the re-
verse step to depend on the predicted clean data and the current noisy sample, allowing for larger,
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Figure 1: The workflow of our SQ-Diff model. A 3D molecular graph is encoded into an initial
quantum state |zo). The forward diffusion process iteratively adds noise, producing a noisy state
|zT). To reverse this, a Quantum U-Net, built from variational quantum circuits and parameter-free
down/up-sampling operators, is trained to denoise the state at each timestep. The network is guided
by objectives including reconstruction, classification, and graph-based structural priors. During
inference, the trained model generates molecular structures from random noise.

more direct jumps along the denoising trajectory. More recently, a new class of models based on
flow matching and optimal transport has emerged, offering further acceleration. Geometric Optimal
Transport (GOAT) (Hong et al.| 2025), for example, formulates molecular graph generation as a
time-continuous flow-matching problem, enabling high-quality generation in fewer steps.

Quantum Generative Models. QML offers a promising alternative for generative tasks due to the
high expressive power of VQCs (Cerezo et al.,[2021). Initial forays into molecular generation, such
as QGAN-HG (Li et al.; [2021)) and SQ-VAE (L1 & Ghosh, 2022), were primarily hybrid quantum-
classical models focused on generating 2D molecular graphs. Subsequent advancements have ex-
panded this landscape with models like MolGAN with VQC (Kao et al.,|2023)), which explores quan-
tum GANs (Dallaire-Demers & Killoran, [2018) for generative chemistry, hybrid quantum-classical
architectures for drug design (Gircha et al.|[2023)), and quantum-inspired tensor network approaches
for small molecular datasets (Moussa et al.,|2023)). More recent developments include hybrid quan-
tum cycle GANs for small molecule generation (Anoshin et al.l [2024), quantum computing-based
deep learning for molecular design optimization (Ajagekar & You, 2023)), and quantum-enhanced
generative models targeting specific inhibitors like KRAS (Ghazi Vakili et al., [2025). The devel-
opment of pure quantum models for direct 3D generation is more recent and challenging. QVAE-
Mole (Wu et al., 2024)) was the first to propose a pure quantum VAE for this task. To date, a pure
quantum diffusion model for 3D molecular generation has not been proposed, leaving a significant
gap that our work aims to fill.

3 METHODS

In this section, we present the technical details of our proposed Structure-aware Quantum Diffusion
(SQ-Diff) model. We first present our novel state preparation method for encoding 3D molecular
structures into quantum states. We then describe the pure Quantum U-Net architecture that drives
the denoising process. Finally, we introduce the graph-based optimization objectives designed to
guide the generation of valid molecules. The workflow is shown in Figure [I] See Appendix [A]for
the quantum basics used in this paper.



3.1 QUANTUM STATE PREPARATION FOR MOLECULE GRAPHS

The foundation of our generative process is a novel state preparation procedure that maps a

molecule’s 3D geometry and atomic features into a quantum state, which is fundamentally different

from the classical encoding approach as shown in Figure 2] We begin with the molecule’s point

cloud data, where each of the N atoms is described by its 3D coordinates a; = (aiz, Qiy, @i2) € R?

and a one-hot vector ¢; for its atom type. As a preprocessing step, we translate by the per-
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|m||3 = 6N? + 4N (1)

This result provides a unified normalization paradigm: all entries are normalized by dividing by
V6N?2 + 4N, which allows the model to process molecules of varying sizes on an equal footing
(The form of the initial quantum state is given in Appendix [C.I).

The reverse process, reverse reconstruction, which maps the final denoised quantum state back
to a 3D structure, is the exact symmetric inverse of this preparation step. As it is mathematically
straightforward and deterministic, we will not elaborate on it further in a separate section.

3.2 QUANTUM FORWARD DIFFUSION PROCESS

The forward diffusion process gradually injects noise into the initial quantum state |z() over a se-
quence of T timesteps. We represent the quantum state |xo) by its vector of amplitudes, xo € c¥.
The process is defined as a fixed Markov chain that produces a sequence of increasingly noisy latent
amplitude vectors 1, ..., Tr.

Following standard diffusion models (Ho et al.l 2020), the transition at each step ¢ is modeled as a
Gaussian kernel with a cosine variance schedule {3; € (0,1)}1_;:

q(@i|ei—1) = N(e; /1 — Bracs—1, Bid) 2

A notable property of this process is that we can sample x; at an arbitrary timestep ¢ directly from
the initial state ay in a closed form. Using the notation oy = 1 — 3; and &y = HZ:1 «g, the



Algorithm 1 SQ-Diff Training Procedure

1: Initialize: Quantum U-Net parameters 6, optimizer.
2: repeat

3: Sample a batch of molecules { M; } from the training dataset D.
4: for each molecule M in the batch do
5: x( + StatePreparation(M ) > Encode molecule into an amplitude vector
6: t ~ Uniform({1,...,7T}) > Sample a random timestep
7: e~N(0,I) > Sample Gaussian noise
8: Ty < Jaxo + /1 — aqe > Apply forward diffusion process
9: e TAEIP > Normalize to get a valid quantum state vector
10 |x¢) < PrepareStateFromVector(xy, t) > Embed time and prepare input state
11: |Z0) + QuantumUNet(|z;) ,¢;0) > Predict denoised state with Q-U-Net
12: 2o < GetAmplitudes(|&o))
13: Calculate the total loss £ < Lrecon + ActsLets + ApriorLprior + Aperm Lperm

14: end for
15: Update parameters: 6 < OptimizerStep(0, Vo L)
16: until convergence criteria are met

distribution of x; conditioned on x is given by:

q(zi|To) = N (215 Varxo, (1 — ax)I) (3)
This allows for efficient sampling of a noisy vector at any step ¢ via the reparameterization trick:
x; = Vauxo + /1 — aze, where e ~ N(0,1) 4)

To inform the denoising network of the current noise level, we embed the timestep ¢ using the
standard sinusoidal positional encoding (Vaswani et al 2017)), creating a time embedding vector
e;. This embedding is added to the noisy state vector x, after a simple fixed projection to match
dimensions. This vector serves as the input amplitude vector for the quantum state |x;) that is fed
into our quantum denoising U-Net.

3.3 QUANTUM DENOISING PROCESS

Consistent with the paradigm of classical diffusion models, the reverse process requires a learn-
able neural network trained to denoise the corrupted state at each timestep. To effectively learn the
complex interactions between features at different resolutions, we employ a U-Net-style architec-
ture (Ronneberger et al., [2015)), a design empirically validated for its multi-scale analysis capabil-
ities. Our architecture is constructed from a series of VQCs. To ensure the model remains fully
within the quantum domain, we introduce parameter-free downsampling and upsampling operators
based on partial trace (Romero et al.,[2017) and interpolation, respectively, which avoids introduc-
ing any classical learnable parameters. During the inference phase, the trained Quantum Denoising
U-Net utilizes a DDIM sampling strategy for efficient de novo generation of 3D molecules. Algo-
rithm [T outlines the end-to-end training process. Algorithm details for generation are provided in

Appendix [B]
3.3.1 ARCHITECTURE OF THE QUANTUM U-NET

We propose a pure quantum-parameterized denoising U-Net as shown in Figure[3] Analogous to its
classical counterpart, our network comprises a downsampling path, an upsampling path, a bottleneck
layer, and skip connections that bridge corresponding levels of the two paths. The downsampling
path progressively reduces the dimensionality of the quantum state through a series of n blocks.
Each block consists of a quantum ansatz Uy, (6,4,) followed by a downsampling operator D;. Given
an initial input state |x;), the state at the end of the downsampling path, |z;), is produced as follows:

|2¢) = (H Udi(adi)Di> |2) ©)
=1
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Figure 3: The structure of one operational block within our Quantum U-Net, illustrating both
the downsampling and upsampling paths. The downsampling path consists of a VQC layer followed
by a parameter-free downsampling operator (D). The upsampling path is symmetric, comprising a
VQC and an upsampling operator (U), and incorporates information from the corresponding down-
sampling block via a skip connection.

4
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At the bottleneck, a final quantum ansatz U, (8;) is applied to this compressed representation to
yield the state |Z;):

|2¢) = Up(6b) |21) ©)
The upsampling path is structurally symmetric, iteratively expanding the state representation. A key
feature is the incorporation of skip connections, which combine the feature map from the previous
upsampling layer with the one from the corresponding downsampling layer. This ensures that high-
resolution feature information from early stages is available during the reconstruction process. The
final predicted clean state, |Z(), is generated by a similar product of upsampling operators U; and

ansatzes U, (0.,,):
[0) = (H U, (Gui)Ui> |21) (M
i=1

Due to the skip connections, the input to the j-th upsampling ansatz is a normalized superposition of
the output from the previous upsampling block and the state from the corresponding downsampling
block. Denoting the output of the i-th downsampling block as |«}) and the j-th upsampling block as

|27Y, the input is formed as:

[£f) = Normalize (Uy,,_, (84, ,) 12/ ™" + |27 ™)) ®)

where [2?) = |2;) and |2]') = |&¢). Here, Normalize(-) denotes L2 renormalization to unit norm.
The designs of the quantum ansatz and the training-free down/up-sampling operators are detailed in
Appendix |C} and the training procedure for the Quantum U-Net is provided in Algorithm

3.3.2 DDIM FOR EFFICIENT SAMPLING

Standard Denoising Diffusion Probabilistic Model inference requires thousands of sequential de-
noising steps, a process that is computationally prohibitive for our quantum framework. We there-
fore adopt the DDIM formalism (Song et al.,2021a)) to accelerate sampling, enabling generation in
a fraction of the steps with comparable quality. We set &y = 1 by convention.

The DDIM update to obtain xy, from x; can be written as:

- a4 ~ 22
Tty = /Oy, o + (/1 — Oy, — 07 €9 + 01 €, 9)

where € ~ N(0,1), ég = (x; — /@y 29)/\/1— &, and oy = 77\/1;&% /1 — -8t The
t Otprey
parameter 7 controls sampling stochasticity. See Algorithm [2|for random generation details.
For conditional generation based on a specific property y, we adopt a classifier-guidance strat-
egy (Dhariwal & Nichol, |2021). Given a pre-trained classifier r, that predicts y from a clean-state
estimate, we adjust the random prediction by taking a gradient step on a property loss:
i'()(mh t) = C%O,uncond(wt: t) - A vio »Cprop (T¢(fi3(),uncond(mta t)), y) (10)
The guided & is then used to compute the corresponding noise for the DDIM update,
. T — oo

69 - m ’ (11)



which is substituted into the update rule. This framework allows us to generate high-quality
molecules in just 10-50 sampling steps. See Algorithm [3|for conditional generation details.

3.3.3 STRUCTURE-AWARE OPTIMIZATION OBJECTIVES

Our model is trained by minimizing a composite loss function £ designed to ensure the generation
of chemically valid and structurally consistent molecules. The overall objective is a weighted sum
of four components:

L= Erecon + )\cls»ccls + )\priorﬁprior + )\perm['perm (12)

The primary component is the reconstruction 1oss L;econ, Which corresponds to predicting the clean
state xg:

Erecon = Eaco,e,t [Hfﬁo - iO (\/077330 + v 1- Ot €, t) Hﬂ (13)

To enhance the accuracy of atom type prediction, we incorporate a classification loss L5 based on
the Focal Loss (Lin et al., 2017), which focuses training on hard-to-classify examples. To enforce
structural integrity, we introduce a graph prior loss Lo, Which penalizes inconsistencies between
reconstructed node features (e.g., coordinates) and edge features (e.g., inter-atomic distances), and
ensures that predicted atom-type vectors are valid probability distributions. Finally, because molec-
ular graphs are invariant to node permutations, we include a permutation invariance 108 Lperm. This
term encourages the model to produce equivalently permuted outputs when the input atoms are re-
ordered, thereby embedding this fundamental chemical symmetry into the learning process (Zhou
et all[2020). A detailed formulation of each loss component is provided in Appendix [D]

4 EXPERIMENTS

In line with [Bausch| (2020); [Ye et al.| (2023)); Yan et al.| (2023)); 'Wu et al.| (2024), we conduct our
experiments on classical hardware using simulators from the TorchQuantum library (Wang et al.,
2022). Our framework is, however, designed to be executable on NISQ computers, leveraging the
library’s compatibility with interfaces for real quantum devices. Further details on the simulator are
provided in Appendix [G|

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate our model on QM9 (Ramakrishnan et al.| [2014), a standard benchmark for
molecular generation containing about 130K small molecules with up to nine heavy atoms. The
dataset provides 3D atomic coordinates and chemical properties. The objective is to train the model
for random and conditional generation of molecular structures, including coordinates and atom types
(C, N, O, F). We adopt the data partition from |Anderson et al.|(2019), which designates 100K, 18K,
and 10K for training, validation, and testing respectively. Hardware and hyperparameter settings are
summarized in Appendix [G]

Baselines. Our comparative analysis includes two main categories of models. The first consists
of classical methods with no quantum components, including the continuous normalizing flow
model E(n) Equivariant Normalizing Flows (E-NFs) (Garcia Satorras et al., |2021), autoregres-
sive models Generative SchNet (G-SchNet) (Gebauer et al.| [2019) and Generative SphereNet (G-
SphereNet) (Luo & Ji,[2022)), diffusion-based models EDM (Hoogeboom et al., 2022) and Geomet-
ric Latent Diffusion Model (GeoLDM) (Xu et al.,2023)), and the flow-matching model GOAT (Hong
et al.;|2025)). The second category consists of hybrid/quantum methods that utilize trainable quan-
tum parameters. This group includes hybrid models for 2D molecular graph generation, such as
SQ-VAE (Li & Ghoshl 2022)) and QGAN-HG (Li et al [2021) (with its variant P2-QGAN-HG), as
well as QVAE-Mole (Wu et al.| [2024) (with its variant QVAE-Mole (fid.)), a pure quantum VAE for
3D molecular generation.

Metrics. We assess model performance based on generation quality and efficiency. To evaluate qual-
ity, following prior work (Hoogeboom et al.l [2022), we generate 10K molecules and measure their
Validity (V), Uniqueness (U), and Novelty (N). Validity is the percentage of molecules adhering to
chemical valency rules. Uniqueness is the ratio of distinct molecules among valid samples. Novelty
is the proportion of valid molecules not present in the training set. To penalize models that achieve
high uniqueness or novelty by generating invalid structures, we report the composite metrics VxU,



VxN, and VxUxN. For efficiency, we report the number of trainable # C/Q (classical/quantum)
parameters and the effective time Teg, defined as the time to generate one valid, unique, and novel
molecule.

Table 1: Performance comparison for random 3D molecule generation on the QM9 dataset. All
models generated 10k molecules. The table is divided into classical and quantum-based methods.
Quality metrics (V, VxU, VXN, VxUXxN): higher is better. Efficiency (Te): lower is better. Best
classical score is in red, and best quantum/hybrid score is in blue.

Methods Class V (%) VXU (%) VXN (%) VXUXN (%) #C/Q Tex (s)
SQ-Diff (Classic) (Subsec. [4.4) Classic  70.7 3.0 70.7 3.0 0.7M/0 2.69
E-NFs (Garcia Satorras et al.[|2021) Classic  41.1 40.8 34.9 34.7 0.6M/0 0.72
G-SchNet (Gebauer et al.,[2019) Classic 82.4 73.3 67.1 59.7 09M/0 0.69
G-SphereNet (Luo & Ji}[2022) Classic  82.6 29.8 37.8 13.6 3.IM/0 4.04
EDM (Hoogeboom et al.l 2022) Classic  91.9 90.7 75.3 74.3 53M/0 1.68
GeoLDM (Xu et al., [2023) Classic  93.8 92.7 54.5 53.9 12.5M/0 1.86
GOAT (Hong et al.||2025) Classic  92.9 92.0 73.0 72.3 8.6M/0 0.12
SQ-VAE (Li & Ghoshl|[2022) Hybrid 44.2 7.2 16.3 2.7 128 /224 5.56
QGAN-HG (Li et al.|[2021) Hybrid 66.6 8.1 18.5 2.2 0.5M /38 1.82
P2-QGAN-HG (L1 et al.;[2021) Hybrid 17.6 124 9.5 6.7 0.1IM/14 0.30
QVAE-Mole (Wu et al.|[2024) Quantum 78.1 27.4 57.4 20.1 0/602 0.40
QVAE-Mole (fid.) (Wu et al.,|2024) Quantum 74.4 26.9 31.5 11.4 0/602 0.70
SQ-Diff (Ours) Quantum 80.1 48.3 79.9 48.1 0/600 0.12

4.2 RANDOM GENERATION

We first evaluate random 3D molecular generation. The results are summarized in Table [T Our
model, SQ-Diff, shows a balance of generation quality and efficiency. Generated examples are
visualized in Appendix [H]

Performance Comparison with Classical Methods. SQ-Diff sets a new standard for pure quantum
generative models and demonstrates a promising direction for quantum-inspired discovery. When
compared with classical methods, a gap in sample quality remains; for instance, models like GOAT
and GeoLDM achieve higher validity. This is an expected outcome, as Quantum Machine Learn-
ing (QML) is still an emerging field. The development of quantum models is constrained by the
limitations of Noisy Intermediate-Scale Quantum (NISQ) hardware, which restricts the number of
qubits, circuit depth, and connectivity, thereby limiting model size and complexity (Bharti et al.,
2022). Consequently, it is a known challenge for current QML models, which are often exploratory
proofs of concept, to match the performance of highly optimized classical architectures that leverage
millions of parameters (Cerezo et al.,[2021)). As quantum hardware matures to allow for large-scale,
fault-tolerant quantum computers, QML models could see significant performance improvements
with scale, similar to the scaling law phenomenon in large language models, potentially enabling
capabilities not present in smaller-scale models (Kaplan et al., 2020; |Wei et al., 2022).

Within this context, the strengths of SQ-Diff are still apparent. A key advantage is its strong capacity
for generating novel structures. With a VN score of 79.9%, our model surpasses all classical
baselines in this metric. This may suggest that the quantum model is less prone to posterior collapse
and more effectively explores untapped regions of the chemical space. Most importantly from an
efficiency standpoint, SQ-Diff matches the inference time (Tefr) of the state-of-the-art flow-matching
method GOAT at 0.12s, while being over 10 times faster than established diffusion models like
EDM and GeoLDM. This highlights the potential of quantum-inspired diffusion for high-throughput
applications.

Performance Comparison with Hybrid/Quantum Methods. Compared to other quantum and
hybrid models, SQ-Diff shows a significant improvement in performance. It outperforms existing
methods in the composite VxUxN metric with a score of 48.1%, more than double that of the next
best pure quantum model, QVAE-Mole (20.1%). This improvement is supported by strong perfor-
mance across all individual metrics. Specifically, SQ-Diff achieves the highest validity (80.1%) and
novelty (79.9%) among all quantum-powered models. Its VxU score of 48.3% indicates greater
diversity in the generated samples compared to previous quantum generative models. In terms of



efficiency, SQ-Diff’s Teg of 0.12s is on par with the fastest classical methods. It achieves this per-
formance using a comparable number of quantum parameters to QVAE-Mole, making it an effective
and efficient pure quantum model for 3D molecular generation.

4.3 CONDITIONAL GENERATION

To evaluate the controllability of our model, we performed conditional generation experiments tar-
geting specific chemical properties. Leveraging the classifier-guidance strategy from Section [3.3.2]
we aimed to generate molecules with property values around the lower (Qq.25) and upper (Qg.75)
quartiles of the QM9 dataset’s distribution for six properties (see Appendix [E). This approach serves
as a clear test of whether the generation process can be steered toward distinct, pre-defined targets,
thereby demonstrating fine-grained control. Figure {4| visualizes the results, displaying the prop-
erty distributions of 10K molecules generated with guidance toward Qg 25 and Q. 75, respectively,
alongside the distribution from random generation. For all six properties, the guided distributions
are clearly shifted and centered around their target quartiles. This demonstrates that our framework
provides effective control over the chemical properties of the generated molecules.
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Figure 4: Distributions of six chemical properties for 10K conditional generated molecules. For
each property, we compare the distribution from random generation (left) with those from condi-
tional generation targeting the lower quartile (Qg. 25, middle) and upper quartile (Qg.75, right).

4.4 ABLATION AND SENSITIVITY ANALYSIS

Impact of Quantum Components. To verify the contribution of the VQCs, we constructed a clas-
sical analogue of SQ-Diff by replacing all learnable VQCs with Multi-Layer Perceptrons (MLPs)
of a similar design. As shown in Table [T] (SQ-Diff (Classic)), the results reveal a substantial per-
formance gap. The classical variant shows a drop in generation quality, with the VxU XN metric
decreasing from 48.1% to 3.0%. The low uniqueness metric (VXU of 3.0%) suggests that the model
experienced mode collapse. Despite hyperparameter tuning, this issue persisted, suggesting that an
architecture designed for VQCs does not translate effectively to a classical setting and may be more
prone to local minima. This result indicates that the VQCs are more expressive for this task. Fur-
thermore, the classical version is over 20 times slower, with a T of 2.69s compared to the quantum
model’s 0.12s, highlighting the computational advantages of our quantum design.

Effect of Loss Components. We performed an ablation study on the loss function components,
with results in Table 2] Removing any auxiliary loss term degrades performance. The permutation
invariance term (‘w/o perm°) is the most critical; its removal causes the VxXUXN score to drop



Table 2: Ablation study of the loss function O\o\ T |
components.

Tt (S)

Percentage (%)

Variant V VxU VxN VxUxN Ter — N
Full model 80.1 483 799 481 0.2 o
wlocls 630 123 630 123 049 J—

w/o prior 404 14.1 404 14.1 0.43 L ue L o

w/ioperm 213 81 213 81 074 poiMn

Figure 5: Sensitivity analysis of the DDIM
noise parameter 7.

to 8.1%, highlighting the importance of encoding chemical symmetry. Removing the graph prior
(‘w/o prior*) or classification (‘w/o cls) losses reduces the metric to 14.1% and 12.3%, respectively,
confirming their importance for generating valid and diverse molecules.

Sensitivity to DDIM Noise. We analyzed the model’s sensitivity to the noise parameter () in the
DDIM sampler, which controls stochasticity. Figure[5]plots the trade-off between generation quality
(VxUxN) and sampling efficiency (Te). The values are provided in Appendix [F] Introducing a
small amount of noise (7 > 0) improves the VxU XN metric, which peaks around n = 0.03. This
suggests that minor stochasticity helps the model explore the data manifold, enhancing diversity.
However, as 7 increases further, performance declines as excess noise degrades chemical validity.

5 CONCLUSION

In this work, we introduced SQ-Diff, the first pure quantum diffusion model for de novo 3D molec-
ular generation. Our framework uses a novel state preparation procedure and a pure Quantum U-Net
guided by a structure-aware loss function. Experiments on the QM9 dataset show that SQ-Diff gen-
erates high-quality molecules, outperforming existing quantum and hybrid models. While a quality
gap to classical SOTA remains, its inference efficiency is comparable to the fastest classical methods.
SQ-Diff operates with a distinct quantum parameterization, establishing a promising direction for
quantum-inspired molecular discovery. For the Limitations and Future work, please see Appendix|[l]

ETHICS STATEMENT

The research presented in this paper is foundational and focuses on the development of a novel
quantum algorithm, SQ-Diff, for 3D molecule generation. The potential applications of this work
lie in accelerating scientific discovery in fields such as drug design and materials science, which
are broadly beneficial to society. We have considered the potential societal impacts and do not
foresee any direct or immediate negative consequences or ethical risks associated with this work.
We are committed to the responsible dissemination of our research and advocate for the ethical use
of quantum computing and artificial intelligence technologies.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our results, all necessary components will be made available. The
source code for the SQ-Diff model, environment configurations, and scripts to replicate the experi-
ments reported in this paper are released in an anonymous repository at https://anonymous.
4open.science/r/SQ-Diff-0703, which will be made public upon publication. We have
detailed the primary experimental setup in Section[d Further comprehensive details regarding the
model architecture, training hyperparameters, and dataset processing are provided in Appendix [B]
and Appendix
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A  QUANTUM BASICS

Quantum computing is a computational paradigm based on the principles of quantum mechan-
ics (Nielsen & Chuang} 2010). Unlike classical bits, which can only be in a state of O or 1, the
fundamental unit of quantum information is the qubit.

A qubit can exist in a state of |0), |1), or a linear combination of both, a property known as super-
position. The state of a single qubit, |¢), can be written as:

) = al0) + 5[1) (14)

where « and 3 are complex numbers called probability amplitudes, satisfying the normalization con-
dition |a|? 4 |32 = 1. The values |«|? and |3|? represent the probabilities of the qubit collapsing
to the state |0) or |1), respectively, upon measurement. A system of n qubits can exist in a super-
position of all 2" possible classical states, providing access to an exponentially large computational
space.

Quantum computations are performed by applying quantum gates, which are unitary transforma-
tions that evolve the quantum state. A unitary matrix U has the property that its conjugate transpose
U is also its inverse, i.e., UTU = I. This property ensures that quantum evolution is reversible
and conserves probability. Common single-qubit gates include the Hadamard gate (H) for creating
superpositions and Pauli gates (X,Y, Z). Multi-qubit gates, such as the Controlled-NOT (CNOT)
gate, create entanglement, a quantum correlation where the state of one qubit is intrinsically linked
to another, regardless of the distance separating them (Nielsen & Chuang, [2010).

In hybrid quantum-classical algorithms, a VQC is used, comprising a parameterized ansatz U (6).
The ansatz is a circuit template with tunable parameters 6, optimized classically to minimize a cost
function and approximate target states or solutions (Nielsen & Chuang}, 2010).

Finally, to extract information from a quantum system, a measurement is performed. In the standard
computational basis ({|0) , |1)}), measuring the qubit |¢)) causes its superposition to collapse to one
of the basis states. The outcome is probabilistic, governed by the amplitudes of the state vector. For
a general n-qubit state |¥) = Zia ' ¢; i), a measurement will yield the outcome corresponding to

the basis state |7) with probability |c;|?.
B ALGORITHMS

In this section, we provide the pseudocode for the sampling procedures of our SQ-Diff model.
Algorithm [2] details the procedure for random molecular generation using the DDIM sampler. Algo-
rithm [3|extends this to conditional generation using a classifier-guidance strategy.
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Algorithm 2 Random Generation

—_

—_—
N =

13:

14:
15:
16:
17:

VRN RDD

Input: Trained parameters 8, number of sampling steps S, schedule parameter 7.

xrr ~ N(O, I)
zr < z7/|z7(2
Define timestep sequence 75, 7s—1, .- .,
fori=25,...,1do
t < 7, tprev — Ti—1 (Where To = O)
|z+) < PrepareStateFromVector(z;, t)
|Zo) + QuantumUNet(|x,) ,t;0)
Ty GetAmplitudes(|a7;0>)

o — ( \ﬁwo)/m

fprev
Ot <;77 \/ 1—ay \/ a,prev

GNN(OI

<

Ty, Lo+ /1 — oy

wtprev ‘ ‘ 2

prev prev

LTtpey S "Btpm/
end for
M <+ ReverseReconstruction(xg)
return M

t2'é9+0't6

> Sample initial noise from a standard normal distribution

71 (from T down to 1).

> Predict the original state vector

> Calculate the corresponding noise
> Noise schedule

> Sample fresh noise per step

> DDIM update step

> Normalize vector for next step

> Reconstruct molecule from final vector

Algorithm 3 Conditional Generation

20:
21:
22:
23:

Input: Trained parameters 6, predictor r4(-), target property y, guidance strength A, steps .S,

schedule 7.
xp ~ N(0,I) and normalize .
Define timestep sequence 7s, Ts—1, - - -
fori=25,...,1do
t < Tis tprev S~ Ti—1
|z+) <+ PrepareStateFromVector(x;, t)
\azo uncond) — QuantumUNet(|x) ,¢; 0)
20,uncond < GetAmplitudes(|Zo, uncond))

»T1-

With torch.enable_grad():
Tgrad < Z0,uncond-detach().requires_grad_()
Lprop = MSE(r¢(2grad), y)
9 < VauLpop

:BO — mO uncond — A g

o o/ || o2

Vo) /1 —
Qg
T tprer

ég < (ﬂ?t —
17&tprcv
1—a

e~N(0,I)

Tty

O <1

a{tprev Lo +

A mtpm/

1 —ay,., —

2

Lt ey \mtmv

end for
M <+ ReverseReconstruction(xg)

24: return M

> Compute guidance gradient

> Apply guidance to the prediction

> Perform DDIM update using the guided &g

0% - €9 + o€
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C QUANTUM COMPUTING DETAILS

C.1 DERIVATION OF THE UNIFIED NORMALIZATION TERM

We construct a molecular structure vector m such that its squared L2-norm is independent of the
specific molecular geometry, depending only on the number of atoms N. This is a crucial step for
the amplitude encoding of the initial quantum state (Smaldone et al., |2025). To achieve this, we
introduce a specific correction term:

V2 N||@min2
Veorr =~ a| mma”‘” ) (15)
1<ij<nN'" ' Jiee

The squared L2-norm of the flattened feature vector m is then calculated as follows:

N N N N
Iml3=>llaills+ > 1 +@N+1)> B —llaill3)+ D llai—ajl5+ v3y
1=1 =1 =1 1,7=1 V.
correction
coordinates atom types auxiliary values distances
= 6N? +4N + ZHasz + 2NZIIazll2 -2 ( Zau (2N +1 Z||az||2
cyc =1
+ Vo
N A% — 2
= 6N% + 4N + (1 + 2N — (2N + 1)) Z||az||2 - 2%} (z;Dmm) o2
2N @min[3
- 2 min |2 2
= 6N? 4N — o o,
=6N? 44N,

(16)

ory ,o0rt

where (ah s gy , a5 2) are the original coordinates of the ¢-th atom before translation, @i, =

(miny af}*, miny agy*, miny agl*), and D = | Jnax lai — a;l. Here, 3 () denotes a cyclic
ij<

sum over the three coordinate axes x, y, z (the bullet e indicates the axis being summed). This sim-
plification provides a unified normalization term v/6 N2 + 4N for all molecules with N atoms. To
ensure the feature dimension is exactly 29 for amplitude encoding, we pad the remaining dimensions
with 0. The initial quantum state |z) is prepared as follows:

N M

1
Z iz |13) + @iy |75 + 1) + a4z |ri +2) +le |ri +247)

€T =
& V6NZ 4N =

N
+ Z lai — a2 |ri + M +2 4+ k) + \/(2N—|— 1)(3 — [lail|3) |rs + M + N +3)
k=1,k#i
v 2
+ ——r + 0|rni2 +1),
6N2—|—4N‘ N+1) > IrNt2 +14)

i=N(M+N+3)+2
(17)

where M is the number of atom types, ¢ is the number of qubits, and r; is the index of the i-th block.
C.2 QUANTUM ANSATZ DESIGN

Each learnable block in our Quantum U-Net is a composite of VQCs consisting of ansatzes, as
depicted in Figure [3] The design of the ansatz is crucial for the model’s expressive power (Cerezo

et al., 2021). Our VQC layer is composed of two primary components: a layer of single-qubit
rotations and a layer of entangling gates.
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The single-qubit rotation layer applies a sequence of three rotations, R., I,, and another R, to
each qubit independently. This structure is a universal single-qubit gate, meaning it can create any
arbitrary single-qubit state (Barenco et al.,|1995; |Nielsen & Chuang| 2010). For an n-qubit system,
this layer can be expressed as:

n—1
Urot(0rot) = ®Rz<9i,2)Ry(9i,1)Rz(9i,0) (18)
i=0

Following the rotation layer, an entangling layer is applied to create correlations between the qubits.
We employ a linear entanglement scheme using Controlled-R,. (CR,) gates. A C R, (0) gate applies
an R, (0) rotation to a target qubit conditional on the state of a control qubit. This is performed
sequentially for adjacent pairs of qubits, a common structure in hardware-efficient ansatzes (Cerezo
et al.l [2021):

n—2
Ueni(Bent) = [ [ CREV(0,3) (19)
=0

where C’Rg’j ) denotes a CR, gate with control qubit ¢ and target qubit j. The full VQC layer is
the product of these two components, U (8) = Uey(@ent)Uror (6r01), where 8 comprises all trainable
rotation angles.

C.3 TRAINING-FREE DOWNSAMPLING AND UPSAMPLING OPERATORS

A core design principle of our framework is to maintain a pure quantum architecture. To this end, we
designed downsampling and upsampling operators that are parameter-free and interleave naturally
with the unitary operations of the quantum ansatzes.

Downsampling Operator. Our downsampling operator is inspired by the partial trace, a technique
used in quantum autoencoders to reduce dimensionality (Romero et al., 2017). To downsample an
n-qubit system to an m-qubit system (m < n), we partition the Hilbert space into H = Ha ® Hp,
where 1 4 has dimension 2™ and Hp has dimension 2"~ ™. The state can be written as |¢)) =

Z?:O_ ! 23:;] -t Cij 1) o |j) g- Our operator projects the ancillary subsystem B onto the basis

state |0) 5. The resulting unnormalized state of subsystem A is [()4) = Z?:O_l ¢io |%) 4. The final
downsampled pure state is then obtained by normalization:
. gm_q
a) = ———= > cioli)4 (20)

?:0_1 ‘CiO | 2 1=0

This procedure effectively reduces the Hilbert space dimensionality while preserving a pure state
representation for the subsequent quantum ansatzes.

Upsampling Operator. For the upsampling path, we employ a linear interpolation technique, analo-
gous to transpose convolutions in classical U-Nets (Ronneberger et al.,2015). Given an n-qubit state
), = 212:51 a; |i),,, we produce an (n + 1)-qubit state |§),,, ;.
amplitude vector B of size 271 by interpolating between adjacent amplitudes in a:

We compute an unnormalized

Bai = woy; + w141 2D
Bait1 = W10 + Wotis1 (22)
fori = 0,...,2" — 2 where wy and w; are fixed, non-learnable hyperparameters. This linear

transformation can be expressed via a sparse matrix operator £ acting on the amplitude vector. The
final state is normalized to have a unit norm:
on+1_q

1 -
Opir = —=— > Bilinn (23)
”/6”2 =0

D Loss FUNCTION DETAILS

The total loss function is £ = Lrecon + AcisLets + ApriorLprior + Aperm Lperm-
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Reconstruction Loss. We use an /5 loss on the clean-state prediction:
Lrecon = Emo,e,t [Hfﬂo - ii'O(wta t)||§] (24)

where ©; = /ay o + /1 — & € and &¢(-) denotes the Quantum U-Net prediction of the clean
state.

Classification Loss. We use Focal Loss (Lin et al., 2017) to improve atom type prediction. Let g;
be the predicted probability vector for the type of atom ¢, extracted from the denoised state &(. The
loss is:

1 N M
Los= =7 D> viell = fie) " log(dic) (25)

i=1 c=1
where y;. is 1 if atom ¢ is of type c and O otherwise, and + is a focusing parameter.

Graph Prior Loss. This loss enforces internal consistency. It has two parts, Lprior = Lonehot + Ldist-
The one-hot loss ensures that predicted atom type distributions are valid:

| N M 2
[fonehol = N z_; (z; :gic - 1) (26)

The distance consistency loss enforces geometric agreement between reconstructed coordinates a;

and reconstructed distances czij, a common practice in 3D generative models (Hoogeboom et al.}
2022):

1 R R N2
Laist = J\I(T—l) ; (Hlli —ajll2 — dij) 27

Permutation Invariance Loss. To enforce permutation invariance, we sample a random permuta-
tion 7 and penalize differences between the permuted output and the output of the permuted input.
This is a key inductive bias for graph-structured data (Zhou et al., 2020). Let &y = fo(x;) be the
denoising function.

Loerm = Ea, x [|7(fo (@) — fo(m(x)|3] (28)

where 7(-) is an operator that permutes the atom-related entries in the state vector.

E CONDITIONAL GENERATION DETAILS

This section provides details on the chemical properties used for conditional generation, as discussed
in Section[4.3] The guidance mechanism relies on a pre-trained classical classifier for each property.
We constructed a simple MLP for each of the six properties. The input to each MLP is the flattened
molecular feature vector prepared for amplitude encoding, as described in Section [3.1] The six
properties are defined as follows:

Polarizability (o, in Bohr®): A measure of how easily the electron cloud of a molecule can be
distorted by an external electric field.

HOMO Energy (snomo, in Hartree): The energy of the highest occupied molecular orbital, related
to the molecule’s capacity to donate an electron.

LUMO Energy (¢ umo, in Hartree): The energy of the lowest unoccupied molecular orbital, related
to the molecule’s capacity to accept an electron.

HOMO-LUMO Gap (Ag, in Hartree): The energy difference between HOMO and LUMO, which
is an indicator of molecular stability.

Dipole Moment (1, in Debye): A measure of the net molecular polarity, resulting from the separa-
tion of positive and negative charges.

Heat Capacity (C, in cal/(mol-K)): The amount of heat required to raise the temperature of one
mole of the substance by one degree Kelvin at a constant volume.

Table 3] provides the detailed numerical results for the conditional generation experiments.
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Table 3: Comparison of property distributions for 10K molecules generated by SQ-Diff. For the
random (baseline) model, Qg 25 and Qg 75 denote the quartiles of the generated distribution. For
the guided model, the columns show the medians of the generated distributions conditioned on the
lower (Q.25) and upper (Qg.75) quartiles of the target distribution from QM9. RE quantifies the
relative error |median — target )|/ |target Q| for each guided condition.

Property  SQ-Diff (random) SQ-Diff (guided) RE
Qo.25 Qo.7s  Median (Qo.25) Median (Qo.75) Qo.25 Qo.75

a 61.13 62.84 61.39 62.59 0419% 0.409%
Ae 0.2774  0.2910 0.2782 0.2899 0.282% 0.406%
EHOMO -0.2578 -0.2506 -0.2578 -0.2507 0.002% 0.044%
ELUMO 0.0284  0.0385 0.0293 0.0378 3.244% 1.783%
W 3.285 3.346 3.290 3.339 0.140% 0.222%
C, 35.79 37.55 36.04 37.29 0.714% 0.689%

F SENSITIVITY ANALYSIS DETAILS

Table [ provides the data for the sensitivity analysis of the DDIM noise ratio hyperparameter (7)), as
discussed in Section[4.4]

Table 4: Sensitivity analysis data for DDIM noise ratio 7.

i V(%) VxU (%) VXN (%) VXUXN (%) Tex(s)
0.00 81.1 46.2 90.0 46.1 0.130
0.01  80.1 48.3 79.9 48.1 0.125
002 759 524 75.7 52.3 0.115
0.03 69.8 55.1 69.6 55.0 0.109
0.04 627 54.5 62.4 54.3 0.111
0.05 55.1 50.3 54.7 50.0 0.120

G EXPERIMENT CONFIGURATION DETAILS

Table 5: Hardware configuration and model hyperparameters used for all experiments.

Hardware Configuration

GPU NVIDIA GeForce RTX 3090
CPU Intel Xeon E5-2683 v4
Memory 128 GB

Model Hyperparameters

Batch Size 512

Number of Epochs 50

Learning Rate 1x 1074

Weight Decay 1x1074

Number of Qubits 8

Number of VQC Blocks 5
DDIM Sampling Steps 10
DDIM n 0.01
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All experiments were conducted using the hardware and hyperparameter settings detailed in Table[5]
The selection of hyperparameters was guided by common practices in related QML literature and
grid search. Our model is trained using the TorchQuantum (Wang et al., 2022) simulator, which
represents VQCs as a series of unitary operations. These operations are executed as standard tensor
manipulations within the PyTorch framework. This design choice ensures that the evolution of
the quantum state vector is fully differentiable. Consequently, gradients with respect to the VQC
parameters can be computed directly via backpropagation, enabling end-to-end training of the model
using standard deep learning optimization techniques.

Regarding the coefficients for the loss components (Acis, Apriors Aperm) detailed in Section it
is important to note that these are not treated as conventional hyperparameters for tuning. Instead,
they serve as static scaling factors. Their primary purpose is to balance the magnitudes of the
gradients originating from different loss terms, ensuring that they are on a comparable scale during
backpropagation.

H MOLECULE VISUALIZATIONS

We provide additional qualitative examples of molecules generated by SQ-Diff; see Figure[6] Note
that hydrogen atoms are not explicitly modeled in our method and are added post-hoc using RD-
Kit (Landrum et al.l 2013)) toolkit for visualization.

Figure 6: Examples of 3D molecules randomly generated by SQ-Diff.

I FUTURE WORK AND LIMITATIONS

Our work represents a significant step towards practical quantum generative modeling for scientific
applications, but several limitations and avenues for future research remain. The primary limitation
of this study is its reliance on classical simulators for VQCs. While our model is designed with NISQ
hardware in mind, its performance on real quantum devices remains to be demonstrated and will be
subject to hardware noise and qubit connectivity constraints (Bharti et al.|[2022). An immediate and
crucial next step is the deployment and validation of SQ-Diff on actual quantum hardware. This
will provide invaluable insights into the practical feasibility and potential quantum advantage of our
approach. A second limitation is the performance gap in generation quality compared to leading
classical models. From a modeling perspective, exploring quantum analogues of more advanced
classical generative frameworks, such as flow-matching models (Hong et al.| [2025)), could lead to
further improvements in generation quality and efficiency. Additionally, extending the framework
to handle larger and more complex molecular systems, such as proteins, presents an exciting and
challenging direction for future work.
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J THE USE OF LARGE LANGUAGE MODELS

We acknowledge the use of a large language model (LLM) as a writing assistant in the preparation
of this manuscript. The LLM was utilized for two primary purposes: (1) to polish the language and
improve the clarity, conciseness, and overall expression of the text; and (2) to help identify potential
gaps or areas for improvement in the narrative’s logical flow. We emphasize that the LLM’s role was
strictly that of a writing and editing tool. The core scientific ideas, the proposed methodology, the
experimental results, and their interpretation are entirely the work of the authors.
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