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Generative Al has emerged as a transformative paradigm for diverse applications, yet the escalating scale
of modern models exposes critical computational and memory bottlenecks in classical hardware. This paper
investigates the intersection of quantum computing and generative artificial intelligence (QGAI) to address
these limitations and scale modern generative models. As models grow to billions of parameters, classical
Quantum autoencoders systems face bottlenecks in memory, energy, and training efficiency, while quantum computing offers expo-
Diffusion models nential representational benefits for high-dimensional data. The paper analyzes five core quantum generative
NISQ architectures — Quantum Circuit Born Machines, Quantum Generative Adversarial Networks, Quantum
Boltzmann Machines, Quantum Variational Autoencoders, and Quantum Diffusion models, highlighting their
design principles, learning mechanisms, and applications. QGAI models have demonstrated significant promise
in domains such as drug discovery, human-machine interaction, IoT security, and financial modeling. Despite
these advances, QGAI remains constrained by qubit noise, barren plateaus, and integration challenges.
We conclude by identifying ten open research challenges and propose directions for achieving scalable,
interpretable, and energy-efficient quantum generative learning.

Quantum machine learning
Quantum advantage
Quantum applications

1. Introduction

Generative artificial intelligence (GAI) has become a cornerstone of
modern machine learning and creative automation. From Generative
Adversarial Networks (GANs) that synthesize photorealistic imagery
through Variational Autoencoders(VAEs) that learn disentangled latent
spaces [1] to the recent success of diffusion—probabilistic models that
outperform GANs on image quality benchmarks [2], the field has ad-
vanced at a remarkable pace. State-of-the-art language and multimodal
models such as ChatGPT and DeepSeek now scale to hundreds of
billions of parameters, enabling a few-shot reasoning and open-domain
dialogue [3,4]. Yet this rapid scaling carries steep computational costs:
training a single large-language model can emit large amounts of CO,
and consume a lot of electricity [5]. Even with bespoke accelerators,

classical hardware struggles to accommodate the memory footprint and
wall-clock time required to fit such massive networks [6], motivating
the search for novel computing paradigms.

Quantum computing (QC) offers a complementary path forward.
Landmark demonstrations of quantum supremacy suggest that, for care-
fully chosen circuits, near-term quantum devices already outperform
the largest classical supercomputers on sampling problems [7]. Al-
though today’s hardware remains noisy, small, and error-prone, quan-
tum algorithms tailored to this Noisy Intermediate-Scale Quantum
(NISQ) regime show promise in optimization, chemistry, and crucially
probabilistic modeling [8]. In particular, parameterized quantum cir-
cuits (PQCs) can express broad families of probability distributions with
far fewer tunable parameters than their classical analogues [9], making
them intriguing candidates for enhancing GAI.
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Fig. 1. Landscape of Quantum Generative Artificial Intelligence (QGAI).

Table 1
List of acronyms.
Acronym Definition
GAI Generative Artificial Intelligence
GAN Generative Adversarial Network
VAE Variational Autoencoder
NLP Natural Language Processing
NISQ Noisy Intermediate-Scale Quantum
PQC Parameterized Quantum Circuit
QC Quantum Computing
QGAI Quantum Generative Artificial Intelligence
QGAN Quantum Generative Adversarial Network
QCBM Quantum Circuit Born Machine
QBM Quantum Boltzmann Machine
QVAE Quantum Variational Autoencoder
QDM Quantum Diffusion Model
QAE Quantum Autoencoder
KL Kullback-Leibler (divergence)
MMD Maximum Mean Discrepancy
Q-ELBO Quantum Evidence Lower Bound
HMI Human-Machine Interaction
VQA Variational Quantum Algorithm
VQE Variational Quantum Eigensolver
QAOA Quantum Approximate Optimization Algorithm

Over the past five years, a vibrant research sub-field, Quantum
Generative Al (QGAI), has emerged at this intersection. Fig. 1 shows
the current landscape of QGAI. Canonical examples include Quantum
Circuit Born Machines (QCBMs), which sample from quantum Born
probabilities to approximate classical data distributions with provably
high expressive power [9]; Quantum GANs (QGANs), whose generators
and discriminators may each be quantum, classical, or hybrid [10]; and
Quantum Boltzmann Machines (QBMs), which leverage transverse-field
Hamiltonians to model Gibbs distributions more richly than classical
Restricted BMs [11]. More recent work extends diffusion—probabilistic
modeling to quantum states [12,13].

Despite encouraging progress, formidable challenges remain.
Barren-plateau phenomena, where gradients vanish exponentially with
circuit width or depth, can stall optimization long before convergence
[14]. Data-embedding overhead and shot noise limit throughput in
hybrid workflows, while qubit decoherence imposes strict depth bud-
gets on variational circuits. Moreover, integrating quantum accelerators
with classical pre- and post-processing pipelines raises architectural,
scheduling, and energy-efficiency questions that are still largely unre-
solved [8]. A systematic treatment of these issues is essential as the
community transitions from proof-of-concept demonstrations to real-
world deployments in drug discovery, finance, materials science, and
human-machine interaction. Table 2 summarizes the major differences
between classical and quantum GAI.
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Quantum computers work in a totally different way from classical
ones. Instead of bits that are either 0 or 1, quantum bits (qubits) can
be in a superposition of both, and they can get entangled with each
other in ways that classical bits cannot. This lets quantum systems
represent and process high-dimensional probability distributions much
more efficiently, with resources that grow only polynomially (or even
less) as more qubits are added [15]. For generative modeling, this is
of great importance because it means quantum computers can explore
huge solution spaces and pick up on correlations that classical comput-
ers would struggle to even represent [14]. There are already quantum
algorithms like amplitude estimation, QGANS, and variational circuits
that show real promise in speeding up sampling, optimization, and
inference tasks that are otherwise painfully slow on classical machines
[16].

The benefits of quantum computing for GAI go beyond speed. Quan-
tum models can use entanglement to create richer, more expressive
latent spaces, which helps generate outputs that are not just diverse
but also more coherent and contextually relevant [17]. Techniques like
quantum neural networks, quantum Boltzmann machines, and quantum
natural gradients are starting to tackle some of the classic problems
in deep learning, like vanishing gradients and getting stuck in local
minima. This means models can learn more stably and generalize bet-
ter, which is something everyone in the field is after [14,17]. Another
important advantage is energy efficiency. Training classical generative
models consumes a lot of power, which is becomes a real concern for
scaling up and keeping things sustainable . Quantum systems, with
their parallelism and the ability to run certain computations with much
less depth, could offer a much more energy-efficient way to do the
same work. This matters a lot for fields like healthcare, finance, and
scientific research, where big generative models could make a huge
impact but are often held back by the sheer computational and energy
costs [14,17].

The rest of the paper is organized as follows: Section 2 presents pre-
liminaries on Generative Artificial Intelligence and Quantum Comput-
ing, providing the necessary foundations. Section 3 surveys quantum-
enhanced generative architectures, including Quantum Circuit Born
Machines, Quantum Generative Adversarial Networks, Quantum Boltz-
mann Machines, Quantum Variational Autoencoders, and Quantum
Diffusion Models. Section 4 highlights applications of QGAI across di-
verse domains such as human-machine interaction, drug discovery, IoT
security, resource allocation, and finance. Section 5 discusses key chal-
lenges and proposed solutions, covering scalability, error mitigation,
training stability, data encoding, energy efficiency, interpretability,
hybrid integration, and benchmarking. Section 6 identifies future re-
search directions, including algorithmic innovations, NISQ feasibility,
hybrid orchestration, and benchmarking for quantum advantage. Fi-
nally, Section 7 concludes the paper by summarizing the main insights
and emphasizing the future potential of QGAI in advancing next-
generation intelligent systems. Table 1 lists all the major acronyms used
throughout this paper.

2. Background

This section provides a foundational overview of the two key pil-
lars that underpin the Quantum Generative AI landscape: Generative
Artificial Intelligence and Quantum Computing. Understanding their
fundamental concepts, capabilities, and limitations is essential before
diving into QGAI-specific models, architectures, and applications.

2.1. Generative artificial intelligence

Generative artificial intelligence (GAI) refers to a class of powerful
models that learn to produce realistic and novel data, such as images,
text, and audio. The rapid growth of GAI is driven by advancements in
deep learning, massive datasets, and increased computational power,
leading to widespread applications across various fields, including cre-
ative arts, scientific research, and commerce. This section explores
the core principles of GAI its primary model families, and the key
limitations that continue to challenge its development and deployment.
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Table 2
Classical vs. Quantum generative Al
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Aspect Classical GAI

Quantum GAI

Training cost
high compute and energy
Sampling latency
delays
Expressivity
dependencies

Hardware constraints Memory, wall-clock time, CO, emissions

Large models (e.g., GPT-3) require trillion-token datasets,

Transformer and diffusion models incur large inference

Limited in encoding entangled or highly non-local

Parameterized quantum circuits can reduce sample and
compute requirements

Quantum circuits output samples directly via the Born rule

Exponential encoding and entanglement capture complex
correlations

NISQ devices: noisy, small qubit counts, decoherence
constraints

Probabilistic foundations:

At the heart of GAI lies the goal of modeling a data-generating
distribution ¢(x) over a high-dimensional data space X, such that
a model can generate novel, high-quality samples X ~ p,(x) that
resemble real data. To accomplish this, GAI models typically define
a parameterized distribution p,(x) and train it by minimizing some
statistical divergence, such as the Kullback-Leibler (KL) divergence,
Jensen-Shannon (JS) divergence, or Wasserstein distance, between the
real and model distributions. This is generally done through stochastic
gradient descent, often using surrogate loss functions suited to the
model class [18].

Model families:

Several generative model paradigms have emerged as dominant
approaches, as summarized in Fig. 2. Generative adversarial networks
(GANG) train a generator G, and discriminator D,, in a two-player min-
imax game, reaching equilibrium when real and synthetic samples are
indistinguishable [18]. Variational autoencoders (VAEs) use probabilis-
tic encoders and decoders to optimize an evidence lower bound, bal-
ancing reconstruction accuracy with latent-space regularization [19].
Diffusion models simulate a forward noising process and a learned
reverse denoising process, often yielding state-of-the-art sample qual-
ity in vision and audio [2,20]. Transformer-based models (e.g., GPT)
employ attention mechanisms to model sequences autoregressively or
bidirectionally, enabling strong results in language, code, and caption-
ing [21]. Finally, reinforcement learning for generative Al, including
RLHF, aligns model outputs with preferences or downstream utility
through policy optimization [22].

Classical limitations:

Despite the success of generative Al, three constraints persist. First,
training cost remains high: large models (for example, GPT-3) are
trained on trillion-token corpora and require substantial compute and
energy. Second, sampling latency is significant because transformer
and diffusion families are sequential or iterative at inference. Third,
expressivity is limited for entangled or highly non-local dependencies
that arise in quantum physics, genomics, and financial systems [23].
These constraints motivate quantum computing as a candidate for
next-generation generative systems [24].

2.2. Quantum Computing (QC)

Quantum computing leverages quantum-mechanical principles to
perform computation. Unlike classical bits, qubits can exist in super-
positions of 0 and 1, and entanglement allows correlations that do not
admit classical descriptions, enabling potential advantages on specific
problem classes.

Fundamentals of quantum information:

Quantum information is carried by qubits, which are two-level
systems represented as |y) = a [0)+4 |1) with |a|?+|g|> = 1. A register of
n qubits inhabits a 2"-dimensional Hilbert space, providing exponential
representational capacity. Computation proceeds via unitary gates that
evolve the state reversibly, and measurement projects the state to
classical outcomes according to the Born rule.

Quantum algorithms:

Several algorithms illustrate potential advantages. Shor’s algorithm
factors large integers in polynomial time, challenging RSA security
and delivering an exponential speedup over the best known classi-
cal methods [25]. Grover’s algorithm searches unstructured databases
in O(\/F ) queries, yielding a quadratic speedup [26]. Variational
quantum algorithms (VQAs) target the NISQ regime by combining
parameterized quantum circuits with classical optimisers; prominent
examples include the Variational Quantum Eigensolver (VQE) and the
Quantum Approximate Optimization Algorithm (QAOA) [8].

Hardware capabilities and constraints:

Leading architectures for QC include superconducting qubits (IBM,
Google) [27], trapped ions (IonQ) [28], photonic circuits (Xanadu)
[29], and neutral atoms (QuEra) [30]. Practical systems, however, face
limitations in qubit count and quality, with error rates above fault-
tolerant thresholds; coherence times and gate fidelities restrict feasible
circuit depth; and the classical-quantum interface introduces latency
that necessitates efficient co-processing strategies.

Why QC for GAI?:

Two principles are especially relevant for generative modeling.
Exponential encoding allows an n-qubit state to represent a distribution
over 2" outcomes, supporting compact modeling of complex mani-
folds [31]. In addition, sampling arises natively: quantum circuits emit
outcomes according to their internal probability amplitudes, avoid-
ing explicit softmax layers or temperature tuning and enabling direct
generation from the modeled distribution [32].

Table 3 presents a comparative overview of key Quantum Genera-
tive Models (QGMs). It highlights the differences in their architectures,
training objective functions, and the nature of their generated out-
puts. This provides a structured understanding of how various QGMs
approach generative learning in quantum settings. The performance
and trainability of any QGAI model are governed by four interde-
pendent pipeline components: the data encoding scheme, the circuit
depth and entanglement topology, the hybrid training loop design,
and the error mitigation strategy. The choice of encoding scheme
determines both the qubit footprint and the expressive capacity of
the quantum layer. Amplitude encoding compresses 2" data dimen-
sions into n qubits, offering exponential storage efficiency, but requires
deep state-preparation circuits and exhibits sensitivity to small input
perturbations [9]. Angle encoding maps each real-valued feature to
a single-qubit rotation gate, producing shallow circuits compatible
with NISQ hardware at the cost of a linear qubit-to-feature ratio,
while basis encoding is the most hardware-efficient option but re-
stricts the model to binary inputs. Circuit depth and entanglement
topology mediate the fundamental tension between expressivity and
trainability. Shallow circuits with nearest-neighbor entanglement are
compatible with current error rates but capture only local correla-
tions, whereas all-to-all entanglement allows richer feature maps yet
simultaneously accelerates decoherence and induces barren plateaus
whose severity grows exponentially with depth [14,33]. The matrix-
product-state architecture [34] represents a practical middle ground,
extending effective expressivity through bond-dimension virtual qubits
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Table 3
Comparison of key quantum generative models.
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Model Architecture

Objective function Target output

Quantum GAN (QGAN)

Quantum VAE (QVAE)

Quantum Diffusion (QDM)

Quantum Circuit Born Machine (QCBM)

PQC + Classical discriminator
Quantum encoder + Decoder
PQC with temporal unfolding
PQC only

Minimax (Wasserstein/JS)

ELBO (Fidelity + Regularization)
Fidelity loss (Reverse Process)
MMD or KL divergence

Classical or quantum data
Quantum state or distribution
Noisy or pure states

Discrete distribution

without proportionally increasing physical qubit requirements. The
choice of classical optimiser in the hybrid training loop profoundly
affects convergence behavior. Gradient-based methods with parameter-
shift rule estimators [35] converge rapidly on smooth loss landscapes
but are susceptible to barren plateaus in deep or randomly initialized
circuits, while gradient-free methods including CMA-ES, SPSA, and
particle-swarm optimization are more noise-tolerant but scale poorly
with parameter count [36,37]. Error mitigation is the fourth lever avail-
able to practitioners. Zero-noise extrapolation and probabilistic error
cancellation [38] reduce the effective noise rate at the cost of additional
circuit executions, which for generative models already requiring many
shots per training step can be prohibitive, while noise-resilient ansétze
offer a complementary approach that avoids shot overhead at the cost
of reduced expressivity [8]. The appropriate choice across all four
components depends on the target hardware’s specific error model,
the available shot budget, and the distributional structure of the target
task, and should be determined empirically rather than assumed from
general principles.

3. Architectures

Quantum-enhanced generative AI (GAI) architectures aim to lever-
age quantum computing principles to improve model efficiency, scala-
bility, and representational power (see Fig. 3).

3.1. Quantum circuit Born machines

Quantum Circuit Born Machines (QCBMs) [32] are unsupervised
quantum generative models that leverage parameterized quantum cir-
cuits (PQCs) to approximate the probability distribution of a classical
dataset. By producing tunable discrete distributions p,, a QCBM seeks
to match a given target distribution g, and has proven effective on
both synthetic and real-world data. The key advantage is the high
expressivity of quantum circuits, which allows them to capture complex
correlations that are difficult for classical models to represent [9]. Fig. 4
represents the training mechanism of QCBMs. A typical QCBM consists
of alternating layers of single-qubit rotation gates (e.g., Ry, Ry, R,)
and multi-qubit entangling gates (e.g., CNOT, CZ). Shallow circuits
with local connectivity can model simple distributions, whereas deeper,
all-to-all entanglement can encode far richer correlations. Training pro-
ceeds by minimizing a divergence metric, often Kullback-Leibler (KL)
divergence or maximum mean discrepancy (MMD), between samples
from p, and the target distribution. Gradients (or gradient-free updates)
are used by optimizers such as Adam, CMA-ES, SPSA, or particle-
swarm optimization, with the choice dictated by noise tolerance and
problem scale [32]. Benedetti et al. [9] first formalized the QCBM
framework and demonstrated it on trapped-ion hardware, establishing
early training protocols.

Optimization strategies have also diversified. Particle-swarm opti-
mization and CMA-ES showed early promise on noisy devices [37],
while Bayesian optimization excelled on high-parameter landscapes
[39]. Riofrio et al. [40] provided a systematic comparison of QCBMs
and QGANS, showing that shallow QCBMs struggle with complex corre-
lations whereas deeper circuits improve fidelity at the cost of optimiza-
tion difficulty, highlighting a fundamental depth-trainability trade-off.
Finally, Zhou et al. [34] used a matrix-product-state (MPS) architecture
to compress QCBMs for NISQ hardware. Their MPS-QCBM reproduced
2 X 2 Bars-and-Stripes data using only two or three physical qubits
(with bond-dimension “virtual” qubits), matching conventional QCBM
accuracy while reducing hardware requirements,at the expense of a
larger parameter space that can slow optimization for bigger datasets.

3.2. Quantum generative adversarial networks

Quantum Generative Adversarial Networks (QGANS), first proposed
by Lloyd and Weedbrook [10], transpose the classical GAN paradigm
into the quantum domain. A parameterized quantum circuit (PQC)
plays the role of the generator, emitting quantum states whose mea-
surement outcomes define a synthetic data distribution, while a dis-
criminator implemented either classically or quantum mechanically
learns to tell these samples from those drawn from the target distri-
bution. Training proceeds as a minimax optimization: the generator
minimizes, and the discriminator maximizes, a distance between the
two distributions. Because the generator lives in Hilbert space, QGAN
training can exploit quantum-native routines such as the variational-
quantum-eigensolver, enabling a more efficient search of high-
dimensional probability landscapes than is possible with purely clas-
sical stochastic-gradient updates. Fig. 5 shows the schematic working
of QGANSs. Lloyd and Weedbrook outlined four architectural flavors,
determined by whether the task data and the two agents are classical
(C) or quantum (Q): QT-QGQD (quantum task, quantum generator,
quantum discriminator), QT-CGQD, QT-CGCD, and CT-QGCD [10]. The
fully quantum option offers the greatest expressive power but is the
most hardware intensive; the hybrid variants trade quantum advantage
for near-term feasibility.

Riofrio et al. [40] systematically benchmarked QGANs against
Quantum Circuit Born Machines (QCBMs), showing that QGAN gen-
erators can approximate classically intractable distributions yet suffer
more severely from mode collapse and training instabilities on noisy
hardware. To mitigate those issues, several design improvements have
been proposed:

(1) Tensor-network generators — Huggins et al. [41] replaced the
PQC with matrix-product or tree tensor networks, enabling classical
pre-training before transfer to quantum hardware and reducing circuit
depth.

(2) Patch-based QGANs — Huang et al. [42] introduced a quantum
patch-GAN that divides data into smaller patches, each handled by a
shallow sub-generator, making image generation possible with limited
qubits.

(3) Quantum Wasserstein losses — Chakrabarti et al. [43] adapted
the Wasserstein distance to quantum settings to stabilize training. Kiani
et al. [44] refined the metric to remove unitary-invariance artifacts and
boost state fidelity.

(4) Efficient gradients — The parameter-shift rule, generalized to
noisy hardware by Schuld et al. [35], provides unbiased gradient
estimates without ancillary qubits and is now standard for PQC opti-
mization.

3.3. Quantum Boltzmann machines

Quantum Boltzmann Machines (QBMs) generalize classical Boltz-
mann machines by replacing Ising spins with qubits governed by a
transverse-field Hamiltonian. First proposed by Amin et al. [11], a
QBM defines a quantum Boltzmann distribution whose Gibbs state
can encode richer correlations than any classical counterpart. Visible
qubits represent data, hidden qubits supply latent capacity, and train-
able couplings appear as longitudinal and transverse fields. Learning
proceeds by minimizing a distance, often quantum relative entropy
between model and data distributions, but non-commuting Hamilto-
nian terms make gradients expensive. Practical training, therefore,
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Fig. 2. Taxonomy of generative Al models.

uses approximations such as bound-based objectives or sampling on
quantum annealers, where QBMs enjoy a natural hardware realization.
Different types of QBMs are listed as follows:

Semi-restricted QBMs: Amin et al. [11] showed that forbidding hidden—
hidden couplings simplifies training while retaining quantum advan-
tage. With visible wunits clamped during optimization, the
semi-restricted QBM converged faster than fully connected RBMs and
captured higher-order correlations.

State-based training for tomography: Kieferovad and Wiebe [45] intro-
duced state-based training, where a QBM is fitted directly to mea-
surement data from an unknown quantum state — circumventing
full-state comparison and enabling scalable quantum-state tomography
on near-term devices.

Reinforcement-learning: Crawford et al. [46] embedded QBMs in policy-
evaluation loops, demonstrating higher success rates than classical
RBMs on standard reinforcement-learning benchmarks by exploiting
quantum-induced correlations.

Variational QBMs: Zoufal et al. [47] re-cast the QBM as a parame-
terized quantum circuit that prepares Gibbs states variationally. Exact
gradients obtained via the parameter-shift rule reduce sampling over-
head and improve scalability to larger lattices—useful, for instance, in
quantum-chemistry Hamiltonians.

Evolved QBMs: Minervini et al. [48] proposed evolved QBMs (EQBMs),
which apply a second Hamiltonian H(¢) to evolve the thermal state of
a base Hamiltonian G(#). The resulting state w(f, ¢) = e~ (@ p(9)e!H (@)
combines imaginary and real-time dynamics, enlarging the model fam-
ily while still admitting analytic gradients and natural-gradient updates
driven by quantum Fisher information.

Sample-efficient training: Coopmans and Benedetti [49] reframed QBM
learning as matching expectation values of Hamiltonian terms, proving
that stochastic gradient descent converges in polynomial time and
samples when those expectations are estimated with shadow tomogra-
phy. Pre-training via mean-field or Gaussian-Fermionic models further
mitigates barren plateaus.

3.4. Quantum variational autoencoders

Quantum Variational Autoencoders (QVAEs), proposed by
Khoshaman et al. [50], extend the classical variational-autoencoder
paradigm by inserting parameterized quantum circuits (PQCs) into
the encoder and decoder. The quantum encoder maps classical or
quantum input data into a low-dimensional latent space, and the
decoder reconstructs the original input from this compressed represen-
tation. Training minimizes a quantum evidence lower bound (Q-ELBO)
that balances reconstruction fidelity (via, e.g., state-fidelity metrics)
against latent-space regularization to a chosen prior. By sidestep-
ping a full comparison with exponentially large target states, QVAEs
are well suited to near-term hardware: the PQCs provide compact
dimensionality reduction while preserving essential data features [50].

Fig. 6 shows QVAE architecture along with classical VAE architec-
ture. The classical VAE architecture includes a decoder and an encoder
which outputs Gaussian parameters for approximating the latent space
distribution, from which random noises are sampled for generating
new data through the decoder network (the generation or sampling
process is denoted in red box and arrows); (b) a patched variational
quantum circuit (each patch has three qubits) serves as the quantum
encoder/decoder network with corresponding quantum input, hidden,
and output layers. A hybrid VAE/AE is realized by connecting the final
fully connected (FC) layer with the preceding measurement outcome
vector.

Different types of QVAEs are listed as follows:
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QCBM
Architecture Objective
—>
PQC only KL /MMD
QGAN
Architecture Objective
>
PQC Generator + Minmax /
Classical/Quantum Wasserstein
Discriminator
QVAE
Architecture Objective
Quantum-Enhanced
GAI Architecture PQC Encoder / Q-ELBO (Fidelity +
Decoder Regularization)
QBM
Architecture Objective
>
Hamiltonian Quantum Relative
Entropy
QDM
Architecture Objective
—>
Forward Diffusion + Infidelity Loss /
Reverse PQC FID Score

Fig. 3. Taxonomy of quantum generative architectures.

EF-QAE: Bravo-Prieto et al. [51] introduced the Enhanced-Feature
Quantum Autoencoder (EF-QAE), which replaces global cost functions
with local ones to avoid vanishing gradients during training . Encod-
ing each data component into a single-qubit rotation and optimizing
local fidelities yielded high-accuracy compression of both quantum
many-body states and classical images.

Hybrid QVAE: Srikumar et al. [52] introduced a hybrid quantum au-
toencoder (HQA) that extracts information from quantum states by
mapping them into a classical representational space. The approach
enables clustering and semi-supervised classification of pure states,
demonstrated on amplitude-encoded states, with potential extensions
to more complex quantum data.

Noise-assisted and adiabatic QAEs: Cao and Wang [53] introduced a
noise-assisted quantum autoencoder that improves recovery fidelity by
aligning input and output mixedness using noise channels determined
from measurement data. The approach utilizes measurement informa-
tion more effectively, extends to both circuit and adiabatic models
(implementable on quantum annealers), and is validated on thermal
states of the transverse-field Ising model and Werner states. A pro-
jected quantum autoencoder is also proposed for pure-state ensemble
compression.

Future Generation Computer Systems 185 (2026) 108714

¢-QVAE: Quantum computing faces challenges in handling large real-
world datasets due to limited hardware resources. To address this,
the authors in [54] proposed ¢-QVAE, a fully quantum variational
autoencoder that compresses both classical and quantum data into
low-dimensional latent representations while enabling effective recon-
struction. Unlike prior quantum compression models, {-QVAE employs
regularized mixed-state latent spaces, supports multiple divergences,
and leverages full density matrices for efficient optimization. This
framework mirrors the capabilities of classical VAEs while remaining
fully quantum, with applications demonstrated on genomics and syn-
thetic data, showing improved latent space utilization and competitive
or superior performance compared to classical models.

3.5. Quantum diffusion models

Quantum diffusion models (QDMs) translate classical diffusion—
probabilistic frameworks into the quantum domain by replacing neural
networks with parameterized quantum circuits (PQCs). Cacioppo et al.
[55] introduced the first such model: a classical forward process adds
Gaussian noise, while a quantum backward process iteratively denoises
via a PQC, eliminating repeated state-encoding overhead and keeping
the workflow NISQ-friendly. Amplitude encoding maps classical data
(e.g., images) into quantum states, and the PQC then minimizes an
infidelity loss between denoised and target states.

Following are the different variants of QDMs:

Latent and fully quantum QDMs: Cacioppo et al. [55] explored both
a fully quantum generator and a latent variant that first compresses
data with a classical autoencoder before quantum denoising. The la-
tent model runs on today’s NISQ hardware and supports conditional
generation by encoding labels in auxiliary qubits. MNIST experiments
produced recognizable digits, though the current Fréchet Inception
Distance (FID) still lags behind classical diffusion models.

QuDDPM: Zhang et al. [12] proposed Quantum Denoising Diffusion
Probabilistic Models, using quantum scrambling in the forward direc-
tion and a PQC-based reverse process trained with hybrid (classical and
quantum) gradients. They achieved > 99% state-generation fidelity for
eight-qubit mixed states and reported polynomial sample complexity,
outperforming QGAN baselines.

QGDM and RQGDM: Chen et al. [13] introduced the Quantum Genera-
tive Diffusion Model, whose non-unitary forward step uses depolarizing
channels to reach a maximally mixed state. A trainable, timestep-
embedded PQC then reconstructs the target, yielding 99.9% fidelity on
pure-state tasks and 99.3% on eight-qubit mixed states, again surpass-
ing QGANSs. A resource-efficient variant (RQGDM) reduces auxiliary-
qubit demands without sacrificing accuracy.

Q-Dense and QU-Net: Kolle et al. [56] introduced two quantum dif-
fusion architectures, Q-Dense and QU-Net, designed to enhance image
generation with quantum machine learning. Q-Dense employs ampli-
tude embedding within dense quantum circuits, while QU-Net serves
as a quantum analogue of the classical U-Net, incorporating quantum
convolutional layers. To accelerate generation, the authors proposed a
unitary single-sampling circuit that compresses the traditional multi-
step reverse diffusion process into a single operation. Benchmarking
on datasets such as MNIST, Fashion MNIST, and CIFAR-10 showed
that these quantum models achieved superior performance compared
to classical counterparts with a similar number of parameters, as mea-
sured by metrics like FID, SSIM, and PSNR. These results demonstrate
the potential of QDMs to address efficiency and parameter-scaling
challenges in generative modeling.

Fig. 7 illustrates the QU-Net architecture that integrates quantum
convolutions. The model leverages down blocks, up blocks, and skip
connections to process input slices, embedding them into a dense
quantum circuit. This design enables hierarchical feature extraction and
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Fig. 4. Schematic of training of QCBM.

efficient reconstruction, akin to a quantum analogue of the classical U-
Net. Table 4 categorizes the primary studies reviewed in this survey
by the quantum computing framework used and by whether experi-
ments were conducted via classical simulation only, on real quantum
hardware, or both. This serves as a practical reference for researchers
seeking to replicate or extend the cited works. For simulated studies,
the simulator and system size are noted; for hardware implementations,
the device and qubit count are provided. Table 5 summarizes all the
above-mentioned quantum architectures.

Selecting among the five quantum generative architectures requires
weighing expressivity, trainability, hardware compatibility, and the
structure of the target application. Quantum Circuit Born Machines
are best suited when the objective is to approximate a discrete or
structured classical distribution [9,40]. Quantum Generative Adver-
sarial Networks are used for tasks that demand high sample diver-
sity, such as synthetic attack-trace generation for IoT security [57]
or de novo molecular design [58]. Their chief drawback is training
instability: mode collapse and vanishing discriminator gradients [40].
Quantum Boltzmann Machines are uniquely advantageous when the
data-generating process is itself quantum-mechanical, as in correlated-
electron systems in quantum chemistry, or when the model must run
natively on an annealer [11]. Quantum Variational Autoencoders are
recommended when the primary goal is dimensionality reduction or
latent-space learning on mixed classical-quantum data under severe
circuit-depth constraints [50]. Quantum Diffusion Models currently

achieve the highest fidelity scores in quantum state generation, exceed-
ing 99% on eight-qubit tasks [12,13], and are the natural choice when
output quality rather than training speed is paramount. Their iterative
reverse process is more stable than GAN adversarial training, but the
multi-step denoising loop incurs substantial shot overhead on NISQ
hardware [56].

4. Applications

The integration of quantum computing and generative Al represents
a significant advancement, establishing a new frontier for addressing
problems that were previously intractable for classical systems. This
emergent QGAI field leverages the fundamental principles of quantum
mechanics, such as superposition and entanglement, to model and gen-
erate complex data with unprecedented efficiency. QGAI demonstrates
its potential across a range of disciplines, from enhancing human-
machine interaction to accelerating the discovery of new therapeutic
compounds. This section reviews some of the most significant ap-
plications of QGAI, illustrating how these innovative models begin
to address some of the most formidable challenges in science and
technology. Before surveying specific application domains, it is impor-
tant to qualify the nature of the performance claims that follow. The
figures reported in this section are drawn from studies conducted un-
der controlled simulation environments or small-scale NISQ hardware
experiments. Unless explicitly stated otherwise, assertions of quantum
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Table 4

Quantum frameworks, execution environments, and hardware platforms used in selected QGALI studies reviewed in this survey. Sim. = classical simulation only;
HW = real quantum hardware; Both = simulation and hardware both reported. ‘-’ indicates not explicitly stated in the source study. Only entries verified against

primary sources are included.

Study Architecture Framework Mode Simulator/Device Qubits
Zhu et al. [39] QCBM Custom PQC Both Trapped-ion device (UMD) 4
Lloyd & Weedbrook [10] QGAN Theoretical Sim. No hardware; theoretical -
Huang et al. [42] QGAN Custom HW Superconducting (USTC) 12
Amin et al. [11] QBM Exact diagonalization Sim. Classical numerical sim. 10
Khoshaman et al. [50] QVAE Quantum Monte Carlo Sim. QMC simulation -
Zhang et al. [12] QDM Qiskit Sim. Qiskit Aer statevector 8
Kolle et al. [56] QDM PennyLane Sim. Default qubit simulator 4-8

Li & Ghosh [60] QVAE PennyLane Sim. Classical statevector 3 per patch
Prajapat et al. [61] QGAN+crypto Custom Sim. Classical sim. -
Romero et al. [62] QAE Custom Sim. Classical statevector 4

advantage over classical counterparts should be interpreted as potential
or theoretical advantages rather than verified empirical superiority.
Rigorous, large-scale benchmarking of QGAI models against state-of-
the-art classical generative architectures, including denoising diffusion
probabilistic models, large-scale GANSs, and transformer-based systems,
on production-grade datasets and under identical hardware conditions,
remains an open research challenge for the field [14,40,59]. Where
the surveyed literature provides concrete comparative metrics such as
fidelity, FID score, parameter counts, or runtime, these are reported
explicitly.

4.1. Human-machine interaction

Human-machine interaction (HMI) studies intuitive interfaces and
collaborative workflows that let people and intelligent systems com-
municate, learn, and execute tasks seamlessly [63]. Classical Al, espe-
cially natural-language processing (NLP) and decision-making, under-
pins most current HMI frameworks, yet struggles with high-dimensional
data, real-time adaptability, and cross-cultural language barriers [64].

For example, NLP engines often misinterpret dialectal variations or cul-
tural nuances, reducing effectiveness in multilingual or rapidly chang-
ing settings [65]. Adaptive HMI must also balance clarity with complex-
ity: poorly designed interfaces can overload users or cause miscommu-
nication during shared tasks [66].

Quantum Generative AI (QGAI) can alleviate these issues by com-
bining techniques like superposition and entanglement with powerful
generative models. Quantum circuits process multimodal data (text,
speech, images) in parallel, enabling QGAI systems to learn user pref-
erences and close feedback loops in real time. QGALI also mitigates NLP
shortcomings by generating culturally nuanced translations and dis-
ambiguating intent through quantum-optimized context analysis [67].
These advances make QGAI a promising foundation for next-generation
HMI that demands robust cross-cultural interoperability and real-time
adaptivity. Lee et al. [68] introduced a Quantum Computational Intelli-
gence (QCI) agent with a content attention ontology model to improve
human-machine interaction in Taiwanese/English language learning.
It integrates a Generative Al image agent, SBERT (Sentence Bidirec-
tional Encoder Representations from Transformers)-based similarity
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Summary of quantum-enhanced GAI architectures.

Architecture

Introduction

Variants/Key contributions

Quantum Circuit Born
Machines (QCBMs)

Unsupervised models using parameterized quantum circuits
(PQCs) to approximate target distributions, leveraging high
expressivity of quantum circuits to capture complex
correlations [9,32].

Early work: Benedetti et al. [9], Zhu et al. [39], Liu and
Wang [36].

Optimizers: particle-swarm, CMA-ES, Bayesian [37,39].
Riofrio et al. compared QCBMs vs QGANs [40].

Zhou et al.: MPS-QCBM for NISQ devices [34].

Quantum Generative
Adversarial Networks
(QGANs)

Quantum adaptation of GANs with PQC generator and
classical/quantum discriminator; training as minimax
optimization in Hilbert space [10].

Lloyd & Weedbrook: four variants (QT-QGQD, QT-CGQD,
QT-CGCD, CT-QGCD) [10].

Benchmarked vs QCBMs (Riofrio et al.) [40].
Improvements: tensor-network generators [41],
patch-based QGANs [42], quantum Wasserstein losses
[43,44], parameter-shift gradients [35].

Quantum Boltzmann
Machines (QBMs)

Generalize classical BMs with qubits and transverse-field
Hamiltonians; encode Gibbs states with richer correlations;
training via relative entropy or annealers [11].

Semi-restricted QBMs [11].

State-based training for tomography [45].
RL applications [46].

Variational QBMs [47].

Evolved QBMs (EQBMs) [48].
Sample-efficient training guarantees [49].

Quantum Variational
Autoencoders (QVAEs)

Extend VAEs by embedding PQCs in encoder/decoder;
trained with quantum ELBO for dimensionality reduction
while preserving key features [50].

EF-QAE [51].

Hybrid QVAE (HQA) [52].
Noise-assisted/adiabatic QAEs [53].

¢-QVAE for fully quantum latent spaces [53].

Quantum Diffusion
Models (QDMs)

Translate diffusion-probabilistic models into quantum
domain with PQC-based denoising; enable quantum-native
reverse processes [55].

Latent vs fully quantum QDMs [55].
QuDDPM [12].

QGDM & RQGDM [13].

Q-Dense & QU-Net for images [56].
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scoring, and Meta AI’s Universal Speech Translator to support bilingual
text-image generation and dialogue experiences. Using Particle Swarm
Optimization (PSO), the system predicts learner performance, while the
enhanced NUTN.TW-LLM (National University of Tainan Taiwan-Large
Language Model) enables interactive and adaptive learning. Experi-
mental results showed the model’s efficacy, with accuracy for social
media data analysis improving to 71% and a specific language learning
model achieving 90% accuracy. Human inspectors also gave the GAI
image agent high grades for its generated images. Overall, the findings
suggested that students were interested in co-learning languages and
QCI with machines.

4.2. Drug discovery

Drug discovery seeks and optimizes compounds for therapeutic use,
typically via virtual screening, molecular-dynamics simulations, and
laboratory validation [69,70]. The search space, however, overwhelms
classical pipelines, which are expensive and sometimes inaccurate at
quantum-level phenomena. Although classical machine learning accel-
erates screening, it can falter when modeling high-dimensional molec-
ular systems or predicting electronic structures and reaction pathways
[71].

Quantum Generative Al tackles these hurdles by encoding molecules
(graphs or SMILES) directly into quantum states. QGANs and Quantum
Variational Autoencoders (QVAEs) explore chemical space via param-
eterized quantum circuits, efficiently sampling regions that would be
classically intractable [50,72]. These models have already pushed drug-
likeness metrics such as Quantitative Estimate of Drug-likeness (QED)
and partition coefficient (logP) beyond classical baselines [73].

Li et al. [60] proposed a Scalable Quantum Variational Autoen-
coder (SQ-VAE) and its vanilla variant (SQ-AE) for drug molecule
design, combining quantum and classical architectures. By applying
strategies like adjustable quantum depth and patched circuits, the
models improve reconstruction and sampling of drug molecules, show-
ing advantages in low-dimensional cases and better drug properties
in high-dimensional learning compared to classical counterparts. The
results showed that for low-dimensional datasets, the quantum models
achieved computational advantages in training speed and representa-
tion quality. For high-dimensional molecules, the quantum generative
autoencoders generated new molecules with better drug properties.
For example, a scalable quantum VAE with an LSD of 18 generated
molecules with a logP score of 0.780, outperforming a classical VAE’s
0.357. Another variant with a LSD of 56 achieved a QED score of 0.204,
compared to the classical VAE’s 0.139.

Jain and Ganguly [58] introduced hybrid Quantum GAN architec-
tures (QWGAN-HG, QGAN-HG-GP, and QWGAN-HG-GP) for molecular
simulation and drug discovery. These models used a hybrid generator
that combined a parameterized quantum circuit with a classical neural
network to explore the QM9 dataset. The models were evaluated using
statistical distance metrics and various drug property scores to assess
their efficacy. The results showed that the proposed QWGAN-GP-HG-
P4-L2 architecture performed best, achieving a Drug Candidate Score
of 0.204 and a Validity Score of 22.469, which were significantly higher
than the classical MolGAN’s scores of 0.118 and 0.125, respectively.

4.3. IoT security

IoT security aims to protect connected devices, networks, and data
in domains such as healthcare, smart-city infrastructure, and industrial
automation [74]. These environments face unauthorized access, data
breaches, and device spoofing because they are decentralized, resource-
constrained, and often rely on legacy public-key protocols (e.g. RSA,
ECC) that are susceptible to quantum attacks [75]. Classical counter-
measures struggle to scale, and quantum computers threaten to break
many standard cryptosystems by accelerating integer factorization and
related problems [75,76].
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Prajapat et al. [61] proposed a novel security protocol for AloT-
based healthcare systems by integrating Generative AI (GAI),
blockchain, and quantum encryption. The protocol employs encoding,
challenge-response authentication with hash/digital signatures, and
dynamic key exchange to ensure secure data transmission. Experi-
mental results show high performance with 99.4% accuracy, 99.10%
precision, 98.66% recall, and 98.50% F1-score, highlighting its effec-
tiveness in safeguarding patient data and reducing carbon-intensive
inefficiencies.

In an indirectly related work [77], the authors proposed an unsu-
pervised anomaly detection method for high-energy physics using a
quantum generative adversarial network (QGAN) trained on Standard
Model (SM) data. The methodology involved training a QGAN on a
limited dataset of Standard Model events and then using it to detect
anomalous Higgs and Graviton events. For the quantum approach, the
researchers randomly selected 100 events from each dataset, which was
ten times fewer than the 1000 events used for the classical bench-
mark. The experimental results indicated that the quantum model
achieved comparable classification accuracy while using significantly
less training data. For instance, on the 7-feature dataset, the QGAN
achieved a Graviton detection AUC of 0.96 and a Higgs detection AUC
of 0.92, which were comparable to or better than the classical model’s
respective AUCs of 0.96 and 0.87. The authors also found that the
quantum model exhibited an improved expressive power, measured by
a higher effective dimension.

4.4. Resource allocation

Quantum-computing networks must juggle qubit decoherence, fluc-
tuating entanglement fidelity and heterogeneous service demands.
Static allocation wastes resources, whereas naive dynamic policies
overlook quantum-specific constraints such as variable qubit lifetimes
or purification overheads. QGAI tackles the problem by marrying quan-
tum generative models with reinforcement learning (RL). Quantum
GANs and QVAEs embed high-dimensional resource states like numbers
of free qubits, entangled pairs, and buffer times into parameterized
circuits that predict near-optimal allocation under noise and uncer-
tainty. They can decide, for example, when to devote extra qubits
to error correction or how to route tasks across edge cloud nodes
to minimize latency, all while exploiting correlations inaccessible to
classical optimisers.

Xu et al. [78] proposed a multi-agent reinforcement learning
(MARL) framework for decentralized resource allocation in hetero-
geneous quantum computing networks. By modeling each node as
an agent in a partially observable environment, the method opti-
mizes task offloading for quantum generative learning applications,
such as quantum autoencoders. Experiments show that the MARL ap-
proach converges to optimal policies, reducing system costs by at least
80% compared to random allocation under various quality-of-service
settings.

4.5. Miscellaneous

Finance: Quantum Circuit Born Machines (QCBMs) can model high-
dimensional financial distributions such as joint asset returns and cop-
ulas with exponentially fewer parameters than classical approaches.
Borras et al. [79] compared Quantum GANs and QCBMs on cryp-
tocurrency data® (BNBBTC, ETHBTC, LTCBTC, NEOBTC, QTUMETH),
equilibrium was achieved when generator and discriminator losses
converged to

Lg=Lp=—log(})~0.6931,

and QGANSs required fewer training iterations than classical baselines,
indicating a quantum advantage in efficiency. For the QCBM, COBYLA
outperformed SPSA and Nelder-Mead in minimizing distribution dis-
crepancies.

3 https://www.tradingview.com/symbols/BNBBTC/.
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Fig. 7. QU-Net architecture and quantum convolution, embedding a flattened slice into a dense quantum circuit.

Quantum-state compression: Quantum autoencoders (QAEs) mitigate
hardware noise by encoding states into lower-dimensional,
error-resilient subspaces. Romero et al. [62] introduced the concept
of a quantum autoencoder to compress quantum data, a task for which
classical compression algorithms cannot be employed. The methodol-
ogy involved training a programmable quantum circuit using classical
optimization algorithms to find a unitary transformation that preserved
quantum information through a smaller latent space. The cost function
was defined as the average fidelity between the “trash state” and a
reference state, which was measured via a SWAP test in a hybrid
quantum-classical scheme. The model was applied to compress the
ground states of the Hubbard model and molecular Hamiltonians,
including the hydrogen molecule. The results showed that both cir-
cuits tested were able to achieve high fidelities. For example, when
compressing the hydrogen molecule’s wavefunction from 4 to 2 qubits,
Circuit A achieved a fidelity error of 6.99 on the testing set, while
Circuit B had an error of 6.07.

Steinbrecher et al. [80] introduced Quantum Optical Neural Net-
works (QONNs), mapping classical neural network concepts to quan-
tum optical systems for tasks like quantum state compression, rein-
forcement learning, black-box quantum simulation, and one-way quan-
tum repeaters. Using numerical simulations accelerated with Python,
Cython, and GPU libraries, QONNs were trained via gradient-free opti-
mization (BOBYQA) and evolutionary strategies, demonstrating strong
generalization from limited training data. In a reinforcement learning
task, a QRAM-encoded QONN achieved a mean fitness of 136.1 after
1000 generations, which was higher than both a direct-encoded QONN
(61.9) and a classical network (37.1). The QONN also successfully com-
pressed molecular hydrogen ground states, with iterative and global
optimizations converging to fidelities of 90.0% and 92.2%, respec-
tively. A QONN trained to implement a one-way quantum repeater
reached numerical precision after 50 layers.
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Quantum chemistry: Semi-restricted Quantum Boltzmann Machines
(QBMs) have been trained on transverse-field Ising Hamiltonians to
approximate correlated-electron ground states. Amin et al. [11] trained
Quantum Boltzmann Machines (QBMs) with nondiagonal Hamiltoni-
ans using a lower bound on log-likelihood to enable sampling-based
gradient estimation. The methodology involved training QBMs with a
transverse field Ising Hamiltonian, which introduced quantum effects,
and comparing the results to classical Boltzmann machines (BMs)
on small systems. The experimental results demonstrated that QBMs
consistently learned data distributions better than classical BMs, as
measured by lower Kullback-Leibler (KL) divergence values. For a
fully visible model with 10 qubits, the classical BM converged to
a KL divergence of approximately 0.62, while the QBM achieved a
significantly lower value of about 0.42. Table 6 summarizes all the
applications of Quantum GAI models.

4.6. Case studies: End-to-end QGAI pipelines

To make the application survey more tangible, this subsection
presents two concrete end-to-end pipeline descriptions showing how
a QGAI model integrates into practical systems. The first case concerns
QGAN-based anomaly detection in IoT security. Raw network-flow
features such as packet inter-arrival times, byte counts, and protocol
flags are first standardized and reduced via PCA to at most eight
dimensions, matching the qubit budget of near-term devices. These
reduced features are angle-encoded into single-qubit rotation gates,
keeping state-preparation depth at O(d) and within current noise bud-
gets [9]. A PQC generator with two to three entangling layers is
trained on normal IoT traffic to learn the benign distribution, while a
classical discriminator learns to distinguish real normal-traffic samples
from generator output following the hybrid CT-QGCD variant of Lloyd
and Weedbrook [10]; quantum Wasserstein loss is used to improve
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robustness and scalability of adversarial training [43]. At inference, the
discriminator score serves as an anomaly metric and traffic vectors be-
low a validation-tuned threshold are flagged as anomalous. On current
NISQ devices this pipeline is feasible only for d < 8 features and circuit
depths of six to ten layers; shot budgets of 10°-10* per inference step
introduce latency of order seconds on cloud-accessed QPUs [8], making
the approach suitable for batch analytics rather than real-time alerting.
The second case concerns QVAE-based molecular design for drug dis-
covery. Drug candidates are represented as SMILES strings, converted
to Morgan molecular fingerprints, and compressed to eight to eighteen
dimensions by a classical autoencoder front-end [60]. A QVAE with
patched three-qubit circuits then encodes the compressed fingerprints
into a quantum latent space, trained to minimize the Q-ELBO balancing
reconstruction fidelity against latent-space regularization [50]. Novel
candidates are generated by sampling from the quantum latent space
and ranked using QED and logP scores [73]. Performance figures for Li
and Ghosh [60] are reported in Section 4.2. The primary hardware con-
straint is that patched circuit designs are necessary to keep sub-circuit
depths within coherence limits, and the classical decoder absorbs most
reconstruction complexity on present-generation devices.

5. Challenges and solutions

While the previous sections explored the promise and early ap-
plications of quantum generative Al, the path toward its widespread
adoption faces significant challenges. These obstacles stem from the
fundamental limitations of near-term quantum hardware, including
issues with scalability, noise, and training stability. The hybrid nature
of QGALI also introduces major bottlenecks related to data encoding and
the efficient integration of quantum and classical systems. This section
examines these core challenges and looks at future research directions
that aim to overcome them.

5.1. Scalability and hardware

Despite promising early results, quantum generative AI (QGAI)
remains fundamentally constrained by the physical limitations of near-
term quantum hardware. Current noisy intermediate-scale quantum
(NISQ) devices typically provide only 50-100 usable qubits, many
of which are prone to decoherence, cross-talk, and gate errors [7,8].
This restricts the feasible depth and width of parameterized quantum
circuits (PQCs), making it difficult to scale quantum generative models
for high-dimensional data. Furthermore, existing qubit topologies of-
ten impose connectivity constraints that hinder entanglement-efficient
circuit designs. As a result, many QGAI frameworks rely on shallow
circuits or hybrid quantum-classical workflows to remain viable. To
enable large-scale generative modeling, significant advances in qubit
fidelity, interconnect density, and error rates are essential. Emerging
hardware platforms such as silicon spin qubits, photonic processors,
and topological qubits offer promising avenues to transcend current
limitations, though they are still in early stages of development [81].

5.2. Noise and error

Quantum noise remains one of the most critical barriers to effective
training and deployment of QGAI models. Decoherence, gate infidelity,
and measurement noise not only reduce output fidelity but also disrupt
gradient estimation during optimization, which is central to variational
training techniques like QGANs and QVAEs. While error-correcting
codes are the gold standard in fault-tolerant quantum computing, their
overhead remains prohibitive for most current devices. Consequently,
variational error mitigation (VEM), zero-noise extrapolation, and prob-
abilistic error cancellation are emerging as more practical approaches
for near-term generative tasks [8,38]. Tailoring these techniques specif-
ically for generative architectures, such as denoising diffusion models
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or adversarial networks, requires careful trade-offs between circuit ex-
pressivity and robustness. Moreover, advances in error-aware training
algorithms, noise-resilient ansétze, and active feedback from classical
co-processors may play a pivotal role in stabilizing training dynamics
under real-world noise conditions.

5.3. Training stability and barren plateaus

A major impediment to training quantum generative models is the
presence of barren plateaus, regions in the optimization landscape where
gradients vanish exponentially with circuit depth or system size [14].
This issue severely limits the scalability of parameterized quantum
circuits (PQCs), especially in high-dimensional generative tasks. Barren
plateaus often arise in randomly initialized deep circuits or when cost
functions lack locality. Overcoming them requires tailored ansétze with
structured entanglement, layer-wise training strategies, or symmetries
that preserve gradient signal. Recent research explores locality-aware
cost functions, parameter initialization schemes, and adaptive learning-
rate schedules to improve convergence [33]. In the context of QGAI,
these innovations are particularly crucial since unstable training may
degrade sample quality and reduce model fidelity. Exploring quantum-
native optimization techniques such as quantum natural gradients or
training via quantum feedback loops may further stabilize learning
dynamics in generative settings.

5.4. Data encoding and readout bottlenecks

Bridging the classical-quantum interface is another pressing chal-
lenge. Efficiently encoding classical datasets, such as images, molecules,
or financial time series, into quantum states is computationally ex-
pensive and often circuit-depth intensive. While techniques such as
amplitude encoding, basis encoding, and angle encoding are commonly
used, each has trade-offs in qubit requirements, expressivity, and hard-
ware overhead [9]. Moreover, measurement readout from quantum
circuits is inherently probabilistic and requires repeated sampling to
estimate expectation values or reconstruct output distributions, which
introduces latency and noise. These bottlenecks become particularly
limiting in QGAI pipelines where large volumes of training samples are
required. Emerging strategies such as quantum data compression, clas-
sical shadows, and low-depth feature maps aim to reduce input/output
complexity. Innovations in hybrid encoders and classical pre-processing
can also help shift some of the computational burden off quantum
hardware [82].

5.5. Resource requirements and energy consumption

Although quantum algorithms offer potential speedups and en-
ergy efficiencies for specific generative tasks, their practical deploy-
ment is hampered by the significant resource overhead associated with
quantum control systems. Operating qubits at cryogenic temperatures
(e.g., below 15 mK) demands elaborate cooling infrastructures, and
real-time classical control circuits introduce non-negligible power and
synchronization costs. Furthermore, error correction, while essential
for fault-tolerant operation, imposes large qubit overheads that dilute
energy savings. For instance, implementing a single logical qubit may
require hundreds or thousands of physical qubits in surface codes.
As quantum workloads scale, the total energy footprint may rival or
exceed that of high-performance classical GPU clusters unless more
efficient architectures are developed. Designing sustainable, resource-
aware quantum-classical systems with optimized thermodynamic and
architectural efficiency is thus vital for the widespread adoption of
QGAI solutions [82].
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Table 6
Applications of QGAI models.
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Domain

Description

Human-machine interaction

QGAI enhances NLP and multimodal interaction, enabling real-time adaptivity and culturally nuanced
translations. Example: Quantum Computational Intelligence (QCI) agent integrating ontology, GAI,
SBERT similarity, and speech translation for bilingual education [68].

Drug discovery

QGANs and QVAEs encode molecules into quantum states to explore chemical space. Hybrid
quantum—classical GANs improve drug-likeness metrics (QED, logP, validity, uniqueness) compared to
classical MolGAN [58,60].

IoT security

QGANSs enable anomaly detection with fewer samples than classical GANs [66]. A
GAI-blockchain-quantum encryption protocol achieves 99.4% accuracy, 99.1% precision, 98.66%
recall, 98.5% F1-score, and 99.2% security in AloT healthcare [61].

Resource allocation

QGANs and QVAEs with reinforcement learning optimize decentralized resource allocation in quantum
networks. Multi-agent RL reduces system costs by at least 80% compared to random allocation [78].

Miscellaneous

Finance: QCBMs simulate stock-market copulas with 98% fidelity; QGANs model cryptocurrency data
more efficiently [39,79].

Quantum autoencoders compress quantum states for noise resilience [62].
QBMs approximate correlated-electron ground states in quantum chemistry [11].

5.6. Model interpretability and explainability

As Quantum Generative Al expands from proof-of-concept demos
to mission-critical deployments [83] in finance, medicine, and na-
tional security, black-box behavior becomes unacceptable. Classical
explainability toolkits, saliency maps, SHAP values, counterfactuals,
do not translate directly to the Hilbert space, where information is
encoded as complex amplitudes rather than activations. Recent work
proposes quantum feature-attribution techniques that combine classical
shadows with integrated gradients to reveal which input dimensions
dominate a parameterized quantum circuit’s output probability mass.
Other approaches leverage circuit cutting and local tomography to
visualize entanglement flow or to extract low-rank latent representa-
tions that correlate with human-interpretable factors [17]. Developing
lightweight, hardware-friendly diagnostics that scale beyond a few
dozen qubits is therefore pivotal if QGAI is to earn stakeholder trust
in high-stakes settings.

5.7. Integration with classical Al systems

Most near-term deployments will remain hybrid: a quantum co-
processor handles the generative core, while classical hardware pre-
processes data and post-processes measurement outcomes. Unfortu-
nately, data marshaling between the host CPU/GPU and the QPU
incurs latencies that can outweigh quantum acceleration gains. State-
of-the-art orchestration frameworks such as Qiskit Runtime, Amazon
Braket Hybrid Jobs, and PennyLane Lightning offer asynchronous job
queues, batched parameter updates, and just-in-time compilation, yet
scheduling, memory management, and co-optimization heuristics re-
main immature. Future research must focus on zero-copy data paths,
streaming encoders that amortize I/O cost over many shots, and com-
piler passes that fuse classical preprocessing with quantum kernels to
minimize turnaround time and energy footprint.

5.8. Benchmarking and standardization

Progress in QGAI is hampered by a patchwork of bespoke datasets,
loss metrics, and reporting conventions. Directly porting ImageNet or
CIFAR to quantum form is unrealistic, while small synthetic bench-
marks mask scalability issues. The community therefore needs con-
sensus suites that span discrete, continuous, and quantum-native data,
along with fidelity, diversity, robustness, and energy metrics [40]. Ini-
tiatives such as QMLBench* for classification are nascent, but broader
participation is required to ensure fair cross-model comparison, repro-
ducibility, and transparent reporting of qubit counts, circuit depths, and
hardware noise parameters.

4 https://github.com/XanaduAl/qml-benchmarks.
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5.9. Quantum advantage and real-world applications

Although small-scale demonstrations of quantum supremacy have
appeared in sampling tasks [7,84], a practical quantum advantage
in generative modeling remains unproven. Establishing such an edge
requires carefully chosen application niches where (i) the target distri-
bution is classically intractable, (ii) the quantum circuit depth remains
within NISQ limits, and (iii) the end-to-end latency, including data
transfer, outperforms highly optimized GPU pipelines. Near-term candi-
dates include molecular conformer generation for lead optimization in
drug discovery, Monte-Carlo copula simulation for tail-risk estimation
in finance, and rapid lattice sampling for catalyst design in materi-
als science [59]. Benchmarks on trapped-ion and photonic hardware
already show order-of-magnitude speedups in small molecular sub-
spaces [85]. Collaborative efforts between domain specialists, quantum
hardware vendors, and cloud-service providers are therefore essen-
tial to deliver compelling real-world showcases of quantum-enabled
generative Al

Table 7 summarizes the key challenges faced by QGAI models along
with the corresponding proposed solutions.

6. Future directions

To further advance the field, we identified some future discus-
sions focused on algorithmic innovation, hybrid orchestration, and
trustworthy QGAI as discussed below:

6.1. Algorithmic innovations and new paradigms

Beyond hardware progress, sustained advances in quantum algo-
rithms will be pivotal for overcoming present-day bottlenecks. QDMs
extend classical score-based and denoising diffusion frameworks by
replacing neural score networks with parameterized quantum circuits
that denoise in Hilbert space, promising exponentially richer latent
dynamics [12,13]. Meanwhile, quantum-aware reinforcement learning
(QRL) integrates quantum policy networks and quantum environment
simulators, allowing agents to exploit entanglement-enhanced explo-
ration and potentially quadratic sample-complexity reductions. Early
studies report faster convergence on combinatorial-optimization bench-
marks and improved robustness to stochasticity [87]. Other frontiers
include quantum meta-learning, quantum natural-gradient descent, and
adaptive ansdtze that co-evolve with hardware noise profiles [88].
Taken together, these innovations expand the design space of QGAI
well beyond direct porting of classical architectures, paving the way for
hybrid models that can harness the best of both quantum and classical
worlds.
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Table 7

Challenges and proposed solutions in Quantum Generative Al (QGAI).
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Challenge

Description

Proposed Solutions/Approaches

Scalability and hardware
limitations

NISQ devices are prone to decoherence, cross-talk, and
gate errors. Limits circuit depth, width, and
entanglement-efficient designs [8].

HQC(Hybrid Quantum Classical) systems address NISQ
limitations by delegating the computationally difficult
parts of a problem to the quantum computer while a
classical computer handles the remaining tasks [86].

Noise and error mitigation

Decoherence, gate infidelity, and measurement noise
reduce fidelity and disrupt gradient estimation during
variational training [8].

Variational error mitigation, zero-noise extrapolation,
probabilistic error cancellation, noise-resilient ansétze,
and active feedback [38].

Training stability and
barren plateaus

Gradients vanish exponentially with depth or system size,
limiting PQC scalability in high-dimensional tasks [14].

Structured ansétze, layer-wise training, locality-aware cost
functions, adaptive learning-rate schedules, and quantum
natural gradients [33].

Data encoding and readout
bottlenecks

Classical-to-quantum encoding (amplitude, basis, angle) is
costly in qubits and depth. Readout requires repeated
sampling, adding latency and noise [9].

Quantum data compression, classical shadows, low-depth
feature maps, hybrid encoders, and classical
pre-processing [82].

Resource requirements and
energy consumption

Cryogenic cooling and control electronics add overhead;
error correction requires hundreds of physical qubits per
logical qubit. Energy demands may rival GPU clusters.

Sustainable, resource-aware quantum-—classical systems;
efficient hardware architectures to reduce thermodynamic
cost [82].

Model interpretability and
explainability

Black-box behavior in finance, medicine, and security is
problematic; Hilbert-space amplitudes resist classical
explainability tools.

Quantum feature attribution (classical shadows +
gradients), circuit cutting, and local tomography for
entanglement flow [17].

Integration with classical
Al systems

Hybrid deployment requires data transfer between
CPUs/GPUs and QPUs, incurring latency and overhead.

Orchestration frameworks (Qiskit Runtime, Braket Hybrid
Jobs, PennyLane Lightning) with asynchronous queues
and just-in-time compilation.

Benchmarking and
standardization

Lack of standard datasets and metrics; synthetic
benchmarks hide scalability issues.

Suites like QMLBench with fidelity, diversity, robustness,
and energy metrics for fair comparison.

Quantum advantage and
applications

Quantum advantage in generative modeling remains
unproven; small-scale supremacy demos exist only in
sampling tasks [7,84].

Domain-focused tasks (drug discovery, finance, materials
science), benchmarking on trapped-ion and photonic
hardware [59,85].

Algorithmic innovations
and paradigms

Need for quantum-native algorithms beyond classical
analogues.

QDMs [12,13], quantum RL with entanglement-enhanced
exploration [87], meta-learning, and adaptive ansétze.

6.2. NISQ feasibility across application domains

A candid assessment of what current NISQ hardware can realisti-
cally support in each major application domain is essential for setting
accurate expectations. In drug discovery, present devices with fifty to a
hundred usable qubits can handle molecular fingerprints compressed to
eight to eighteen dimensions, supporting proof-of-concept generation of
small drug-like molecules in low-dimensional chemical subspaces [58,
60]. In IoT security and cyberdefense, the feasibility window is more
favorable because the relevant classification tasks operate on low-
dimensional flow-level features rather than raw packet payloads [57,
89]. QGAN-based anomaly detectors trained on eight to sixteen fea-
tures are within current hardware reach, though shot-induced latency
precludes real-time deployment on cloud QPUs; edge-deployed shal-
low circuits with classical pre-processing represent the more practical
near-term architecture [90,91]. Across all domains, the consistent rec-
ommendation from the literature is that hybrid pre- and post-processing
is not merely a workaround for hardware immaturity but a principled
architectural choice that will remain relevant even as qubit counts and
fidelities improve [8,86].

6.3. Hybrid orchestration, compiler co-design, and systems integration

A critical direction is the co-design of hybrid runtime stacks that
minimize host-device latency while maximizing quantum utilization
[92]. Promising avenues include batched parameter-shift execution,
just-in-time transpilation with noise-aware gate selection, zero-copy
pathways between CPU/GPU memory and QPU buffers, and stream-
ing encoders that amortize state preparation over many shots. Com-
piler passes that fuse classical pre- and post-processing with quan-
tum kernels can reduce I/O overhead and enable end-to-end auto-
differentiation across heterogeneous boundaries. At the architectural
level, topology-aware ansdtze and placement strategies that respect
device connectivity constraints can lower circuit depth, while schedule
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co-optimization across classical accelerators and QPUs targets wall-
clock time, throughput, and energy per generated sample as joint
objectives.

6.4. Error mitigation, verification, and trustworthy QGAI

Near-term deployment requires techniques that stabilize training
and provide statistical guarantees about generated outputs under noise.
Variational error-mitigation protocols, zero-noise extrapolation, and
probabilistic error cancellation should be tailored to generative losses
and sampling workflows. Complementary verification tools, such as
shadow-based estimators for distributional properties, robust hypothe-
sis tests for mode collapse, and noise-aware calibration loops, can quan-
tify fidelity and diversity without prohibitive measurement budgets.
Interpretability remains central: feature-attribution in Hilbert space,
circuit-cutting visualizations of entanglement flow, and sensitivity anal-
yses for data embeddings can help diagnose failure modes and build
practitioner trust in safety-critical domains.

6.5. Data encoding, compression, and quantum-native corpora

The classical-quantum interface will benefit from learned and
problem-specific embeddings that reduce state-preparation cost while
retaining sufficient statistics for generation. Future work should explore
variational data loaders, quantum-assisted tokenisation for sequences,
and compression schemes that couple classical autoencoders with shal-
low quantum layers to trade qubits for classical latent structure. On
the readout side, grouped measurements, shot-frugal estimators, and
adaptive stopping rules can lower sampling requirements during train-
ing and evaluation. Community benchmarks comprising quantum-
native datasets, along with standardized protocols for encoding im-
ages, molecules, and time-series, will enable fair comparisons across
architectures and hardware backends.
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6.6. Benchmarking, reproducibility, and evidence for advantage

To move beyond proof-of-concept demonstrations, the field needs
principled benchmarks that report fidelity, diversity, robustness to
distribution shift, energy per sample, and end-to-end wall-clock time on
specified hardware. Reproducible evaluation suites with fixed encoders,
circuit-depth budgets, and noise profiles can disentangle algorithmic
progress from hardware drift. Application-driven targets, molecular
conformer generation, tail-risk copula sampling, and materials lattice
sampling, are well-suited for establishing compelling case studies of
practical advantage when combined with transparency about qubit
counts, connectivity, calibration data, and compiler settings. Public
leaderboards and standard result cards should accompany releases to
encourage rigorous, apples-to-apples assessment across QGAI systems.

7. Conclusions

Quantum Generative AI (QGAI) combines the expressive power
of generative models with the computational advantages of quantum
mechanics, offering a promising pathway beyond the limitations of
classical Al. By harnessing principles like superposition and entangle-
ment, QGAI architectures can represent and generate complex data
distributions more efficiently than their classical counterparts. This
paper has highlighted the core frameworks such as QCBMs, QVAEs,
and QDMs and their applications in domains like drug discovery, IoT
security, and human-machine interaction. While current progress is
constrained by hardware noise, limited qubit counts, and algorithmic
challenges like barren plateaus, the field is advancing rapidly. With
continued improvements in quantum hardware and hybrid learning
frameworks, QGAI is well-positioned to contribute significantly to fu-
ture intelligent systems. Its potential to enable scalable, efficient, and
privacy-preserving generative modeling makes it a compelling direction
for ongoing research and development.
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