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Quantum generative models provide sampling access to probability distributions that can be hard to
represent and sample classically, yet training them at scale is limited by vanishing gradients and shot noise.
In this work, we propose an algorithmic framework for building differentiable quantum generative models
(DQGMs) [1] based on the train-on-classical deploy-on-quantum approach (see Fig. 1 for a visual summary).
Unlike prior work that relied on the maximum mean discrepancy (MMD) loss [2, 3], our approach goes
beyond matching low-order spectral moments, while enabling efficient classical training. Once the model
is trained, we use inverse quantum Fourier transforms to map it into a separate sampling circuit in the
computational basis. We validate the efficiency of the framework by evaluating the loss of models with more
than 1000 qubits in under one second on a single GPU. We show that univariate and bivariate targets
with multi-modal, oscillatory, and heavy-tailed structure can be learned to low total variation distance,
while instantaneous quantum polynomial (IQP) models trained with the MMD loss perform poorly despite
dedicated hyperparameter optimization. Compared to classical normalizing flow and diffusion baselines,
our approach avoids oversmoothing and preserves the multi-modal structure of the target. For a financial
example, we train models representing stochastic variables of daily log-returns across four assets, capturing
the cross-asset correlations and outperforming MMD-based training. Finally, we deploy the trained models
on superconducting quantum devices and sample the learned distributions at approximately 300µs per
sample. Our work shows that quantum generative models within the train-on-classical deploy-on-quantum
approach can provide both high-quality distribution matching at scale and the fast sampling access needed
for inference. This extended abstract summarizes the preprint Ref. [4], which contains the theoretical analysis
of the classical estimator and the complete set of benchmarks.

Introduction. Generative modelling is based on representing, learning, and sampling complex multivariate
probability distributions [5–8]. Quantum generative modelling takes advantage of the intrinsic probabilistic
nature of quantum systems and the ability to sample through projective measurements [9–11]. The ex-
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Fig. 1: The train-on-classical deploy-on-quantum workflow. The model is trained classically (left), and
inverse quantum Fourier transforms map it into a sampling circuit executed on quantum hardware (right).
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ponential sampling advantage for certain families of quantum circuits [12–15] motivated the development
of trainable quantum generative models (QGMs) that can learn efficiently while improving the scaling for
sample generation [16].

Training and inference of quantum generative models depend on their architecture and loss [17]. The
trade-off between the expressivity and trainability of variational quantum circuits [18,19] often limits training
to smaller system sizes due to vanishing gradients [20, 21] and local minima [22, 23], given that efficient
training implies low shot noise when training on quantum devices. However, this trade-off is alleviated if
gradients can be calculated classically, at large scale and the required precision, avoiding costly parameter
shift rules [24–26]. Here, generative modelling offers a distinct setting, as proposed for QGMs based on
IQP circuits [27]. For this architecture, training can be done on a classically tractable loss, while inference
can be computationally hard and is off-loaded to quantum devices. The separation of training and inference
stages hence led to the emergence of QGMs based on the train-on-classical deploy-on-quantum approach [2,3],
which has also been extended to fermionic linear optics circuits [28], shallow circuits [16], and boson-sampling
architectures [29–31].

For IQP-based quantum circuit Born machines, the classically tractable training objective is an MMD
loss, computed from expectation values of diagonal observables [32, 33]. Effectively, this relies on match-
ing the lowest moments of the target distribution in a spectral domain [34], where in a Walsh-Hadamard
representation the kernel puts large weight on low-order correlations [35, 36]. When the target has strong
correlations across features, the relevant structure can lie in high-order components that the kernel weights
weakly, so these correlations contribute little to the loss and its gradient, and MMD training can miss them
even when the model class can represent the target (we give a concrete example below). The underlying issue
is not the use of spectral information itself [34,37], but the fixed spectral weighting imposed by a prescribed
MMD kernel. To obtain high-quality matching of QGMs to the target distribution, we need qualitatively
new approaches to model architecture building and training objectives.

Numerical results. We begin with univariate benchmark distributions, where the learned density can be com-
pared to the target on a high-resolution grid. Fig. 2a shows four targets defined on a 216-point discretization
of x ∈ [0, 1], chosen to probe localization, separated modes, oscillatory structure, and asymmetric heavy-

0.0 0.5 1.0

x

0

2

d
en

si
ty

0.0 0.5 1.0

x

0

1

0.0 0.5 1.0

x

0

1

2

0.0 0.5 1.0

x

0.0

2.5

5.0 model

target

(a) Exact simulation of the trained DQGM models with 16-bit precision.
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(b) Hardware samples of the classically trained DQGM models with 8-bit precision.

Fig. 2: Univariate benchmarks in exact simulation and on quantum hardware. Each panel compares
the target density (grey line) with the model (histogram) for a localized Gaussian, a two-component Gaussian
mixture, an oscillatory cosine density, and a truncated Lévy distribution.
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Fig. 3: Bivariate benchmark against an IQP+MMD baseline. The top row shows the tar-
get and learned model densities. The bottom row shows the Walsh-Hadamard spectrum (p̂(s) =∑

x∈{0,1}n p(x) (−1)s·x) of each, aggregated by Hamming weight k.

tailed decay. All runs share the same architecture with m = 4 hidden qubits, initialization, hyperparameters,
and the negative log-likelihood objective, and each completes in under a minute on a single GPU. While
training uses our Monte Carlo estimator of the loss, the curves in Fig. 2a show the exact distribution of the
trained models on the discrete support, not finite-sample histograms, and reproduce the dominant structure
of all four targets. The final errors are low. The Kullback-Leibler divergence lies in [0.0024, 0.0313] and the
total variation distance in [0.0206, 0.0653], with the largest error for the oscillatory target.

Next, we test whether classically trained circuits can be sampled on present quantum hardware, executing
only the final sampling step on the device. Device noise limits the precision that can be sampled faithfully,
so we train 8-bit versions of the models for deployment. Using the same family of univariate targets, we
sample each trained model on ibm_aachen and report raw histograms without error mitigation. Fig. 2b
shows that the hardware samples retain the dominant learned structure despite device noise. For the system
sizes considered here, the main remaining bottleneck to scale our results is not classical training but accurate
sampling from the trained circuit on quantum hardware.

For the final benchmark, we train both models on the same four-peak Gaussian target, matching the
IQP+MMD baseline to the DQGM in hidden qubits, gate order, and parameter count. Fig. 3 shows that
the IQP+MMD baseline captures part of the coarse structure but produces block-like artifacts and does not
reproduce the four localized peaks as accurately as the DQGM.

We attribute this gap to two limitations of the IQP+MMD approach. First, IQP circuits are limited
in expressivity [3], and matching the DQGM requires up to four-qubit gates and exact evaluation of the
MMD loss, which does not scale beyond small systems. Second, the approach assumes that the Walsh-
Hadamard spectrum of the target concentrates at low Hamming weight, an assumption that fails for correlated
multivariate distributions such as the four-peak target. As the lower panel of Fig. 3 shows, the IQP+MMD
spectrum matches the target only up to Hamming weight k = 3, whereas the DQGM matches all dominant
frequencies. Ref. [4] details the dedicated hyperparameter optimization for the baselines and our models, and
we release our implementation and data in Refs. [38,39].

Conclusion. Our results show that classical training need not limit the quality of quantum generative models.
The framework evaluates the loss of models with more than 1000 qubits in under one second on a single GPU,
learns multi-modal and correlated targets that MMD-based training misses, and samples at approximately
300µs per sample on superconducting hardware. As logical error rates of early fault-tolerant devices decrease,
the same circuits could be sampled with fidelity sufficient to resolve the learned distribution, extending
quantum generative modelling beyond the reach of exact classical simulation.
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