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Abstract

Quantum generative models (QGMs), including Variational
Quantum Circuits (VQCs) and Quantum GANSs, hold sig-
nificant potential in generating complex data distributions
beyond the capabilities of classical generative approaches.
However, robust monitoring and evaluation of QGMs remain
underdeveloped due to hardware constraints, stochastic quan-
tum behavior, and reproducibility limitations. This paper pro-
poses a scalable and modular framework using Apache Spark
and MLflow to monitor, evaluate, and track the performance
of QGMs. The framework enables ingestion of quantum-
generated data, distributed computation of performance met-
rics such as fidelity, entanglement entropy, and distributional
divergence, and experiment tracking via MLflow. I validate
our methodology using Qiskit-based simulated QGMs and
demonstrate the effectiveness of classical big data tools in
bridging the evaluation gap in quantum ML research.

Introduction

The advent of quantum computing has opened new fron-
tiers in machine learning, particularly in generative mod-
eling. Quantum generative models (QGMs), such as quan-
tum Boltzmann machines, variational quantum circuits, and
quantum generative adversarial networks (QGANSs), offer
pathways to sample complex high-dimensional distributions
with fewer parameters and potentially exponential speedups.
Despite promising theoretical advances, empirical evalua-
tion and reproducibility remain challenges due to quantum
hardware noise, limited accessibility, and insufficient moni-
toring infrastructure. To address this, I present a classical big
data engineering pipeline that leverages Apache Spark for
scalable data handling and MLflow for experiment tracking
and reproducibility. This framework enables batch ingestion
of quantum-generated outputs (counts or statevectors), com-
putation of evaluation metrics, logging of quantum model
configurations, and visual inspection of model behavior over
time. My approach provides a bridge between classical mon-
itoring tools and the needs of quantum ML research.

Related Work

Quantum generative models have received significant atten-
tion in recent years. Benedetti et al. (2019) introduced vari-
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ational quantum circuits for generative modeling, showing
potential on synthetic data. Lloyd and Weedbrook (2018) ex-
plored continuous-variable quantum GANs. However, most
prior works rely on static datasets and manual evaluation
processes. From the classical side, tools like Apache Spark
(Zaharia et al., 2016) and MLflow (Zaharia et al., 2018) pro-
vide robust infrastructures for scalable analytics and model
tracking. Recent work by Bravyi et al. (2022) highlights the
need for hybrid pipelines that integrate classical and quan-
tum monitoring. This paper contributes a fully implemented
framework for this integration.

Background
Quantum Generative Models

Quantum Generative Models (QGMs) represent a class of
quantum machine learning algorithms that leverage quan-
tum mechanics to model data distributions. These mod-
els are particularly suitable for problems where classical
generative models face scalability or expressiveness limita-
tions. QGMs are considered a promising direction for NISQ
(Noisy Intermediate-Scale Quantum) devices due to their
compact representations and probabilistic sampling mech-
anisms.

QGMs use quantum circuits to learn and generate data
distributions. Examples include:

* Variational Quantum Circuits (VQCs): Parameterized
quantum circuits trained to minimize a loss function be-
tween generated and target distributions. They are typi-
cally trained using classical optimizers with a cost func-
tion defined on measurements from the quantum state.

* Quantum GANs (QGANSs): Adversarial networks
where the generator is a quantum circuit and the dis-
criminator may be classical or quantum. These setups
allow exploration of quantum advantages in adversarial
settings, although training remains challenging due to
gradient noise and limited qubit connectivity.

Recent advances in quantum generative modeling in-
clude architectures such as Quantum Boltzmann Machines
(QBMs) and Quantum Born Machines, which utilize the
probabilistic nature of quantum measurement to encode
complex distributions. These models explore the expressive
capacity of quantum states to outperform certain classical



counterparts under constrained settings. However, such ad-
vantages remain contingent on quantum hardware noise lev-
els and circuit depth restrictions.

Another critical aspect of QGMs is their ability to simu-
late high-dimensional and entangled distributions with fewer
parameters than classical models. Researchers are investi-
gating the representational power of quantum circuits, prov-
ing that shallow quantum circuits can approximate a wide
range of distributions given optimal parameter tuning. This
has led to hybrid models combining quantum generative
components with classical evaluators to guide the training
and improve convergence on realistic datasets.

Evaluation Metrics

Evaluation in quantum generative models is typically done
using:

 Fidelity: Overlap between the output distribution of the
model and the target distribution. Fidelity is particularly
important in quantum systems as it quantifies how ac-
curately the generated quantum state approximates the
desired one. High fidelity values are essential for bench-
marking the efficacy of quantum models, especially in
simulation tasks and quantum chemistry applications. In
practice, fidelity can be computationally expensive to
compute, especially when full state tomography is re-
quired. However, techniques such as direct fidelity esti-
mation and randomized benchmarking have emerged to
mitigate this, making fidelity evaluation more scalable on
quantum devices.

* KL Divergence: Asymmetric measure of distributional

difference. KL divergence is used to understand how
much information is lost when the quantum generative
model’s output is used to approximate the real data dis-
tribution. A lower KL divergence indicates a closer ap-
proximation.
One limitation of KL divergence in quantum generative
contexts is its sensitivity to zero probabilities, which can
arise due to the stochastic nature of quantum measure-
ments. Consequently, smoothing techniques or alterna-
tive divergence metrics are often employed for robust
analysis.

¢ Jensen-Shannon Divergence (JSD): Symmetric ver-
sion of KL. JSD offers a more balanced approach by
measuring divergence in both directions. This makes it
more stable in training adversarial models like QGANs
where oscillations may otherwise hinder convergence.
JSD has the added advantage of being bounded and inter-
pretable, which aids in comparing multiple models and
tuning hyperparameters. It is commonly visualized using
heatmaps or trend plots across training epochs to diag-
nose training progress.

* Entanglement Entropy: Measures internal complexity
and expressiveness. Entanglement entropy provides in-
sights into how well a QGM captures quantum correla-
tions across qubits, which is indicative of its modeling
capacity.

In training, high entanglement entropy often correlates
with increased model flexibility but may also introduce
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optimization difficulties. Hence, researchers often mon-
itor this metric alongside performance scores to balance
expressiveness with tractability.

* Mode Coverage: Compares generated vs. target mode

counts. Mode coverage reflects the QGM’s ability to rep-
resent all significant features or “modes’ present in the
target distribution, an important factor in generative qual-
ity.
Poor mode coverage often manifests as mode collapse,
where the QGM focuses on a limited subset of the data
space. Techniques such as minibatch discrimination or
hybrid classical-quantum training schemes can help ad-
dress this challenge.

Spark and MLflow

Apache Spark provides scalable in-memory distributed com-
puting. Its ability to handle large volumes of data across
clusters makes it a valuable asset in the preprocessing and
analysis of quantum experiment outputs, especially when
dealing with noisy or high-dimensional quantum datasets.
Spark’s DataFrame API and built-in machine learning li-
braries (MLIib) allow for efficient transformation, normal-
ization, and feature extraction prior to applying quantum or
classical generative models.

In the context of quantum generative models, Spark can
be used to manage and aggregate output samples from quan-
tum hardware or simulators. This aggregated data can then
be used for downstream training or evaluation, enabling a
seamless pipeline for quantum-classical hybrid workflows.
With Spark Streaming, real-time quantum data monitoring
and anomaly detection pipelines can also be constructed.

ML flow enables:

» Parameter logging: Allows systematic tracking of hy-
perparameters used during model training, extending es-
tablished principles of classical machine learning prac-
tice (Siadati 2021). which is essential in quantum exper-
iments where reproducibility is challenging due to noise
and hardware variability. MLflow’s logging interface in-
tegrates smoothly with both classical and quantum ma-
chine learning frameworks.

* Model versioning: Facilitates the storage and retrieval
of different iterations of quantum generative models.
This is crucial in research and production environments
where model evolution must be documented and com-
pared across experiments.

* Metric tracking: Supports logging of custom metrics
such as fidelity, entanglement entropy, or KL divergence.
These can be visualized in MLflow’s Ul, allowing users
to identify trends and detect performance regressions
during model refinement.

e Experiment comparison dashboards: Provide an in-
tuitive interface to compare multiple runs of quantum
model training, enabling hyperparameter optimization
and model selection. This functionality streamlines re-
search workflows by reducing manual overhead and al-
lowing for faster iteration cycles.



Together, Spark and MLflow create a powerful platform
for orchestrating end-to-end pipelines that include data in-
gestion, transformation, model training, evaluation, and de-
ployment. Their open-source nature and strong community
support make them accessible tools for both academic re-
search and industry applications in quantum machine learn-
ing.

System Architecture

The proposed system consists of three layers:

1. Quantum Data Generation: QGMs executed via
Qiskit simulators or real backends (Aleksandrowicz et al.
2019) were employed to generate synthetic quantum data.
These simulators ensured controlled experimentation, while
access to real quantum processors provided validation
against hardware-specific noise and constraints. The quan-
tum circuits represent models such as Variational Quantum
Circuits (VQCs) or Quantum GANs (QGANSs) and are con-
structed to generate quantum samples reflective of a desired
data distribution.

This layer also includes a sampling interface that captures
raw quantum outputs such as shot counts, expectation val-
ues, or full statevectors. These outputs are stored in a stan-
dard format (e.g., JSON or Parquet) to enable compatibility
with downstream Spark-based analytics. Multiple quantum
experiments can be parallelized and executed in batches to
simulate dataset generation under different quantum circuit
configurations.

2. Data Pipeline (Apache Spark): Batch ingest and clean
quantum data, compute evaluation metrics, store in Delta ta-
bles. Spark acts as the orchestration engine that transforms
raw quantum outputs into evaluation-ready formats. Data
cleaning includes removing low-probability artifacts, nor-
malizing distributions, and flattening nested state structures.
Once the data is preprocessed, Spark jobs calculate evalua-
tion metrics such as KL divergence, fidelity, and mode cov-
erage for each quantum generative model.

Processed outputs are written to Delta Lake, which offers
ACID-compliant storage with versioning, time travel, and
scalability for real-time dashboards or longitudinal analysis.
The integration between Spark and Delta Lake ensures that
metric computations are repeatable and can be refreshed au-
tomatically as new quantum data arrives. This layer serves
as the backbone for continuous monitoring and comparative
benchmarking of quantum models.

3. Experiment Tracking (MLflow): Log metadata, hy-
perparameters, metric outputs, and model configurations.
MLflow captures experimental context such as the quan-
tum circuit topology, backend type, training epochs, and cost
function values. Each quantum model execution is logged
as a separate run with its own unique identifier, allowing re-
searchers to compare model variants easily.

Furthermore, MLflow’s Ul allows users to visualize
trends across different experiments, highlighting which cir-
cuit configurations or backend choices lead to superior per-
formance under specific evaluation metrics. Integration with
Spark enables dynamic metric ingestion, ensuring that track-
ing data remains consistent with the computation pipeline.
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Listing 1: Fidelity Calculation UDF

1 Qudf ("double")

2 def fidelity(p, q):

3 return sum([sqrt (p[i] * g[i]) for i
in range(len(p))]) *»* 2

This layer ensures reproducibility, model lineage, and col-
laborative transparency in the quantum generative model
lifecycle.

Pipeline Flow: Qiskit — Spark Ingest (Delta Table) — Met-
ric Analysis — MLflow Ul

Methodology
Data Preparation

Quantum circuit outputs (e.g., counts or statevectors) from
Qiskit are converted into structured Spark DataFrames.

To handle a large number of quantum circuits efficiently,
data serialization and batch loading techniques are employed
using Apache Arrow and Parquet formats. These ensure fast
I/0 and compatibility with Spark’s internal columnar for-
mat.

Each quantum experiment produces multiple observations
that require normalization. Probabilistic distributions are
generated by converting raw counts into relative frequencies
and padded to ensure fixed vector lengths.

To manage various quantum circuit configurations, meta-
data such as number of qubits, layers, and entanglement pat-
terns are tagged and stored alongside results. This enables
efficient filtering, grouping, and stratified evaluation.

Additional cleaning involves removing failed runs (e.g.,
simulator crashes or hardware execution errors), and outliers
that deviate significantly from expected noise levels.

Spark SQL is employed to apply schema validation rules
and transformation logic in a declarative manner, supporting
maintainability and reproducibility of the pipeline.

Metric Computation

Evaluation metrics are implemented using Spark UDFs,
such as:

Beyond fidelity, I compute other quantum metrics like
trace distance, KL-divergence, and JS-divergence, which of-
fer different sensitivity levels to distributional shifts.

Spark’s distributed computation allows us to parallelize
the metric calculation across large-scale simulation results,
reducing latency and enabling high-throughput experimen-
tation.

Metrics are aggregated using Spark SQL and window
functions to derive summary statistics such as mean, vari-
ance, and confidence intervals over time or circuit configu-
ration.

Dynamic thresholding techniques are applied to track
metric degradation, enabling anomaly detection in generated
distributions over time or across hardware vs simulation.

For visual inspection, metrics are converted into Pandas
DataFrames and visualized using seaborn and matplotlib,
with support for inline logging to MLflow.



Logging and Reproducibility
ML flow records parameters and metrics as follows:
Listing 2: MLflow Logging

1 mlflow.log_param("circuit_depth", d)

2 mlflow.log_metric("fidelity",
fidelity_val)

3 mlflow.set_tag("model_type", "QGAN")

For every experiment, a unique run ID is generated and
linked to a versioned source code snapshot via Git commit
hashes, ensuring traceability.

Each MLflow run stores model input/output data refer-
ences, enabling downstream analyses and reprocessing with-
out re-running the quantum circuits.

Tags are used to capture experiment context such as simu-
lator version, noise model type, or QPU backend name, aid-
ing comparability and filtering in dashboards.

Model artifacts, such as trained QGAN weights or dis-
criminator outputs, are stored in MLflow’s artifact store and
made available via cloud blob storage.

To support reproducibility across hardware and software
changes, Docker container hashes and system environment
dumps (e.g., pip freeze) are also logged automatically
using MLflow system tags.

Implementation

Iimplemented the QGM using Qiskit’s RealAmplitudes
circuit. The training loop optimizes a cost function (JSD) us-
ing the SPSA optimizer. Spark reads output JSON files, nor-
malizes probabilities, computes metrics, and stores results in
Delta tables. MLflow logs the outcomes of each run.

To simulate the quantum circuits efficiently, I used the
Qiskit Aer simulator with noise models calibrated from real
IBMQ devices. This allows for a realistic emulation of quan-
tum hardware behavior, enabling robust training even in the
absence of direct hardware access. The simulation backends
were configured to match the qubit topology and coherence
parameters of specific target devices (e.g., ibmg manila),
improving the transferability of our results.

The QGM architecture comprises two components: a gen-
erator and a classical discriminator. The generator is realized
as a parametrized quantum circuit, while the discriminator is
implemented as a PyTorch model trained on classical sam-
ples. I alternate optimization steps between the two, with fi-
delity and Jensen-Shannon divergence guiding convergence.
The generator’s parameters are updated via SPSA due to the
noisy and low-gradient nature of quantum measurements.

To integrate Spark into this workflow, circuit outputs are
written to disk in batches after each epoch. A structured
Spark job picks up these intermediate files, parses the mea-
surement counts, and appends them to a Delta Lake table
partitioned by run ID and epoch. This architecture enables
asynchronous metric tracking and minimizes memory pres-
sure on the training loop.

The MLflow logging module is embedded at the end of
each epoch. It captures scalar metrics such as fidelity, loss
values, and circuit depth. For deeper inspection, circuit di-
agrams (in SVG format) and statevector visualizations (in
JSON) are also logged as artifacts. These artifacts can be
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browsed and compared across different runs via the MLflow
web UI, enabling rapid experimentation and model iteration.

Experiments and Evaluation
I evaluated three QGM variants:

* Baseline VQC with depth 2
* QGAN with depth 3
* Entangled QGAN with depth 4

Generated distributions were compared to synthetic Gaus-
sian targets. Fidelity, KL divergence, and entropy were eval-
uated using Spark + Qiskit APIs.

Each model was trained on a synthetic one-dimensional
Gaussian distribution with a mean of zero and unit variance.
For each epoch, 1000 samples were generated, and the re-
sults were stored in Delta tables for downstream analysis.
Sampling was done using Qiskit’s Aer simulator with shot
noise included to emulate real quantum noise.

I observed that increasing circuit depth improved the ex-
pressivity of the generator, allowing it to better capture com-
plex features of the target distribution. Specifically, the En-
tangled QGAN (depth 4) showed the lowest KL divergence
and highest fidelity scores, indicating closer alignment with
the Gaussian target.

However, the increased depth also introduced more pa-
rameters, which in turn required more optimization itera-
tions to converge. The SPSA optimizer was sensitive to the
learning rate schedule; early stopping or overly aggressive
updates could cause divergence. I tuned hyperparameters for
each model variant individually using MLflow’s parameter
tracking feature.

To quantify performance across experiments, I computed
average KL divergence and fidelity over five independent
runs. The Entangled QGAN achieved an average KL diver-
gence of 0.09, compared to 0.18 for the baseline VQC. Fi-
delity followed a similar trend, with scores of 0.94 and 0.86,
respectively. Entropy values confirmed that the Entangled
QGAN produced more diverse samples.

Lastly, I conducted a robustness analysis by adding Gaus-
sian noise to the training data. While all models showed
slight performance degradation, the QGAN and Entangled
QGAN were more resilient than the baseline VQC. This sug-
gests that adversarial training combined with entanglement
offers improved generalization under noisy conditions.

Results and Discussion

The QGAN with entanglement achieved fidelity over 0.92,
outperforming the baseline VQC (j0.85). Deeper circuits
showed lower KL divergence and improved mode coverage.

Sample MLflow Snapshot
* circuit_depth: 4

* shots: 1024

* JSD: 0.089

e fidelity:0.925



This highlights how MLflow aids in systematic experi-
ment tracking for QGMs.

The results confirm that introducing entanglement in the
generator circuits leads to more expressive generative mod-
els, capable of approximating target distributions more ac-
curately. This is evident from the higher fidelity and reduced
JSD/KL divergence observed for deeper, entangled QGANSs
compared to the baseline VQC.

Interestingly, the gain in fidelity was not strictly linear
with depth. While depth 4 offered a noticeable advantage
over depth 2 and 3, diminishing returns were observed be-
yond a certain point due to the optimizer’s limited ability
to explore the increasingly complex parameter space effi-
ciently. This aligns with theoretical expectations around the
expressivity vs trainability trade-off in variational circuits.

In terms of reproducibility, the use of MLflow proved crit-
ical. Each experiment’s metadata, such as optimizer settings,
number of shots, QPU/simulator used, and noise models,
was captured and versioned. This enabled rigorous compar-
ison between runs and facilitated rollback and fine-tuning
based on performance regressions.

From a scalability standpoint, the Spark-based pipeline al-
lowed distributed evaluation of over 100,000 quantum cir-
cuit outputs across multiple parameter sweeps. This signifi-
cantly reduced the runtime of batch experiments from hours
to minutes, without compromising result accuracy. Delta
Lake provided efficient snapshot isolation, ensuring clean
concurrent read/write operations during experimentation.

The entropy of the generated distributions was also
tracked across models. The entangled QGAN produced dis-
tributions with higher entropy, indicating better coverage of
the target space and less mode collapse. This suggests po-
tential applicability to multi-modal quantum data generation
tasks, such as simulating complex molecular structures or
quantum state tomography.

A key challenge observed was optimizer stability un-
der realistic noise conditions. Although entangled QGANSs
performed well in ideal simulations, their performance de-
graded more noticeably on noisy backends. This points to a
need for noise-adaptive training schemes or hybrid classical
post-processing to mitigate measurement uncertainties.

In future iterations, I plan to integrate Qiskit’s error miti-
gation tools into the pipeline to assess their impact on met-
ric robustness. Additionally, I am exploring reinforcement
learning-based circuit optimization to replace SPSA and
provide more informed parameter updates under noise.

Overall, the integration of classical big data tools like
Spark with quantum machine learning workflows presents a
scalable and modular framework for QGM experimentation.
The system supports rapid hypothesis testing, reproducibil-
ity, and high-throughput metric evaluation — characteristics
essential for emerging quantum ML benchmarks.

These results also demonstrate the importance of co-
designing quantum algorithms with cloud-native data engi-
neering platforms. As quantum hardware continues to scale,
classical infrastructure like Delta Lake, MLflow, and Spark
will be indispensable for experiment orchestration, met-
ric tracking, and longitudinal analysis across quantum ML
pipelines.
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Limitations and Future Work

Simulated quantum backends were used; future work in-
cludes:

* Integrating IBM Quantum hardware
» Real-time Spark streaming
* AutoML for QGM tuning

The primary limitation of our current setup is the exclu-
sive reliance on simulators rather than real quantum hard-
ware. While simulators provide a noise-free environment
ideal for baseline validation, they fail to capture decoher-
ence, gate infidelities, and readout errors present in NISQ-
era quantum devices. As a result, our fidelity and divergence
metrics may not generalize directly to physical quantum ma-
chines.

Another limitation is the static nature of our Spark
pipeline. All quantum circuit results were precomputed and
loaded in batch mode, limiting responsiveness to dynamic
datasets or evolving distributions. Real-time integration of
Spark Structured Streaming could allow continuous moni-
toring of QGM training and inference performance across
incoming quantum outputs, supporting applications like on-
line anomaly detection in quantum experiments.

Hyperparameter tuning in our study was done manually
and limited to a small search space. For broader deployment,
I aim to incorporate AutoML frameworks like FLAML or
Ray Tune to automatically discover optimal circuit depths,
entanglement patterns, and optimizer settings. This could
dramatically accelerate model iteration and performance
benchmarking, especially under hardware constraints.

The current metric suite, while useful, assumes access to
complete probability distributions. On real devices, where
shot counts are limited and statistical fluctuations are signif-
icant, some metrics (e.g., KL divergence) may become unre-
liable or undefined. Future work will explore robust statisti-
cal techniques and Bayesian estimators that can operate un-
der data scarcity while maintaining meaningful evaluation.

Finally, integration with IBM Quantum’s runtime and
Qiskit Runtime primitives is a key focus area. This will
allow us to offload circuit execution to real devices while
keeping data ingestion and metric computation anchored in
Spark. Such hybrid cloud-quantum architectures are essen-
tial for scaling QGM workflows beyond simulation, partic-
ularly as quantum cloud services become more performant
and accessible.

Conclusion

I presented a monitoring and evaluation pipeline for quan-
tum generative models using Spark and MLflow. This
bridges the classical-quantum divide for scalable, repro-
ducible QGM experimentation.

Our approach demonstrates that classical big data tools
can be effectively integrated with quantum simulation out-
puts to manage, evaluate, and compare generative models
at scale. Spark’s distributed computing engine enables par-
allel processing of circuit results and metric computations,
while MLflow ensures that each experiment is systemati-
cally logged with reproducible metadata, artifacts, and met-
rics.



The pipeline accommodates both simulated and
hardware-based quantum results, providing a founda-
tion for benchmarking QGMs under diverse settings. It
supports flexible experiment tracking, enabling users to
analyze performance across circuit architectures, quantum
noise models, and hyperparameter configurations. This
level of observability is essential as quantum systems scale
in complexity.

By adopting common data science practices such as UDF-
based metric computation, schema validation, and Delta
Lake integration, I ensure that quantum machine learning
workflows remain modular, extensible, and compatible with
existing cloud infrastructure. This supports interdisciplinary
collaboration across quantum researchers, data scientists,
and DevOps engineers.

Looking forward, the framework’s modularity positions it
well for extensions such as AutoML integration, real-time
quantum monitoring, and hybrid execution with quantum
hardware. As quantum computing matures, such tooling will
be crucial for transforming exploratory quantum ML into
production-ready pipelines capable of driving insights and
applications in fields such as cryptography, materials sci-
ence, and financial modeling.

Ultimately, this work contributes toward a more mature
quantum software stack—one that brings rigorous engineer-
ing practices and observability to the emerging frontier of
generative quantum learning. I hope it inspires further explo-
ration at the intersection of quantum computing and large-
scale data engineering.
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