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Abstract — The use of quantum generative adversarial networks (QGANS) is based on an efficient approach that simulates
high-energy particle showers using a reduced model complexity. In this study, we analyze complete and hybrid gqGAN
architectures for the creation of particle shower images and compare their training behavior, convergence and accuracy.
The results show a stable training of the entire qGAN, which can generate the general parameters of the shower well. The
hybrid design also exhibits competitive performance with the medium discriminator yielding the highest accuracy of all
the tested configurations. However, with a lower or higher discriminator the decrease of performance is due to the
imbalance between the capacity of the generator and discriminator. The results show that quantum models can be
represented with a much smaller number of trainable parameters, and still capture the representational capabilities of
classical models, something that can be studied in greater detail with larger models and more sophisticated physics-based
metrics.

Keywords — Quantum Generative Adversarial Networks, Particle Shower Simulation, Hybrid Quantum-Classical Models,
Quantum Machine Learning, Generative Models, High-Energy Physics.

I. INTRODUCTION
In the field of particle and nuclear physics, modern experiments have high demands for the development of a complex
software program and frameworks, which have to be highly reliable. This enhances the need for large scale, thorough and
precise models of the particle detection sensors utilized in this research. The increasing size, complexity and sensitivity of
the detectors are driving the need for low-cost, high-capacity computer models that enable the development of larger and
more complex models. These considerations are found in many other applications, including the physics of radiation, space
research, nuclear medical imaging and, indeed, any application in which particles interact with matter [1].

A particle shower simulation is a computer simulation of the shower of secondary particles that occur when a particle
with a high energy hit materials. It is a very important process in the field of high energy physics and radiation science. The
technology employs Monte Carlo techniques and applications such as Geant4 to follow electromagnetic and hadronic
showers, but often depends on quick simulation techniques such as deep generative Al to reduce the huge processing
expenses. It is a significant tool to design the detector, plan the cancer treatment and analyze the information of cosmic ray
or satellite radiation [2]. The new simulation framework called Geant4 is the solution to this problem, and is object oriented.
The tool-kit provides a variety of fully featured and integrated pieces of software that can be used in many situations. These
are pure single literature of basic geometries and processes, detailed detector models for experiments at the LHC (large
hadron collider) and other experiments.

The adaptability, versatility and range of Monte Carlo simulation have led to its employment in a variety of disciplines.
They include physical sciences, finance, engineering, risk assessment, statistics, etc. Monte Carlo simulation can be used for
a variety of reasons, from determining the value of r to examining particular aspects of complicated systems, such as multi-
dimensional integrals, computational physics or light beams in a bounded space using MCMC. MCS makes the modeling
and simulation easy by applying algorithms that exponentially speed up the process. As the computer industry develops
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forward and processing rates grow in the 21% century, MCS will be faster and more adaptable in many areas such that
researchers will be able to duplicate practically anything of interest. Furthermore, the use of randomization in the simulation
is a proof of the effectiveness of this method for making inferences on a broader population using sample data [3].

To achieve effective and open generative simulation, a promising quantum machine learning concept of qGANs
(quantum generative adversarial networks) was proposed as a potential solution, which uses adversarial training with
quantum computing to achieve this objective. Qi et al. [4] offer a comprehensive overview of the qGAN models and reveal
the tremendous advances from the fundamental ideas to actual applications. The quantum-classical hybrid architectures of
existing QGAN designs are classified and their applications are summarized in various areas including image generation,
clinical data generation, software bug detection, channel prediction and teaching materials. We are interested in the synergy
of QGANs and domain-specific methods including variation circuits, large language models, Wasserstein distance and
optimization heuristics, etc.

Boyle and Nikandish [5] consider the problem of efficient transfer of information from classical memory to quantum
computers on qGANs. The work highlights the significance of tuning the hyperparameters and the optimizers to address the
problems of the longer training time and to increase the accuracy as a whole. The objective of this work is to make qGAN
more efficient, by making these components more powerful to transfer the data smoothly and quickly, and also to participate
in the discussion about utilizing quantum computing to enhance data loading procedures.

Preda et al. [6] introduced a novel approach for simulating a variety of quantum many-body systems with conditional
GANSs. With this method, the existence of detailed dynamic excitation spectrum for Hamiltonian is revealed over the entire
parameter range of the questions. The conditional GAN technique is astounding in its efficiency, giving in a short time results
accurate enough to be compared with those of thorough exact analyzes. This unique approach paves a way to further
investigate and understand complex quantum multi-body processes by means of precise and efficient simulations.

Zhou et al. [7] explore how to use hybrid quantum-classical models for GANs to generate images. In this work, they
trained the discrete distribution for better image generation and investigated performance of this method. Their research is
on the ability to utilize quantum and classical features in GANs, with implications for enhanced image generating skills. The
study of hybrid frameworks offers a possibility to use quantum-enabled benefits in discrete probabilistic modeling, thus
enriching the emerging discipline of quantum-based machine learning (ML) in image generation.

Based on qGANS, Turkeli and Ozaydin [8] use the quantum gradient calculation to not only efficiently update the circuit
parameters but also do not require classical backpropagation. This methodology is motivated by distributions that do not
admit a normal representation and thus is potentially quantum advantageous for quantum state learning, cryptography and
simulation. A qGAN is composed of two parameterized quantum circuits: generator (G) and discriminator (D), which are
competing with each other. The generator employs a label register and noise register and generates a quantum state, which
is expected to mimic samples from a real data source. To tell whether the output of the generator is “real” or “fake”, the
discriminator is designed to be a unitary quantum circuit and is given as an input the output of the generator or a true state
sampled from the source of actual data.

In this paper, we concentrate on complete and hybrid quantum GANSs for the simulation of particle showers. We explore
their training stability, convergence and generation accuracy, and we show how the complexity of the discriminator affects
the performance. Particular emphasis is put on the topic whether fully quantum systems can outperform hybrid quantum-
classical models with much less trainable parameters. The remainder of this study can be summarized as follows: Section 11
describe the dataset, experimental set up, qGAN architectures, training and evaluation methodology. The performance of the
full model and the hybrid model is presented in Section III. In Section IV, we cover accuracy, stability, discriminator
capacity, parameter efficiency and limits. Finally, the key findings are summarized in Section V and their implications for
simulation research are explored.

II. DATA AND METHODS
Dataset and Experimental Framework
We investigate full quantum and hybrid quantum-classical generative adversarial networks (QGANSs) for particle-shower
simulation in a computational experimental setting. The reference distribution pg,4 (x) is formed from particle-shower images
generated by Geant4. The generator Gg,, receives an input sample z ~ p,(2) and generates a generated shower image,

X = Gog(2), X ~ pe(R), (D
where 6, specifies the parameters of the generator. The antagonistic aim is
rr;inmaXV(D, G) = IEprm[log Dg, (x)] +E,p, [log (1 — Dy, (GBG(Z)))] )
¢ Op

Training and inference run with 1024 shots on all the tests on quantum simulators. Both the full qGAN and each of the
hybrid discriminator configurations were trained for 20 independent trials and the results of each configuration for the hybrid
discriminator were tested for 10 trials. The repeated trials provide an indication of the variability and stability of training
with the model and hyperparameters held constant.
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Fig 1. Experimental Process.

The sequence of the experiment is shown in Fig. 1. The comparison is done based on the generation accuracy,
convergence, discriminator capacity and trainable parameter efficiency. The pixel-wise correlations and the more advanced
physics observables are considered as extra metrics, not as the main criteria of evaluation [9]. Table 1 shows experimental
configuration.

Table 1. Experimental Configuration.

Parameter Full qGAN Hybrid qGAN
Generator learning rate 0.02 0.01
Discriminator learning rate 0.04 0.006
Generator decay 0.006 N/A
Discriminator decay 0.007 N/A
Joint decay N/A 0.006
Epochs 1000 1000
Optimization steps per epoch 8 1
Batch size 8 N/A
Shots 1024 1024
Discriminator updates 5 per generator update 1 per generator update
Generator updates 1 per optimization step 1 per optimization step

The hybrid batch size is not specified and is consequently given as “N/A”.

qGAN Architecture and Training

The full qGAN consists of a MERA-up quantum generator and a MERA-down quantum discriminator, both having 20
trainable parameters. The hybrid qGAN is based on the MERA-up generator and the quantum discriminator is replaced with
a regular, fully connected network. We explore three capacities of Discriminator: Hybrid-small (153 parameters), Hybrid-
medium (433 parameters) and Hybrid-large (1889 parameters). The settings in Table 2 enable us to decouple the influence
of representational capacity of the discriminator on adversarial training balance and accuracy of the generated samples.

The parameterized quantum transition is described by

| l/)(g; Z)) = U(G, Z) | O), U(G, Z) = UL(GLI Z) o UZ (92)U1 (91)1 (3)
where | 0) is the initial circuit state, U is the parameterized circuit, z is the generator input, and 8 includes the executable

rotational parameter values. The variation parameters are initialized to 0 and the quantum-circuit assessments are performed
using 1024 shots.

Two-sided label smoothing is applied as described in

Yreal = 0.9, Yfake = 0.1. “4)
The discriminator loss for minibatch B is formulated as

Ly === [Vrea08D (%) + (1 = Yrea) 10g (1 = D(x)) ) + Veake 0g D (%)) + (1 = yrae) log (1 = D(%))] 5)
JEB

where x; and ¥; = G (z;) are the reference and generated images, respectively. The discriminator loss is
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1 o
Lo = —YjenlogD (%)). (6)

The full qGAN utilizes learning rates 7; = 0.02 and 7, = 0.04. The discriminator is updated 5 times for each generator
update. Training is done for 1000 epochs with 8 optimization phases per epoch and a mini-batch size of 8. Generator decay
0.006 Discriminator decay 0.007 The exponential decay schedule is as follows:

Nk = Noexp(—4k), (7

where 7, is the initial learning rate, k is the number of the update, and A is the decay coefficient.

The hybrid qGAN utilizes n; = 0.01, n, = 0.006 and a joint decay of 0.006. The training is done for 1000 epochs with
one optimization step each epoch and both generator and discriminator are updated once per step. For both families of
models, hyperparameters are determined via Optuna and empirical testing.

Parameter updates are made using SPSA:

Or+1 = Ok — axVoL(6)), 3

with
O p _ LOktckdr)—L(Ok—ckAk)

VoL

a4, )

2¢k

where a,, is the update coefficient, c; is the perturbation size and A4, is the SPSA perturbation vector. The two model
architectures are presented in Fig. 2. The full architecture is as follows:

Generator (MERA-Up) Discriminator (MERA-Down)

Generated
G(z)

i

Real / Fake
D)/ D{G(2))

—0

0y 1o joy e 0)
(7 qubits)
:] Parameterized Quantum Gate [:] Parameterized Quantum Gate

Fig 2. Full and Hybrid qGAN Architectures.
whereas the hybrid architecture is show in Fig. 3.
The hybrid discriminator branch is in S, M, and L configurations.

Table 2. Architecture and Parameter Complexity of qGAN

Model Generator Discriminator Trainable Parameters
Full qGAN MERA-up quantum  MERA-down quantum 20
Hybrid-S  MERA-up quantum Classical fully connected 153
Hybrid-M  MERA-up quantum Classical fully connected 433
Hybrid-L  MERA-up quantum Classical fully connected 1889

Performance Evaluation and Comparative Analysis
Generation quality is mostly evaluated by pixel-wise mean squared error:
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Fig 3. Hybrid Architecture.

where x; and X; are the reference and created pixel values, respectively, and N is the number of assessed pixel-value
pairs. The MSE is calculated for 50 generated photos and the training/reference images. The smaller the numbers the closer
the agreement.

For R independent trials the mean and standard deviation are

_ 1 1 R T
MSE = %R, MSE,, swsg = |=— >.,_,(MSE, — MSE)?. (11)

Here R = 20 for the full qGAN and R = 10 for each hybrid model. The average shower images are also examined using

1 M ~

Ri=o Y0 Rim (12)
where M is the number of created images and X; ,,, is pixel i in image m. This average allows you examine qualitatively
the global shape of the shower.

Convergence is measured through the generator objective loss, real discriminator objective loss, fake discriminator loss
and cumulative objective discriminator loss. Plots of the different training histories and MSE trajectories are plotted against
epochs and independent trials. The hybrid and full models are optimized with separate schedules — curves are interpreted
both in terms of number of epochs and number of optimization steps. The comparison is made with respect to mean square
error, trial variability, convergence behavior, mean number of shower photos, discriminator capability and number of
trainable parameters. It's not meant to be about quantum supremacy or superiority of architecture. Rather, it investigates the
effectiveness of the qGAN with the complete set of 20 parameters versus the hybrid methods, and the role of the discriminator
capacity on the adversarial balance (Table 3). In Section III, the results of the quantitative analysis and the MSE of four
configurations of the model are presented.

Table 3. Quantitative Performance

Model Number of Trials MSE Interpretation
Full qGAN 20 1.77 £ 1.46 Competitive
Hybrid-S 10 6.65 + 3.11 Lower performance
Hybrid-M 10 1.50 £+ 2.15 Best MSE
Hybrid-L 10 3.80 + 4.32 Lower performance
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III. RESULTS
Here, we provide results from the qGAN experiments: training performance, convergence, inference accuracy and
comparison of the full and hybrid quantum-classical architectures. The results explore the influence of some hyperparameters
and learning rates, discriminator configurations and model complexity. The accuracy is mainly evaluated with the MSE over
the generated shower images.

Full gGAN Training and Performance

Distinct training rates are used for the discriminator and the generator based on experimental evidence where the training
rate for the generative network is calibrated to 0.021 and for the discriminative network it is configured to 0.04. Learning
congregates much easier if the discriminative network is learned more often compared to the generative network. Tsang et
al. [10] reported a similar result for a hybrid qGAN system. The discriminative network is learned 5 epochs for every
optimization iteration in the full qGAN framework, followed by a single learning phase of the generator. The system
undergoes training for 1000 epochs with 8 optimization phases (mini-batch size of 8) every epoch.

The discriminator and generator are trained at different rates (0.006 and 0.007 respectively) and they are also
exponentially decayed. Training and Inference is done on 1024 samples. The tuning parameters are decided via
hyperparameter optimization searches with the Optuna optimization framework [11] and experimental experience. In this
study, all the trials mentioned are performed on the quantum simulation platforms. For training we use two-sided label
smoothing where a true label of 1 is set to 0.9 and a false label of 0 is set to 0.1. This results in improved precision train/final
convergence. All rotation measurement will be set to 0 in order to have a stable start of training. The SPSA optimizer [11]
is used to determine the parameter modification.
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—— Best trial NB Trials: 20
M Mean : 0.00176
0.0254 ean STD : 0.00145
/1 s1o Best MSE:  0.00020
0.020
w
) 0.015 4
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Fig 4. The Accuracy Metric MSE Across Training Epochs for 20 Experiments.

The results of 20 training trials (with the same hyperparameters) with respect to the MSE criterion are displayed in Fig.
4. We computed MSE per pixel of 50 engendered images and learning epochs. As a result of tuning parameter optimization,
the average estimate (green) rises up quickly and remains constant. The light purple frequency band reflects a limited
standard deviation while the green solid line shows an ideal trial with little variations. All these metrics highlight an
integrated, coherent and effective learning.
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Fig 5. Unique Error Values of The Ideal Trial.
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The learning losses of the optimal experimentations are plotted separately in Fig. 5. The graph shows the generator
objective function loss (red), the true loss of the discriminator objective function (purple), the false loss of the discriminator
(blue) and the total losses of the discriminator (light green). As a result of minimal (0) configuration of the hardware
constraints, the hybrid discriminator objective function error is smaller compared to the error in the beginning of the initial
iteration. The errors are aligned across epochs to converge towards similar levels of losses, which leads to effective training
convergence.

Moreover, when training is complete, the losses will stabilize due to the use of a reduced learning rate. The losses are
within a wider range between single epochs, probably as a result of a low batch number. Increasing the number of batches
each iteration may be able to reduce the loss. The number of generated images is roughly equivalent to the number of images
in the Geant4 test data collection to test the accuracy of the inference and the mean shower image (MSI) of the optimal trial
is shown in Fig. 6. The complete qGAN system is able to regenerate the MSI of Geant4 accurately, resulting in a total MSE
of: 1.76+1.45.

Hybrid qGAN Performance and Model Assessment

A thorough study of a quantum-—classical GAN hybrid has been conducted, which consists of a MERA-up quantum
generative network and conventional discriminative network. This analysis may allow to see possible benefits of quantum
behavior in comparison to classical behavior or the other way round. The conventional discriminator is a fully connected
network. We look at three different sizes of discriminators: large with 1889 model parameters to train, medium with 433
parameters to train and a small with 153 parameters to train. The tuning parameters used for training convergence in the
hybrid qGAN model are: generator learning rate of 0.01, discriminator training rate of 0.006 and combined learning rate
decay of 0.006. The training is performed over 1000 “epochs”, where one “epoch” is one optimization phase. Both the
discriminator and the generator are augmented together for each iteration of training.
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Fig 6. The Typical Shower Image Formed at Inference.

We performed 10 training experiments for each of the 3 models (see Fig. 7). For all models, the mean squared error
(MSE) levels off. Training the hybrid large model results in the lowest MSE (1.51 £2.14) at the end of training, which means
it is the most accurate model. The worse performance of the small (6.64+3.10) and large (3.81£4.31) model architectures is
explained by the GAN principle, the best accuracy in adversarial training is achieved when there is a balance between the
discriminator and generator model architectures. The accuracy decreases due to the fact that the large (small) discriminator
is more apt than the generative network. The medium model shows a representational capacity most similar to that of the
generator.
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Fig 7. MSE as a Performance Metric W.R.T. The Learning Iteration for the 3 Composite Qgan Architectures.
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The mean shower image of the best hybrid medium model is displayed in Fig. 8. It demonstrates a good agreement with
a Geant4 forecasting. The precision of the entire qGAN architecture (1.76+1.45) is the same as that of the optimal integrated
hybrid architecture medium (1.51£2.14), showing that the representative capabilities of the full quantum discriminator and
the hybrid discriminator are almost the same according to the data. This also means that the MERA-based quantum
discriminator architecture consisting of 20 modeled parameters is working as well as a traditional neural system with more
than 400 learnable model parameters. This raises an important question: Can parametric quantum circuits with much lower
learned parameters achieve a comparable representational energy to artificial neural networks?

Other similar works, including [12] and [13] also experiment with quantum circuits, which are said to be more efficient
in computing, have better storing and modeling strength, using quantum features. Importantly, the trends of correlation at
the pixel level cannot be reproduced by the complete qGAN nor the mixed qGAN architectures, which are more complex
physics precision measurements that are performed beyond the MSI.
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Fig 8. The Mean Shower Configuration Plot from the Best Trial of the Hybrid Qgan Model.

As a comparison, an integrated qGAN was optimized with 3 different discriminator dimensions according to the
parameter values. The prototype with a medium-sized discriminative network was the only model to achieve MSE numerical
values similar to the complete qGAN. The results were poor when both a large discriminator and a small one was trained
due to the energy imbalance between the discriminator and generator architectures. It should be noted that the complete
gGAN architecture with only 20 model coefficients, has achieved a statistical equivalent precision to the integrated model
(medium) with 433 model coefficients.

IV. DISCUSSION
Accuracy and Training Stability
Our results demonstrate that the overall qGAN can learn the global structure of the Geant4 particle-shower distribution and
still be stable from the adversarial training. The mean MSE tends to converge, and the variability between runs is not so
high, indicating that the training choice used here results in a stable training regime. This result is in line with the recent full-
gGAN study for the average calorimeter shower image using a MERA-up and a MERA-down quantum-based generator [14]
which also showed stable training.

This is relevant correspondence to the previous work because the same general full-qGAN architecture and training
technique is used in the current study. Liu and Hsieh [15] also observed that discriminator needed to be optimized more than
the generator and that different learning rates were needed, which is indicative of the training strategy used here. They also
noted that they saw oscillations as a result of the small number of batches, which would indicate that the changes they saw
during training were not necessarily as a result of poor optimization.

However, copying of the average shower appearance does not mean that they are copying the whole particle shower
distribution. To validate the classical GAN based calorimeter simulation physically, observables other than image-level
similarity such as energy deposition, fluctuations and correlations should be analyzed in shower events. Kotwal and Hays
[16] have, for example, investigated the physical observables of the showers built in the calorimeter, and compared their
distributions with Geant4 for certain aspects of the comparison. The stable MSE, therefore, in the present study indicates
good image level reconstruction, but not necessarily physical integrity per se.

Capacity and Parameter Efficiency of The Discriminator

The hybrid tests provide an interesting insight into the discriminator ability and generative performance. The medium
classical discriminator has the lowest MSE of all the hybrid configurations tested, with the smaller and greater discriminators
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doing badly. This shows that the performance of qGANs does not necessarily improve with the increase in the number of
parameters in the discriminator. Instead, the discriminator should have at least as powerful representational capacity as the
generator.

This is consistent with the full-qGAN study that is closely related to this work, Pathak, Yilmazer, and Patel [17] which
compared a quantum discriminator with classical fully connected discriminators of varying sizes. Similarly, in that
investigation, the medium hybrid setup yielded the highest accuracy, while the smaller and larger discriminators performed
worse as a result of the difference in capacities of the discriminator and the generator. This renders the agreement more
robust than a comparison to other GAN studies which are not directly related: the relation between the capacity of the
discriminator and the adversarial performance has been identified in both studies.

In this context, the comparison has the more basic sense of the outcome of parameter-efficiency. It was found that the
entire quantum discriminator has an order of magnitude lower number of trainable parameters, and achieves statistically
equivalent MSE performance as the medium classical discriminator based on the provided experimental data. This finding
consistent with the interest in learning quantum generative models as a small model choice for classical neural architecture.
In related HEP research, quantum generative techniques have also been reported to be able to do competitive work, with one
example being the ability of a qGAN-based approach to obtain comparable accuracy in detecting anomalies, but using much
less training data in that specific HEP application [18].

However, the result achieved here can only be considered as evidence for the efficiency of parameters, but not as a proof
of quantum computational advantage. Reduced number of trainable parameters does not imply reduced computation cost
and increased scalability. Other factors that are important are the circuit depth, the number of circuit evaluations, shots of
measurement, complexity of optimization and the cost of simulators and the noise of the final hardware. Moreover, the
experiments of this paper are performed on quantum simulators. Competitive precision with a small quantum discriminator
should not be interpreted as quantum advantage, but instead as a motivation to continue investigating this.

Limitations

However, we do extend the case to full quantum structure to produce particle showers while also hinting to a balanced
architecture as opposed to the previous work on qGAN in high-energy physics. Rehm et al. demonstrated that one can
produce full qGANS for single calorimeter shower images, and directly compare the quantum architecture with a hybrid one
with classical discriminators. This representational efficiency of compact quantum discriminators, they found, is not a one-
off discovery, but something that can be reproduced by researchers.

At the same time, current work is a critical qualification to the interpretation of successful qGAN picture production.
Singh, Shankar and Prakash [19] have shown that quantum QGANSs suffer from the deficiencies of generalization over data
sets and conveyance to the average/dominating data representation of the training set. They learn that full quantum generative
architectures today still have generalization as a big problem. This conclusion is directly relevant to the present work as up
to now the best performance evidence is from MSE and average shower-image agreement. A model can be able to reproduce
the overall shape of the shower, but it cannot capture higher order components of the shower distribution.

This limitation is also in line with original work on full-qGAN for HEP, which stated that average shower images and
MSE are not a complete picture of physics correctness and that pixel-wise correlation patterns are an interesting avenue for
future research. It is thus not possible to state the whole qGAN is the whole physical distribution of particle showers in the
present study. The results rather show competitive image-level performance, and recommend a wider physics validation.

Another limitation is the number of samples, which is statistical in nature. The repeated training trials provide information
regarding the variability in optimization but increase the number of training trials and/or the amount of evaluation data would
provide better estimates of model uncertainty. This is especially significant in light of the relatively small difference between
the full qGAN and the medium hybrid model, when compared to the spread between trials. Therefore, similarity in
performance should be recognized in the light of the statistical accuracy of the present experiments.

V. CONCLUSION

Our results show the potential of building complete and hybrid qGANs for particle-shower simulation, and highlight the
importance of properly tuning the discriminator capacity to the generator capacity. The most important consequence is that
a much smaller quantum discriminator is able to attain an accuracy similar to that of a larger classical discriminator for the
measured task. The evidence, however, is consistent with a competitive representational efficiency claim not necessarily
with a proven quantum advantage claim. Future studies will need to be done not only at MSE, but also at the pixel level, and
on energy dependent observables, shower shape distributions and other physics quantities. Here, it would be possible to see
the parameter-efficiency on a scale on which the difference between the representational capacity of the quantum and the
classical is more pronounced.
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