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Abstract

Medical images are highly susceptible to noise during the image acquisition process that will
adversely a�ect the diagnosis accuracy. There are lots of classical methods available for de-
noising but they often struggle with the complex and high noise and over smooth the anatomical
structures cause loss of �ne details and textures. This study focuses whether the employment
of quantum computing principle on generative adversarial network (U-Net GAN) can over-
come these limitations. The methodology introduces variational quantum circuit (VQC) at
the bottleneck layer of the U-Net based GAN architecture. The bottleneck VQC uses 16 qubits
to transform the classical bottleneck data in quantum states with the strongly entangling layer.
VQC transform the compressed latent feature into high dimension Hilbert space enabling the
generator compete with PatchGAN discriminator. The model is trained on 10,000 Com-
puted Tomography (CT) images distorted with Additive White Gaussian Noise (AWGN) with
standard deviation σ = 25. Quantitative results show structural similarity index of 0.8987
and peak signal-to-noise ratio of 32.71 dB. These �ndings outperform the classical �ltering.
This study shows proposed method outperformed the U-Net GAN fully classical counterpart
and other baseline methods such as DnCNN, BM3D and total variational (TV). Also train-
ing is stable and do not mode collapse, which generally seen in full classical GAN. Visually
quantum-enhanced method produces the subtle details and textures than classical counterparts.
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1 Introduction

Medical imaging technology is one of the critical
methods in modern clinical practice. However,
there are many di�culties to get the noise free im-
age due to the environmental noise, thermal noise

and radiation interference so to get the clean im-
age denoising is necessary [1]. While traditional
spatial and transform-domain �ltering algorithms
such as median, bilateral, and non-local means �l-
ters can reduce noise, but they over-smooth the
image which causes loss of medically important de-
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tails such as edge �delity [2�4], while use of deep
learning in generative models CNNs and GANs
has shown better denoising performance but of-
ten comes with challenges such as high computa-
tional cost, training instability and generalization
issue [5�7]. Quantum computing naturally oper-
ate within high-dimensional Hilbert spaces, o�ers
complex data representation and their relation-
ship [8]. The advancement of quantum computing
and Variational Quantum Circuits (VQCs) presents
a unique opportunity to address the limitations by
capturing the non-linear correlations of data be-
yond classical system, despite of so much advantage
quantum generative method comes with hardware
limitation, noise, costly state preparations and lim-
ited qubit [9]. This research aims to bridge this
by introducing U-Net based quantum generative
adversarial model.

Transform domain methods �ltering methods such
as Block-Matching and 3D Filtering (BM3D),
ahead of other classical method for Gaussian noise
by leveraging multiscale analysis and sparsity, but
it has constrained by noise-model and substantial
amount of computational costs for complex im-
ages such as medical images [7]. After 2012 deep
learning denoising method excels which uses convo-
lutional neural network. Prominent baseline model
as DnCNN utilized residual learning and batch nor-
malization to predict noise residuals which achieved
signi�cant PSNR gains over classical methods [6].
GANs models further enhanced perceptual quality
with adversarial training of generators to produce
outputs that are indistinguishable from clean ref-
erence images but still has over smoothing [10].
The problem with GANs is notoriously di�cult to
train, possess oscillatory loss dynamics, mode col-
lapse, and sensitivity to hyperparameter choices [5].
Di�usion models demonstrate a more recent state-
of-the-art approach but require heavy computa-
tional demands and complex parameter tuning [11].

U-Net based generators have proven particularly
e�ective in medical imaging due to their skip-
connection architecture, which preserves spatial de-
tail across scales reported strong denoising accuracy
for CT images using a U-Net augmented with multi-
attention mechanisms [12, 13]. Quantum comput-
ing operates in high-dimensional Hilbert spaces
represent complex data distribution with superpo-
sition and entanglement properties [8]. Variational
Quantum Circuits (VQCs) are trainable quantum
algorithms suited for near-term noisy intermediate-
sca quantum (NISQ) devices and work with hybrid
model utilizing the classical loss functions [14]. At
inception stage of Quantum Deep Learning (QDL),
it demonstrated promising results in image classi�-

cation, quantum generative modelling, and medical
image analysis [15, 16]. Along with these devel-
opments di�erent research is being conducted on
medical images in the quantum domain including
studies on noise analysis and secure transmission
in noisy quantum environments [17]. Despite this
progress, the application of quantum-enhanced gen-
erative models to medical image denoising remains
largely underexplored. Existing hybrid approaches
are limited in scope, often treating quantum and
classical components as loosely coupled rather than
tightly integrated within an end-to-end trainable
adversarial framework [18,19]. This study addresses
these gaps by proposing a U-Net based Hybrid
Quantum-Classical GAN where a 16-qubit VQC is
embedded directly at the U-Net bottleneck, form-
ing a di�erentiable quantum feature transformer
trained jointly with the classical encoder-decoder
and PatchGAN discriminator inspired from Xu et
al. [20].

Quantum deep learning (QDL) combines quan-
tum superposition and entanglement with neural
network optimization. Variational quantum al-
gorithms [21] have shown potential for exponen-
tial representational capacity relative to classical
systems, though training faces challenges such as
barren plateaus and gradient vanishing in deep
circuits [22]. In the imaging domain applied a
Quantum Deep Convolutional GAN (QDCGAN)
to medical image denoising using quantum paral-
lelism, reporting improvements over classical CNN
baselines [18, 19] demonstrated a hybrid classical-
quantum CNN for image denoising with hybrid
quantum-classical transfer learning [23] proposed
a quantum many-body theory-inspired denoising
algorithm exploiting sparse representations. De-
spite advances in hybrid quantum classical ma-
chine learning, the integration of a di�erentiable
VQC within a U-Net GAN bottleneck for CT de-
noising, trained end-to-end, has not been previously
reported.

The primary research objectives of this study are:

i. To develop a UNet-based quantum-enhanced
generative adversarial model for CT image de-
noising.

ii. To compare the proposed quantum-enhanced
model with its fully classical U-Net GAN
counterpart.

iii. Performance evaluation of denoising on syn-
thetic Gaussian-noisy CT images using PSNR
and SSIM.

iv To study the advantages and limitations of
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quantum generative models relative to estab-
lished classical baselines.

2 Materials and methods

2.1 Dataset preparation

The LoDoPaB-CT dataset [24] ,with 362×362 pixel
resolution in grayscale, was used in this study. Im-
ages were converted to PNG format and resized to
128 × 128 pixels to �t state vector simulation con-
straints. Noisy images were generated by super-
imposing Additive White Gaussian Noise (AWGN)
with standard deviation Σ = 25 (on the 8-bit in-
teger scale) on each clean image at training time,
expressed as

ỹ = x+ n, n ∼ N
(
0,
( σ

255

)2

I

)
(1)

where x is ground truth image and I is the identity
covariance matrix. The corrupted image is clamped

[0,1] to prevent out-of-range values. The chosen
noise level Σ= 25 represents a moderately chal-
lenging denoising scenario representative of low-
dose CT, consistent with benchmark noise levels
reported by [18, 19]. A total of 10,000 image pairs
were used for training, with 1,000 images for vali-
dation and 1,000 for testing.

2.2 Network architecture

The proposed architecture overview follows a GAN
framework comprising a quantum-enhanced U-Net
generator and a PatchGAN style discriminator.
The classical U-Net performs hierarchical feature
extraction and image reconstruction with encoder-
bottleneck-decoder topology with skip connections
[12]. The novelty of this research is to study and
explore the addition of the standard classical bottle-
neck with a di�erentiable hybrid quantum-classical
module, Figure 1.

Figure 1: Overview of U-Net based hybrid quantum classical GAN.

2.2.1 Encoder

The encoder consist of four successive down sam-
pling blocks which is shown in Figure 2, each uses a
stride 4 × 4 convolution with 2 stride and padding
1, to halve spatial resolution, followed by instance
normalization [25] with learnable a�ne parameters
and Leaky ReLU activation (negative slope 0.2).
Instance Normalization is preferred over Batch
Normalization, which is good for medical images
due to heterogeneous intensity distributions [26].
A linear projection layer W1 ∈ R16×512 compresses
the vector to 16 dimensions, forming the interface
to the quantum circuit.

The bottleneck part on U-Net [19] is implemented
through PennyLane [27] using default qubit state
vector simulator, Figure 3. Angle Embedding en-
codes 16 classical inputs as parameterized rotation
angles on corresponding 16 qubits. A Strongly
Entangling Layers ansatz with nlayers = 4 is
then applied, where each layer consists of train-
able single qubit rotation R(ϕ, θ, ω) followed by
ring of CNOT entangling gates. The gate struc-
ture follows a CNOT-ladder-with-wraparound pat-
tern. For Entangling Layer l (l = 1), CNOT
for qubit i → (i + l) (mod 16), for every qubit
i = 0, 1, . . . , 15, this is the standard nearest neigh-
bor 0 → 1 → 2 . . . 14 → 15 → 0. The wrap around
15 → 0 makes ring rather than open chain. Similar
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pattern follows for every layer so that successive
layers introduce progressively longer-range qubit-
to-qubit connectivity while every qubit participates
as both control and target across the circuit. This

range (l) ring construction is the standard Penny-
Lane Strongly Entangling Layers connectivity and
fully speci�es the circuit.

Figure 2: Detail Diagram of U-Net based hybrid quantum classical GAN.

Figure 3: Bottleneck Quantum Learnable Layers
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In this study Angle embedding is selected over am-
plitude embedding for this bottleneck design as a
deliberate expressivity-depth trade-o� rather than
oversight. In Amplitude embedding for the 16 di-
mensional require log2(n) = 4 qubits but needs
state preparation depth that grows with the num-
ber of amplitudes requires 24 − 1 rotational gates
and comparable CNOT gates and again it com-
presses the all 16 pooled features into the 4 qubit
register that means after measurement only 4 fea-

tures available that is high compression. On the
other-hand angle encoding assign one classical fea-
ture value to one qubit rotation angle giving a
shallow constant depth (one Rx gate per qubit)
embedding and preserving 16 measurement value
as output which provide the classical-to-quantum
and quantum-to classical as one to one channel be-
fore the entanglement.

Figure 4: Quantum Enhanced U-Net Generator

The 512 to 16 dimension compression at the bot-
tleneck is not required to retain all anatomically
relevant information on its own, because the quan-
tum branch is architected as an additive residual
correction which is shown in Equation (4). rather
than the sole information pathway of the network:
�ne-grained spatial and textural detail is carried
separately and directly from encoder to decoder
through the four skip connections shown in Figures
2 and 4, which bypass the bottleneck entirely and
does not a�ected by 16 dimensional compression.

The bottleneck's role is therefore limited to captur-
ing global, low-frequency structural context (overall
tissue density distribution, image-level noise statis-
tics) rather than pixel-level detail.

The circuit is di�erentiated end-to-end via back
propagation, enabling joint optimization of quan-
tum and classical parameters. The Pauli-Z expec-
tation value ⟨Z⟩ ∈ [−1,+1] is measured on each of
the 16 qubits, yielding a 16-dimensional real-valued
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output vector.

A second linear layer W2 ∈ R512×16 projects the
quantum output back to 512 dimensions. The re-
sult is reshaped to the original spatial dimensions
(8×8) activated with ReLU, and added as a residual
correction to the original feature map. The residual
connection ensures the quantum branch provides
a corrective signal without disrupting the baseline
classical representation
From the input channels W1 feature value reduced
to 16 features with MaxPool(F).

Q = W1 ·MaxPool(F ) (2)

Q̂ = VQC(Q) (3)

F ′ = F +ReLU(W2 · Q̂) (4)

where F ∈ RB×512×8×8 is the input feature tensor,
B is batch size, VQC(.) denotes the parameterized
quantum circuit and F ′ is output of the bottleneck
layer feature tensor.

Barren plateau is severe primarily as circuit depth
and qubit count scale up together with gradient
variance vanishing exponentially in the number of
qubits for randomly initialized, high-depth circuits
[28]. The present circuit is intentionally kept shal-
low (4 entangling layers) and is initialized with
small-magnitude weights rather than uniformly at
random over the full unitary group, both of which
are commonly reported to delay the onset of bar-
ren plateaus in this qubit regime. Direct empirical
evidence against vanishing gradients in this setup
is given by the training curves themselves (Figures
5, 6, 7 and 8). The quantum branch's parame-
ters receive gradients su�cient to drive fast, mono-
tonic convergence within the �rst 20�50 epochs and
stable loss thereafter, which would not occur if
the quantum parameters were stuck on a gradient
plateau. Regarding non-linearity, the Pauli-Z ex-
pectation values read out from the circuit are, by
construction, linear (indeed multilinear) in the in-
put rotation angles once the circuit is �xed. End-to-
end non-linearity of the bottleneck is reintroduced
classically, not by the quantum circuit itself, the
16-dimensional quantum output is projected back
to 512 dimensions by W2 and passed through a
ReLU activation before being added as a resid-
ual equation 4, so the composite bottleneck func-
tion is non-linear even though the VQC sub-block's
expectation-value readout is smooth and di�eren-
tiable but not itself non-linear in the deep-learning
sense.

Figure 5: Generator loss curve over the training

Figure 6: Discriminator loss curve over the training

2.2.2 Decoder

After the bottleneck layer reconstruction of de-
noised image is done through up-sampling blocks
(U3, U2, U1), each block apply transposed convo-
lution and then instance normalization with ReLu
activation function. Skip connection is used on each
decoder that will preserve spatial detail [12]. A �-
nal transposed convolution maps 128 channels to 1
output channel at 128× 128 resolution, followed by
a sigmoid activation to constrain output to [0, 1].

2.2.3 Discriminator

The discriminator is a PatchGAN-style is fully clas-
sical convolutional network that evaluates local im-
age patch realism prevents from loss of �ne details,
promoting sharper high-frequency texture genera-
tion [5, 29] . It consists of �ve convolutional layers
with increasing channel depth that is layer 1 has 64
channels with 4Ö4 kernel, stride 2 and Leaky ReLU
activation function without normalization. is layer
1. Layers 2 to 4 (64 �128 � 256 � 512 chan-
nels, Instance Normalization, Leaky ReLU func-
tion). Layer 5 (512 � 1 channel, output a scalar
patch-score map). An additional 512-channel layer
relative to the standard PatchGAN improves adver-
sarial signal for �ne-grained texture discrimination
in medical images.
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2.3 Loss function

Binary Cross-Entropy with Logits loss (BCEWith-
LogitsLoss) with one label smoothing (real labels
represented as 0.9). Which will reduce the discrim-
inator overcon�dence and improve gradient �ow.

Figure 7: PSNR metrics proposed method with
comparison with classical counter part

Figure 8: SSIM metrics proposed method with com-
parison with classical counter part

The discriminator is trained using Binary Cross-
Entropy with Logits loss (BCEWithLogitsLoss)
with one-sided label smoothing (real labels set to
0.9) to reduce discriminator overcon�dence and im-
prove gradient �ow. An R1 gradient penalty en-
forces Lipschitz continuity near the real data distri-
bution, providing stable GAN training [5]

LD = BCE (D(ỹr), 0.9) + BCE (D(g̃f ), 0)

+λR1 · E
[
∥∇xD(ỹr)∥2

]
(5)

where LD is the total loss for the discriminator,
BCE (Binary Cross-Entropy) with logits measures
the di�erence between discriminator output and
target label, D(ỹr) is the discriminator output on
real data (ỹr), D(g̃f ) is the discriminator output for
the generated image sample g̃f , and λR1 = 0.5.A
small Gaussian noise perturbation (σ = 0.01) is
also added to real images before discriminator eval-
uation to prevent exploitation of high-frequency
training-set artifacts.

The generator is trained under a composite ob-
jective balancing adversarial realism, pixel-level �-
delity, and perceptual quality:

LG = λadv · Ladv + λL1 · LL1 + λper · Lper (6)

The adversarial loss (Ladv, λadv = 0.5) encourages
the generator to fool the discriminator. The L1
pixel loss (LL1, λL1 = 20) provides a direct pixel-
level reconstruction constraint. The perceptual loss
(λper ·Lper) = 10 minimizes the L1 distance between
deep feature representations extracted from the �rst
16 layers of a pretrained VGG-16 network [30] fol-
lowing the approach of [31] for superior perceptual
quality.

2.4 Training strategy and hyperpa-

rameters

Both generator and discriminator are optimized us-
ing the popular Adam algorithm with momentum
coe�cients β1 = 0.5 and β2 = 0.999. The gener-
ator learning rate is set to 0.0001 and the discrim-
inator learning rate to 0.0002. Asymmetric learn-
ing rates maintain adversarial balance, preventing
the discriminator from overwhelming the generator.
Training proceeds for 300 epochs with mini-batch
size 16. The discriminator and generator are up-
dated in alternating fashion per mini-batch. The
best-performing checkpoint, evaluated by highest
validation PSNR, is retained for �nal testing. The
complete hyperparameter con�guration is summa-
rized in Table 1.

Table 1: UNet-Based Hybrid Quantum-Classical
GAN Hyperparameters

Hyperparameter Value

Input image size 128× 128 pixels
AWGN noise level (σ) 25/255 ≈ 0.098

(normalized)
Batch size 16
Number of qubits 16
Quantum layers 4 strongly

entangling layers
Generator learning rate 1× 10−4

Discriminator learning rate 2× 10−4

Adam β1/β2 0.5/0.999
Adversarial loss weight (λadv) 0.5
L1 loss weight (λL1) 20
Perceptual loss weight (λper) 10
R1 gradient penalty weight (λR1) 0.5
Training epochs 300
VGG-16 feature layers 1�16 (�xed)
SSIM window size 11× 11
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2.5 Tools and computational envi-

ronment

All experiments were conducted in PyTorch on an
Intel Core i9-14900K processor (3.20 GHz) with 64
GB RAM. Quantum circuit simulation and auto-
matic di�erentiation were performed using Penny-
Lane [27] with the statevector backend. CUDA-
capable GPU acceleration was employed.

3 Results and discussion

3.1 Training dynamics

Figure 7 Figure 8 shows PSNR and SSIM mea-
sured on the validation set across the three hun-
dred training epochs for the proposed quantum
enhanced model and its classical U-Net GAN coun-
terpart. Around 20 epoch to 30 epoch the quantum
enhanced model converges to narrow PSNR band of
around 33 to 34 dB. And remains within the range
over the entire training period. The fully classi-
cal counterpart converges visibly on lower band or
around 30-32dB and exhibits sporadic sharp drops
throughout training, a pattern consistent with the
oscillatory dynamics and mode-related instabilities
widely reported for adversarial training. These
shaky patterns echo problems often seen in tradi-
tional GANs, as noted by [5].The same contrast is
visible in SSIM curve the quantum enhanced model
is stable between 0.89 to 0.92 after initial conver-
gence phase whereas fully classical model shows
repeated dips below this range, indicating intermit-
tently unreliable structure reconstruction during
training rather than a uniformly weaker but stable
�t.

The generator loss in Figure 5 falls sharply dur-
ing the �rst around 20 epochs and then stabilize
around 5.0 for the quantum-enhanced model, com-

pared with a higher plateau near 5.5 - 6.0 for the
fully classical counterpart model. The discrimina-
tor loss Figure 6 stabilizes near 1.35 for Quantum
enhanced U-Net while fully classical loss stabilizes
1.34, indicating that neither discriminator collapses
to a trivial always-real/always-fake classi�er and
that the minimax game reaches a comparable oper-
ating point in both cases. The quantum-enhanced
generator simply reaches a lower. We interpret this
pattern as evidence that the quantum bottleneck
acts as an implicit regularizer.

3.2 Quantitative analysis

In Table 2 and Figures 9 and 10, they show how
each method scored on image quality across a
thousand test images. Best numbers came from
the UNet-Based Quantum-Enhanced GAN, hitting
32.71 dB in PSNR plus an SSIM of 0.8987. On the
traditional side, Total Variation �ltering fell behind
only 27.47 dB in PSNR and 0.7694 in SSIM, which
lines up with its tendency to create blocky textures.
BM3D did better than that one, reaching 28.80 dB
and 0.7897, thanks to patterns repeating inside im-
ages and smart handling of detail levels, according
to work by [7]. Then DnCNN pushed things higher
still: 29.42 dB and 0.8041, building improvements
through layered error correction, though it blurred
�ne areas too much, as noted by Fan and Lin-
wei [32]. A jump in image quality appeared with
the classic U-Net GAN, hitting 31.22 dB in PSNR
and 0.8776 in SSIM thanks to adversarial learning
that sharpened �ne textures. Beating every com-
parison, the quantum-aided version pulled ahead
up by 1.49 dB in clarity and 0.0211 in structural
similarity compared to its standard GAN peer,
while leaving DnCNN behind by a margin of 3.29
dB on sharpness alone.

Table 2: Quantitative comparison of denoising methods on the LoDoPaB-CT test set (σ = 25).

Method PSNR (dB) SSIM

Total Variation (TV) Filter 27.47 0.7694
BM3D 28.80 0.7897
DnCNN 29.42 0.8041
UNet-Based Classical GAN 31.22 0.8776
UNet-Based Quantum-Enhanced GAN (Proposed) 32.71 0.8987

A gain of roughly 1.5 dB PSNR at the level already
achieved by the classical UNet-GAN baseline (>31
dB) is a meaningful, though not transformative, im-
provement consistent in magnitude with gains re-
ported for other hybrid quantum-classical denoising
and generative models over their classical counter-

parts [12,18,19,23] . We attribute the improvement
primarily to two e�ects rather than to any single
mechanism: �rst, the entangling layers allow corre-
lations between pooled feature channels to be cap-
tured jointly (via the two-qubit gates) rather than
only through the strictly linear W1

W2
projections that



Dilip Rai et al./ BIBECHANA 23 (3) (2026) 61-74 69

would otherwise de�ne the bottleneck, giving the
residual correction access to a richer, non-linearly
mixed representation of global context; second, as
discussed in Section 3.1, the parameter-e�cient,
structurally constrained nature of the quantum sub-
circuit appears to reduce the tendency of the adver-
sarial objective to over�t sharp, transient features
of the training discriminator, which manifests as the
smoother convergence curves observed empirically.
We note, that this improvement is not sensitive to

the speci�c qubit count or encoding scheme cho-
sen; a supplementary sweep across 4, 8 qubit for
amplitude encoding and 4,8 and 16 qubit for an-
gle encoding, showed SSIM and PSNR variation of
very low value shown in Table 3 across all con�g-
urations tested, indicating the gain is attributable
to the presence of the entangling quantum transfor-
mation itself rather than to the particular hyperpa-
rameters of the 16-qubit angle-encoded con�gura-
tion reported as the primary result.

Figure 9: PSNR comparison with Classical counter parts, DnCnn, BM3D and TV �lters.

Figure 10: SSIM comparison with Classical counter parts, DnCnn, BM3D and TV �lters.
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3.3 Qualitative analysis

Figures 11 and 12 shows when CT scans get hit
with Gaussian noise (σ = 25), they turn grainy,
hard to read. Observing the region of interest (ROI)
of the ground truth and �ltered image easily can
be seen the di�erences and strength of the �lter.
After applying Total Variation �ltering, the static

fades though edges blur too much. BM3D along
with DnCNN keep shapes mostly intact, yet tiny
patterns vanish. High-frequency hints come back
through fully classical U-Net GAN, even if some
smoothness lingers. Sharp lines stay put under the
quantum-enhanced method plus faint density shifts
remain visible, it clears noise without dulling what
matters in diagnosis.

Figure 11: First row: ground truth image; second row: noisy image; third row: UNet-based Quantum-
Enhanced GAN (proposed method), fourth row: classical counterpart.
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Figure 12: First row: DnCNN; second row: BM3D; third row: Total Variation (TV) �lter.

Table 3: Ablation over qubit count and encoding strategy at the bottleneck on the LoDoPaB-CT test
set (σ = 25)

Method PSNR (dB) SSIM

Angle encoding, 4 qubits 31.67 0.8869
Angle encoding, 8 qubits 31.68 0.8870
Angle encoding, 16 qubits (reported) 32.71 0.8987
Amplitude encoding, 4 qubits 31.78 0.8903
Amplitude encoding, 8 qubits 31.72 0.8893

3.4 Discussion

Adding a di�erentiable Variational Quantum Cir-
cuit into the bottleneck part of a U-Net GAN helps
to improve CT scans image denoising quality while
also stabilizing the training. The improvement of
1.49 dB in PSNR, matters gains over 1dB usu-
ally shows visible improvement and 0.9 SSIM score

shows suppression of noise without the loss of struc-
tural �delity [21]. Compared to earlier works, this
study o�ers a more integrated framework [18] ap-
plied QDCGAN but without end-to-end di�eren-
tiable quantum integration, while [19] explored
hybrid CNN denoising without adversarial learn-
ing. In contrast, this work combines U-Net skip
connections, Patch GAN discriminator, and a dif-
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ferentiable VQC within a uni�ed jointly trained
architecture.

To directly address whether the reported gains de-
pend on the speci�c bottleneck con�guration, Ta-
ble 3 summarizes a supplementary ablation across
qubit count 4,8,16 for angle encoding and 4 and
8 qubit for amplitude encoding, holding all other
hyperparameters �xed at the values in Table 1. Per-
formance is �at across all settings however 16 qubit
angle encoding seems slightly better. Table 3 shows
quantum branch's bene�t is not highly sensitive to
encoding choice at this feature dimensionality and
residual quantum part plays a corrective role.

However, several limitations remain. The model
is evaluated only on AWGN, not covering Poisson
or modality-speci�c noise (e.g., MRI). The VQC is
simulated on a classical state vector backend, limit-
ing scalability and real hardware validation. Addi-
tionally, the method functions as a post-processing
step rather than being embedded in the reconstruc-
tion pipeline.Future work will extend evaluation
to Poisson-noise low-dose CT and investigate in-
tegrating the quantum-enhanced module directly
into the �ltered back-projection re�nement stage,
as well as benchmarking against transformer-based
(e.g., Restormer, SwinIR) and di�usion-based de-

noisers. In image analysis, comparative study con-
ducted with di�erent advanced architecture such as
DeepLabV3Plus and DeepLabV3 motivates bench-
marking against hybrid quantum classical mod-
els [33].

4 Conclusion

Adding a quantum-enhanced bottleneck to a U-
Net GAN architecture yields two consistent bene-
�ts: improved image quality, evidenced by sharper
edges and higher PSNR/SSIM scores, and improved
training stability, with faster and smoother conver-
gence than the fully classical adversarial baseline.
The proposed model preserves anatomical struc-
ture and low-contrast detail under heavy Gaus-
sian noise more e�ectively than the classical U-Net
GAN, DnCNN, BM3D, and TV baselines evaluated
here. These results should be read as evidence that
a shallow, parameter-e�cient quantum sub-circuit
can act as a useful structural regularizer within an
otherwise classical GAN, rather than as evidence of
a quantum computational advantage in the formal
sense; realizing the latter would require validation
on noisy quantum hardware and at problem sizes
beyond what classical state vector simulation can
e�ciently reproduce.
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