www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Quantum neural network-based
compensation of distorted orbital
angular momentum beams in
complex media

Gokul Manavalan®™ & Shlomi Arnon

Quantum computing is emerging as a transformative tool for communication systems, offering the
potential to overcome long-standing physical limitations. In free-space optical networks, orbital
angular momentum (OAM) multiplexing promises massive capacity gains, but its practical use is
fundamentally constrained by multiphysics degradations such as atmospheric turbulence, volumetric
Mie scattering, and stochastic quantum noise. These effects induce nonlinear modal crosstalk and
severe beam distortions, against which classical approaches—most notably convolutional neural
networks (CNNs)—provide only partial and non-scalable compensation. To address this gap, we report
the first use of variational quantum neural networks (QNNs) for adaptive OAM beam compensation

in realistic channels. By embedding parameterized entangling layers into a supervised regression
pipeline, our QNN achieves end-to-end reconstruction of distorted Laguerre—Gaussian beams with
topological charges [ € {1,4,8,12}. Using experimentally validated channel parameters, QNNs achieve
mean squared error as low as 4.0x10~%, SSIM above 0.99, and bit-error rates suppressed by >99.9%
(0.0125% BER). To ensure scalability, we introduce the quasi-quantum neural network (QqNN), a
classical surrogate that emulates quantum dynamics via tensorial projections, achieving near-optimal
performance (0.0375% BER) at reduced complexity. This hybrid framework positions QNNs as a
quantum-resilient paradigm for OAM decoding and establishes QqNNs as the first scalable surrogate
for near-term deployment.

Quantum algorithms and quantum computing are rapidly emerging as transformative paradigms in information
processing, with particular promise for communication systems where classical methods struggle to address
complex optimization and signal restoration tasks!~%. Among the most compelling frontiers is the mitigation
of channel impairments in high-dimensional photonic communication schemes. Within this context, orbital
angular momentum (OAM) of light has attracted significant attention as a carrier of information due to its
theoretically unbounded Hilbert space and compatibility with both free-space and guided-wave architectures®.
However, the practical viability of OAM-based systems critically depends on developing robust methods to
counteract multiphysics degradations—including atmospheric turbulence, volumetric scattering, and stochastic
quantum decoherence—that induce modal crosstalk, phase scrambling, and intensity distortions’ 1.

OAM beams, characterized by the azimuthal phase factor exp (il ) with topological charge I, form the basis
of Laguerre-Gaussian (LG) modes that enable multiplexing across independent spatial channels>®. This unique
spatial structure underpins ultrahigh-capacity free-space optical (FSO) links, mode-division multiplexing in
fibers, and quantum key distribution in integrated photonics! 2. Yet, their performance remains acutely sensitive
to environmental perturbations: even moderate levels of turbulence, scattering, or decoherence can collapse
modal orthogonality, leading to catastrophic fidelity loss in both free-space and guided-wave platforms’~1°.
Overcoming these impairments requires compensation strategies capable of addressing the inherently nonlocal
and multiphysics nature of OAM distortions.

Recent advances have explored classical and physics-informed neural network architectures for OAM
beam compensation'*~'7. Guo et al.!® proposed a hybrid forecasting mechanism based on two-stage variational
mode decomposition and autoregressive modeling (TsVMD-AR), targeting turbulence prediction via temporal
modeling of Fried parameter fluctuations!'®. Jia et al.!* extended the paradigm to spatial domain restoration,
employing a dissipative diffractive deep neural network (D2NN) architecture, where the compensation process
exploits spatial mode filtering via learnable optical transfer functions!®. Zhang et al.!® introduced a sensorless
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adaptive optics (AO) framework utilizing Pix2PixGANs to perform image-to-image translation from distorted
to corrected vortex modes, demonstrating efficacy across high-data-rate OAM-FSO links under strong
turbulence, with potential extensions to mode-division multiplexed fibers where intermodal crosstalk similarly
limits capacity'®. While impactful, these methods fundamentally rely on local correlations in distorted intensity
space, limiting their ability to capture the nonlocal, multiphysics couplings underlying OAM degradation.

Concurrently, quantum machine learning (QML) has emerged as a compelling approach for extracting
globally entangled representations in high-dimensional signal spaces?™. Parametric quantum neural networks
(QNNgs), in particular, offer exponentially rich hypothesis classes via variational circuit learning, enabling global
feature extraction through entanglement and non-classical kernel embeddings!®?. Larocca et al. rigorously
characterized the overparameterization phase transition in QNNs, showing that expressivity sharply increases
once a critical operator rank is achieved®’. This provides a theoretical basis for the use of deep variational
circuits in structured signal regression. Applications of QNNs have since permeated biomedical diagnostics
(Qu et al.)?!, financial time-series modeling (Paquet et al.)?2, and quantum-enhanced classification (Zhou et
al.)!, demonstrating superior generalization in noise-prone regimes. Badreddine et al.>* pioneered the use of
hybrid ConvQuantum networks for OAM mode classification under turbulence?®. However, their work remains
restricted to discrete classification tasks under single-physics turbulence. To date, no study has addressed
the continuous-valued regression and compensation of intensity-deformed OAM beams under composite
turbulence-scattering—decoherence channels. Moreover, the computational cost of full quantum pipelines under
idealized, noise-free simulations poses a scalability bottleneck, motivating development of tractable, quantum-
inspired surrogates.

In this work, we introduce a variational quantum neural network (QNN) regression framework for end-to-end
restoration of distorted LG beams with topological charges [ € {1,4,8,12}. While demonstrated here for free-space
channels, the approach is inherently extensible to guided-wave platforms such as few-mode fibers and integrated
waveguides. The QNN leverages parameterized entangling layers within a supervised learning pipeline, enabling
sub-wavelength reconstruction of amplitude distributions. To address scalability challenges, we further propose
a quasi-quantum neural network (QqNN)—a classical surrogate that emulates entangling dynamics through
nonlinear tensor projections, achieving near-quantum performance with markedly lower computational cost.
The overall workflow of beam generation, channel distortion, and QqNN-based compensation is illustrated
in Fig. 1. In both simulation and experiment, the proposed QNN achieves over 99% reductions in MSE and
BER with SSIM exceeding 0.99, while the QNN delivers comparable performance with substantially reduced
computational overhead. To the best of our knowledge, this constitutes the first demonstration of QNN-enabled
regression and compensation of OAM beams degraded by composite turbulence, scattering, and decoherence.
Beyond establishing QNN s as a quantum-resilient paradigm and QqNN:s as efficient surrogates for noise-prone
OAM links, this hybrid framework lays a forward-compatible foundation for quantum-classical transceiver

Camera

ions
Environmental perturbatx

Fig. 1. Graphical abstract: A schematic representation of the proposed experimental and computational
framework. A collimated laser beam is phase-modulated via a spatial light modulator (SLM) to generate a
vortex (LG) mode of prescribed topological charge. The structured beam subsequently propagates through

a multiphysics perturbative channel comprising atmospheric turbulence, fog-induced Mie scattering, and
quantum decoherence processes. The distorted optical field is collected by a camera and digitally processed by
the proposed QqNN for compensation and reconstruction.
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architectures. As quantum hardware matures, such models can be natively executed on quantum processors,
enabling orders-of-magnitude acceleration in training and inference for high-dimensional optical channels.

Structured light propagation through multiple physical perturbative channels
Structured light beams carrying OAM span a high-dimensional Hilbert space, offering unbounded degrees of
freedom for photonic encoding®**?. In the paraxial regime, OAM-carrying beams are typically represented
in the LG basis, LG (p,1) (r, ¢, z), which constitutes an orthonormal set of solutions to the scalar paraxial
Helmholtz equation in cylindrical coordinates?®~2%. The complex field distribution of a Laguerre-Gaussian beam
9,29,

is given by

p i 2 72 2
LGpi(r,p,2) = ﬁz) ij—p)' xexpli(2p+ |l + 1) ¢ (2)] = ( \,/ﬁr ) L\p” <%> * exp (* ZLRkIZ)> exp (71U'(r2)2> exp (il ) (1)

/ 2
Here, w (2) = woy /1 + z / z% represents the beam waist at axial distance z, where wyg is the waist radius

2
at the beam focus and zr = "0 is the Rayleigh range. The radius of curvature of the beam’s wavefront is

given by R(z) ==z [1 + (ZTR)Q}, and ¢ (z) = arctan (i) denotes the Gouy phase shift. The radial

mode index p and azimuthal index I characterize the spatial distribution, with Ly ! (+) being the generalized
Laguerre polynomial. The wave number is k = 2. This expression captures both the helical phase and radial
intensity distribution of an ideal OAM mode in free-space®**%. To rigorously emulate real-world propagation
environments, the structured LG modes were modeled under three independent yet cumulative perturbations:
atmospheric turbulence, fog-induced multiple scattering, and quantum decoherence. Each distortion source was
treated analytically and numerically to preserve physical fidelity, thereby ensuring that the subsequent machine-

learning evaluation operates on data consistent with optical physics.

Atmospheric turbulence modeling

Propagation through the turbulent atmosphere introduces stochastic refractive-index fluctuations, leading to
phase-front corrugation, intensity scintillation, and modal crosstalk!>3%-3*. We model turbulence via a Monte
Carlo phase-screen approach, employing the modified Kolmogorov power spectral density with von Karmén
inner and outer scale corrections®*. A distorted LG field is given as

Uturb ($7 y) = U“’L (IE, y) €$P[J¢’ turb(‘rv y)] (2)

Where Ujn(x,y) is the input LG beam and ¢ ,,,,,(2,y) is a zero-mean Gaussian random phase function,
whose statistics are dictated by the power spectral density (PSD)**:

—11/6

_ 1
¢4 (q,qy) = 0.023r5 "% (|g* + exp (—g|15) @)

fg)

Here, 7o is the Fried coherence diameter that quantifies the spatial correlation of phase distortions, while Lo
and o are the outer and inner scales of turbulence; ¢ = (g, gy) are spatial frequencies. Equation (3) defines the
Fourier-domain statistics from which the random phase screen @ ,,,,,(, y) is synthesized**3>. Applying this
phase screen to the LG field yields the turbulence-distorted field and this operation captures multi-scale phase
perturbations, which induce both randomized wavefront tilts and intensity speckling, especially detrimental to
higher-order OAM modes due to their extended phase gradients.

Fog induced multiple scattering

Volumetric Mie scattering in fog introduces spatial amplitude blurring and additional attenuation, which can
fundamentally distort the spatial fidelity of OAM beams!'®**%’. Fog is modeled as a diffusive, multiple-scattering
channel that imposes both attenuation and spatial blurring*”-*. Since the convolution is performed in the spatial-
frequency domain, we express both the turbulence-perturbed field Ugurb (fz, fy) and the fog transfer function
H (fz, fy) in Fourier space, such that the fog-attenuated field is given by,

Utog (fzafy):Uturb (fwvfy)H(fzvfy) (4)

Where f, and f, denote the spatial frequencies, and H (fe, f,) is a Gaussian point-spread function (PSF)
inspired by the Henyey-Greenstein (HG) scattering law®. Explicitly,

i+ 1
H (fa, fy) = exp |:20,2y - T (5)
With scattering width o = 5 Zlfog \/152. Here, g € [0,1] is the HG anisotropy parameter, A is the optical

wavelength, and zy,, is the effective propagation distance through fog®®. The scalar transmittance factor T
accounts for exponential intensity decay,

T = exp(— B 2f0q) 6)
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Where 3 (mfl) is the medium’s attenuation coefficient, determined by Mie scattering cross-section and

particle concentration®”8. Equations (4)-(6) together approximate the angular scattering statistics of the HG
distribution while retaining computational tractability via a Gaussian kernel. The model captures both spatial-
frequency filtering and overall transmission loss due to fog.

Quantum noise channels

Beyond classical distortions, optical beams experience quantum decoherence arising from photon loss, dephasing,
and environmental coupling*~*2 In our simulations, this is represented via stochastic Kraus-equivalent maps
applied to the intensity distribution*’. The degraded field is

Uﬁnal (x7 y) = Mdeph (CE, y) Mloss (ZE7 y) Ufog (x, y) (7)

where M geph (2, ) is a multiplicative random phase mask drawn from a Bernoulli distribution with probability

7 4 of phase flip (mimicking a dephasing channel)***°, and Mioss (7, y) is a binary mask with transmission
probability ~ ;, modeling amplitude damping or photon loss**. This procedure effectively implements classical-
field surrogates of Kraus operators*+45:

* Maepn (,y): Dephasing: p — (1 —=7v4)p +v4ZpZ
o Mioss (z, y): Amplitude damping: p — FEopEj + ElpEI

Where p: input quantum state density operator; Z: Pauli-Z operator; Fo, FEi: Kraus operators,
Ey = [ %) \/(% ], E = [ % \/16771 };andTindicate Hermitian conjugate***5. While the Bernoulli-
mask approach does not simulate multi-photon entanglement explicitly, it statistically reproduces the ensemble-
averaged behavior of single-beam quantum channels (dephasing and amplitude damping). For intensity-based
observables, this surrogate is equivalent to applying the corresponding Kraus maps, as shown in prior work*-%5,
ensuring that simulated decoherence and photon-loss effects faithfully reflect real quantum channel statistics.

Equations (2)-(7) sequentially define the cumulative impact of turbulence, fog, and quantum noise,
respectively. Together they yield the fully degraded LG beam field Ugnai (z,y), which exhibits random
phase corrugations, diffusive blurring, photon loss, and coherence decay. This composite model captures the
salient physics of long-distance free-space optical communication channels under real-world environmental
perturbations. Representative examples of distorted LG beams across different topological charges are provided
in Supplementary Fig. 1. To reconstruct the fidelity of the fully perturbed field Ufsnal (z,y), we developed
deep-learning architectures spanning both classical and quantum paradigms. Specifically, we employed CNNs,
inspired by autoencoder-style encoder-decoder topologies, variational QNNs based on parametrized quantum
circuits, and a hybrid QqNN that fuses classical convolutional layers with variational quantum layers.

Proposed methodology

This section delineates the comprehensive algorithmic framework, dataset curation strategy, and training protocol
employed for three neural paradigms, QNN, QgNN, and CNN—designed for high-fidelity reconstruction
and compensation of OAM beam profiles subjected to cumulative degradation from atmospheric turbulence,
volumetric fog, and quantum noise channels. All networks are trained and validated on synthetically generated
datasets with topological charges | € {1,4,8,12}, spatial resolution of 64 x 64 pixels, and sufficient sample diversity
to span the stochastic variability of the perturbative channels. The implementation leverages PyTorch 2.1 for
classical deep learning operations, PennyLane 0.33 for variational quantum circuit simulation with automatic
differentiation, and NumPy 1.26 for high-performance linear algebra®*’. All computations are executed on
Google Colab GPU instances (NVIDIA Tesla T4/A100), ensuring rapid prototyping and end-to-end training.

Quantum neural network (QNN)

The QNN leverages a fully quantum latent embedding via a parameterized quantum circuit (PQC), enabling the
extraction of globally entangled features that classical networks cannot capture efficiently (Fig. 2)'*%. The input
image I;n€ R'™ 54X % is reshaped into a vector z€ R*°%® and projected into a quantum-compatible latent
representation via a nonlinear transformation followed by a learnable affine mapping*®:

g =7 - tanh(Whiz + b1), zq4€ RS (8)

where Wi€ R'©*%%% and b€ R'® are trainable parameters. The use of tanh(z) ensures bounded rotation
angles [, 7], mitigating over-rotation in the quantum circuit*®. The latent vector z, is encoded into a 16-qubit
quantum state using PennyLanes default.qubit simulator®*®. The selection of 16 qubits was determined
empirically to provide an optimal balance between circuit expressivity and a tractable simulation cost.

1.  Angle Embedding’!: Classical features are mapped into the Hilbert space via single-qubit rotations about
the Y-axis. This process ensures a unitary and reversible embedding of classical amplitudes into quantum
states.

Uems (24) = ® 2oRy (23)) = @ 2gexp(—iz)Y/2) 9)
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Fig. 2. Hybrid quantum-classical network architecture: Schematic of the proposed QNN model, which
integrates a classical convolutional autoencoder for feature extraction with an embedded variational quantum
circuit for non-classical representation learning. The quantum block is parameterized by trainable rotation
gates and entangling layers, enabling nonlinear feature fusion that enhances robustness against channel-
induced distortions.

This operation (®) signifies a tensor product, which represents the independent application of the single-
qubit rotations to each of the 16 qubits, thereby encoding the classical features into the combined quantum state.

2. Variational Ansatz (BasicEntanglerLayers)>*: To generate entanglement and capture nonlocal correla-
tions across qubits, a hardware-efficient ansatz is employed:

Usar (0) = [] &1 (2 120Ry (0 0,1) - € nn) (10)

Where © € R** '“are learnable variational parameters and ¢ ., denotes a nearest-neighbor entanglement
pattern, ensuring scalable qubit connectivity while avoiding barren plateaus in training. The composite quantum
operation applied to the embedded latent vector is therefore:
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Uzq,0) = Uvar (©) - Uems (24) (11)

3. Measurement and reconstruction Layer: Following evolution through the variational circuit, Pauli-Z ex-
pectation values are measured on all qubits to collapse the quantum state into a classical latent representa-
tion:

z = [<Z0> s <Z1> yaeny <215>]T S R16 (12)

These observables encode global, entangled correlations in the input beam, which are subsequently decoded
into an image via a fully connected linear transformation:

7= Reshape(Waz + ba), Wae R0 16 pye R0 (13)

All parameters {W1,b1, W,, bz, © } are optimized end-to-end via gradient descent, with quantum gradients

computed using PennyLane’s parameter-shift rule and propagated through PyTorch’s automatic differentiation
ined647

engine*®*,

Convolutional neural network (CNN)

As a fully classical baseline, the CNN adopts a symmetric autoencoder architecture consisting of an encoder-
decoder stack of convolutional and transposed convolutional layers®*. The encoder channel progression is:
{1 — 16 — 32 — 64}, with LeakyReLU activations after each convolutional layer (Fig. 2). The decoder
mirrors the encoder with transposed convolutions, reconstructing the spatial amplitude profile of the beam. The
network is trained to minimize the pixel-wise mean squared error (MSE):

1 i i) 2
Luse = 2 3 Mill Porn(1:0) — I3 I3 (14)

Where Fonn denotes the CNN mapping function and 6 its parameters. While effective at capturing local
correlations, CNNs lack the ability to model nonlocal entanglement patterns, limiting compensation fidelity for
higher-order OAM modes under multiphysics degradation.

Quasi-quantum neural network (QgNN)

The QNN constitutes a hybrid quantum-classical architecture, embedding a quantum variational circuit within
a classical convolutional autoencoder to leverage both local and global features. The architectural design of
the proposed QqNN is detailed in Fig. 2. The encoder contains three convolutional layers (3 x 3 kernels)
with ReLU activations, progressively increasing channels {1 — 16 — 32 — 64}), followed by a flattening
operation and a fully connected projection into a latent feature vector f€ R*®. This classical latent vector is
mapped into a quantum state via AngleEmbedding®!, processed through the same BasicEntanglerLayers>? ansatz
as in the QNN, and measured to yield a quantum-enhanced feature vector f,€ R'®. The hybrid latent vector
is then formed by concatenation:

frybria = [f; fa]€ R (15)

The decoder reconstructs the beam profile through three transposed convolutional layers. To balance the
contributions of classical and quantum components adaptively, a fusion loss is employed:

Efusion =a- Equantum + (1 - a) . [fclu.ssical (16)

where € [0,1] is a learnable scalar optimized alongside network parameters. This mechanism allows the network
to dynamically allocate information flow between the quantum and classical channels, enhancing reconstruction
fidelity under severe turbulence, scattering, and decoherence.

System parameters and evaluation

The dataset underpinning the reconstruction task was generated through rigorous numerical simulations of
LG beams subjected to realistic free-space channel degradations. While Sect. II develops the analytical and
computational foundations of turbulence, fog scattering, and quantum noise, this section specifies the exact
parameterization adopted for dataset construction, along with the subsequent training hyperparameters and
BER evaluation pipeline.

Channel distortion modeling parameters

Simulations were carried out for LG beams of azimuthal indices I € {1,4,8,12}, each normalized to a beam waist
of wo = 0.05 m and wavelength A=637 nm. A propagation length of 500 m was assumed, within which the
following distortion models were instantiated:
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o Atmospheric turbulence: Phase perturbations were synthesized using a multi-layer split-step Fourier prop-
agation method with random Kolmogorov phase screens. The Fried parameter was set to rg = 0.017, corre-
sponding to a strong turbulence regime. An inner scale of lo = 0.01 m and outer scale of Lo = 100 m were
enforced to ensure statistical consistency with the von Kérman spectrum®3+%°.

. Fog scattering: Medium-induced attenuation and angular broadening were simulated via the Henyey-
Greenstein phase function with anisotropy factor = 0.8. The extinction coefficient was chosen as § = 0.07824
m~, corresponding to a visibility of 50 m as per Koschmieder’s law®. To emulate volumetric scattering, the
total propagation path of 100 m was discretized into 10 scattering planes separated by 10 m.

e Quantum noise: To incorporate non-classical impairments, stochastic Pauli channels were applied on the
simulated field. Specifically, dephasing noise with probability v ; = 0.2 and amplitude-damping noise with
probability v ; = 0.1 were applied on a pixel-resolved basis, thereby reproducing the statistical decoherence of
field modes under realistic quantum-limited detection conditions.

This parameterization ensures that the dataset captures a non-trivial interplay of deterministic diffraction,
random turbulence, mesoscale scattering, and quantum-level noise, forming a stringent benchmark for hybrid
quantum-classical learning models. The employed turbulence (0 = 0.017 m) and fog scattering ( = 0.07824
m — 1) correspond to high-distortion conditions. Since beam degradation scales with turbulence strength and
scattering®’ >, networks trained under such severe regimes are expected to generalize effectively to weaker
channels exhibiting reduced phase perturbations and attenuation. For conditions far beyond this range,
retraining or fine-tuning may be required to preserve reconstruction accuracy.

Dataset and hyperparameters for training

For each topological charge class, 1000 paired images of ground-truth and distorted LG beams were generated,
yielding a total of 4000 distorted inputs and 4000 ground-truth targets. All images were stored in both .png and
.npy formats to support classical and quantum neural network pipelines. The dataset was organized into class-
wise folders, and each image was normalized to [0,1] prior to training. Dynamic loading and augmentation
(random crop and intensity jitter) were implemented using torchvision.transforms to improve generalization.
For each topological charge, the dataset of 1000 paired images were randomly partitioned into 70% training,
15% validation, and 15% test sets. Training, validation, and testing were conducted independently for simulation
and experimental datasets to ensure statistical separation and prevent data leakage. No cross-domain fine-
tuning was applied. This separation strategy is consistent with recent best practices in simulation-to-experiment
modeling®®¢!. Validation subsets were used exclusively for early stopping and hyperparameter optimization.
Identical splitting and augmentation strategies were employed for CNN, QNN, and QqNN to preserve fairness
of comparison. Training employed the Adam optimizer with learning rate 2 x 10” %, momentum parameters §,
= 0.5, f, = 0.999, and batch size of 4. Each network was trained for 20 epochs, with early stopping enabled via
validation loss. Classical CNN layers were trained using PyTorch’s automatic differentiation. Quantum layers
(variational circuits with AngleEmbedding and BasicEntanglerLayers) employed PennyLane’s parameter-shift
rule to compute gradients. Hybrid QqNN layers leveraged joint optimization, with a weighted loss fusion
ensuring numerical stability between classical and quantum parameter updates. GPU acceleration was used for
classical components, while quantum layers executed on the Pennylane default.qubit simulator backend.

To rigorously assess computational complexity, we evaluated three key metrics: the number of trainable
parameters, average training time per epoch, and inference latency per test batch. These results, as shown in
Table 1, were recorded for all three models under identical hardware conditions (NVIDIA Tesla T4 GPU). The
CNN baseline consisted of approximately 1.2 x 10° parameters, with training and inference times of 0.8 s per
epoch and 0.12 s per batch, respectively. The purely quantum QNN model had ~ 7.3 x 10* parameters but incurred
higher computational cost, requiring 2.6 s per epoch and 0.38 s per batch. In contrast, the hybrid QqQNN model
maintained a balanced profile, with ~9.1 x 10* parameters, a moderate training time of 1.7 s per epoch, and an
inference latency of 0.20 s per batch. Notably, quantum simulation accounted for ~60% of the QqNN’s inference
time. All models were trained and evaluated under identical hardware and optimization conditions to ensure
fairness in comparison. These results underscore the QgNN’s advantageous trade-off, offering significantly
improved reconstruction fidelity over classical and quantum baselines while maintaining computational demands
within a practical and efficient range. A detailed tutorial outlining the full implementation pipeline, including
dataset handling, CNN, QNN, and hybrid QNN architectures is provided in Supplementary Material Sect. SI,
together with important and necessary python code snippets and explanations to facilitate reproducibility.

Bit-error-rate—driven evaluation of compensation fidelity

To rigorously quantify the information-preserving capacity of the proposed compensation frameworks, we
adopted a BER-based metric mapped onto a symbol-encoded OAM alphabet®?. Each topological charge | €
{1,4,8,12} was assigned a unique two-bit representation (00, 01, 10, 11), thereby allowing BER to serve as a

Model | Trainable parameters | Training time / Epoch | Inference time / Batch
CNN ~12x10° ~0.8s ~0.12s
QNN | ~7.3x10* ~2.6s ~0.38s
QgNN ~9.1x10* ~1.7s ~0.20s

Table 1. Comparative analysis of computational complexity metrics across neural network architectures.
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direct measure of communication fidelity. A CNN classifier was first trained exclusively on ground-truth LG
beams to ensure the network learned the ideal, uncorrupted mode characteristics'®**¢*. Using GT beams for
training is standard practice in OAM-based communication systems, as it provides a reliable reference for
evaluating the efficacy of compensation schemes and ensures that any subsequent BER measurement reflects
deviations caused solely by channel distortions rather than limitations of the classifier'®3. The CNN architecture
comprised three convolutional stages (16-16-32 filters) with interleaved batch normalization, ReLU activations,
max/average pooling, and dropout regularization, followed by a dense layer with four units and a softmax
output’. Hyperparameters included an Adam optimizer (learning rate = 10~ *), mini-batch size of 50, and 20
epochs, consistent with architectures previously validated for OAM beam classification tasks”!?. The CNN BER-
evaluation training curves for both simulation and experiment are nearly identical, confirming reproducibility
as shown in Supplementary Fig. 2.

After training on GT, this network served as a decoding benchmark to infer symbol decisions for (i) distorted
beams without compensation, and (ii) compensated beams reconstructed by CNN, QNN, and Q@NN models.
The predicted sequences were compared against the transmitted bit sequences to extract BER, total error counts,
and classification accuracy. This testing methodology is widely recognized in optical communication research as
it provides a standardized and efficient protocol to assess system-level performance, allowing direct comparison
of compensation strategies under identical conditions. Both simulation datasets and experimental tabletop
measurements were evaluated to provide a dual-layer validation of the compensation performance.

Experimental implementation of multi-physics structured-light propagation

To validate the numerical simulations and assess the fidelity of OAM beam reconstruction under realistic channel
impairments, a tabletop optical experiment was devised to emulate sequential multiphysics degradations. The
experimental framework replicates a free-space quantum communication channel, encompassing three principal
distortion stages: atmospheric turbulence, volumetric scattering (fog), and quantum decoherence (dephasing and
photon loss). A coherent He-Ne laser (Melles-Griot 05-LHP123-496, CW, 5 mW, 1 mm spot size) provided the
linearly polarized input, ensuring optimal phase modulation on liquid-crystal-based Spatial Light Modulators
(SLMs). The first SLM (SLM1) generated the target LG mode by encoding the desired azimuthal index with
an additional phase-blaze grating to diffract the beam into a clean first-order mode, subsequently filtered by a
pinhole to remove higher diffraction orders. The resulting beam represents the input modal state of interest for
the multiphysics channel. SLM2 implements phase perturbations corresponding to Kolmogorov turbulence,
physically reproducing atmospheric refractive-index fluctuations. High- and low-frequency components of the
phase screen are synthesized via FFT-based methods and subharmonic generation, then resized to the SLM
resolution to emulate the statistical characteristics of turbulent propagation as defined in Sect. II.

The third SLM (SLM3) simultaneously encodes fog-induced volumetric scattering and quantum-level
decoherence. Fog scattering is represented by a phase-only approximation of the inverse Fourier transform of
a Gaussian PSF derived from the Henyey-Greenstein model, reproducing the angular broadening observed
in dense fog. Dephasing noise is implemented by applying stochastic phase shifts at randomly selected
spatial coordinates according to a Bernoulli distribution with probability 7 ;, while amplitude damping
(photon loss) is emulated through strong local phase scrambling at sites determined probabilistically by ~ ;.
Complementary global photon attenuation is realized via a calibrated beam splitter after SLM3. The modulated
beam is subsequently collected and imaged onto a CCD camera, capturing intensity and mode structure for
direct comparison with simulations. Although turbulence, scattering, and quantum decoherence are applied
sequentially via SLM2, SLM3, and a beam splitter, the cumulative field emerging at the detector naturally
incorporates coupling effects between all distortion stages, capturing phase-amplitude interactions, modal
crosstalk, and turbulence-modulated scattering, thereby faithfully reproducing realistic multiphysics channel
conditions. For dataset construction, 1000 images per topological charge class were recorded for both fully
perturbed beams and unperturbed ground-truth beams, yielding a total of 4000 experimental inputs and
4000 corresponding reference images. This dual dataset enables rigorous verification of simulation fidelity and
benchmarking of classical, quantum, and hybrid reconstruction models. The laboratory implementation of the
multiphysics channel and compensation pipeline is shown in Fig. 3.

Results of the proposed system

We present a comprehensive quantitative and qualitative assessment of the proposed OAM compensation
strategies, summarized in Table 2 and illustrated in Figs. 4 and 5 for numerical simulations and experimental
datasets, respectively. Across all topological charges, a clear hierarchy emerges: the variational QNN consistently
achieves near-ideal reconstruction fidelity, closely followed by the QqNN, whereas classical CNN performance
deteriorates markedly with increasing vortex order. For low-order modes (/=1), the CNN achieves moderate
recovery (simulation SSIM=0.899, experimental SSIM=0.809), whereas QNN attains near-perfect fidelity
(SSIM>0.998), and QgNN provides intermediate restoration (simulation SSIM=0.943, experimental
SSIM =0.951), demonstrating its efficacy as a computationally tractable surrogate. With increasing complexity
(I=4), CNN performance declines (SSIM~0.818), while QNN remains virtually unaffected (SSIM=0.998)
and QqNN continues to deliver high-fidelity recovery (simulation SSIM=0.957, experimental SSIM =0.991).
At intermediate (/=8) and high-order (/=12) modes, CNN reconstructions collapse (simulation SSIM =0.366,
0.018; experimental SSIM=0.618, 0.431), whereas QNN demonstrates remarkable resilience (simulation
SSIM =0.998-0.999, experimental SSIM =0.988-0.994), and QqNN maintains near-quantum performance
(simulation SSIM =0.946-0.972, experimental SSIM=0.990-0.996), reflecting its capability to emulate
entanglement-enhanced tensor projections and mitigate nonlinear modal scrambling.
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Fig. 3. Laboratory tabletop experiment: Experimental configuration for validating beam compensation. A
laser source is passed through a polarizer (P) and SLM1 to generate LG modes. The beam is subsequently
propagated through SLM2 (Monte Carlo turbulence phase screen), SLM3 (fog scattering and quantum
decoherence emulation), followed by a beam splitter (BS) introducing global photon loss. A collection lens (L)
directs the perturbed beam onto a camera for post-processing.

Simulation Experiment
Topological charge | Model | MSE RMSE | SSIM | MSE RMSE SSIM
CNN | 0.001812 0.04257 | 0.899 | 0.005433 | 0.0737 0.809
1 QNN | 7.00x107¢ | 0.00267 | 0.999 | 1.1x107* | 0.0104 0.998
QgNN | 1.45x107* | 0.01203 | 0.943 | 2.9%x10°* | 0.0172 0.951
CNN | 0.006204 0.07877 | 0.818 | 0.011178 | 0.105728 | 0.817
4 QNN | 4.00x107° | 0.00197 | 0.998 | 1.6x107* | 0.012812 | 0.998
QgNN | 3.80x107° | 0.00616 | 0.957 | 1.4x10™* | 0.011999 | 0.991
CNN | 0.012422 0.11146 | 0.366 | 0.028223 | 0.167997 | 0.618
8 QNN | 1.20x107° | 0.00343 | 0.998 | 1.7x107* | 0.013357 | 0.988
QgNN | 2.50x107° | 0.00500 | 0.946 | 5.0x 107 | 0.007055 | 0.990
CNN | 0.018689 0.13671 | 0.511 | 0.050604 | 0.224954 | 0.431
12 QNN |2.20x107° | 0.00470 | 0.999 | 1.7x107* | 0.013358 | 0.994
QgNN | 1.90x107° | 0.00433 | 0.972 | 4.6x107° | 0.006805 | 0.996

Table 2. Quantitative decoding metrics: structural similarity index (SSIM), mean-squared error (MSE), and

root-mean-squared error (RMSE) across simulation and experiment for [=1, 4, 8, 12.

Fig. 4. Simulation results of LG beam compensation: Columns show: input beams (a-d), ground truth beams
(e-h), CNN-reconstructed beams (i-1), QNN reconstructions (m-p), and QgNN reconstructions (q-t). Rows
correspond to topological charges =1, 4, 8, and 12.
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t

Fig. 5. Experimental results of LG beam compensation: Columns follow the same format as Fig. 4 (input,
ground truth, CNN, QNN, QqNN), for topological charges [=1, 4, 8, and 12.

Qualitative inspection of Figs. 4 and 5 corroborates these trends: CNN reconstructions exhibit blurred vortex
cores and distorted intensity patterns at higher charges, whereas QNN and QqNN maintain structural fidelity,
with only minor deviations in intensity uniformity for the hybrid model. These results underscore the quantum-
inspired networks’ superior robustness against multi-physics perturbations including turbulence, scattering, and
quantum-limited noise.

Training behavior analysis

Analysis of training dynamics further emphasizes the scalability and efficiency of quantum-informed
architectures. Across all topological charges, QNN and QqNN converge to final training losses over 99%
lower than the CNN, demonstrating orders-of-magnitude improvements in reconstruction efficiency. While
all models showed effective convergence with decreasing loss over 20 epochs, the quantum-inspired models
consistently achieved final loss values several orders of magnitude lower than the CNN. In simulation, the QNN
and QqNN models achieved average final losses of 0.000025 and 0.000063, respectively, compared to the CNN’s
average of 0.009812, representing a mean performance improvement exceeding 99%. This trend was strongly
maintained in the experimental data, despite higher overall loss values for all models due to real-world noise
and environmental factors. Here, the QNN and Q@NN’s average final losses of 0.000191 and 0.000148 were more
than 99% better than the CNN’s average of 0.024296. Representative convergence trends for /=4 are shown in
Fig. 6. Additional cases are provided in Supplementary Fig. 3.

For instance, in the simulation, the CNN’s loss increased from 0.001802 (charge 1) to 0.018401 (charge 12),
but the QNN and QqNN models maintained a minimal loss throughout, consistently achieving values below
0.0002. This indicates that while the CNN’s performance degrades as the complexity of the OAM topological
charge increases, the QNN and Q@NN architectures remain robust and highly effective. Second, a clear trend
is observed across the models’ performance as the topological charge increases: as the complexity of the OAM
beam grows, the CNN’s final loss shows a marked increase in both simulation (from 0.001802 to 0.018401) and
experiment (from 0.005242 to 0.050515). In contrast, the QNN and QNN models demonstrate a remarkable
stability, with their final loss values remaining consistently low, regardless of the topological charge. For example,
the QNN’s final loss in the simulation only increased from 0.000010 for charge 1 to 0.000030 for charge 12. This
suggests that the quantum-inspired models are fundamentally more adept at handling the escalating complexity
of higher-order OAM beams, making them a more scalable and superior solution for real-world applications.

Comparative BER and accuracy analysis in simulation and experiment
The BER and accuracy statistics, obtained across 8,000 transmitted bits per scenario, reveal a consistent hierarchy
in compensation performance. Communication-level performance metrics are reported in Table 3.

In simulation, uncompensated beams yielded an accuracy of 39.3% with a BER of 0.398 (= 3,184-bit errors).
CNN-based compensation improved mode integrity to 86.15% accuracy with BER reduced to 0.116 (=928
errors). The QNN demonstrated near-perfect recovery with 99.98% accuracy and a BER of 0.000125 (=1 error),
while the Q@NN achieved 99.95% accuracy and BER of 0.00037 (=3 errors). In the experimental tabletop setup,
which incorporated physical turbulence and scattering, the trends were reproduced: uncompensated beams
reached 45.7% accuracy with BER=0.412 (= 3,296 errors), CNN compensation achieved 88.10% accuracy with
BER=0.059 (=472 errors), QNN again delivered 99.98% accuracy with BER=0.00012 (=1 error), and QqQNN
achieved 99.95% accuracy with BER=0.00025 (=2 errors). Notably, both QNN and QqNN reduced BER by
more than three orders of magnitude compared to distorted inputs, with confusion matrices showing nearly
ideal diagonality, confirming the preservation of OAM mode integrity after quantum-informed reconstruction.
This dual assessment across simulation and experimental platforms validates the reliability and efficiency of
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Fig. 6. Training convergence for /=4: Training loss curves for CNN, QNN, and QNN under both simulation
and experiment. The QNN and QqNN converge to >99% lower final loss relative to CNN, highlighting the
advantage of quantum-enhanced feature learning.

Simulation Experiment
Models BER Accuracy | BER Accuracy
Uncompensated beams 0.398 39.3% 0.412 45.7%
Compensated beams using CNN | 0.116 86.15% 0.0595 88.1%

Compensated beams using QNN | 1.2x107* | 99.98% 1.2x107* | 99.98%
Compensated beams using QqQNN | 3.7x107* | 99.95% 2.5%x107* | 99.95%

Table 3. BER and classification accuracy: Bit-error-rate (BER) and symbol decoding accuracy for
uncompensated beams and for compensation using CNN, QNN, and QqNN.

using GT-trained CNNs as a standardized decoding benchmark. The effect of beam compensation on simulated
communication capacity is presented in Fig. 7 and experimental communication performance is shown in Fig. 8.

Discussion and conclusion

The present study establishes a new benchmark in distortion-resilient optical beam decoding by demonstrating,
for the first time, the efficacy of fully parameterized QNNs and QqNNss for reconstructing OAM beams under
compound propagation impairments—conditions directly relevant to free-space optical links, multimode fibers,
and integrated photonic waveguides. While CNNs have previously been employed for turbulence compensation
in classical optical systems, their performance degrades significantly in high-noise, strongly nonlinear regimes,
particularly for beams with high topological charges (I). In contrast, our QNN achieved sub-10"> MSE and
SSIM =0.999 for [ up to 12 in simulation and SSIM =0.994 experimentally, thereby demonstrating an order-
of-magnitude improvement over CNN-based counterparts (Table 2). A clear topological charge-dependent
performance trend emerged. For /=1, all models performed reasonably well (SSIM>0.80 experimentally).
However, as [ increased, CNNs rapidly lost reconstruction fidelity (dropping to SSIM =0.431 for /=12), whereas
QNNs retained near-ideal decoding (SSIM=0.999 in simulation, 0.994 experimentally). This resilience is
attributed to the ability of QNNs to exploit the high-dimensional Hilbert space and quantum entanglement
to capture nonclassical spatial correlations—features that classical CNNs fail to disentangle under modal
decoherence, turbulence-induced beam wander, or modal crosstalk in multimode fibers and waveguides. The
results are consistent with the physics of high-order OAM beams, where larger ring radii and sharper phase
gradients increase sensitivity to scattering and turbulence.

The QqNN model, introduced in this work, offers a compelling hybrid alternative. By combining classical
convolutional preconditioners with shallow quantum variational circuits, it reduced quantum resource demands
while achieving SSIM = 0.972 (simulation) and 0.996 (experiment) at [ = 12, only marginally below the QNN. Its
lower gate depth and reduced qubit requirements make it significantly more hardware-friendly for deployment
on noisy intermediate-scale quantum (NISQ) processors and integration into fiber- and waveguide-based
optical communication testbeds. This highlights the QNN not merely as a reduced-complexity surrogate, but
as a viable framework for real-time quantum-enhanced optical inference. While the primary analysis focused on
four representative OAM charges (I = 1, 4, 8, 12), supplementary simulations were conducted for intermediate
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Fig. 7. Bit-error rate (BER) analysis in simulation: (a) uncompensated LG beam, (b) compensated beam via
CNN, (¢) via QNN, and (d) via QqNN.
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charges (I=2, 3,5, 6,7, 10, 11) to confirm monotonic performance trends (illustrated in Supplementary Table 1).
Reconstruction fidelity remains high for both QNN and QqNN (SSIM > 0.97-0.99), whereas CNN performance
gradually declines with increasing I. The symmetric behavior observed for + [ is consistent with the invariance of
intensity distributions under the transformation I > -I°. For higher orders (I > 12), QNN and QqNN maintain
robust performance (SSIM > 0.97 up to I = 16), whereas CNN performance deteriorates sharply (SSIM < 0.4),
consistent with observations on modal crosstalk and turbulence sensitivity reported in recent studies®®”.

From a communication standpoint, BER metrics further corroborate the superiority of quantum learning
models. Uncompensated beams exhibited BER = 0.398-0.412 with accuracy < 46%, rendering them unsuitable
for reliable transmission (Table 3). CNN compensation improved accuracy to 86-88%, but QNN and QqNN
dramatically reduced BER to the 107* level (0.00012-0.00037), corresponding to decoding accuracies above
99.95% in both simulation and experiment. This places our system an order of magnitude ahead of conventional
optical-turbulence compensation approaches (typically reported near 107*)!® and provides a pathway toward
telecom-grade reliability in both FSO and guided-wave optical links. Although the BER values remain
marginally above the stringent 10~ °> benchmark for telecom-grade systems due to the limited two-bit OAM
encoding scheme, expansion to larger mode alphabets would exponentially suppress normalized BER and push
the system into the ultra-reliable communication regime. The demonstrated reproducibility between simulation
and tabletop validation confirms that quantum neural architectures offer a practically deployable pathway to
robust, high-capacity, and noise-resilient OAM-based optical communication.

Comparison with prior works

To quantitatively situate our approach within the broader literature, we benchmarked the mean Structural
Similarity Index Measure (SSIM) values of our CNN-, QNN-, and QqNN-based reconstruction models against
recent state-of-the-art turbulence compensation studies (Supplementary Fig. 4). SSIM is a standard perceptual
metric for assessing image reconstruction quality, comparing luminance, contrast, and structural information
between reference and reconstructed images. Although SSIM offers a useful measure of fidelity, direct comparison
across studies can be misleading, as differences in datasets, turbulence strength, and evaluation protocols strongly
affect the metric. Our quantum-inspired frameworks consistently outperform conventional CNNs and recent
deep-learning approaches by Tan Qu et al. (2023)!* and Zhi Zhang et al. (2024, 2025)'3%, The QNN achieved
mean SSIM values of 0.998 (simulation) and 0.994 (experiment), significantly higher than typical CNN-only
results under turbulence (= 0.65). The QgNN exhibited comparably strong performance, with mean SSIMs of
0.954 (simulation) and 0.983 (experiment), surpassing most turbulence-only benchmarks and approaching the
best reported results. While our SSIM values demonstrate high-fidelity reconstruction, numerical comparisons
with prior works should be interpreted cautiously. The key advantage of our quantum-inspired models lies in
their ability to jointly compensate for multiple channel impairments, preserve OAM-mode fidelity across diverse
conditions, and provide scalable hybrid architectures suitable for near-term quantum hardware.

Interestingly, when compared against compensation studies in underwater turbulence (Peng Hu et al.
2024, SSIM = 0.9531%; Silei Wu et al. 2024, SSIM = 0.9787°; Jiao Wang et al. 2025, SSIM = 0.73297!, our QNN
and QgNN results demonstrate comparable or superior fidelity, despite addressing a more challenging multi-
distortion propagation scenario. These cross-domain comparisons emphasize the robustness and universality of
our proposed architectures. Beyond performance metrics, it is instructive to contrast our framework with recent
methodologies addressing OAM distortion compensation. Most contemporary approaches have been rooted in
classical or hybrid deep-learning architectures, adaptive optics (AO), or generative adversarial networks (GANs),
whereas our framework introduces a fundamentally different paradigm by exploiting the quantum feature space.

GAN-based approaches: Tan Qu et al. (2023)'* applied an improved CycleGAN to turbulence-distorted vortex
beams, framing compensation as an image-to-image translation problem. Their method improved recognition
accuracy by 4.4% compared to uncompensated beams, with SSIM values approaching unity. Similarly, Zhi
Zhang et al. (2024, 2025)'%68 extended Pix2PixGAN to turbulence compensation in OAM-based FSOC systems.
In the 2024 work, the GAN directly recovered turbulence phase screens, improving Strehl ratios by up to 35.7%
and mode recognition to > 99%. The 2025 study proposed a sensor-less AO scheme using GANS, eliminating
the need for wavefront sensors while achieving BER ~ 107 in an 80 Gbit/s OAM link. These studies confirm
GANS’ capacity to learn complex turbulence-induced mappings. However, GANs often suffer from training
instability, mode collapse, and heavy data requirements. In contrast, our quantum-inspired QNN/Q@NN models
leverage high-dimensional quantum feature spaces, enabling compact parameterization and stable convergence
with smaller datasets. Under comparable turbulence conditions, our QqNN achieved BER < 10* in simulation,
illustrating the potential of hybrid quantum-classical learning to outperform data-intensive GAN frameworks
in both efficiency and reconstruction fidelity.

Deep-learning AO hybrids: Huan Chang et al. (2024)'7 proposed a Y-net aided AO method, achieving high-
accuracy distortion compensation without probe paths, emphasizing reduced complexity compared to CNN-
based AO. Similarly, Yue Xu et al. (2023)7? implemented an AO pre-compensation scheme using beacon-based
wavefront sensing, achieving ~ 12.6 dB power penalty improvement and 6 dB reduction in modal crosstalk.
These works underscore the practical importance of AO-based pre-compensation, but both rely on hardware
wavefront corrections, introducing complexity not present in our purely computational framework. CNN-
residual architectures: Yuhang Wu etal. (2023)* integrated convolutional and residual blocks for turbulence phase
prediction in multiplexed OAM links. Their approach achieved > 10 dB power improvement under turbulence,
with significant crosstalk reduction. However, as with most CNN-based models, performance degrades under
high-/ modes or severe compound distortions, precisely where our QNN retains near-perfect decoding (SSIM >
0.99 at [ = 12). A detailed comparative analysis of turbulence-compensated SSIM performance across simulation,
experiment, and prior studies is provided in Table 4, underscoring the robustness and generalizability of our
quantum neural models.
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Crosstalk | 6 dB

feasible

Study Method Distortion type Reported metric Advantages Limitations
Tan Qu et al. (2023)" CycleGAN with SSIM | Atmospheric SSIM = 0.94; +4.4% accuracy | End-to-end compensation without | GAN instability; limited to

’ loss turbulence gain hardware turbulence
Zhi Zhang et al. Pix2PixGAN Atmospheric Strehl 1 35.7%; Mode Direct recovery of phase screens; | Requires large training data;
(2024)%8 turbulence accuracy >99% high mode fidelity turbulence-only
Zhi Zhang et al. Sensor-less AO via Severe turbulence _1n-s. Removes wavefront sensor; works | BER plateau at 107 limited
(2025)'8 Pix2PixGAN (D/ro =8) BER~10"% Power 1 3.7 dBm under strong turbulence scalability
Huan Chang et al. High-accuracy compensation; | Low structural complexity; no Still AO-dependent; CCD
(2024)7 Y-net AO (non-probe) | Turbulence robust demodulation probe path path required
Yue Xu etal. (20232 | AO pre-compensation | Turbulence Power penalty | 12.6 dB; Real-time pre-compensation Requires beacon hardware;

turbulence-only

Turbulence in

BER=1.2-3.7x10"*

Yuhan§2Wu etal. CNN; residual blocks | multiplexed OAM Power 1 10 dB; Crosstalk | Fast prediction; good for Accu'racyldr.ops at h?gh L
(2023) links 10 dB multiplexing classical limits remain
"This work (2025) QNN; QqNN Strong turbulence; SSIM =0.994-0.999; Quantum-native decoding; robust | Requires quantum simulation;

Fog; Quantum noise at high /; no AO hardware needed | hardware integration pending

Table 4. Comparative benchmark of turbulence-compensated image reconstruction fidelity: reported mean
SSIM values of our CNN-, QNN-, and QqNN-based models (simulation and experiment) are juxtaposed
against leading turbulence compensation frameworks from prior works. The table highlights the consistent
superiority of quantum-enabled models across both simulated and experimental settings.

Taken together, these studies highlight the incremental advances achievable through classical or GAN-based
learning. By contrast, our QNN/QgNN approach departs methodologically, leveraging the quantum Hilbert
space to encode and disentangle high-order spatial correlations without relying on phase retrieval, AO hardware,
or adversarial training. This enables record-low BER (10™* range), near-ideal SSIM values (0.994-0.999), and
scalability to high topological charges under compound turbulence, fog, and quantum noise, which no prior
study has simultaneously addressed.

Novelty, impact, and future directions

To our knowledge, this study is the first to implement a fully parameterized QNN for OAM beam compensation
under multi-channel distortions, including turbulence, fog scattering, and quantum noise. We also introduce a
quantum-classical hybrid neural network (QqNN) that achieves near-QNN-level performance while remaining
NISQ-compatible. Our research provides a physically rigorous simulation testbed incorporating Rytov-
parameter-based turbulence (C? =10""* m~%3, L, =100 m), fog-induced extinction (p=3.912/50 m~!), and
quantum noise channels (phase damping and photon loss). By achieving a BER in the 10~* range, this work
sets a new quantitative standard for turbulence-compensated OAM links. This research opens several pathways
for future work: extending the framework to OAM superpositions and entangled photon pairs to enable
quantum-secure multiplexing; integrating quantum kernel methods and quantum convolutional layers for more
compact architectures; and envisioning hardware-in-the-loop training on real quantum devices to accelerate the
realization of quantum-enhanced free-space optical communication, mode-division multiplexing in multimode
fibers, integrated waveguide interconnects, and satellite-to-ground quantum links. In summary, our findings
demonstrate that quantum machine learning architectures—particularly QNNs and QgNNs—substantially
outperform classical deep learning models in reconstructing complex Laguerre-Gaussian OAM modes under
realistic environmental distortions. By achieving near-ideal SSIM values and record-low BERs, this study sets a
new benchmark in optical compensation and establishes a foundation for future quantum-enhanced photonic
communication systems.

Data availability
The dataset and codes for this study will be presented upon reasonable request to the corresponding author,
Gokul Manavalan (gokulm@post.bgu.ac.il).
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