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Abstract

Quantum Neural Networks have shown theoretical and empirical promise in im-
proving model compactness and convergence speed over classical deep networks.
Meanwhile, novel view synthesis has seen major advances with Neural Radiance
Fields (NeRFs), albeit at the cost of large models and intensive training. In this
work, we introduce QNeREF, the first hybrid quantum-classical model for 3D scene
representation and novel-view synthesis. QNeRF leverages parameterized quantum
circuits to encode spatial and view-dependent information via quantum superpo-
sition and entanglement. We present two variants. The first model fully exploits
quantum amplitudes to increase representational capabilities. The second, based
on a novel dual-branch quantum embedding, introduces a task-informed inductive
bias that drastically reduces the complexity of quantum state preparation, ensuring
scalability and potential hardware compatibility. In our experiments, we show
that, when trained on images of low resolutions, QNeRF matches or outperforms
classical NeRF baselines while using less than half the number of parameters
and converging significantly faster. These results suggest that Quantum Machine
Learning can serve as a competitive alternative for continuous signal representation
in vision and graphics.

1 Introduction
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Figure 1: Top: Visualization of renderings for the scene Trex. Bottom: Average PSRN on testing
during training for Blender dataset (a) and LLFF (b). On (c), we compare number of parameters (on
y axis) with the number of amplitudes required in the quantum embedding (on ), a number related
to the complexity of the quantum state preparation.
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Neural Radiance Fields (NeRFs) have revolutionised novel view synthesis by modelling 3D scenes as
a continuous volumetric function implicitly parametrized—in their simplest form—by a multi-layer
perceptron (MLP) [1} 2 3]. By encoding scene geometry and appearance through radiance and
density fields, NeRFs achieve photorealistic rendering of unseen views in complex environments.
These methods have found applications in areas such as 3D scenes reconstruction [4} 5} 6], human
modelling [7, 18} 9], and image processing [10} [11]]. Despite their impressive generalisation across
novel viewpoints, the performance of NeRF-based frameworks remains heavily dependent on the
underlying learning model, particularly in terms of the training efficiency and convergence speed.

While increasing the capacity of classical neural networks remains a standard strategy for improving
performance, a more principled alternative lies in rethinking the foundations of learning models. This
work investigates Quantum Neural Networks (QNNs) as a novel, previously unexplored and highly
efficient framework in the context of novel view synthesis.

Quantum Machine Learning (QML) has recently emerged as an alternative paradigm to classical
Machine Learning with theoretical promises and hopes to enhance characteristics of the ML models
[12,[13]. Following early theoretical results demonstrating advantages in expressivity and learnability
[14, 1150 [16], the field is increasingly shifting towards practical implementations. In particular, QNNs,
the quantum analogues of neural networks, have shown evidence of quantum advantage with respect
to both model compactness and training efficiency in specific learning settings [[17, |18} [19].

Building on these developments, we introduce a Quantum Neural Radiance Field (QNeRF), a
hybrid model designed to harness the expressive power of parameterized quantum circuits (PQCs) for
3D scene representation (Figure[I). Inspired by QVFs [20]], our model exploits quantum superposition
and entanglement to learn complex representations more efficiently than classical neural networks.
Meanwhile, output rendering and parameter optimisation are carried out classically, making the
overall framework a hybrid quantum-classical model. We propose two architectural variants: (1) A
Full QNeRF, which maximally exploits quantum resources to enhance representational capacity,
and (2) A Dual-Branch QNeRF, which encodes spatial and view-dependent coordinates as separate
intermediate quantum states, leading to improved scalability and potential better compatibility with
near-term quantum hardware.

We experimentally demonstrate on simulated hardware that for low-resolution scenes the proposed
QNeRF model achieves superior or comparable performance to classical (vanilla) NeRF architectures
while requiring less than half the number of parameters and exhibiting significantly faster convergence.
These improvements suggest that quantum neural architectures can serve as competitive alternatives
for continuous signal representation in volumetric novel-view synthesis. In summary, our work has
the following technical contributions:

* QNeREF, a hybrid quantum-classical model for radiance field learning that matches or exceeds
the performance of the classical NeRF baseline, while using fewer than half the parameters
and achieving significantly faster convergence. This is the first NeRF-based model designed
with architectural compatibility for execution on quantum hardware.

* We introduce a dual-branch embedding that encodes spatial and view-dependent features as
separate quantum states, imposing a task-informed inductive bias while simplifying quantum
state preparation. Furthermore, we incorporate an output scaling strategy that mitigates
exponential concentration effects [21], a key challenge in QML.

To encourage further research on this topic, we release the full implementation of our model along
with all experimental codd']

2 Related Work

2.1 Classical view synthesis

Neural networks have long been applied to image-based view synthesis [22| 23| 24]]. However, a
major breakthrough in the field was the introduction of Neural Radiance Fields (NeRF) [[1], which
proposed learning a continuous volumetric scene representation from posed images. NeRF defines

'The source code will be released after the first round of review. We submit a demo in the supplementary
material.



68
69
70
71
72
73
74
75
76
77

78

79
80
81
82
83
84
85
86
87

88
89
90
91
92
93
94

95
96
97
98
99
100
101
102
103
104
105
106

107

108
109
110

111
112
113
114
115
116
17
118
119
120

a 5D mapping from spatial location and viewing direction to colour and density, enabling high-
fidelity novel view synthesis. The success of NeRF set a new standard for rendering quality and
inspired a substantial body of subsequent research [25} 13} 26, 27, 28]]. Numerous extensions have
aimed to improve rendering performance, generalisation, and robustness under specific conditions,
such as Mip-NeRF [2], which improved performance at multiple resolutions, and instant-NGP [29]],
developed to dramatically reduce training time. It is worth noting that many of these NeRF variants
retain the core architectural element of Multi-Layer Perceptrons to learn the radiance field, and could
therefore benefit from a hybrid classical-quantum architecture such as the one we propose in this
work. However, since our proposed quantum architecture enhances the “building block” of NeRF,
these variants are only partially related to this work.

2.2 Quantum-enhanced Computer Vision

Quantum Computer Vision (QCV) has recently emerged as a subfield of quantum machine learning,
focusing on leveraging quantum computing for tasks in image processing, graphics, and 3D reconstruc-
tion. Early work in this domain predominantly relied on quantum annealers [30, 31} 32} 33} 134, 35].
More recently, attention has shifted toward gate-based quantum computing due to its greater gen-
erality and potential for quantum advantage. Gate-based approaches offer increased flexibility in
designing parameterized quantum circuits, enabling variational models that are trainable via classical
optimisation. Several QCV applications have been proposed using gate-based architectures, includ-
ing quantum convolutional neural networks [36} 137, 138]], quantum generative adversarial networks
[39! 140], quantum autoencoders [41]], and other hybrid architectures [42} [18,[19].

Of particular relevance to this work are two prior contributions. The first is [43], which applies a hybrid
architecture to visual data using a “sandwich” structure, where quantum layers are embedded between
classical feature extractors and regressors. While effective, this configuration makes it difficult to
disentangle the contribution of the quantum component from the overall model performance. In
contrast, our architecture ensures that the quantum circuit processes the full encoded input and that
the quantum embedding plays a direct role in model expressivity, allowing a cleaner analysis of the
quantum contribution.

The second is the Quantum Visual Field (QVF) model [20]] , which this work builds upon and is
inspired by. In this work, the authors proposed a hybrid architecture for visual data using amplitude
embedding and variational quantum circuits. While QVFs demonstrated the viability of using
quantum embeddings for visual field representation, our work addresses a fundamentally different
task and introduces several key innovations. First, our proposed Full QNeRF model is directly
designed for the task of novel view synthesis. Moreover, components such as the quantum encoding
and output scaling are designed respectively to reduce the complexity of the amplitude embedding,
and to mitigate the exponential concentration [21] phenomenon. Finally, we propose a Dual-Branch
QNeRF that independently processes positional and view-dependent features. This design not only
reduces exponentially the gate complexity depending on quantum state preparation [44], but also
introduces a task-aligned inductive bias that reflects the underlying factorization in view synthesis,
where positional and directional information contribute differently to the generative process.

3 Quantum Machine Learning

In this section, we provide the necessary background on Quantum Machine Learning (QML). We
defer notation details to Appendix [B] Comprehensive introductions to Quantum Computing and QML
can be found in [45]] and [46]], respectively.

Quantum Machine Learning arises from the intersection of Quantum Computing with Machine
Learning and Deep Learning. The field encompasses a broad variety of models, methodologies,
and objectives [47,48]]. One of the central goals of QML is to design models that exploit quantum
phenomena such as entanglement and superposition to achieve an "advantage" in terms of computa-
tional resources, representational power, or learning performance when compared to purely classical
methods [[13]. A prominent class of models within QML is that of Quantum Neural Networks
(QNNs). In [14], it was proved that QNN can achieve higher effective dimensions than comparable
classical neural networks, which translates into faster convergence during training. Following this
theoretical result, experimental results from both general [[17] and vision-specific tasks [18 [19] show
that QNN can achieve the same level or better performances than classical Neural Networks with
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fewer parameters and with increased convergence speed. Given these properties, it is natural to
investigate the application of QNN to high-dimensional vision tasks, where efficient training and
generalization are particularly critical due to the high dimensionality and complexity of the models
required.

3.1 Quantum Neural Networks

In Quantum Machine Learning, the term Quantum Neural Network is often used interchangeably
with Parameterized Quantum Circuit (PQC), as the two notions are closely related [49]. A QNN
typically consists of a sequence of quantum gates whose operations depend on the classical inputs x
and on a set of free parameters 6, which are optimized during the training process.

Given an initial state |@) (e.g. the state |0)®Y, where N is the size of the quantum system), the
application of a parameterized quantum circuit P results in the state P(6;x)|¢). In many architectures,
the circuit P can be naturally decomposed into two stages: a data encoding stage and a variational
(trainable) stage. The encoding is typically achieved through a fixed set of gates that map the classical
input into a quantum state (often referred to as the embedding or feature map), denoted by S(x). The
variational stage, represented by V' (6), then acts on the embedded state. Thus, the final state of the
circuit can be described as V(0)S(x)|¢) = V(0)|ds(x)), where |¢s(x)) denotes the quantum state
obtained by embedding the input x. The structure V() typically constitutes a variational ansatz,
designed to be expressive enough to represent the target function during learning.

3.2 Noisy Intermediate-Scale Quantum

Current quantum hardware operates in what is referred to as the Noisy Intermediate-Scale Quantum
(NISQ) era [50]. In this regime, quantum devices are composed of tens to hundreds of qubits, but
they are subject to non-negligible levels of noise and decoherence, which significantly limit their
computational capabilities. As a consequence, it is of fundamental importance to design quantum
circuits that minimize both the number of quantum gates and the overall circuit depth. Excessive
gate count or depth can result in an accumulation of errors that rapidly degrade the fidelity of the
computation, making the outcomes unreliable. This limitation motivates the development of shallow,
hardware-efficient quantum circuits and encourages a careful trade-off between expressivity and
robustness to noise.

4 Quantum Neural Radiance Fields (Q-NeRFs)
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Figure 2: Scheme of the proposed Dual-Branch QNeRF. Positional and view-dependent coordinates
(shown in teal and magenta, respectively) are first encoded into quantum amplitudes through two sep-
arate classical MLPs, processed by a PQC (dashed box), and converted again to classical information
through a parity-based measurement. The output is then processed with a scaling layer, and employed
to reconstruct the view, which is finally used to compute the loss with regard to the ground-truth
image.

We describe our proposed method Quantum Neural Radiance Field (QNeRF), consisting of a
hybrid quantum-classical model designed to efficiently represent scenes and generate novel views.
An overview is provided in Figure 2] A brief background on Neural Radiance Fields is provided in

Appendix [A]

We start by describing how to encode classical coordinates into a quantum state. This description is
given in two variants: one for the Full encoding, which allows to leverage all the properties of the
quantum system, and one for the Dual-Branch encoding, which reduces the expressivity of the model
to drastically increase scalability and compatibility with current quantum devices. Then, we present
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the quantum circuit design choices. Finally, we describe postprocessing operations, consisting of a
parity measurement to extract information, and then a “de-concentration” scaling layer that enhances
the performance of the model by mitigating exponential concentration [21]].

4.1 MLP-based Quantum Embedding

Neural Radiance Field [[1]] models heavily rely on positional encodings for both spatial and view-
dependent information. This technique enriches each input coordinate z € R by mapping it to a
higher-dimensional space R? using the transformation

~y(x) = (sin(207rx), cos(2071':1:), e ,sin(QLflwx), cos(2L*17m:)) . )

This encoding has been shown to be crucial for mitigating the spectral bias of neural networks,
which tend to underrepresent high-frequency components, thereby enabling the representation of
fine-grained variations in the data. Even for modest values of L, the dimension of () exceeds the
number of qubits available in current quantum devices. Therefore, to obtain a quantum state that
represents the structure from the encoded vector, we employ amplitude embedding. Unlike angle
embedding or unitary amplitude encoding [51]], which scale linearly with the number of features,
amplitude embedding offers exponential compression, as a vector with 2" components is represented
using only n qubits.

Full Embedding with All Amplitudes We first describe the Full embedding strategy in which all
the possible amplitudes are used to encode data, obtaining a more expressive representation. As a
first step, the enriched input vector v(x), obtained via positional encoding, is mapped to a normalised
vector M(x) of 2™ amplitudes. This requires addressing three key challenges: (i) decoupling the
dimensionality of x from the hardware-constrained number of amplitudes 2™; (ii) ensuring that M (x)
retains sufficient representational structure for the downstream quantum model; and (iii) satisfying
the normalization constraint Y., |o;|* = 1, where «; denotes the i-th amplitude. To this end,
we employ a lightweight Multi-Layer Perceptron (MLP) with an output layer of size 2. A ReLU
activation function is applied at the end of the MLP to ensure that all amplitudes are non-negative
and increasing sparsity, thereby facilitating quantum state preparation [52]. Finally, the amplitudes
are normalised to guarantee compatibility with quantum embedding requirements.

Dual-Branch Embedding Although recent work has improved the efficiency of amplitude state
preparation [53]] encoding 2" amplitudes on a quantum device remains a significant challenge
(54, [55] [44]. Since the state preparation requires up to O(k) gates, where k is the number of
amplitudes, exploiting the full quantum space can be unfeasible on current NISQ devices [50].

On the other hand, there is no intrinsic reason to treat positional and view-dependent features
identically within the quantum embedding. Drawing inspiration from the original NeRF architecture,
in which view-dependent features are encoded after positional features have been already processed,
we introduce a dual-branch that separates and independently processes these components, while
exponentially reducing the number of amplitudes required. Formally, we divide the total qubit budget
into n,, and n,, qubits, assigned to positional and view-dependent encodings, respectively. Two MLPs
are trained to produce 2"7- and 2™ -dimensional vectors, which are independently amplitude-encoded
and then composed into a tensor product state:

9(2)) = |bp(xp)) @ [P (0))- 2

In the simplest case where n, = n, = n/2, the total number of amplitudes is reduced to on/2+1,
offering an exponential reduction relative to the Full QNeRF approach. Furthermore, the dual-branch
strategy also yields an exponential reduction in the number of parameters required for the MLPs. In
particular, our Dual-Branch QNeRF model can scale up to more than 15 qubits while maintaining
fewer parameters than the classical NeRF model. An in-depth analysis of the number of amplitudes
and parameters for both encoding strategies is provided in Appendix [C]

4.2 Quantum Circuit Design

Following quantum embedding, the encoded data is processed by a variational quantum circuit with
learnable parameters V' (8). In line with prior work on real-valued quantum feature spaces [20], we
restrict the variational ansatz to the real subspace of the Hilbert space by employing only Ry rotations.
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This design choice simplifies gradient-based optimisation and increases resilience to hardware noise,
without significantly limiting model expressivity for the task considered.

The circuit is composed of two elementary modules: (i) a single-qubit rotational layer consisting
of Ry (0) gates applied independently to each qubit, and (ii) a dense entangling layer that applies
controlled-Ry (#) gates across pairs of qubits. Formally, given disjoint control and target sets of
qubits A, B, the dense layer applies a controlled- Ry gate to each (g4, gr) € A x B. On the other
hand, when A = B we apply (g;, g;) for each pair with ¢ < j. In the Full QNeRF, we build a standard
circuit as a sequence of ¢ > 1 blocks, each composed of a dense entangling layer followed by a
rotational layer over all n qubits.

In what follows, we restrict our analysis to the circuit used in the Dual-Branch QNeRF. For a graphical
representation, we refer to the central block in Figure 2] Starting from the state obtained by the
Dual-Branch encoding in Equation we process the qubit sets for positional and view-dependent
features separately. Initially, a dense entangling layer is applied to the n,, positional qubits, followed
by a rotational layer. After these steps, the state of the system can be written as

(Vp(0) @ L,) (|¢p(2p)) @ [P (20))) = Vi (0)0p(2p)) @ [0 (20)), 3

where V), is the operator corresponding to the two positional layers. This design ensures that positional
information is first internally processed and entangled, mirroring the sequential encoding strategy
used in classical NeRFs. Next, the view-dependent amplitude embedding is introduced, and a
second dense entangling layer is applied between the n,, positional qubits and the n,, view-dependent
qubits, combining the two feature spaces. A global rotational layer is then applied to all n qubits.
By entangling states corresponding to positional and view-dependent features, we ensure that the
model can learn the correlation between all the input coordinates. Finally, to further enhance model
expressivity, the circuit can optionally be extended with ¢ > 0 additional blocks, each comprising a
dense entangling layer followed by a rotational layer over all n qubits.

4.3 Parity-based Measurements

At the end of a quantum circuit, the quantum state is typically converted into classical data via
measurement. In this work, we measure the system in the computational basis, corresponding to
projective measurements in the eigenbasis of the Pauli-Z operator. To mitigate the effects of barren
plateaus [56,57]], we employ local measurements. Specifically, we define a family of single-qubit
observables acting on individual qubits as

O0;=10"VezaI®" " fori=1,...,n, )
where Z denotes the Pauli-Z operator and I is the identity operator on a single qubit. In practice,
we write O; = Z;, indicating a Pauli-Z measurement on the i-th qubit. These local projective
measurements yield bitstrings corresponding to independent measurements on each qubit. Local
observables are both hardware-efficient and less susceptible to barren plateaus compared to global

observables, and have been shown to enhance the trainability of variational quantum algorithms
[5859]. The output of the circuit is given by the expectation value

O(x) = (¢in|V (0) OV (6)|¢in) (5)

where x is the input (derived from positional and view-dependent features), V'(0) is the parameterized
quantum circuit, and the input state |¢in) = |@p) ® |¢,) is prepared via a dual-branch amplitude
embedding. The output O(x) is therefore a vector of n real numbers in the interval [—1, 1].

To obtain outputs suitable for the considered task, we transform O(x) into a 4-dimensional vector
representing RGB colour channels and a volumetric density. This transformation proceeds in two

stages. First, for each of the four output components, we select a subset of qubits C; C {1,...,n}
and compute the average of their corresponding expectation values, i.e.,
. 1
0;(x) = m Z 0;(x), (6)
' jec

where O;(x) is the expectation value associated with qubit j. This step, referred to as parity
averaging, aggregates information from specific qubit subsets into semantically meaningful outputs.
Finally, we clip the resulting values to [0, 1] The resulting vector o(x) = (01(x), . .., 04(x)) € [0, 1]*
can then be used to reconstruct a novel view as described in [1]]. The novel view is then used to
compute the standard MSE loss by comparing it with the ground truth.
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4.4 Output Scaling

Variational quantum circuits are known to suffer from the exponential concentration phenomenon
[21]], which refers to the tendency of their output distributions to concentrate exponentially around
their mean as the number of qubits increases. This effect significantly limits the expressive power of
such circuits, particularly in representing distributions with high variance. To mitigate the limitations
introduced by exponential concentration and improve the trainability of our model, we introduce
a learnable scaling factor «, applied to the output associated with each channel. The final output
a.O.(x) is then clipped to [0,1]. This modification widens the range of output values, thereby
counteracting the tendency of the circuit outputs to collapse around their mean, and acts in practice as
a “de-concentration” layer. Empirically, we found that output scaling plays a crucial role in enhancing
model performance, in particular with regard to the predicted density. An example of the effects of
output scaling is shown in Figure[3]

S Experimental Evaluation

To assess the effectiveness of our proposed approach, we conduct experiments on noiseless, simulated
quantum hardware across multiple scenes, following the evaluation protocol established in [[1]].
Given computational constraints, we select a representative subset of eight scenes: four from the
Blender dataset, obtained from a synthetic setting, and four from the LLFF dataset [[24]. All images
used during training and testing are downscaled to reduce training time. This depends on the fact
that quantum simulation is computationally expensive, and that currently there are no GPU-based
simulation frameworks compatible with our proposed method. More details on the experimental
setting, including simulation time are provided in Appendix

We evaluate both Full QNeRF and Dual-Branch QNeRF using quantum circuits with 8 qubits. It is
important to emphasise that, as this represents the first QML-based approach for novel view synthesis,
direct comparison with other baselines is inherently challenging. Classical architectures operate
under a fundamentally different computational paradigm and typically require extensive training,
which is not currently feasible for either real quantum hardware or classically simulated QML models.
To establish a meaningful baseline, we compare our quantum models against the original classical
NeRF architecture, trained on the same downscaled images, by matching the number of epochs. We
provide a comparison with more recent models in Appendix |E} obtaining coherent observations.
However, we caution that such comparisons should be interpreted with care, as these models benefit
from large-scale optimization and higher parameter counts. Integrating analogous techniques into
quantum-based models remains an open direction for future work.

A summary of the results is provided in Tables[TaJand[Tb] Learning curves for each scene are provided
in Appendix [ Figure[8] Qualitative results are provided in Appendix [F| Figures[6and

5.1 Model Configuration

The encoding sizes for positional and view-dependent features are set to 10 and 4, respectively,
following the original NeRF model. In both quantum models, the encoding MLPs consist of three
fully connected layers with a hidden dimension of 256, and output equal to the number of amplitudes,
corresponding to 2% for the Full QNeRF, and 2° for the Dual-Branch QNeRF. Both ansatz are
constructed as described in Section 4.2l with ¢ = 1. A detailed breakdown of the number of classical
and quantum parameters is provided in Appendix |C] Initial values for the quantum parameters are
chosen using identity initialisation [60], a common initialisation strategy to mitigate barren plateaus.
Finally, the parity measurement assigns 2 qubits for each output channel.

5.2 Blender Dataset

For the Blender dataset, we selected the scenes materials, ficus, lego, and drums. Each image was
downscaled via average pooling to a resolution of 50 x 50 pixels. All models were trained on a subset
of 100 training images and evaluated on a validation set of 200 samples. Complete quantitative results
are reported in Table[Ta] The average testing performance during training is visualised in Figure[T] (a).

After 10 training epochs, both quantum models consistently outperform the classical NeRF baseline,
with the only exception being the /ego scene, where DB-QNeRF underperforms but is still surpassed
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by FQNeRF. On average, the PSNR gain after 10 epochs is approximately 4 points for DB-QNeRF and
6 points for FQNeREF, highlighting the fast convergence and expressive power of quantum-encoded
features in the early training phase. Following full training, the classical NeRF eventually exceeds
DB-QNeRF in performance, suggesting that the limited number of encoded amplitudes constrains
its capacity to fully capture scene complexity. In contrast, FQNeRF consistently outperforms the
classical baseline across all scenes, with particularly significant improvements on more detailed cases

such as materials and drums.

Model NISQ Materials Ficus Lego Drums Average
Full Low 3344+025 3031+0.16 32.96+0.19 2871+0.08 31.36+0.17
3534 +0.12 31.29+0.12 34934012 29.60 + 0.06 32.79 + 0.11
DB Hiop 30324023 29444013 30534024 2694+0.20 29.31+0.20
& 3122£032 29.63+024 31504027 27.01 £0.16 29.84 + 025
NeRE 2048 +6.81 23344+627 32714049 2426+0.18 25.19 4 3.44
¢ T 32474054 31.02+021 3359+0.18 26.85+0.12 30.98 +0.26
(a) Blender
Model NISQ Horns Fern Trex Room Average
Full L 2245+0.54 22114022 22594+ 1.03 26.68+0.64 23.46 + 0.61
u oW 2370+0.64 2332+049 23.01+1.48 2825+ 055 24.57+0.79
DB Hiopy, 21404043 2216 +0.35 21924050 25424052 22724045
& 22194046 22024040 21994040 2620+ 046 23.10 +0.43
NeRE 20.80 +0.64 21954034 22.10+041 26.07 +0.48 22.73 +0.47
¢ T 21024060 21734041 21.60 £029 2680+ 050 2279 + 0.45
(b) LLFF

Table 1: PSNR performance (mean =+ standard deviation) of each model on Blender scenes at 10 (first
row) and 50 (second row) training epochs. Quantum models are annotated with their compatibility
with Noisy Intermediate-Scale Quantum (NISQ) hardware. For each row, the best and second-best
results are highlighted in bold and underlined, respectively.

5.3 LLFF dataset

For the LLFF dataset, we selected the scenes horns, fern, trex, and room. Each image was downscaled
up to a resolution of 126 x 95. For each run, the set of images was split in training and testing set in a
80-20 split. Complete quantitative results are reported in Table The average testing performance
during training is visualised in Figure[I] (b).

FQNEeRF consistently outperforms both DB-QNeRF and the classical NeRF model on all scenes,
at both early (10 epochs) and later (50 epochs) stages of training. Notably, for the horns, fern,
and frex scenes, FQNeRF achieves higher PSNR after just 10 epochs than the final PSNR reached
by NeRF, demonstrating faster convergence and superior performance with fewer parameters. In
contrast, DB-QNeRF shows performance on par with the classical model on average. However,
unlike NeRF—which displays a slight PSNR drop after full training on fern and trex, possibly due to
overfitting, DB-QNeRF maintains stable performance, ultimately achieving a marginally higher final
PSNR and indicating better generalisation.

5.4 Effects of Output Scaling

We investigate the impact of output scaling on the scenes horns and trex. Specifically, we train both
Full QNeRF and Dual-Branch QNeRF without the scaling (or de-concentration) layer, while keeping
all other hyperparameters fixed. As shown in Table[2] removing output scaling leads to a noticeable
performance drop in both models. In particular, the absence of scaling results in an average PSNR
decrease of approximately 0.7 for the Full model and more than 1.7 for the Dual-Branch variant on
horns, and of 0.3 and 0.65 on trex. This indicates that the Dual-Branch architecture is more reliant on
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output scaling to achieve optimal performance. As shown in Figure 3] the effects of scaling for the
Dual-Branch QNeRF are evident, as reconstruction without scaling leads to blurrier results.

5.5 Increasing the Number of Qubits

We evaluate the performance of the Dual-Branch
QNeRF model as the number of qubits increases, on
the scenes horns and trex. As shown in Figure[d] we
observe an improvement in PSNR as the number of
qubits grows. Since the total number of trainable
parameters remains nearly constant across config-
urations (ranging from 293k to 301k for 6 to 10
qubits), the performance gain can be attributed to
the increased number of encoded amplitudes. This

Model Horns Trex
Full 23.01 £0.69 22.73 +0.92
DB 20.44 +£0.48 21.36 +0.49

Table 2: PSNR performance of quantum mod-
els without output scaling on the scenes horns
and trex.

suggests that leveraging a larger quantum state space
contributes positively to reconstruction quality.

6 Discussion and Limitations

(a) No scaling (22.65)
Figure 3: Qualitative comparison (with PSNR)
of DB model, with and without scaling.

(b) Scaling (25.18)

The experimental results indicate that the Full QN-
eRF model consistently outperforms the classical
NeRF baseline in both accuracy and convergence
speed. On the other hand, DB-QNeRF allows for either increased convergence speed or enhanced
performance.

While these results are encouraging, it is important to note that the experiments were conducted in a
simulated environment. Real-world quantum hardware may introduce challenges such as noise and
decoherence. Nonetheless, our design choices—such as shallow circuit depth, constrained express-
ibility, and use of the real-positive subspace—help mitigate these effects and enhance robustness. A
potential challenge lies in the scalability of amplitude embedding for state preparation. Although our
setting of DB-QNeRF is within the capabilities of current hardware and state preparation routines
[61] (requiring encoding just 32 amplitudes), it remains to be studied how model performance and
feasibility evolve as the number of qubits increases. We provide a preliminary analysis of this
scalability aspect in Appendix[C] showing that the number of amplitudes and classical parameters
remain feasible up to 16 qubits. We believe that a deeper investigation into exact or approximate state
preparation [52]] on real hardware would be a valuable direction for future work.

7 Conclusion

This work introduces two novel hybrid classical-quantum Performance with more Qubits
models, Full QNeRF and Dual-Branch QNeRF, designed o) —F homs

for the task of novel view synthesis. The Full QNeRF lever- trez

ages the full capacity of quantum state encoding, achieving s
enhanced performance at the cost of higher resource re-
quirements. In contrast, the Dual-Branch QNeRF adopts a
more hardware-feasible architecture with favourable scal- s
ability properties, making it more suitable for near-term
quantum hardware. Our experiments demonstrate that
both models provide significant benefits over the classical
NeRF baseline. Specifically, they enable either improved dard deviation) of the proposed DB-
reconstruction quality or substantially faster convergence, QNeRF model for 6, 8, and 10 qubits.
often both, while using less than half the number of parameters compared to the classical model.

6 10

8
Qubits

Figure 4: Evaluation (PSNR with stan-

In summary, we present the first quantum machine learning models tailored to a complex computer
vision task, showing that quantum-enhanced representations can deliver competitive or superior
performance with reduced parameter counts. Importantly, the DB-QNeRF model remains within
the capabilities of current or near-term quantum hardware, marking a step forward toward practical
quantum advantage in vision-based learning.
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70+  NeurIPS Paper Checklist

705 1. Claims

706 Question: Do the main claims made in the abstract and introduction accurately reflect the
707 paper’s contributions and scope?

708 Answer: [Yes]

709 Justification: In abstract and introduction we claim that our proposed models allow for same
710 or better performance compared to vanilla NeRF baseline, with less parameters and with
711 higher convergence speed. This is in agreement with the experimental results obtained. In
712 the introduction we clearly describe characteristics from the experimental setting (simulated
713 hardware, low resolution scenes). We also clearly show the same in the teaser image (Figure
714 1).

715 Guidelines:

716 * The answer NA means that the abstract and introduction do not include the claims
717 made in the paper.

718 * The abstract and/or introduction should clearly state the claims made, including the
719 contributions made in the paper and important assumptions and limitations. A No or
720 NA answer to this question will not be perceived well by the reviewers.

721 * The claims made should match theoretical and experimental results, and reflect how
722 much the results can be expected to generalize to other settings.

723 * It is fine to include aspirational goals as motivation as long as it is clear that these goals
724 are not attained by the paper.

725 2. Limitations

726 Question: Does the paper discuss the limitations of the work performed by the authors?
727 Answer: [Yes]

728 Justification: We discuss limitations of this work in Section[6] Moreover, we made clear
729 that experiments are conducted on simulated hardware and potential scalability issues
730 (with regards to quantum capabilities) with one of the two models proposed. We also
731 presented clearly the dataset preprocessing step (i.e. images downscaling), both in text
732 and in visualizations, where all the images are presented with the resolution used in the
733 experiments. We did not find limitations regarding privacy or fairness.

734 Guidelines:

735 * The answer NA means that the paper has no limitation while the answer No means that
736 the paper has limitations, but those are not discussed in the paper.

737 * The authors are encouraged to create a separate "Limitations" section in their paper.
738 * The paper should point out any strong assumptions and how robust the results are to
739 violations of these assumptions (e.g., independence assumptions, noiseless settings,
740 model well-specification, asymptotic approximations only holding locally). The authors
741 should reflect on how these assumptions might be violated in practice and what the
742 implications would be.

743  The authors should reflect on the scope of the claims made, e.g., if the approach was
744 only tested on a few datasets or with a few runs. In general, empirical results often
745 depend on implicit assumptions, which should be articulated.

746 * The authors should reflect on the factors that influence the performance of the approach.
747 For example, a facial recognition algorithm may perform poorly when image resolution
748 is low or images are taken in low lighting. Or a speech-to-text system might not be
749 used reliably to provide closed captions for online lectures because it fails to handle
750 technical jargon.

751 * The authors should discuss the computational efficiency of the proposed algorithms
752 and how they scale with dataset size.

753 * If applicable, the authors should discuss possible limitations of their approach to
754 address problems of privacy and fairness.
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755 * While the authors might fear that complete honesty about limitations might be used by

756 reviewers as grounds for rejection, a worse outcome might be that reviewers discover
757 limitations that aren’t acknowledged in the paper. The authors should use their best
758 judgment and recognize that individual actions in favor of transparency play an impor-
759 tant role in developing norms that preserve the integrity of the community. Reviewers
760 will be specifically instructed to not penalize honesty concerning limitations.

761 3. Theory assumptions and proofs

762 Question: For each theoretical result, does the paper provide the full set of assumptions and
763 a complete (and correct) proof?

764 Answer: [NA]

765 Justification: We did not include theoretical results.

766 Guidelines:

767 » The answer NA means that the paper does not include theoretical results.

768  All the theorems, formulas, and proofs in the paper should be numbered and cross-
769 referenced.

770 * All assumptions should be clearly stated or referenced in the statement of any theorems.
77 * The proofs can either appear in the main paper or the supplemental material, but if
772 they appear in the supplemental material, the authors are encouraged to provide a short
773 proof sketch to provide intuition.

774 * Inversely, any informal proof provided in the core of the paper should be complemented
775 by formal proofs provided in appendix or supplemental material.

776 * Theorems and Lemmas that the proof relies upon should be properly referenced.

777 4. Experimental result reproducibility

778 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
779 perimental results of the paper to the extent that it affects the main claims and/or conclusions
780 of the paper (regardless of whether the code and data are provided or not)?

781 Answer: [Yes]

782 Justification: We ensured reproducibility to the best of our capabilities, by (1) describing in
783 details models architecture (2) presenting all hyperparameters (3) giving all training details.
784 We plan to release the full code after publication. In the additional material we submit a
785 demo to reproduce the experiments.

786 Guidelines:

787 * The answer NA means that the paper does not include experiments.

788 * If the paper includes experiments, a No answer to this question will not be perceived
789 well by the reviewers: Making the paper reproducible is important, regardless of
790 whether the code and data are provided or not.

791 * If the contribution is a dataset and/or model, the authors should describe the steps taken
792 to make their results reproducible or verifiable.

793 * Depending on the contribution, reproducibility can be accomplished in various ways.
794 For example, if the contribution is a novel architecture, describing the architecture fully
795 might suffice, or if the contribution is a specific model and empirical evaluation, it may
796 be necessary to either make it possible for others to replicate the model with the same
797 dataset, or provide access to the model. In general. releasing code and data is often
798 one good way to accomplish this, but reproducibility can also be provided via detailed
799 instructions for how to replicate the results, access to a hosted model (e.g., in the case
800 of a large language model), releasing of a model checkpoint, or other means that are
801 appropriate to the research performed.

802 * While NeurIPS does not require releasing code, the conference does require all submis-
803 sions to provide some reasonable avenue for reproducibility, which may depend on the
804 nature of the contribution. For example

805 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
806 to reproduce that algorithm.

807 (b) If the contribution is primarily a new model architecture, the paper should describe
808 the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: We plan to public release the full code after publication. In the additional
material we provide a demo to reproduce all the experiments.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: All the details to reproduce the experiments are provided. Details regarding the
dataset are given in Section[5} while models configuration and training details are provided

in Appendix
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
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Answer: [Yes]

Justification: All the results shown are computed for 5 runs, and presented as mean PSNR
= standard deviation. The factors of variability (i.e. parameters initialization, and train/test
split for the LLFF dataset) are clearly presented in the text.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Time required and other relevant details are given in Appendix
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We carefully read the code of ethics, finding no concerns.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
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10.

11.

12.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: We did not find direct path to negative applications for the task of novel-view
synthesis.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We did not find high risk for misuse on the task of novel-view synthesis.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We used the datasets from the papers [1] and [24]], which are cited.
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15.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: We did not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: No human subjects were involved.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
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1017 Justification: No human subjects were involved.

1018 Guidelines:

1019 * The answer NA means that the paper does not involve crowdsourcing nor research with
1020 human subjects.

1021 * Depending on the country in which research is conducted, IRB approval (or equivalent)
1022 may be required for any human subjects research. If you obtained IRB approval, you
1023 should clearly state this in the paper.

1024 * We recognize that the procedures for this may vary significantly between institutions
1025 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
1026 guidelines for their institution.

1027 * For initial submissions, do not include any information that would break anonymity (if
1028 applicable), such as the institution conducting the review.

1029 16. Declaration of LLLM usage

1030 Question: Does the paper describe the usage of LLMs if it is an important, original, or
1031 non-standard component of the core methods in this research? Note that if the LLM is used
1032 only for writing, editing, or formatting purposes and does not impact the core methodology,
1033 scientific rigorousness, or originality of the research, declaration is not required.

1034 Answer: [NA]

1035 Justification: No LLMs were involved as any important, original, or non-standard compo-
1036 nent.

1037 Guidelines:

1038 * The answer NA means that the core method development in this research does not
1039 involve LLMs as any important, original, or non-standard components.

1040 * Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
1041 for what should or should not be described.
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