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1 Introduction
Quantum computing1,2,3 offers theoretical computational advantages,4,5,6 although these remain
constrained in practice by the limited qubit counts and shallow circuit depths characteristic of
the current Noisy Intermediate Scale Quantum (NISQ) era.7,8,9 This has motivated hybrid Quan-
tum Machine Learning (QML) approaches10 that exploit the natural expressivity of quantum
spaces, despite challenges including barren plateaus11,12,13,14,15 and local minima.16

An application of QML is Quantum Enhanced Computer Vision (QECV).17 Explicit quan-
tum image representations such as the Flexible Representation of Quantum Images (FRQI)18

and the Novel Enhanced Quantum Representation of images (NEQR)19 offer lossless encoding,
but require gate depths that scale poorly with image size, making them unsuitable for NISQ
hardware. Parametrising these representations reduces gate complexity at the cost of accuracy.20

Alternative approximate approaches, including Quantum Circuit Born Machines (QCBMs)21,22

and Quantum Generative Adversarial Networks (QGANs),23,24 encode image data into measure-
ment outcome probabilities, but require normalised inputs, risk information loss, and become
error-prone as probabilities reduce with the increasing size of input data. Quantum Implicit
Neural Representations (QINRs) address these limitations by encoding coordinate data into
the quantum system and using a variational ansatz to produce distinct outputs for each query
coordinate.

QINRs extend classical Implicit Neural Representations (INRs), which are continuous dif-
ferentiable functions mapping query coordinates to signal values, with data encoded in network
weights and supporting arbitrary-resolution querying, making INRs well-suited to compression,
super-resolution, and differential equation solving. Early MLP-based INRs25,26,27,28 struggled
to capture high-frequency detail due to the frequency principle.29,30 This was addressed through
periodic activations such as those used in Sinusoidal Representation Networks (SIRENs)31 and
Fourier feature encodings,32 which can mathematically be shown to be equivalent to truncated
Fourier series with network weights as coefficients.33 However, as task complexity increases, clas-
sical INRs require an increasing number of trainable parameters motivating the search for alter-
native approaches capable of efficiently distributing parameters to preserve both non-linearity
and representational power.34

Quantum computing offers a natural alternative in the form of Parametrised Quantum Cir-
cuits (PQCs) as their outputs are mathematically expressible as Fourier series in their param-
eters35 and are inherently differentiable. Models such as the Quantum Implicit Representation
Network (QIREN)36 exploit this with shallow data-reuploading37 PQCs interleaved with classi-
cal layers, supporting tasks including compression, denoising,38 super-resolution, and integration
into QGAN frameworks.24,39 The Quantum Visual Field (QVF) model40 takes a simpler ap-
proach, using classical pre-processing followed by a single PQC without classical post-processing.
Together, these differing models raise the question of whether future QINRs should maximise
fully quantum computation or treat PQCs primarily as expressive components within classical
architectures.

1



Figure 1: VQA QINR architecture with N qubits and data reuploading Chebyshev coordinate
encoding, where each component of the query coordinate (x0, x1) into two separate N/2 qubit
registers. Baseline variants replace the Chebyshev encoding layer with single-qubit Pauli rota-
tion gates R̂x, R̂y, or R̂z applied to each qubit.

2 Methods
This work proposes two novel QINR models against the established QIREN baseline.36 The
first, is a near-fully quantum model adopting a conventional Variational Quantum Algorithm
(VQA) framework41 with minimal classical components, tested with four encoding strategies:
standard angle encoding via Pauli rotation gates R̂x, R̂y, or R̂z and Chebyshev feature maps.42

The second is a novel extension of the QIREN framework incorporating Chebyshev encoding in
place of the original R̂z layers, evaluated across four different variants. Chebyshev feature maps
have previously demonstrated strong performance in solving non-linear differential equations
with differentiable quantum circuits,42 but their application within QINRs has not previously
been explored.

Both Chebyshev QINRs use the same feature map,
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where φωk
(x) = 2ωk arccos x preprocess the coordinate component x ∈ [−1, 1] based on the

frequency ωk that is variable depending on the qubit k, and Tωk
(x) and Uωk

(x) denote Chebyshev
polynomials of the first and second kind, respectively.42

The VQA model (Figure 1) applies Chebyshev encoding across two equal-sized registers with
ωk = k where k ∈ [1, N/2]. Data reuploading37 alternates encoding layers ÛCh(x) with trainable
Hardware Efficient Ansatz (HEA)43 blocks V̂ (θ) over R repetitions. Each HEA block consists
of R̂z − R̂x − R̂z rotation sequences and nearest-neighbour CNOT entangling layers repeated
A times. To mitigate barren plateaus, only the first two qubits of each coordinate register
are measured via local Pauli-Ẑ observables.12 Their expectation values are passed through a
classical linear layer to produce the output,

y′(x) = w0 ⟨Ẑ0⟩ + wN/2 ⟨ẐN/2⟩ + b, (2)

where w0, wN/2 are trainable weight parameters and b is a trainable bias term.
Unlike the VQA model, QIREN36 interleaves PQC layers with classical linear and batch

normalisation layers,44 forming H hybrid layers which the query coordinate is passed through
before a final classical layer produces the output signal value.

The Chebyshev-QIREN variant uses ωk = 1, with the feature map replacing the original R̂z

encoding layer without additional gate complexity. Since the map requires inputs in [−1, 1], a
differentiable compactification function is inserted after each classical layer to map R 7→ [−1, 1],
with four options evaluated: Arctan, Sigmoid, Softsign, and Tanh.
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Model Encoding H R A MSE (×10−5) PSNR Pq Pc Pt

VQA Rx – 20 2 34.9 34.6 1008 3 1011
VQA Ry – 20 2 56.3 32.5 1008 3 1011
VQA Rz – 20 2 15.8 38.0 1008 3 1011
VQA Chebyshev – 20 2 5.09 42.9 1008 3 1011

QIREN Rz 2 5 3 1.81 47.4 864 137 1001
QIREN Cheby (Arctan) 2 5 3 1.66 47.8 864 137 1001
QIREN Cheby (Sigmoid) 2 5 3 1.50 48.2 864 137 1001
QIREN Cheby (Softsign) 2 5 3 2.06 46.9 864 137 1001
QIREN Cheby (Tanh) 2 2 6 2.60 45.8 864 137 1001

Table 1: Performance results and configurations of different quantum implicit representation
models. H, R, A represent the number of hybrid, reuploading, and ansatz layers present in the
model respectively. For the VQA models H is left empty as the architecture is different to the
QIREN models. Pq and Pc represent the number of parameters used in quantum layers and
classical layers respectively, and Pt = Pq + Pc is the total number of parameters in the model.
The best performing model is highlighted in bold.

All models were optimised using Mean Squared Error (MSE) loss and ADAM45 with a
learning rate of 1 × 10−2 and a linear decay schedule applied over 3000 epochs, simulated in
PennyLane.46 The target image for all experiments was the iconic Cameraman image, down-
scaled to 32 × 32 pixels and shifted so that the intensities ranged from −0.5 to 0.5.

3 Results
Table 1 summarises the best-performing configuration for each model, with results restricted to
models whose total parameter count satisfies Pt ≤ 1024, resulting in minor compression and a
fair basis for comparison between architectures.

The novel Chebyshev model illustrated in Figure 1 outperformed the equivalent architecture
using standard angle encoding through Pauli rotation gates Rx, Ry, or Rz, although it did not
surpass the baseline QIREN. Nevertheless, it achieved a competitive PSNR of 42.9 dB, demon-
strating that Chebyshev encoding provides meaningful gains in expressivity. Notably, this result
approaches the baseline QIREN performance, indicating that substituting the majority of clas-
sical parameters with quantum counterparts does not significantly compromise reconstruction
quality.

Additionally, incorporating Chebyshev encoding into the QIREN framework, a novel con-
tribution of this work, produced models surpassing the baseline under two compactification
functions, Sigmoid and Softsign, further indicating the expressive benefits of Chebyshev-based
coordinate encoding.

4 Discussion
These preliminary results demonstrate that expressive feature map encodings can improve QINR
performance, with Chebyshev maps representing one promising instance. Future work will
explore a wider range of encoding strategies, including other functional bases and learnable
monotonically increasing encodings that retain the character of Chebyshev maps. The strong
performance of the quantum-centric model further suggests that fully quantum QINR architec-
tures are achievable, and future work will also examine near-fully quantum design configurations
best suited to natural image representation, including analysis of target image pre-processing,
eliminating classical post-processing entirely.
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