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ABSTRACT Image processing is one of the most promising applications for quantum machine learning.
Quanvolutional neural networks with nontrainable parameters are the preferred solution to run on current and
near future quantum devices. The typical input preprocessing pipeline for quanvolutional layers comprises
of four steps: optional input binary quantization, encoding classical data into quantum states, processing
the data to obtain the final quantum states, and decoding quantum states back to classical outputs. In
this article, we propose two ways to enhance the efficiency of quanvolutional models. First, we propose
a flexible data quantization approach with memoization, applicable to any encoding method. This allows
us to increase the number of quantization levels to retain more information or lower them to reduce the
amount of circuit executions. Second, we introduce a new integrated encoding strategy, which combines the
encoding and processing steps in a single circuit. This method allows great flexibility on several architectural
parameters (e.g., number of qubits, filter size, and circuit depth)making them adjustable to quantum hardware
requirements. We compare our proposed integrated model with a classical convolutional neural network and
the well-known rotational encoding method, on two different classification tasks. The results demonstrate
that our proposed model encoding exhibits a comparable or superior performance to the other models while
requiring fewer quantum resources.

INDEX TERMS Convolutional neural networks (CNNs), image processing, noisy intermediate-scale quan-
tum (NISQ), quantum computing, quantum encoding, quantum machine learning (QML), quanvolutional
neural network (QuanvNN).

I. INTRODUCTION
The field of quantum machine learning (QML) applied
to computer vision has gathered increasing interest in the
last decade, combining quantum computing and machine
learning to develop new algorithms, which may lead to
more efficient and optimized computer vision models [1].
A promising approach in image processing is the applica-
tion of quantum convolutional neural networks (CNNs), also
known as quanvolutional neural networks (hereafter Quan-
vNN s), which aim to enhance classical models through
hybrid (classical–quantum) architectures. However, cur-
rent quantum devices are still characterized by a limited
number of qubits and the absence of error correction. This
hinders QML from matching the performance of classical
machine learning methods. Therefore, the applications of

QuanvNNs are currently limited to simple architectures and
small datasets because of several constraints, including the
low number of available qubits, the need to reduce circuit
depth to avoid decoherence, and technical optimization con-
straints. For instance, while deep learning relies on gradi-
ent descent for parameter updates, quantum neural networks
(QNNs) require the use of the parameter shift rule [2], which
involves a large amount of additional circuit measurements
and is unreliable in the absence of error correction. This
challenge, commonly referred to as the barren plateau phe-
nomenon [3], affects most variational algorithms that rely on
quantum hardware to compute the loss function. This makes
large-scale QuanvNN optimization currently impractical.
To avoid the need to optimize quantum circuit param-

eters, a solution is the use of quanvolutional layers with
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FIGURE 1. Schema of the full pipeline using a quanvolutional neural network. The input image is first quantized and then passed to the network, which
comprises a quanvolutional layer (encoding, processing, and decoding) and one or more classical convolutional layers that provide the final output.

nontrainable parameters, as introduced in [4]. These layers
can be used in hybrid models for preprocessing the input
dataset, acting as random feature extractors that might iden-
tify features that are challenging to compute using classical
methods. Some examples of successful applications, where
quantum methods employing trainable quantum parameters
would be impractical on current quantum or simulated de-
vices, include speech recognition [5], building damage as-
sessment [6], medical diagnostics [7], and pollution emission
monitoring [8].
The key components of QuanvNNs are the quanvolutional

layers, the quantum equivalent of the classical convolutional
layers, which process the input in a locally invariant fash-
ion, detecting patterns and extracting meaningful informa-
tion. Typically, quanvolutional layers with nontrainable pa-
rameters are the first layers of a QuanvNN, and their input
preprocessing comprises the following stages (see Fig. 1).

1) Binary quantization: If needed, the original input
image is converted to a new image with binary pixel
values.

2) Encoding: The classical input is transformed into
quantum states.

3) Processing: The quantum states are processed through
a predefined quantum circuit to create interaction
between the input features.

4) Decoding: Classical information is extracted from the
final quantum state of the processing circuit.

Quanvolutional layers still present some challenges that
need to be addressed.
For example, binary quantization simplifies the input data

to decrease the number of required quantum circuit exe-
cutions; however, it may lead to considerable information
loss for some tasks, which rely on fine-grained information.
While some encodings do not require quantization and work
on the original image, several strategies need binary quanti-
zation as a prerequisite, such as threshold encoding [4].

On the other hand, encoding and processing stages are
the main source of the quantum hardware requirements for
QuanvNNs. For example, rotational encoding [9] requires
a number of qubits, which is quadratic with respect to the
size of the input patch, usually denoted as kernel size. As an
example, a kernel of size 5 requires 25 qubits. Other encod-
ings are even more resource expensive, such as amplitude

encoding [10], [11] which requires an exponential number
of gates to prepare the quantum states. These techniques
are unsuitable for noisy intermediate-scale quantum (NISQ)
devices, both for the required number of input qubits and
their circuit depth, which may cause problems due to limited
coherence time.
To address these challenges, we propose a new quanvo-

lutional layer that makes the quantization, encoding, and
processing stages more resource efficient and NISQ-friendly
while retaining the performance of more expensive quanvo-
lutional models.
As regards quantization step, we implement a flexible

quantization approach coupledwith a lookup table. The num-
ber of quantization levels can be analytically chosen based
on the amount of information loss on the input data. This
allows increasing (or decreasing) the number of quantization
levels as needed depending on the application, deciding be-
tween retaining more information (more quantization levels)
or lowering the number of circuit executions and measure-
ments (fewer quantization levels).
With respect to the encoding and processing stages, we

propose a quanvolutional model that, differently from pre-
vious ones, integrates both steps in a single circuit. The
proposed integrated encoding has no constraints on the
number of qubits and gates needed to process the in-
put and can, therefore, be adapted to the available re-
sources. This encoding allows creating small and effi-
cient models that are NISQ-friendly, but also scaling up
the number of qubits and gates as new resources become
available.
We compare the proposed integrated model with a quan-

volutional model using rotational encoding introduced in [4]
and used in [5], [6], [7], [8], [12], and [13], as well as a classi-
cal CNN model. The performance of all models is tested on
two different datasets for binary (MiraBest [14]) and mul-
ticlass image classification (Liquid Argon Time Projection
Chamber (LArTPC) [15]), using different circuit configura-
tions and testing different kernel sizes for the input patches.
Our experiments show that the proposed integrated encod-

ing surpasses the performance of the traditional rotational
encoding for all kernel sizes. In addition, integrated encoding
is more resource-efficient and could, therefore, be tested on
larger kernel sizes compared to rotational encoding. Finally,
our proposed approach outperforms the classical CNN on

3100719 VOLUME 7, 2026



Lizzio Bosco et al.: INTEGRATED ENCODING AND QUANTIZATION TO ENHANCE QNNs Engineeringuantum
Transactions onIEEE

both tasks, while the model using rotational encoding only
does so on the binary classification benchmark.
In addition, our experiments show that, contrary to stan-

dard quanvolutional models, the expressivity of our proposed
integrated model changes with the number of gates used. In
the literature, expressivity has been associatedwith improved
performance in QNNs for classification tasks [16], but also
with challenges in trainability for parameterized QNNs, such
as the occurrence of barren plateaus [17]. In our case, how-
ever, we did not observe a strong or consistent correlation
between model expressivity and classification accuracy.
To encourage further research on this topic, we share all

the code to reproduce our experiments,1 including the im-
plementation of the quantization procedure and the quanvo-
lutional model with integrated encoding.
The rest of this article is organized as follows. In

Section II, we present a review of the existing literature
on the topic. In Section III, we provide a concise back-
ground of the technical concepts used in this work, including
quanvolutional layers and standard encoding strategies. In
Section IV, we introduce our proposed pipeline, describing
the data quantization method and the proposed integrated
encoding. Section V contains the details of the experimental
setting, including datasets, tested models, and implementa-
tion details. Section VI presents and discusses the experi-
mental results. Finally, Section VII concludes this article.

II. RELATED WORK
Previous research has developed two main classes on quan-
volutional methods: the ones where quantum circuit param-
eters have learnable parameters, and the methods where they
have fixed nonlearnable parameters (i.e., only the classical
parameters are learned).

A. QUANVNNS WITH LEARNABLE PARAMETERS
These quantum convolutional models include parameterized
circuits, which can be trained together with the classical pa-
rameters via the parameter shift rule or similar techniques.
This approach allows the quantum circuit to learn repre-
sentations tailored to the task, potentially capturing richer
nonclassical features.
Themost common approach consists in encoding the input

image in a quantum state, processing it via one or more
quantum convolutional layers, decoding the final state, and
finally passing it to a classical architecture.
For example, Chen et al. [15] implemented this kind of

QuanvNN for the classification of high energy physics parti-
cles on the LArTPC dataset. Their model encodes each pixel
of a 2 × 2 patch in a qubit by converting it in rotation angles.
The processing circuit has four qubits and a fixed architecture
that contains parameterized rotations. These parameters are
initialized randomly and iteratively optimized during train-
ing. The output of the quantum circuit is then decoded and

1https://github.com/Dan-LB/integrated_encoding_for_QuanvNN

passed to a series of classical fully connected layers, which
are jointly trained with the quantum circuit.
Other works apply the same architecture to the classifi-

cation of 2-D radiological images [12] and several multi-
class classification tasks on MNIST, Medical MNIST, and
CIFAR-10 [13]. The former tests the effectiveness of several
encoding methods that require one qubit per pixel (threshold
encoding, rotational encoding, and higher order encoding),
while the latter uses rotational encoding.
Another interesting approach consists in placing the quan-

tum circuit between two classical layers. For example, Matic
et al. [12] also introduced a model for the classification of
3-D radiological images, which takes 2 × 2 × 2 patches as
input. The model consists of two classical convolutional lay-
ers, followed a quantum convolutional layer with eight filters.
Each filter uses eight qubits, angle encoding, and contains
gates with trainable rotations. Finally, the output of the circuit
is processed by further classical fully connected layers as
seen above.
Similar architectures are employed in [13] and [18], where

the quantum circuit is preceded by a classical “embedding”
phase. This approach has the advantage of decoupling the
dimension of the input patches from the dimensions of the
circuit: since the input image is first processed by classical
layers, these can be used to create a low-dimensional embed-
ding, which requires less quantum resources to encode and
process. On the other hand, this process does not allow the
quantum circuit to access the real input data. This may ham-
per the ability of the quantum circuit to detect meaningful
nonclassical patterns.
Notably, models with trainable quantum parameters typi-

cally require quantum hardware in the loop during training
and are thus considered more resource-intensive.

B. QUANVNNS WITH NONLEARNABLE PARAMETERS
To reduce quantum hardware requirements, several works
explore QuanvNNs with nontrainable quantum circuits. In
these models, the quantum parameters are usually randomly
initialized and remain fixed, while the classical layers of the
network undergo the standard training procedure. Another
advantage of using a nonlearnable quanvolutional layer is
that its output can be precomputed for all the input patches in
the dataset, further reducing the amount of quantum circuit
executions required to train the model.
This kind of QuanvNNswas first introduced byHenderson

et al. [4]. In this work, the authors use a classical CNN pre-
ceded by a quanvolutional layer. The authors use threshold
encoding on 3 × 3 input patches, meaning that the processing
circuit requires nine qubits. The processing circuit is com-
posed of a sequence of randomly selected parametric and
nonparametric gates (more details in Section III-C). Any re-
quired gate parameter is also selected randomly. The authors
test networks consisting of 1–50 quanvolutional filters, show-
ing that the performance of the QuanvNN increases with the
number of filters, but this effect caps at around 25 filters.
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Following works used similar architectures for the assess-
ment of seismic damage from photos [6] and the detection of
arrhythmia from ECG signals [7]. Both works employed ro-
tational encoding instead of threshold encoding, allowing to
encode a wider range of information. They also used smaller
2 × 2 input patches, resulting in a quantum circuit with
four qubits, followed by classical convolutional and fully
connected layers.
Finally, Mattern et al. [19] compare QuanvNNs models

with randomly generated circuits with both learnable and
nonlearnable parameters. The authors compare the models
created from all possible combinations of three different en-
codings (flexible representation of quantum images (FRQI),
novel enhanced quantum image representation (NEQR), and
threshold encoding), two input patch sizes (2 × 2 with two
filters and 4 × 4 with four filters, leading to a qubit require-
ment of 3 and 16, respectively), and two settings for the pa-
rameters (learnable and nonlearnable). The final results show
that both learnable and nonlearnable circuits can achieve
high performances on the MNIST dataset (over 0.82 accu-
racy). In addition, larger input patch sizes do not necessarily
lead to higher performances, as all tested models reached
higher accuracy when using 2 × 2 patches.
The QuanvNN models used in this work are also based on

randomly generated nonlearnable quantum circuits. Differ-
ently to previous works, we further test the effect of using
different input patch sizes (from 2 × 2 to 5 × 5). In addition,
we compare the performance of the traditional combination
of rotational encoding and Henderson-based processing cir-
cuit with the proposed integrated encoding, which shows
increased performance with less quantum requirements.

C. QUANTUM REQUIREMENTS OF QML MODELS
As discussed earlier, QuanvNNs can be broadly divided into
two categories: those with trainable quantum parameters
and those with fixed (nontrainable) quantum circuits. These
choices entail different dependencies on quantum hardware,
which can be formally categorized using the recent frame-
work introduced in [20].
In this framework, models that require quantum hardware

to compute or optimize the loss function fall under the quan-
tum simulation (QSIM) class. This includes most variational
algorithms and QML models with learnable parameters, as
gradient-based training generally requires quantum hardware
in the loop.
In contrast, models that utilize quantum hardware only

during an initial data acquisition or encoding phase belong
to the classical simulation enhanced with quantum experi-
ments (CSIMQE) class. In this case, the quantum component
is used to preprocess classical data (e.g., via fixed quantum
filters), and the rest of the learning pipeline, including loss
computation, is performed entirely on classical hardware.
Under this classification, the quanvolutional models used

in this work fall into the CSIMQE class, as they use randomly
initialized quantum circuits that remain fixed throughout
training. By contrast, models reviewed in Section II-A, which

include trainable quantum layers, would be categorized as
QSIM.
Importantly, models in the QSIM class are often affected

by the barren plateau phenomenon [3], in which gradients
vanish exponentially with system size, making training im-
practical, especially on NISQ devices. By contrast, CSIMQE
models do not require optimization on quantum hardware
and are thus considered more “NISQ-friendly.” However,
this does not imply that they are free of limitations. For
example, even nontrainable models, such as quantum ker-
nels [21], [22], can be affected by exponential concentration
effects [23], which may limit their expressivity or robustness.

We adopt this classification in our analysis to clarify the
capabilities and limitations of our models and to position
our approach with respect to current and near-term quantum
hardware constraints.

III. BACKGROUND
A. QUANVOLUTIONAL LAYERS
Quanvolutional layers are the fundamental component of
QuanvNNs and are based on classical convolutional filters,
which have transformed the field of image processing and
computer vision. Similarly to their classical counterparts,
they extract meaningful features from images in a locally
space-invariant manner, but they also exploit the capability of
quantum circuits to extract complex features that are difficult
to obtain classically.
Quanvolutional layers comprise one or multiple quanvolu-

tional filters, which perform operations on a local subsection
of the input data through quantum circuits.
A filter, also called kernel, maps a subsection of k × k

input data (pixels) x1, . . . , xk2 = x to a single scalar value.
The input x is usually referred to as a “patch.” In the classical
approach, this mapping is performed using classical opera-
tions, such as a scalar product between the patch values and
the filter’s weights, and the addition of a bias. A quantum
convolutional filter acts in a similar manner, with the im-
portant difference that the mapping is performed through a
quantum circuit.
More in detail, as mentioned in Section I, each filter per-

forms the following operations.

1) Encoding: The classical data (i.e., pixels in the patch
x) are encoded in a quantum state.

2) Processing: The quantum state representing the classi-
cal data is processed through a sequence of gates.

3) Decoding: Classical information is extracted from the
final quantum state.

The following sections describe the three phases in more
detail.

B. ENCODING
In general, encoding strategies are implemented as quantum
circuits, which are applied before the processing step. Their
aim is to embed the classical inputs into a quantum state
before further processing.
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1) ROTATIONAL ENCODING
The most common approach to data encoding in quanvolu-
tional models is through the use of rotational encoding with
RX gates [9]. The parametric gate RX (θ ) is defined as

RX (θ ) =
(

cos
(
θ
2

) −i sin ( θ2 )
−i sin ( θ2 ) cos

(
θ
2

)
)

and is obtained by the matrix exponential exp(−iθX ), where
X denotes one of the Pauli gates. This approach is also known
as angle encoding.
In a quanvolutional filter of size k × k, each pixel pi is

encoded on a different qubit. This implies that encoding k2

pixels requires a circuit with exactly k2 qubits. Consequently,
as k increases, this approach becomes unsustainable for de-
vices with a lower qubit count. Conversely, it may also reduce
the expressivity of the filter for lower values of k.
As the matrix exponential has a period of 2π , each pixel is

mapped to a rotation angle before the encoding. For example,
if pi ∈ [0, 1], then pi is encoded as RX (piπ ) applied to the ith
qubit. Formally, the mapping of a patch of size k × k to the
corresponding quantum state can be written as

|0〉⊗n �→ |ψ (x)〉 =
n⊗
j=1

(
cos

(π
2
x j
)

|0〉 − i sin
(π
2
x j
)

|1〉
)
(1)

with n = k2.

2) THRESHOLD ENCODING
Another method of encoding classical data in quanvolutional
filters is by threshold encoding. It consists in first performing
a binarization of the image and then encoding pixels with
value 0 with the identity gate I and pixels with value 1 with
the X gate. As in the previous case, the pixel pi is encoded
in the ith qubit. This encoding process inevitably results in
significant information loss due to the image binarization
and can only be applied to datasets that are resilient to this
procedure.
It is important to note that the threshold encoding is equiv-

alent to the rotational encoding after performing input bina-
rization, as RX (π ) is equivalent to the X gate up to a global
phase of −i.

3) HIGHER ORDER ENCODING
The rotational encoding can be enhanced with additional
entangling gates, to obtain the so-called higher order encod-
ing [12], [22]. In this encoding, after the rotational gates,
there is a set of Rzz(xix j ) applied to the ith and jth qubits.
This encoding is more expressive, but requires additional
k2(k2 − 1)/2 gates and a larger circuit depth.

4) OTHER NOTABLE ENCODINGS
Other encodings, which are usually not employed in quan-
volutional approaches, aim to reduce the number of qubits
needed to encode an image. For example, FRQI [24] can

encode an image of size k × k with 2 log2(k) + 1 qubits, as
long as k is a power of 2. However, this method requires k4

gates. NEQR [19] is an improvement on the FRQI encoding
that stores input data using the basis states instead of the
amplitudes.

C. PROCESSING
Following the encoding phase, the processing section of the
circuit usually consists of a randomly generated sequence of
parametric and nonparametric gates. In this section, we focus
on the original procedure described in [4], as it is commonly
used in the literaturewhen implementing nonlearnable Quan-
vNNs, and it is the method used in this work to create the
processing circuits.
The parametric circuit is constructed from a set of single-

qubit gates and a set of two-qubit gates.
The single-qubit gates are generated as follows: a maxi-

mum of 2k2 gates drawn from the set [RX (θ ),RY (θ ),RZ (θ ),
S,T,H]. Each gate is applied to a random qubit, and θ is a
random rotation parameter.
As regards the two-qubit gates, each pair of qubits q j, qk

has a fixed probability (usually p = 0.15) of having a gate
applied to them. The gate is randomly selected from the set
[CNot, Swap, SqrtSwap]. The qubit selection is inspired by
random graph models [25], where each qubit is treated as a
vertex, and a two-qubit gate between them is treated as an
edge.
Finally, all the generated gates (single- and two-qubit) are

randomly shuffled, obtaining the order of the gates for the
final circuit U .

D. DECODING
Finally, each quantum state must be translated into a classical
scalar value, in order to construct a new input for the follow-
ing layer of the model. To achieve this, it is first necessary to
measure each quantum state. Subsequently, the distribution
obtained from the measurement can be converted into a real
number. This step can be performed in several ways, e.g.,
the number of qubits in the |1〉 state in the most measured
state can be counted [4]. A different approach is the one used
in [12], where the authors obtain the expectation value for
each observable in the circuit. Therefore, the output of the
circuit is a vector instead of a single number, i.e., an output
channel is generated for each qubit in the circuit.

E. EXPRESSIBILITY OF A QUANTUM CIRCUIT
Expressibility is one of the most significant descriptors of a
parametric quantum circuit. It can be defined as the ability
of the circuit to uniformly cover the Hilbert space of the un-
derlying quantum system (i.e., the circuit’s ability to explore
the Bloch sphere in the case of a single qubit). Moreover,
researchers have shown a strong positive correlation between
the expressibility of a quantum circuit used in a variational
quantum classifier and its performance [16].
The expressibility index has first been proposed in [26]. It

is calculated by comparing the fidelities distribution of states
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obtained by a circuit U to the fidelities distribution of random
states of the system, which corresponds to the Haar random
states ensemble.
In order to compute the expressibility, the authors first

approximate the former distribution by randomly sampling
two sets of parameters θ1, θ2 ∈ � of the parametric quantum
circuit U . They then compute the fidelity |〈U (θ1)|U (θ2)〉|2
between the states obtained with the corresponding sets of
parameters.
Subsequently, they compute the Kullback–Leibler diver-

gence between the distribution P̃U (F;�) and the distribu-
tion of random states PHaar(F ), which is known to be equal
to (N − 1)(1 − F )N−2, where N is the dimension of the
quantum system [27], obtaining

Expr (U (θ)θ∈�) = DKL
(
P̃U (F;�)

∥∥PHaar(F )) . (2)

The formula to compute DKL of two continuous random
variables P and Q is

DKL(P‖Q) =
∫ ∞

−∞
p(x) log

(
p(x)

q(x)

)
dx (3)

where p and q denote the probability densities of P and Q,
respectively.
If the value of DKL (and therefore Expr) is close to zero,

then the two distributions are similar (i.e., in our case, the
parametric quantum circuit U is very expressive).
It is important to note that, in general, expressibility is

computed for variational circuits, while the circuits con-
sidered in this work have randomly generated or feature-
dependent parameters. In this context, it represents the ability
of a circuit to extract diverse features from the input data.

IV. PROPOSED METHOD
A. DATA QUANTIZATION
To enhance computational efficiency during the preprocess-
ing stage, two techniques are employed: first, the input data
are quantized, and then, quantum circuit outputs for each
unique patch are memoized. Previous works utilized a bi-
nary image quantization and a lookup table (memoization)
to expedite dataset processing. In general, binary quantiza-
tion significantly reduces data fidelity, with the potential for
complete loss of information (see Fig. 2). Therefore, a higher
number of quantization levels are employed to preserve as
much information as possible while maintaining computa-
tional practicality. The proposed quantization approach ex-
tends binary quantization by introducing a quantization level,
denoted as N.

The formula used to quantize a pixel is

q(x) = 
x · N�
N − 1

(4)

where x ∈ [0, 1) is the original pixel intensity. In other terms,
when an image is quantized to N levels, we first extract the
N points {0, 1

N−1 ,
2

N−1 , . . . , 1} from the interval [0,1]. Then,

FIGURE 2. Visualization of quantization for different values of N, on
three images from the CIFAR10 dataset (belonging to the classes bird,
horse, and cat). Quantization is applied after converting to gray scale.

for each image I, each pixel value is mapped to the closest
point in the set, obtaining a quantized image q(I).
The memoization technique is implemented by construct-

ing a lookup table that links each quantized input patch to
the output computed by the circuit. The table is filled-in
dynamically while preprocessing the dataset. This process
ensures that unnecessary computations for absent patches
are avoided, as only the patches actually encountered in
the dataset are processed. This methodology allows one to
balance the tradeoff between detail retention (preserving in-
formation) and computational load (efficient processing). A
higherN value offers finer details at the expense of expanding
the memoization table and needing more quantum circuit ex-
ecutions. Conversely, a lower N value simplifies the process
and reduces computational demands, but this is achieved at
the cost of losing input information. Fig. 2 displays some
examples of the effect of quantization for different values of
N.
To evaluate the information loss caused by using different

quantization levels, we can calculate the mean squared error
(MSE) between the original image and its quantized version.
An upper limit can be estimated by considering that (4) maps
each value x ∈ [0, 1] to a point q(x) such that |x− q(x)| ≤

1
2(N−1) ; therefore, the error is

MSE (I; q(I)) ≤ 1

4 (N − 1)2
. (5)

Nevertheless, the actual loss incurred during the quantiza-
tion process ultimately depends on the specific dataset.
Without memoization, preprocessing a dataset would re-

quire a number of quantum circuit executions equal to the
product of the number of input patches and the number of
filters. Even for relatively modest datasets, this approach is
impractical on current quantum hardware. Previous methods
relied on binarization (i.e. quantization for N = 2) of the
dataset to drastically reduce the amount of patches to com-
pute (for example, the upper limit on the number of patches

3100719 VOLUME 7, 2026



Lizzio Bosco et al.: INTEGRATED ENCODING AND QUANTIZATION TO ENHANCE QNNs Engineeringuantum
Transactions onIEEE

of size 3 × 3 is 29 = 512). However, larger values ofN might
still provide a significant reduction in the number of unique
patches, depending on the dataset.
Since both MSE and the number of unique patches for a

quantization level are computationally easy to obtain, these
value can be used as indices to balance the information loss
with the required processing time, without defaulting to an
aggressive data binarization.

B. INTEGRATED ENCODING
The proposed method is based on the use of classical data
as a rotation angle for multiqubit entangling gates, with the
objective of directly encoding data into the processing sec-
tion of the circuit. The rationale behind this approach is that
it removes the dependence between the size of the kernel and
the number of qubits required, thus enabling their selection
independently. This approach is similar to some applications
of quantum kernels [21], where classical data are directly
encoded in a quantum state without strict constraints on the
number of qubits.
The parametric gates used in our model are obtained from

the set of Pauli gates P = {σI, σX , σY , σZ} = {I,X,Y,Z}.
Given two elements σ1, σ2 ∈ P, we can construct the para-
metric gate G(θ ) as exp(−iθσ1 ⊗ σ2), where exp is the ma-
trix exponential and ⊗ is the tensor product. As an example,
consider σ1 = σ2 = X . Then, exp(−iθX ⊗ X ) =⎡

⎢⎢⎢⎣
cos(θ ) 0 0 −i sin(θ )

0 cos(θ ) −i sin(θ ) 0

0 −i sin(θ ) cos(θ ) 0

−i sin(θ ) 0 0 cos(θ )

⎤
⎥⎥⎥⎦ .

Consider a filter of size k × k, and a quantum circuit with
n qubits. A gate G in the quantum circuit is constructed
as follows: a random feature xi ∈ {x1, x2, . . . , xk2} (corre-
sponding to the intensity of a pixel in the patch k × k)
is selected, along with two gates σ1, σ2 ∈ P, two distinct
qubits q j, qk ∈ {q0, q1, . . . , qn−1}, and a mapping function
α : [0, 1] → [0, 2π ]. Then, the gate G is defined as

G(xi) = exp (−iα(xi) · σ1 ⊗ σ2)
[
q j, qk

]
(6)

where the notation [q j, qk] indicates that the gate is applied
on qubits q j and qk. The pair of qubits is randomly selected
among all possible pairs. However, when working on a real
quantum device, it is possible to base the selection on the
connectivity of the device. Finally, the mapping function α(·)
can be selected to be any mapping from the input space
(i.e., pixel intensities) to rotation angles. In the simplest case,
it can be chosen as α(x) = xπ . Nevertheless, it is possible
to select alternative functions, such as random or learnable
linear transformations, or standard activation functions such
as the sigmoid function.
The complete circuit can be written as a concatenation of

L gates
∏L

l=1 Gl (x jl ).
To prevent information loss, we force the circuit gener-

ation to use each feature xi in the patch at least once. The

(a)

(b)

FIGURE 3. Graphical representation of the encoding methods compared
in this work. (a) Rotational encoding. (b) Integrated encoding.

number of gates L can be selected according to hardware lim-
itations and desired properties, as long as L ≥ k2 to encode
all the features. However, we expect the optimal number of
gates L to scale polynomially in both the number of features
and the number of qubits.
While the aforementioned description focuses on 2-D fil-

ters, the same methodology can be extended to 3-D filters for
multichannel images by selecting k × k × c input features,
where c is the number of channels.

1) COMPARISON WITH ROTATIONAL ENCODING
One of the limitations of rotational encoding is its lack of
flexibility. In particular, a filter of size k × k requires exactly
k2 qubits and an average number of basic gates equal to
k2 + pk4, where the former term depends on the single-qubit
gates, while the latter depends on the two-qubit connections
between the k2 qubits (see Section III-C). This results in
circuits that may be excessively complex (in both depth and
number of qubits) when the size of the filter k is high or
insufficiently expressive when k is low.
In contrast, our proposed model allows for significant flex-

ibility in both the number of qubits and the number of oper-
ations L.

Fig. 3 shows a simplified comparison of the structure of a
processing circuit using (a) rotational encoding and (b) the
proposed integrated encoding.

V. EXPERIMENTAL DESIGN
The experiments are conducted on binary and multiclass
classification problems across two different datasets. The
aim of the experiments is to understand the performance of
the proposed integrated quanvolutional model for different
mapping functions α(·), compared to the standard rotational
encoding approach. Each setting is tested for different kernel
sizes and is finally compared to a classical CNN.

A. DATASETS
To test our proposed model, we selected two image classifi-
cation datasets from different fields.
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1) MiraBest [14] comprises images of galaxies, classified
according to the Fanaroff–Riley morphology into three
macroclasses: FR-I, FR-II, andHybrid.We useVersion
12 of the dataset, which consists of only the samples
labeled as Confident (as opposed to Uncertain) and
discards the Hybrid class, which contains 19 Confi-
dent samples only. The resulting dataset comprises 770
samples, of which 339 belong to the FR-I class and
431 to the FR-II class. Each sample is normalized and
downscaled to a size of 30 × 30.

2) LArTPC [15] is a dataset consisting of realis-
tic simulations of particle activities. Each parti-
cle belongs to a class in the following categories:
e−, μ+, p, γ , π0, π+, andK+. Each class contains 100
samples. Each sample is represented as a 2-D matrix,
where one axis is the position in the sensing wire, the
other axis is the time sampling tick, and the “pixel
intensity” is the energy loss at the corresponding po-
sition and time. The size of each matrix is 480 × 600.
Samples are first normalized using aMinMax Scaler to
ensure that each pixel is in [0, 1] and then downscaled
to a size of 30 × 30, following the original paper.

The datasets used in this work were selected based on
three main considerations. First, their relatively small size
ensures practical processing times in quantum circuit sim-
ulations, which remain computationally expensive. Second,
their limited number of training samples provides a natural
testbed for evaluating the behavior of quantum models in
low-resource scenarios. This is particularly relevant given
recent findings suggesting that quantum models may gen-
eralize better than classical ones when data are scarce [28].
Third, and importantly, both datasets originate from scien-
tific domains deeply rooted in quantum phenomena, namely,
the classification of astrophysical radio emissions and the
identification of subatomic particle interactions. This align-
ment with quantum-native processes offers a conceptually
meaningful and coherent setting in which to evaluate QML
pipelines. Despite their size, both datasets present substantial
classification challenges due to high intraclass variability and
subtle interclass differences, further supporting their suitabil-
ity for this study.
As regards the MiraBest dataset, we used the fixed train–

test split provided by the original authors (90%–10%), which
results in 693 train images and 77 test images. For the
LArTPC dataset, the data were randomly divided into a train-
ing set and a test set (85% –15%) at each experimental run.
In addition, we employ the following datasets to test

the effects of data quantization and analyze the trade-
off between information loss and reduction in circuit
executions.

1) MNIST [29] comprises images of handwritten digits
for ten-class digit classification. The dataset contains
70 000 images of size 28 × 28.

2 https://zenodo.org/records/4288837

TABLE 1. Number of Samples and Sample Size for Four Image
Classification Datasets: MNIST, CIFAR10, MiraBest, and LArTPC

2) CIFAR10 [30] is a dataset for general image classifica-
tion, containing 60 000 images of size 32 × 32 belong-
ing to ten classes of vehicles and animals.

Table 1 summarizes the basic information about the
datasets, such as the number of samples, image size, and the
total number of unique 3 × 3 patches.

B. TESTED MODELS
We compare our proposed quanvolutional model with inte-
grated encoding (QNN-Int) with a classical CNNmodel and
a quanvolutional network using rotational encoding (QNN-
Rot). In addition, we test three different mapping functions
α(·) to map pixel intensities to rotations angles in QNN-Int.
Finally, for both quanvolutional models, multiple kernel sizes
are tested to determine their effect on the model’s perfor-
mance. Each quanvolutional layer employs eight circuits.
This number was chosen to balance model expressivity with
computational cost, based on preliminary experiments that
showed diminishing returns in accuracy beyond this point,
consistent with findings reported in [4].

Following are the implementation details of the models.
Fig. 4 shows a schema of the architecture.

1) CNN—a classical convolutional neural network: The
structure of the model contains one convolutional layer
and two fully connected layers. The convolutional
layer consists of 16 output channels, has a filter size
of 3 × 3 with no padding, and is followed by a ReLU,
and a Max Pooling layer of size 2 × 2. The first fully
connected layer has 32 output features, while the sec-
ond one, which is also the output layer, has a number
of outputs equal to 7 or 2, depending on the task. Each
fully connected layer is followed by a ReLU activation
function. The convolutional layer and the first fully
connected layer are followed by a Dropout layer, with
probability of 0.2, to prevent overfitting.

2) QNN-Rot—quanvolutional model with rotational en-
coding: The model consists in the same architecture
described above, with a quanvolutional layer stacked
on top. The number of output channels on the quanvo-
lutional layer is 8, and the first Conv layer is modified
is take as input 8 channels instead of one. Each filter is
padded to have the same input and output dimensions.
The tested filter sizes are: 2 × 2, 3 × 3, and 4 × 4,
with a qubit requirement n of 4, 9, and 16. Larger filter
sizes were not tested due to the high resource demands
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FIGURE 4. Schema of the CNN and QNN-based architectures. The QNN-based architectures are obtained by adding a quanvolutional layer (in green)
before the classical CNN layers (in blue).

associated with their simulation, which was unfeasible
on our device. The processing circuit follows the stan-
dard implementation described in Section III-C. The
connection probability used for the circuit generation
is set to 0.15.

3) QNN-Int—quanvolutional model using the proposed
integrated circuit: The structure of the model is the
same as the one described for the QNN with the ro-
tational encoding, with the quanvolutional layer on top
of the CNN. The layer comprises eight channels, and
each filter is padded so that the output of the layer has
the same dimensions of the input.
The number of qubits is set to n = 4 to balance the
expressivity of the model with the resources required
for its implementation. The tested filter sizes are 2 ×
2, 3 × 3, 4 × 4, and 5 × 5.
Regarding the mapping function α(·), we considered
three options representing baseline linear transforma-
tions with increasing parameter complexity.
1) Simple: x �→ xπ ; it directly maps input values

to angles without further adjustments, a common
strategy in quantum data encoding.

2) RndMul: x �→ 2βxπ ; it introduces a random
scaling factor (β) to increase diversity.

3) RndLin: x �→ (βx+ σ )π ; it generalizes further
with both scaling (β) and bias (σ ), forming the
simplest complete linear transformation.

Here, x is the pixel value normalized in [0, 1], and
β and σ are random parameters drawn uniformly from
[0, 1], independently for each gate. The Simple func-
tion directly maps input feature to angles, mirroring
standard rotational encoding. RndMul and RndLin
extend this by adding an increasing number of random
parameters through basic linear operations, offering a
progression in flexibility.
As discussed in Section IV-B, the number of gates
L should be at least equal to k2 to encode all input

features. We set L = 2k2 and force each feature to be
encoded at least once in the final circuit.

C. DECODING
To obtain the output of the quanvolutional filter, we need a
way to decode the quantum state through a measurement. In
this work, we choose to measure the output state U (x)|ψ0〉
with the projector M = Z⊗n. The expectation value is
obtained as

p = 〈ψ0|U (x)†MU (x)|ψ0〉. (7)

To translate the output measurement to a scalar value, we
compute the average number of qubits that were measured
in the |1〉 state after repeating the measurement for a fixed
number of times. This method was chosen as it is more re-
silient to the stochasticity of the measurements than the one
based only on the most common measured output [4]. As
an example, consider a circuit that for a given input patch x
returns an equal superposition of the states |0〉⊗n and |1〉⊗n.
If the filter output depends only on the most common state
measured, then the output has a 50% chance of being 0 or 1,
while by taking into account all the measured states we have
an output of 0.5.

D. IMPLEMENTATION DETAILS
All models are trained using the ADAM optimizer with a
learning rate of 0.0003, with a batch size of 16. We use
the negative log-likelihood loss on log-softmax outputs. The
training process employs early stopping with a patience of
10, i.e., the training halts if the test loss fails to improve over
ten consecutive epochs. For the QNN-Int-RndLin model,
the patience is increased to 100, as the training loss took sig-
nificantly more epochs to decrease. Each training is repeated
ten times with different random seeds.
The model architectures, training procedures, and testing

methodologies are implemented in PyTorch. Quantum oper-
ations are performed with noiseless state vector simulation
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with Qiskit 1.1. The decoding of the circuits is performed by
a standard measurement in the computational basis for each
qubit and by computing the average (i.e., the final output
is the average number of qubits in the state |1〉) for a fixed
number of samples equal to 1000. In general, by increas-
ing the number of qubits in the system, it is expected that
(exponentially) more measurements are required to obtain
a good estimation of the quantum state. However, since the
number of qubits used in the experiments is small, we did
not observe any significant difference when increasing the
number of shots. All experiments are executed on an Intel
Xeon W-2123 machine with 48-GB RAM.
A small-scale noisy evaluation (see Appendix C) is also

carried out using the FakeTorino backend to simulate real-
istic hardware noise; this experiment only involves the best
performing configuration from the main experiments.

E. EXPRESSIBILITY MEASUREMENT
To compute an approximation of the expressibility Expr of
a quanvolutional circuit given in formula (2), we compute
210 fidelities of the circuit by creating pairs of random input
vectors. We then calculate the discretized version of Expr as
follows: ∑

i∈bins
P(i) log

(
P(i)

Q(i) + ε

)
(8)

where bins are obtained by dividing the interval [0,1] in 50
equal-sized intervals, P(i) is the number of fidelities in the ith
bin, and Q(i) is obtained from the distribution of PHaar. The
additive constant ε = 10−16 is used for numerical stability in
the computation.
All the randomly initialized nonlearnable parameters of

the circuits (e.g., θ in the QNN-Rot, and σ and β in QNN-
Int) are maintained fixed while measuring the 210 fidelities.

The expressibility measurement described earlier is
repeated ten times for differently initialized circuits.

VI. EXPERIMENTAL RESULTS
In the following, we present an analysis of the effect of data
quantization on the datasets. Then, we report the results of
the classification experiments conducted on MiraBest and
LArTPC. Finally, we perform an expressibility analysis for
QNN-Int and QNN-Rot.

A. DATA QUANTIZATION
We perform a preliminary analysis of the impact of data
quantization, restricted to 3 × 3 patches on the four datasets:
MNIST, CIFAR10,MiraBest, and LArTPC.We focus on two
metrics: information loss and reduction in number of circuit
execution. The former is calculated as the MSE between the
original and quantized images. The latter is calculated by
comparing the total number of 3 × 3 patches in the whole
dataset and the number of unique 3 × 3 patches obtained
after quantization.
Fig. 5 shows the trend of the information loss (MSE,

y-axis) depending on the quantization level (x-axis) for all

FIGURE 5. Average MSE on the considered datasets after applying
quantization to N levels, shown on a logarithmic scale. The dashed line
is the maximal MSE given by (5).

FIGURE 6. Reduction in the number of circuit executions after applying
quantization (N levels) and memoization to the considered datasets with
patch size 3 × 3.

datasets. The theoretical maximum MSE between the orig-
inal and quantized images for each quantization level N,
given by (5), is shown as a dashed line. The actual average
MSE calculated on the datasets is shown as solid lines. We
can see that the actual MSE on the datasets can be sig-
nificantly lower than the upper bound (e.g., for LArTPC
and MiraBest). This largely depends on the variability of
pixel intensities in the original dataset. For example, CI-
FAR10 contains real-life images of animals, vehicles, and
objects (see Fig. 2), resulting in a high variability and an
MSE close to the upper bound. On the other hand, the im-
ages in LArTPC and MiraBest contain large black back-
grounds with (relatively) small mostly white objects, which
lead to lower error rates during quantization. The accept-
ability of information loss is contingent upon the charac-
teristics of the dataset in question. For instance, N = 2 is
an acceptable quantization level for MNIST, whose images
remain recognizable after the process, but not for CIFAR10.
In general, we expect that levels of N � 20 may result in
a loss of information that negates any potential quantum
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TABLE 2. Reduction in the Number of Circuit Executions After Applying Quantization (N Levels) and Memoization to the Datasets LArTPC, MiraBest, and
MNIST With Patch Size 3 × 3

TABLE 3. Test Accuracy on MiraBest (Left) and LArTPC (Right) (Average and Standard Deviation Over Five Seeds), With and Without Quantization

advantage that could be obtained through quanvolutional
approaches.
Fig. 6 reports the percentage of reduction in circuit exe-

cutions (y-axis) given the quantization level (x-axis) for all
datasets. The plot shows that quantizing to N = 10 levels re-
duces the number circuit executions by 92% for all datasets.
The reduction reaches 99% for MiraBest and LArTPC, po-
tentially allowing significant savings in terms of resource
utilization. As the number of quantization levels increases,
the effect of quantization remains significant for several
datasets: N = 100 leads to a 95% reduction for MiraBest
and LArTPC, and an 80% reduction for MNIST. On the
other hand, we observe that for CIFAR10, the amount of
reduction in circuit executions becomes minor for N � 20,
reaching 43%, 24%, and 10% for N = 30, 50, and 100
respectively.
This confirms the previous observations on the informa-

tion loss, showing that the efficacy of this method ultimately
depends on the characteristics of the dataset.
Given these results, the MiraBest and LArTPC datasets

used in the following experiments are preprocessed with
N = 50 quantization levels. The value of N is selected to
obtain a high computational speed-up in the quanvolutional
layer application (respectively, 96% and 97% reduction in
circuit executions; see Table 2) with minimal information
loss (MSE< 10−5; see Fig. 5).

B. COMPARISON WITH NONQUANTIZED IMAGES
To further assess the impact of using N = 50 quantization
levels, we compare the performance and computational re-
quirements of all models with and without quantization (the
latter referred to as N = ∞). As before, this preliminary
analysis is restricted tomodels with k = 3 using theMiraBest
and LArTPC datasets.

1) PERFORMANCE
Table 3 reports the average classification accuracy of all mod-
els on the two datasets, both with and without quantization.
Results are averaged over five runs.

On MiraBest, QNN-Int-Simple and QNN-Int-RndMul
show amodest performance dropwith quantization (about 2–
3 percentage points), while other models exhibit no notable
differences. On LArTPC, QNN-Int-Simple again incurs
a performance loss of approximately 3 percentage points,
QNN-Int-RndLin shows a performance drop of 5 points
(but with a large variability between runs), with the remain-
ing models showing no significant degradation.
These results confirm that the low information loss ob-

served a priori (see Fig. 5) translates into only minor losses
in classification performance.

2) TIME REQUIREMENTS
The time required to preprocess the dataset is linear in the
number of patches processed. With the proposed memoiza-
tion strategy, the number of unique patches, and therefore the
number of quantum circuit executions, is strongly dependent
on the quantization level.
Note that memoization can still be applied even without

quantization, since the input data are inherently discretized,
and certain patches (e.g., all-black regions in LArTPC corre-
sponding to zero energy) are repeated. For comparison, we
also estimate the time required to preprocess each dataset
without using memoization. Specifically, this is calculated
as the time to evaluate a single patch multiplied by the total
number of patches in the dataset. Results are reported in
Table 4.
On MiraBest [see Table 4(a)], removing quantization in-

creases preprocessing time by a factor of 6 on average (range:
5.6–6.1 depending on the model). Removing memoization
altogether results in a much larger slowdown of 29× (range:
28.0–30.4). In total, using N = 50 quantization levels and
memoization, compared to no memoization at all, yields an
average computational speed-up of 96.56%, closely match-
ing the 96.61% reduction in circuit executions reported in
Table 2.
On LArTPC [see Table 4(b)], the impact of quantization

is slightly smaller: using N = ∞ (no quantization) results
in an average slowdown of 3.2× (range: 2.9–3.5). Disabling
memoization leads to a slowdown of 34× (range: 30.9–37.0).
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TABLE 4. Time Required (In Minutes) to Preprocess (a) MiraBest and
(b) LArTPC Using N = 50 Quantization Levels, No Quantization, and No
Memoization

In this case, usingN = 50withmemoization yields a 97.05%
speed-up, again matching the 97.07% reduction in circuit
executions shown in Table 2.

C. CLASSIFICATION PERFORMANCE
1) RESULTS ON MIRABEST
Table 5(a) reports the average classification accuracy of all
models tested on the MiraBest dataset (two classes).
The average accuracy of the classical CNN model is

71.039%.
QNN-Rot surpasses the performance of the CNN for k =

2, 3, reaching up to 77.273% accuracy. Its performance de-
grades as k increases, and becomes unstable with k = 4, with
10 points of standard deviation.
QNN-Int-Simple and RndMul significantly outperform

both the baseline CNN and QNN-Rot for k = 2, 3, 4, and
RndMul alsomatches the performance of the CNNwith k =
5. QNN-Int-RndMul reaches the best overall performance
with 80.779% accuracy at k = 3.

The QNN-Int-RndLin model exhibits suboptimal perfor-
mance for all values of k, as its performance remains 10–20
points lower than the classical CNN.
In general, lower values of k tend to perform better, while

there is a decline in performance as k increases to 4 and 5.

2) RESULTS ON LARTPC
Table 5(b) reports the average classification accuracy of all
models tested on the LArTPC dataset (seven classes).
The average accuracy of the classical CNN model is

56.789%.
The performance of the QNN-Rotmodel is lower than the

CNN for all values of k. Its performance increases with k, and
it reaches a maximum of 52.929% for k = 4.

QNN-Int-Simple and QNN-Int-RndMul have similar
patterns in performance. For k = 2, their accuracy is lower

than the CNN, but still higher than the best performance of
QNN-Rot. For k = 3, 4, 5, both models surpass the perfor-
mance of the CNN, reaching their best performance at k = 4
(58.500 for Simple and 57.786 for RndMul).
QNN-Int-RndLin never surpasses the baseline CNN per-

formance, reaching a maximum of 54.071% accuracy with
k = 2, and showing a large standard deviation for k = 3, 4, 5
(up to 18 points). This shows that RndLin is highly unstable
on this dataset.
In contrast to theMiraBest dataset, larger filters obtain bet-

ter results, but the best performing models exhibit a smaller
advantage over the classical approach. The difference in per-
formance trend appears to be related to the distribution and
diversity of k × k patches. Specifically, MiraBest exhibits
low patch diversity, withmost patches concentrated in a com-
pact region or near-zero values even for higher values of k.
On the other hand, the LArTPC dataset exhibits greater patch
diversity with larger patches, providing additional informa-
tion for the classification models. Appendix A contains more
details about this analysis.

D. EXPRESSIBILITY ANALYSIS
Fig. 7 shows a comparison of the expressibility of the pro-
posed QNN-Int model with QNN-Rot using different ker-
nel sizes. To increase the readability of the plots, we show
the value of Expr′, computed as Expr′ = − ln(Expr), so that
higher values correspond to an increased expressivity.
When computing the expressibility of the proposed QNN-

Int circuit with a fixed number of qubits and features (Fig. 7,
upper row), we observe that increasing the number of gates
L (moving right on the x-axis) leads to increasingly more
expressive circuits (increased Expr′). This implies that it is
possible to select a priori the value of L in order to obtain a
desired value of expressibility.
Increasing the kernel size k leads to a higher increase in

expressibility with a lower number of gates. For example,
QNN-Int-Simple reaches Expr′ = 2with 25 gates when k =
2, 14 gates with k = 3, and 12 gates with k = 4.

When comparing the three different mapping functions α,
we observe that Simple and RndMul display a similar trend,
while RndLin has significantly lower expressibility for all
kernel sizes. Therefore, we expect RndLin to reach a lower
classification accuracy compared to the other two functions.
As regards QNN-Rot, the x-axis of the plots in the lower

row of Fig. 7 reports the probability p instead of the number
of gates. This is because the number of gates in a circuit
with rotational encoding depends on p and k, and it aver-
ages at k2 + pk2(k2 − 1). One can select different values of
the connection probability p to obtain circuits with different
length. We observe that QNN-Rot circuits are generally less
expressive than QNN-Int. In addition, their expressibility
does not depend on the number of operations involved. For
every value of p, there is no statistically significant difference
in the value of Expr′, which only increases with the kernel
size k.
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TABLE 5. Classification Accuracy for the (a) MiraBest and (b) LArTPC Datasets

FIGURE 7. Expressibility of parametric quantum circuits, computed as described in formula (2) by uniformly sampling parameters in [0,1]. For
readability purposes, we show the value Expr′ , computed as Expr′ = − ln(Expr). For the model QNN-INT, the number of qubits is set to 4. All plots report
the average expressivity (solid line) and its standard deviation (shadowed area) over ten random circuits.

These observations are in line with the experimen-
tal results, which show that QNN-Int-Simple and QNN-
Int-RndMul tend to outperform QNN-Rot in classifica-
tion tasks. However, additional experiments presented in
Appendix B show that expressibility alone is not a strong
predictor of model performance for quanvolutional circuits
in our setting.

E. DISCUSSION
Overall, the results of the classification experiments on both
datasets show that the proposed QNN-Int model reliably

surpasses the performance of the QNN-Rot model for all
kernel sizes and was always able to surpass the performance
of a classical CNN.
In the QNN-Int model, the function chosen to map pixel

intensities to rotation angles plays an important role and
can lead to very different performances. Among the tested
functions, Simple and RndMul performed the best, while
RndLin often reached lower performances even compared
to QNN-Rot. In addition, RndLin also exhibited the high-
est performance variance. As the most complex mapping
function, it involves a large number of randomly initialized
parameters, which may contribute to this variability. This
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suggests that higher parameter count does not improve gener-
alization when using nontrainable quanvolutional filters, and
may even hinder it.
Increasing the kernel size k led to different results in the

two datasets. On MiraBest, the performance of the models
seems to decrease with k, while on LArTPC, the best results
are achieved for higher values of k. This contrast appears to
be related to the distribution of k × k patches. Specifically,
in MiraBest, higher values of k result in a large number of
patches with near-zero values, while the LArTPC dataset
exhibits greater patch diversity. See Appendix A for a more
detailed analysis.
The best performing model (QNN-Int-RndMul, k =

3 on MiraBest) was also evaluated under simulated re-
alistic noise (see Appendix C). Its accuracy remained
comparable to the noiseless case (79.22% with noise versus
80.52% without), indicating that the proposed approach can
operate effectively under realistic noise conditions.
Finally, quantization significantly reduced preprocessing

time with negligible performance loss. For datasets con-
taining many repeated patches, memoization remains effec-
tive even without quantization, as digital images are already
quantized (e.g., to 255 levels), enabling substantial speed-ups
in practice.

VII. CONCLUSION
In this work, we presented a new quanvolutional model and
preprocessing pipeline to make data quantization, encoding,
and processing more efficient on NISQ devices.
The proposed flexible quantization approach enabled a

significant reduction in the number of quantum circuit execu-
tions required to process the datasets considered in this work.
In particular, we obtained a reduction of over 95% circuit ex-
ecutions when using 3 × 3 kernels, while losing a negligible
amount of information. This technique has the potential to
be highly beneficial for quanvolutional approaches applied
to tasks with similar properties.
Our experiments also show that the proposed QNN-Int

model can match or surpass the performance of classical
CNN models on different datasets and with different pa-
rameter configurations. When compared with a standard
quanvolutional model with rotational encoding (QNN-Rot),
QNN-Int-Simple andQNN-Int-RndMul surpassed its per-
formance on all tested configurations.
The proposed integrated encoding model features a large

number of hyperparameters, including the number of qubits
n, the filter size k, and the number of gates L, in addi-
tion to an extensive range of possible mapping functions
α(·). Each parameter can be selected independently based
on the hardware constraints of current quantum devices.
The choice of the mapping function seems to be crucial
to ensure higher expressivity and better classification re-
sults. However, this flexibility also introduces challenges:
certain configurations, such as using RndLin as the mapping
function, may negatively impact model performance. Future
work could explore automated strategies for hyperparameter
and mapping function selection, drawing inspiration from

techniques developed for quantum architecture discovery
[31], [32].
An exciting future direction would be to apply integrated

encoding in a learnable setting. In particular, mapping func-
tions such as the ones used in QNN-Int-RndLin and QNN-
Int-RndMul have randomly initialized parameters, which
could be optimized during training, as done in [19] for QNN-
Rot. Such extensions could bridge the gap between current
NISQ-compatible models and more expressive parameter-
ized quantum circuits. While the current study focuses on
nontrainable (random) quantum layers due to their align-
ment with NISQ-era constraints and classification within the
CSIMQE class, this choice limits task-specific adaptability.
On the other hand, parameterized quantum models offer
improved learnability and flexibility but may be more
resource-intensive and susceptible to issues such as bar-
ren plateaus. Studying this tradeoff between generaliza-
tion and adaptability is a promising direction for future
research.

APPENDIX A
EVALUATION OF PATCH DISTRIBUTION
To better understand whether local structural differences cor-
relate with the performance trends observed in Section VI-C,
we evaluate the distribution of image patches across different
patch sizes k ∈ {2, 3, 4, 5} for the two datasets: MiraBest and
LArTPC.
For each dataset and value of k, we extract all unique k × k

patches from the training set of each, flatten them and analyze
the overall path distribution. We apply principal component
analysis (PCA) to project the patch representations into three
dimensions, allowing us to visualize the density and spread
of patch types in a compact space.
Fig. 8 presents these distributions. Each point corresponds

to a unique patch, its size indicates the frequency of the patch
in the dataset, and its color indicates the �2 distance of the
patch from the most frequent patch (the all-zero patch in both
datasets) computed as ‖x − 0‖2. This provides a visual cue
for how distant each patch is from the “background.”
For MiraBest, across all patch sizes, the distribution re-

mains highly concentrated near the origin. This indicates
limited structural diversity and high redundancy in local pat-
terns. The patch space forms a compact cloud, suggesting
thatmost regions in the images are visually uniform and carry
low local complexity.
In LArTPC, as k increases, the patch distribution expands

significantly. The PCA embedding forms a triangular or fan-
shaped manifold, with patches populating more distant re-
gions of the space and forming “clusters” of similar patches.
This indicates that larger patches capture more diverse and
informative local patterns, reflecting higher visual complex-
ity in the data.
These findings offer a plausible explanation for the perfor-

mance gap observed in Table 5: models trained on LArTPC
benefit from the richer representational content present in
its more diverse local patches, whereas those trained on
MiraBest are limited by the homogeneity of local structures.
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FIGURE 8. PCA projection of k × k patches extracted from MiraBest and LArTPC datasets. Each point corresponds to a unique patch; the size of the
point indicates the frequency of the patch in the dataset; colors indicate distance from the most common (zero-valued) patch. As k increases, LArTPC
exhibits a broader more diverse distribution, while MiraBest remains highly concentrated.

APPENDIX B
EMPIRICAL EXPRESSIBILITY ANALYSIS
The proposed QNN-Int encoding enables control over the
expressibility of the ansatz by adjusting the number of gates
L. To investigate the relationship between expressibility and
model performance, we conducted experiments with a fixed
kernel size of k = 3, varying L to assess whether changes
in expressibility yield distinct behaviors. Specifically, we
tested: Specifically, we tested:

1) L = 9 (low): the minimum required to encode all k2

input features;
2) L = 18 (medium): the configuration used in the main

experiments (L = 2k2);
3) L = 27 (high): a more expressive configuration with

additional gates.

Because increasing L also raises circuit complexity, we
designed a complementary experiment using the QNN-Rot
model. In this case, we varied the connection probability
p to control circuit complexity while keeping expressibility
roughly constant (see Fig. 7, bottom row). The tested values
were:

1) p = 0.075 (low): reduced connectivity and circuit
complexity;

2) p = 0.15 (medium): the baseline used in the main ex-
periments;

3) p = 0.225 (high): higher connectivity and complexity.

We first examine the learning curves of all models (see
Fig. 9) to understand how expressibility and circuit complex-
ity influence training dynamics.

On theMiraBest dataset (top row), both QNN-Int-Simple
and QNN-Int-RndMul show slightly faster convergence
and lower test loss with higher expressibility, albeit with
a greater tendency to overfit. This suggests that increased
expressibility improves representational capacity but may re-
duce generalization. In contrast, the QNN-Rot model shows
minimal variation in training behavior across the different p
values.
On the LArTPC dataset (bottom row), the same trend

is observed but less pronounced. Higher expressibility
leads to marginal improvements for QNN-Int-Simple and
QNN-Int-RndMul, while QNN-Rot shows benefits with
increased circuit complexity, possibly due to more available
parameters. Notably, results for QNN-Int-RndLin remain
too noisy on both datasets to draw meaningful conclusions.
We also report test accuracy for each configuration

in Table 6. On MiraBest, higher expressibility correlates
weakly with improved performance in QNN-Int (e.g., QNN-
Int-Simple improves from 55.14 to 57.50). However, on
LArTPC, models with Medium expressibility seem to per-
form better than the others, contradicting the initial hypoth-
esis.
In addition, the QNN-Rotmodel shows a marked increase

in performance moving from low to high circuit complexity
(from 52.64 to 56.14 onMiraBest and from 71.55 to 75.32 on
LArTPC), despite having a roughly constant expressibility.
In conclusion, while expressibility can influence model

dynamics and performance, its role appears limited and
context-dependent. Circuit complexity may play a more sig-
nificant role than expressibility in determining performance
for QNNs under the architectural and dataset constraints
explored in this study.
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FIGURE 9. Average train and test losses (solid lines and dotted lines) for all models with different circuit complexities (different values of L for QNN-INT,
and of p for QNN-ROT). The data reported are averages over ten runs, with the standard deviation represented by the shadowed area. Results are
reported for the datasets MiraBest (top) and LArTPC (bottom).

TABLE 6. (Left) Average Final Test Accuracy for MiraBest and (Right) LArTPC Over Ten Seeds for Different Circuit Complexities

APPENDIX C
EFFECT OF NOISE ON INFERENCE
In this section, we perform a small-scale evaluation on simu-
lated noisy hardware to assess the effect of noise on the pro-
posedmethod.We use the FakeTorino noisy simulator, which
mimics the noise characteristics of IBM’s Torino hardware,
a recent 133-qubit system based on the R1 Heron quantum
processor. For each unique patch and each quantum circuit,
we first transpile the logical circuit to the hardware coupling
map and then simulate it while incorporating the device’s
noise model.
As noisy simulation is computationally expensive, we re-

strict our experiments to a single configuration. In particular,
we select the best performing one from the main experi-
ments: the QNN-Int-RndMul model with kernel size k =
3, on the MiraBest dataset. We test two training-evaluation
setups: 1) training on a noiseless simulated device and eval-
uating on noisy images using the noisy simulator and 2)
training and evaluating entirely in the noisy setting.
This mirrors practical deployment scenarios where mod-

els may be trained on high-performance low-noise systems
but deployed for inference on hardware subject to realistic

TABLE 7. Comparison of Test Accuracy, Across Different Noise Settings
on the MiraBest Dataset

noise, as well as the more challenging case of noise-aware
training.
The results, reported in Table 7, show a clear impact of

hardware noise on model performance. When both train-
ing and testing are performed on a noiseless simulator, the
model achieves 80.52% accuracy, consistent with the results
reported in the main experiments. However, when a model
trained under noiseless conditions is evaluated on noisy hard-
ware, accuracy drops to 59.74%, a decrease of more than
20 percentage points. In contrast, training the model directly
on noisy simulations yields 79.22% accuracy when evalu-
ated on noisy hardware, indicating that noise-aware training
can substantially mitigate the detrimental effects of quantum
hardware noise.
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FIGURE 10. Average learning curves for the main experiments on MiraBest, consisting of train and test losses. Each row corresponds to a different
kernel size k, and each column to a different model architecture. The vertical line represents the early stopping epoch. The shaded area indicates the
standard deviation.

FIGURE 11. Average learning curves for the main experiments on LArTPC, consisting of train and test losses. Each row corresponds to a different kernel
size k, and each column to a different model architecture. The vertical line represents the early stopping epoch. The shaded area indicates the standard
deviation.
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FIGURE 12. Learning curves for the noisy experiments on MiraBest, consisting of train and test losses. The vertical line represents the early stopping
epoch.

FIGURE 13. Average preprocessing time (in minutes) for each dataset, using eight layers and 50 levels of quantization with the noiseless simulation.

APPENDIX D
LEARNING CURVES AND SIMULATION TIME
For completeness, we show the learning curves of all the
models used in the main experiments (see Figs. 10 and 11),
as well as the additional noisy evaluation (see Fig. 12).
An interesting observation is that the models QNN-Int-

Simple and QNN-Int-RndMul converge faster (see, for
example, the test loss on LArTPC in Fig. 11). This suggests
that these models have higher expressive power.
We also report the average time required to perform the

quantum preprocessing of the datasets (see Fig. 13). The two
datasets exhibit similar behavior, with differences mainly
driven by the number of unique patches. The three QNN-Int
models require very similar preprocessing times, as there are
no structural differences in their circuits. The largest models
require around 350 min to preprocess the MiraBest dataset
and 300 min for the LArTPC dataset.
For kernel sizes of 2 and 3, almost no difference is ob-

served between QNN-Rot and QNN-Int, despite the former
requiring nine qubits and the latter four. This suggests that,
when using the standard simulator implemented in qiskit, the
integrated model can require more time than the rotational
model when using the same number of qubits. However, for
k = 4, the time for QNN-Rot increases steeply due to the
cost of simulating circuits with 16 qubits. In contrast, the
number of qubits in QNN-Int is fixed, leading to a quadratic
increase in time with k, as the number of gates grows propor-
tionally to k2.

The noisy experiment reported in Appendix C required
approximately 2.5 weeks to preprocess the MiraBest dataset
(24 438 min).
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