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Abstract

Quantum machine learning (QML) has gained increasing attention as a poten-
tial solution to address the challenges of computation requirements in the future.
Earth observation (EO) has entered the era of Big Data, and the computational
demands for effectively analyzing large EO data with complex deep learning
models have become a bottleneck. Motivated by this, we aim to leverage quan-
tum computing for EO data classification and explore its advantages despite the
current limitations of quantum devices. This paper presents a hybrid model that
incorporates multitask learning to assist efficient data encoding and employs a
location weight module with quantum convolution operations to extract valid
features for classification. The validity of our proposed model was evaluated using
multiple EO benchmarks. Additionally, we experimentally explored the general-
izability of our model and investigated the factors contributing to its advantage,
highlighting the potential of QML in EO data analysis.

Keywords: Quantum Machine Learning, Quantum Circuit, Image Classification,
Multitask Learning, Generalizability, Earth Observation, Remote Sensing
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1 Introduction

Earth observation (EO) data classification aims to extract critical information from
remote sensing imagery, offering valuable insights for a wide range of applications,
such as urban planning, resource management, environmental monitoring, and more.
To analyze EO data efficiently and accurately, the exploration of machine learning
approaches has gained significant attention, as these methods facilitate the automatic
interpretation of large volumes of EO data. To date, many contributions have been
made in this regard, as demonstrated in studies such as (Zhu et al., 2017, 2021).

However, to address the complexities of EO data analysis with machine learning
techniques, researchers have developed advanced model architectures and training
strategies. For instance, Wang et al. (2024) proposed a method to decouple common
and unique representations across different modalities, enhancing model performance.
However, such complex techniques come at the cost of significant computational power
requirements, which have become a bottleneck. To tackle this challenge, quantum
computing has gained significant attention for its potential to accelerate computational
tasks despite the current limitations of quantum devices, including their lack of full
fault tolerance and limited qubit support.

Quantum machine learning (QML) integrates quantum computing and machine
learning, and various contributions have been made to explore its potential across dif-
ferent tasks. Wei et al. (2022) proposed a quantum convolutional neural network for
image recognition tasks, which shows exponential speed-ups over their classical coun-
terparts in gate complexity. De Falco et al. (2024) proposed a quantum latent diffusion
model for generation tasks, highlighting several advantages of quantum computing,
such as faster convergence and fewer trainable parameters.

Despite such existing contributions, there are still many challenges in this field.
For instance, data encoding is a critical and challenging step in QML, as it directly
impacts both the validity of QML for data analysis and the overall efficiency of the
model. This challenge is particularly significant in EO data analysis due to the rich
spectral and spatial information contained in EO imagery. To address this, many
proposed methods adopt a hybrid framework, leveraging quantum algorithms explic-
itly for latent feature transformation (Zollner et al., 2024) or local low-level feature
transformation (Sebastianelli et al., 2024).

Furthermore, efficiency might not be the only benefit of using QML for EO data
analysis. Transferability and generalizability are also important factors. Data scarcity
and variability are common issues when addressing global challenges in the EO
domain. High transferability and generalizability ensure that models trained with lim-
ited labeled data or data from different domains remain adaptable and robust across
diverse applications. In the study, Wang et al. (2023) introduced a quantum frame-
work for learning transferable visual representation, where the quantum component
enhances both transferability and generalization. However, whether quantum comput-
ing can improve the transferability and generalizability of EO data analysis is still
uncertain.

To address these challenges and fill the research gaps, our prior work (Fan et al.,
2025) introduced the SEQNN model that exploits a classical multilayer perceptron
to assist efficient image data encoding. However, achieving effective feature reduction
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requires a large number of training samples to ensure robust performance, which could
restrict its practicality and potential, especially when handling large EO images with
limited training samples. This key limitation motivates the present study, in which we
propose a multitask-based hybrid quantum neural network (MLTQNN). Specifically,
this model leverages a reconstruction task learning to reduce features for efficient and
valid quantum data encoding. For classification, we introduce a location weight mod-
ule alongside quantum convolution operators to extract critical features. In addition,
this study also further explores the generalizability of QML models in EO data classi-
fication and investigates the underlying factors that contribute to it. The performance
and validity of our model for EO data classification have been thoroughly evaluated
using multiple EO benchmarks under different settings, providing meaningful insights
into the behavior and generalization capability of QML models in EO data analysis.

In summary, the main contributions of this work include:

1. We proposed a hybrid neural network (MLTQNN) that incorporates a multitask
learning approach to assist efficient feature encoding by significantly reducing
the number of encoded features through an auxiliary image reconstruction task
for effective and efficient feature extraction and achieve accurate EO imagery
classification;

2. We introduced a location weight module to enhance feature extraction along with
quantum convolution operations;

3. We studied the generalizability advantages of our model and its underlying rea-
sons from different perspectives, highlighting the potential of QML in EO data
analysis in this regard;

The paper is organized as follows: Section 2 overviews related work. Section 3
introduces our proposed hybrid model. Section 4 presents the experiments and their
results to evaluate our model. Section 5 discusses the generalizability advantages of
our hybrid model and analyzes the underlying reasons. Finally, Section 6 concludes
the paper and outlines future research directions.

2 Related Work

This section briefly overviews relevant studies, highlighting multitask learning strate-
gies in the EO domain, contributions to the generalizability of quantum machine
learning models, and recent explorations of QML for EO data classification.

2.1 Multitask Learning for EO Data Analysis

Multitask learning has been shown to leverage information from multiple related tasks
to enhance the generalization performance across all the tasks (Zhang and Yang,
2021). Numerical studies have been conducted to apply this approach in EO data
analysis. Zheng et al. (2021) proposed a framework for jointly learning shared features
from multiple small-scale EO data alongside task-specific features to achieve opti-
mal results. Carvalho et al. (2019) introduced a network learning semantics and local
heights together, enabling each task to benefit from it. Liu et al. (2024) proposed a
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model that can enhance targeted emphasis on features at different levels through mul-
titask learning constraints. Leiva-Murillo et al. (2012) aimed to alleviate the dataset
shift for EO data classification by imposing cross-information in the classifiers through
matrix regularization. Li et al. (2024) integrated a hierarchical classification network
and a classification-assisted attention-based regression network to retrieve multiple
cloud properties. Qiu et al. (2020) introduced multitask learning to human settlement
extent regression and local climate zone classification and exploited the former out-
put as a prior to improve classification accuracy. Liu et al. (2020) came up with a
multitask learning method to simultaneously conduct classification and reconstruction
tasks using hyperspectral images.

2.2 Quantum Machine Learning for EO Data Classification

To date, an increasing number of contributions have been made regarding applying
QML for EO data classification despite the current constraints of quantum devices.
Some studies have focused on using quantum annealers for classification tasks, such
as (Delilbasic et al., 2023; Zardini et al., 2024). In addition, quantum circuit-based
models have been explored to classify EO data. However, due to the complexity and
richness of EO data, hybrid quantum deep learning models have attracted significant
attention. For instance, Rodriguez-Grasa et al. (2024) utilized the U-Net Encoder to
reduce the dimensionality of EO data and neural quantum kernels for final prediction.
Miroszewski et al. (2023) applied simple linear iterative clustering for data reduction,
followed by their proposed quantum-kernel support vector machines for multispectral
image analysis. Zollner et al. (2024) compared different dimensionality reduction meth-
ods for EO data as part of QML models for classification purposes. Miller et al. (2023)
presented a hybrid quantum-classical model that combines VGG or RNN architectures
with a quantum circuit for optical and Synthetic Aperture Radar (SAR) classification.

Besides using classical algorithms for preprocessing EO images followed by quan-
tum components, some studies rely on quantum circuits to directly extract features
from EO images, with classical algorithms employed for final classification. Examples
of such models can be found in (Sebastianelli et al., 2024; Fan et al., 2023).

Furthermore, Papa et al. (2024) explored the benefits of hybrid quantum attention-
based models for enhancing classification performance and stability in EO data
analysis. Miroszewski et al. (2023) outlined the potentials and challenges of applying
QML in the EO domain.

2.3 Generalizability in Quantum Machine Learning

Generalizability is a critical aspect of machine learning models, reflecting their ability
to perform on unseen data. Numerous studies have explored the generalization bounds
of QML models from various perspectives. For instance, studies such as (Caro et al.,
2022; Du et al., 2023; Gibbs et al., 2024) suggest that a QML model’s generalizability
is influenced by the number of training samples, a finding that is consistent with
classical machine learning models.

In addition, several other parameters of QML models have been linked to gen-
eralization bounds. Specifically, besides the size of the training data, Caro et al.
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(2023) showed that generalization depends on the number of trainable quantum gates.
Qi et al. (2023) demonstrated a connection between generalization and the Hilbert
space dimension. Banchi et al. (2021) explored generalization in QML through quan-
tum information theory, suggesting that the generalization error is connected to the
Rényi mutual information between the quantum state space and the classical param-
eter space. Caro et al. (2021) emphasized the critical role of data-encoding strategies
in the generalizability of QML by obtaining the generalization bounds based on
the Rademacher complexity and the metric entropy from statistical learning theory.
Gyurik et al. (2023) focused on the relationship between the applied observable in QML
and its generalization performance based on the Vapnik–Chervonenkis dimension.

Furthermore, Khanal et al. (2024) presented a comprehensive summary of existing
studies on generalization error bounds in the NISQ era. Interested readers may refer
to this work for a detailed overview.

3 Methodology

In this paper, we introduce a multitask-based hybrid quantum neural network
(MLTQNN) that integrates image classification as the primary task and image
reconstruction as a supporting auxiliary task. As depicted in Figure 1, the image
reconstruction task is realized through a convolutional autoencoder, while the image
classification task is performed by the hybrid quantum neural network. The motivation
is to leverage the reconstruction task for efficient and valid quantum data encoding,
thereby improving EO data classification, particularly when handling large EO images
with limited training samples. A detailed description of each task is provided below.

3.1 Main Task Learning

For the main task, our proposed model employs a hybrid quantum algorithm to clas-
sify EO images, leveraging quantum properties to enhance feature extraction. As
shown in Figure 1, this task consists of two components: a quantum algorithm for

Fig. 1 Overall architecture of the proposed model: image classification as the main task and image
reconstruction as the auxiliary task
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feature extraction and a classical algorithm for final prediction using the feature vec-
tor obtained from quantum computing. Specifically, the process comprises four steps,
which we detail in the following sections.

3.1.1 Data Encoding

Representing classical data as quantum states is a critical step in quantum machine
learning. For EO data, this process is particularly challenging due to the richness of
its spectral and spatial information, requiring efficient methods to minimize quantum
resource usage. In our proposed model, the processed image derived from the auxiliary
task is encoded into the quantum state. This approach reduces the quantum resources
needed for the encoding process, effectively addressing the challenges associated with
encoding complex EO data.

Following the encoding strategy in (Fan et al., 2025), the processed image described
in Section 3.2 is transformed into a quantum state via a quantum circuit, and Figure 2
illustrates an example for encoding the processed image with 4 × 4 superpixels, each
containing 9 feature values. As indicated in the figure, there are two quantum reg-
isters, distinguished by white and black qubits, respectively. The first register, ql, is
responsible for the locations of the superpixels, while the second register, qv, encodes
their feature values. To be more specific, we first encode all the coordinate pairs of the
superpixels in the processed image into the quantum domain by applying Hadamard
gates to ql, thereby representing all the location information using a superposition
with equal amplitude. Then, to encode the features of a superpixel, represented
by [p1x,y, p

2
x,y, . . . , p

9
x,y], where (x, y) denotes its coordinate, we use three rotation

gates—RX, RY, and RZ—to each qubit in qv, with each gate encoding one feature
value. Equation (1) indicates the state of qubit qnv in |qv⟩ after the rotation gates.

|qnv ⟩ = e−i
p3nx,y

2
Ze−i

p3n−1
x,y

2
Y e−i

p3n−2
x,y

2
X |0⟩ , n ∈ [1, 2, 3]. (1)

To associate the location of each superpixel with its feature values, we entangle
these two registers using controlled rotation gates on qv, where the control is deter-
mined by the state of ql. Each superpixel is encoded sequentially, resulting in the
following quantum state for a processed image with 2n × 2n superpixels:

Processed
Image

H

H

H

H

Loca�on Informa�on

(x, y)
First

Superpixel

Second

Superpixel

Last

Superpixel𝑼 ��,�� ,��,�� ,��,��𝑼 ��,�� ,��,�	 ,��,�
𝑼 ��,�� ,��,�� ,��,�
 Z

Z Z

Fig. 2 The quantum circuit example for encoding: 1) pix,y indicates ith feature value of the superpixel
px,y 2) color indicates the quantum register: white qubits for ql and black qubits for qv 3) H denotes
the Hadamard gate, while RX, RY, and RZ indicate rotation gates.
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|Ψimage⟩ =
1

2n

2n
∑

x=1

2n
∑

y=1

|lx,y⟩ |px,y⟩ (2)

in which |lx,y⟩ denotes the (x, y)-coordinate of a superpixel in binary string form,
represented as |xn . . . x1yn . . . y1⟩, while |px,y⟩ indicates its feature values. Meanwhile,
a CZ gate is also applied between each pair of qubits in qv for each superpixel, and
the resulting quantum state can be expressed as:

∣

∣Ψ∗

image

〉

=
1

2n

2n
∑

x=1

2n
∑

y=1

|lx,y⟩
∣

∣p∗x,y
〉

(3)

in which |lx,y⟩ denotes the location of a superpixel and
∣

∣p∗x,y
〉

indicates the resulting
state of the feature values after applying the CZ gates. Equation (4) represents the
transformation from |px,y⟩ to

∣

∣p∗x,y
〉

.

|px,y⟩ =a |000⟩+ b |001⟩+ c |010⟩+ d |011⟩+

e |100⟩+ f |101⟩+ g |110⟩+ h |111⟩

=⇒
∣

∣p∗x,y
〉

=a |000⟩+ b |001⟩+ c |010⟩ − d |011⟩+

e |100⟩ − f |101⟩ − g |110⟩ − h |111⟩

(4)

After encoding all the superpixels in this manner, the input image is represented
as a quantum state, enabling further feature extraction in the quantum domain.

3.1.2 Feature Extraction

To extract features from EO data, the convolution operation plays an important role
due to its effectiveness and adaptability in various deep learning models. Our proposed
model also relies on quantum convolution operations to extract meaningful features
from the encoded quantum states, and its architecture is rooted in our previously
proposed SEQNN model (Fan et al., 2025), with the quantum convolution blocks pre-
served. In this work, we additionally introduce a Location Weight Module (LWM)
within the convolution blocks to further enhance the extracted features. For complete-
ness, we describe the implementation of both the quantum convolution operations and
the newly introduced LWM module below.

The implementation is illustrated in Figure 3. Besides the quantum registers ql
and qv, two additional quantum registers are involved: qk represents the indices of the
kernels and the resulting feature maps, and qf stores the values of the corresponding
generated feature maps. As shown in the figure, the circuit consists of several convo-
lution blocks, each corresponding to a qubit in qv. Within each block, multiple kernels
can be applied for convolution operations, generating feature maps for further analy-
sis. Specifically, to exploit 2k kernels, we need k qubits in qk, and its state indicates
the index of the applied kernel as well as the corresponding generated feature map.
The number of qubits in qf is determined by the size of the feature maps, with each
qubit encoding the values of the feature maps produced by the applied convolution
layers. As indicated in the figure, the controlled gate units, consisting of RX, RY, and
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Fig. 3 The quantum circuit example for feature extraction: 1) color indicates the quantum register:
white qubits for ql, black qubits for qv , green qubits for qk and yellow qubits for qf 2) U denotes
the gate unit consisting of RX,RY and RZ gates 3) dot markers indicate the controlled state: white
dots for |0⟩ and black dots for |1⟩ 4) LWM stands for Location Weight Module, newly introduced to
enhance feature extraction

RZ gates, are used as kernels for convolution operations, with their parameters being
optimized during the training process.

To provide more details on the quantum convolution operation, Figure 4 illustrates
its principle. For this operation, the convolution stride is set to match the kernel
size. As shown in the figure, the pixels from a 4 × 4-sized image with the same color
are transformed with the same weight. By identifying the state |x1y1⟩ in ql, we can
determine all the pixels that should be transformed with the same weight. Together
with the register qv, which encodes the pixel values, we can perform the element-
wise operation in the quantum domain using controlled gates. In our proposed model,
we use a gate unit, consisting of RX, RY and RZ gates, controlled by the state of
two qubits in register ql and the register qv. The obtained quantum state after the
element-wise operation can be indicated as:

Kernel

2D Input

Fig. 4 Illustration of the quantum convolutional operation using a 2 × 2-sized kernel with weights
from W0 to W3: the quantum states |x2x1y2y1⟩ in ql represent the locations of a 4× 4-sized image,
and the state |x1y1⟩ can be used to identify the pixels transformed with the same weights. The
visualization highlights W3 as an example, where the state |11⟩ selects its corresponding pixels for
transformation
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|Ψf1⟩ =
1

2n

2n
∑

x=1

2n
∑

y=1

|lx,y⟩
∣

∣p∗x,y
〉

|wx,y⟩ (5)

where |lx,y⟩ denotes the location of a superpixel,
∣

∣p∗x,y
〉

represents its encoded feature
values, and |wx,y⟩ denotes the weights of the kernels.

To further enhance feature extraction in this step, we additionally introduce and
integrate a Location Weight Module (LMW) in the convolution blocks. Specifically,
this module applies a trainable gate unit, including RX, RY, and RZ gates, to the
corresponding controlled qubits from ql for the quantum convolution operations. As
a result, the amplitude for |lx,y⟩ can be optimized based on the task, rather than
remaining constant. The quantum state after applying the Location Weight Module
is represented as

∣

∣l∗x,y
〉

, and the corresponding state after the convolution operations
can be indicated as:

∣

∣Ψ∗

f1

〉

=
1

2n

2n
∑

x=1

2n
∑

y=1

∣

∣l∗x,y
〉
∣

∣p∗x,y
〉

|wx,y⟩ (6)

To obtain the feature map, we integrate the outputs of the element-wise product

from each region. The generated feature map
∣

∣

∣
Ψ∗

f2

〉

can be indicated as:

∣

∣Ψ∗

f2

〉

=
2

2n

2n−1

∑

x′=1

2n−1

∑

y′=1

|lx′,y′⟩ |fx′,y′⟩ (7)

in which |lx′,y′⟩ indicates the location information of the feature map, and |fx′,y′⟩
encodes its value which can be represented as:

|fx′,y′⟩ =
1

2

1
∑

x1=0

1
∑

y1=0

∣

∣l∗x′x1,y′y1

〉 ∣

∣p∗x′x1,y′y1

〉

|wx′x1,y′y1
⟩ (8)

When multiple kernels are applied, we first apply Hadamard gates to the qubits
in qk. Then, additional controllers from qk are introduced to the controlled gates,
generating the corresponding feature maps. These feature maps can then be used
as input for the next quantum convolution layer. For feature extraction, multiple
convolution layers can be applied, forming a convolution block associated with each
qubit in qv. By utilizing several such blocks, the target feature maps |Ψtarget⟩ are
obtained for further classification

3.1.3 Measurement

To extract a feature vector from the generated feature maps |Ψtarget⟩, we define a set
of operators M . The corresponding expectation values with respect to |Ψtarget⟩ are
then used to construct the feature vector for final classification.

To clarify, as shown in Figure 3, only the qubits that encode the target feature
maps are measured. In the example provided, these include two qubits qtxl and q

ty
l from

ql, all qubits from qv and qk, as well as the last qubit qtf from qf . The operators M
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are constructed using identity and Pauli-X operators. The following equation indicates
the generation of the operator set M .

M =(I ±Xq
tx
l
)⊗ (I ±X

q
ty

l

)⊗ (I −Xqt
f
)

⊗
∏

qi
k
∈qk

(I ±Xqi
k
)⊗

∏

qiv∈qv

(I ±Xqiv
) (9)

For each operatorMi, an expectation value is computed regarding the feature maps
|Ψtarget⟩ following Equation (10), and the result is treated as one feature value in the
generated feature vector.

E(Mi) = ⟨Ψtarget|Mi |Ψtarget⟩ (10)

3.1.4 Prediction

With the obtained feature vector, we apply a classical dense layer to perform the
final classification, where each neuron encodes one value of the feature vector, and
all neurons are fully connected. For the final output, a softmax activation function is
used to produce a probability distribution indicating the label of the input image.

3.2 Auxiliary Task Learning

The auxiliary task aims to generate valid representations of the superpixels through
image reconstruction, ensuring that the important information of the input image
is efficiently encoded into the quantum state while minimizing the use of quantum
resources. Figure 5 illustrates the model structure for this task, which follows an
encoder-decoder architecture.

As shown in the figure, the input image is first split into small patches, with
each patch corresponding to a superpixel. For each patch, an encoder composed of
convolutional layers, pooling layers with the ReLu activation function, followed by a
dense layer, is used to extract a small set of features. These features are then treated
as the feature values for the corresponding superpixel. Then, a decoder consisting of a
dense layer with transposed convolution layers is employed to reconstruct the provided
patch using the extracted feature values. Once all the patches are reconstructed, the
full image is obtained.

Fig. 5 The model structure for the reconstruction task
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During this task, the obtained superpixels form a processed image that retains the
original location information. This processed image serves as the input for the main
task, as previously introduced.

3.3 Multi-objective Loss

To train our model, we optimize two tasks, image classification and image reconstruc-
tion, in a supervised manner. As illustrated in Figure 1, for an arbitrary normalized
EO image Xi along with its label Yi, our model yields two outputs: the reconstructed
image X̂i from the image reconstruction task and the predicted label Ŷi from the image
classification task. Accordingly, two loss functions are utilized to optimize our model.

Specifically, for image classification, we adopt the cross-entropy loss function. When
there are c categories, we transform Yi and Ŷi into [Y 1

i , . . . , Y
c
i ], [Ŷ

1
i , . . . , Ŷ

c
i ], respec-

tively, using one-hot encoding technique. The loss value Lce for this task with N pairs
of samples can be calculated as:

Lce = −
1

N

N
∑

i=1

C
∑

c=1

Y c
i log

(

Ŷ c
i

)

(11)

Regarding image reconstruction, we use the mean squared error (MSE) loss func-
tion, which calculates the difference between the input image Xi and the reconstructed
image X̂i as follows:

Lmse =
1

N

N
∑

i=1

|Xi − X̂i|
2 (12)

However, Lce and Lmse operate on different scales during the training process. To
balance the training between the main task (image classification) and the auxiliary
task (image reconstruction), we introduce a hyperparameter α, which is discussed in
detail in Section 4.4. The overall loss is then computed as:

Loss = Lce + αLmse (13)

All trainable parameters in our model are optimized and updated during backprop-
agation using gradients with respect to Loss, applying the Adam algorithm (Kingma
and Ba, 2014). For gradient calculations of trainable parameters within the quantum
circuit, we employ the adjoint method (Luo et al., 2020).

3.4 Quantum Resource Requirement

The quantum resources required to construct a QML model are critical in the NISQ
era. Thus, we also discuss and analyze the number of qubits and quantum gates needed
in our model for classification tasks, summarized in Table 1. As shown in the table, the
required quantum resources depend on four key parameters: for the auxiliary task, the
patch size P and the feature number E; and for the main task, the number of quantum
convolution layers M and the number of kernels K in each layer. These parameters
can be adjusted according to the task requirements and the available computational
resources.
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Table 1 Required Quantum Resources

Qubits
Quantum Gates

Gate Unit Hadamard gates CZ gates

Data Encoding 2 log
2
(N/P ) + E/3 EN2/3P 2 2 log

2
(N/P ) N2E(E − 3)/18P 2

Feature Extraction M + log
2
(K) (4MKE + 2ME + 2E)/3 log

2
(K) \

N: input image’s spatial dimension; P: patch size; E: feature number; M: quantum convolution layer
numbers; K: kernel numbers

4 Experiments

4.1 Experimental Datasets

To validate our model, we utilized four EO benchmarks: SAT-6 (Basu et al., 2015),
LCZ42 (Zhu et al., 2020), EuroSAT (Helber et al., 2019), and PatternNet (Zhou et al.,
2018). To efficiently conduct experiments for evaluation, we reduced the size of these
datasets by focusing on specific categories or limiting the number of samples per
dataset. A summary of the experimental datasets is presented in Table 2, with detailed
descriptions provided below.

SAT-6 consists of over 0.4 million images with four bands covering six land cover
classes, each sized at 28 × 28 pixels. In our experiments, we randomly selected 4200
samples from the training data to create the training dataset and 1200 samples for the
validation dataset. To construct the test dataset, 200 samples per class were randomly
selected from the test data. Each image was resized to 32× 32 by padding with zeros.
Consequently, we prepared three balanced datasets containing 4200, 1200, and 1200
samples for training, validation, and testing, respectively.

LCZ42 originally comprises approximately half a million Sentinel-1 and Sentinel-
2 images from 42 cities, each labeled with 17 LCZ labels and sized at 32 × 32
pixels. For our experiments, we focused on the Sentinel-2 images containing four
bands (Red, Green, Blue, and Near-infrared) from three German cities: Berlin, Munich,
and Cologne. Additionally, we regrouped the LCZ labels into five semantic classes
based on the land cover classification scheme (Qiu et al., 2019). For each class, 2000
randomly selected images were divided into three subsets: 60% for training, 20% for
validation, and 20% for testing, ensuring no overlap among the sets.

EuroSAT is based on Sentinel-2 imagery covering 13 bands. It contains a total of
27000 samples, each with a resolution of 64× 64 pixels, distributed from ten distinct

Table 2 Experimental Data for Performance Evaluation

Data Classes Input Size Training Validation Test Patch Size

SAT-6 6 32× 32× 4 4200 1200 1200 4× 4× 4
LCZ42 5 32× 32× 4 6000 2000 2000 4× 4× 4

EuroSAT 5 64× 64× 3 3000 1000 1000 8× 8× 3
PatternNet 4 256× 256× 3 1920 640 640 32× 32× 3
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land cover classes. In the experiments, we focused on five classes (‘river,’ ‘forest,’
‘residential,’ ‘sea/lake,’ and ‘industrial’) and randomly selected 5000 samples with
three bands (Red, Green, and Blue). These samples were then split into training,
validation, and test datasets with the ratio 60% : 20% : 20%.

PatternNet contains high-resolution imagery from 38 different classes, with 800
images per class. Each image has three bands and is sized at 256×256 pixels. For this
dataset, we selected ‘freeway,’ ‘overpass,’ ‘intersection,’ and ‘closed road’ as the target
classes. A total of 3200 images were randomly chosen with a balanced distribution
across the classes and split into training, validation, and test datasets in a ratio of
60% : 20% : 20%.

4.2 Experimental Models

In the experiments, due to the limitations of available quantum resources, our model
utilized 12 qubits: 9 qubits for encoding the processed image, with a size of 8×8×9, and
3 qubits for the quantum convolution operations that extracted a feature vector for the
final classifier. Specifically, for encoding, larger input images require an increase in the
patch size to ensure the processed image maintains a size of 8× 8× 9. Table 2 details
the patch size for each experimental dataset. For the quantum convolution operations,
our model employed two convolution blocks. In these blocks, one qubit represented
the indices of the kernels and corresponding feature maps, while the other two qubits
encoded the values of the feature maps. After quantum measurement, a feature vector
with 64 values was obtained, which served as the input for the final classifier. The
classifier consisted of a single dense layer responsible for the final classification.

As for the competitors, we mainly adopted three different models to investigate
the properties of our approach. Specifically, the first model, MLTCNN, is the classical
counterpart of our proposed model and also incorporates multitask learning for classi-
fication purposes. While its structure is identical to our proposed model, it replaces the
quantum convolutional operations with classical convolutional operations to extract
the feature vector for final classification. The second model, SEQNN (Fan et al., 2025),
is designed to analyze images while minimizing the use of quantum resources. Similar
to our model, it splits the input image into patches but adopts a multilayer percep-
tron module to generate corresponding superpixels for quantum encoding and feature
extraction. Thus, unlike our model, SEQNN is based on single-task learning. In our
experiments, this model also utilized 12 qubits, with 9 for data encoding and 3 for
feature extraction, aligning with our model’s quantum resource allocation. The third
model, CNN, is a widely used architecture for EO data classification that relies on
convolutional operations to extract significant features. Since convolutional operations
are also a core component of our proposed model, CNN serves as a baseline for com-
parison. To ensure a fair and valid comparison, all these experimental models were
constructed with a similar number of trainable parameters.

4.3 Experimental Settings

We trained the aforementioned model for 200 epochs with a learning rate of 0.01, using
a batch size of 50. Each model was trained three times, and for each training, the
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model with the lowest validation loss value was used to validate its performance on
the test dataset. Eventually, the average classification accuracy will be compared and
discussed. As for the models utilizing quantum computing, since we aim to evaluate
their validity for classification, we employed a noiseless simulator provided by the
TensorFlow Quantum platform (Broughton et al., 2020), which generates analytic
results and allows us to verify the validity of these hybrid models without considering
the noise effects.

4.4 Hyperparameter Studies

As described in Section 3, a hyperparameter α is introduced to balance the training
between the main task and the auxiliary task. To assess its impact on the classification
performance of our model, we conducted experiments with various α values. Their
results are summarized in Table 3.

As indicated in the table, we experimented with five different α values for each
experimental dataset. The results indicate that the predefined α value does influence
the classification performance, but the differences are relatively minor, with a maxi-
mum performance difference of 0.023 for PatternNet, 0.008 for SAT-6, and 0.007 for
LCZ42 and EuroSAT. This suggests that our model demonstrates robustness with
respect to this hyperparameter.

Table 3 Model Performance Across Varying Hyperparameter

α SAT-6 LCZ42 EuroSAT PatternNet

1 0.954± 0.006 0.935± 0.004 0.948± 0.003 0.961± 0.022
3 0.956± 0.005 0.940± 0.002 0.947± 0.002 0.959± 0.002
5 0.958± 0.002 0.941± 0.003 0.954± 0.003 0.963± 0.017
7 0.950± 0.001 0.936± 0.003 0.952± 0.001 0.969± 0.007
10 0.950± 0.011 0.934± 0.008 0.948± 0.008 0.946± 0.007

4.5 Model Performance Studies

To evaluate the effectiveness of our approach to classifying EO data, we compared
our model against three other models in terms of test accuracy. Table 4 presents the
experimental results. As shown in the table, our model, despite having fewer trainable
parameters, outperforms competitors with a higher parameter count. It highlights our
model’s ability to effectively extract critical features from EO data for classification.

4.6 Generalizability Studies

Regarding the generalizability of our model, we conducted evaluations under two chal-
lenging scenarios commonly encountered in EO data analysis: limited training samples
and imbalanced training samples. A highly generalizable model is expected to perform
well on unseen data in such scenarios.
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Table 4 Comparison of Classification Performance

Data Model All Para. Quantum Para. Test Acc.

SAT-6

ours 1.9K 198 0.958± 0.002
MLTCNN 1.9K \ 0.935± 0.007
SEQNN 2.0K 144 0.942± 0.004
CNN 1.9K \ 0.937± 0.007

LCZ42

ours 1.8K 198 0.941± 0.003
MLTCNN 1.8K \ 0.910± 0.006
SEQNN 2.0K 144 0.915± 0.009
CNN 1.8K \ 0.919± 0.007

EuroSAT

ours 3.6K 198 0.954± 0.003
MLTCNN 3.6K \ 0.917± 0.024
SEQNN 13.3K 144 0.890± 0.010
CNN 3.7K \ 0.903± 0.035

PatternNet

ours 10.6K 198 0.969± 0.007
MLTCNN 10.6K \ 0.921± 0.005
SEQNN 1.7M 144 0.777± 0.013
CNN 10.9K \ 0.921± 0.006

M = million, K = thousand.

4.6.1 The number of training samples

Labeled EO data are often scarce due to the high costs of expert annotation. A model
with high generalizability effectively utilizes limited training samples to achieve robust
performance on unseen data, which is particularly valuable for EO applications.

To evaluate our model’s generalizability under this scenario, we conducted three
experiments for each dataset, using 10%, 50%, and 100% of the training samples to
train the models while keeping the test datasets unchanged for evaluation. The results,
presented in Table 5, show that the performance of all models improves as the num-
ber of training samples increases—a trend widely reported in other studies. Notably,
our model consistently outperforms its competitors, with its advantages becoming
particularly evident when training samples are limited.

4.6.2 The imbalanced training samples

Imbalanced datasets are frequently encountered in EO tasks, such as land cover clas-
sification, where real-world class distributions are often uneven. Training on such
datasets can introduce biases, negatively affecting the model’s performance on under-
represented classes. A highly generalizable model can mitigate these biases, leading to
improved performance

In the case of imbalanced training data, we conducted multiple experiments for
each dataset. In each experiment, one category was designated as the minority class,
using only 10% of its training samples, while the remaining categories used all available
samples. For evaluation, all the images from the test dataset were utilized. Table 6
shows the experimental results, comparing the test accuracy of the model trained on
the imbalanced dataset with that of the model trained on a balanced dataset using all

15



Table 5 Model Performance Across Training Sample Sizes

Dataset
(Samples)

Model
10%

Samples
Test Acc.

Test Acc.
Difference

50%
Samples
Test Acc.

Test Acc.
Difference

100%
Samples
Test Acc.

Test Acc.
Difference

SAT-6
(4200)

ours 0.912± 0.003 \ 0.945± 0.012 \ 0.958± 0.002 \

MLTCNN 0.859± 0.014 0.053 ↓ 0.919± 0.007 0.026 ↓ 0.935± 0.007 0.023 ↓
SEQNN 0.884± 0.017 0.028 ↓ 0.908± 0.021 0.037 ↓ 0.942± 0.004 0.016 ↓
CNN 0.882± 0.010 0.030 ↓ 0.923± 0.008 0.022 ↓ 0.937± 0.007 0.021 ↓

LCZ42
(6000)

ours 0.903± 0.005 \ 0.932± 0.002 \ 0.941± 0.003 \

MLTCNN 0.837± 0.006 0.066 ↓ 0.895± 0.006 0.037 ↓ 0.910± 0.006 0.031 ↓
SEQNN 0.861± 0.026 0.042 ↓ 0.892± 0.007 0.040 ↓ 0.915± 0.009 0.026 ↓
CNN 0.868± 0.005 0.035 ↓ 0.907± 0.001 0.025 ↓ 0.919± 0.007 0.022 ↓

EuroSAT
(3000)

ours 0.870± 0.011 \ 0.947± 0.003 \ 0.954± 0.003 \

MLTCNN 0.749± 0.021 0.121 ↓ 0.883± 0.007 0.064 ↓ 0.917± 0.024 0.037 ↓
SEQNN 0.736± 0.124 0.134 ↓ 0.878± 0.017 0.069 ↓ 0.890± 0.010 0.064 ↓
CNN 0.792± 0.023 0.078 ↓ 0.888± 0.016 0.059 ↓ 0.903± 0.035 0.051 ↓

PatternNet
(1920)

ours 0.868± 0.023 \ 0.959± 0.001 \ 0.969± 0.007 \

MLTCNN 0.591± 0.026 0.277 ↓ 0.870± 0.007 0.089 ↓ 0.921± 0.005 0.048 ↓
SEQNN 0.699± 0.046 0.169 ↓ 0.747± 0.004 0.212 ↓ 0.777± 0.013 0.192 ↓
CNN 0.620± 0.121 0.248 ↓ 0.914± 0.023 0.045 ↓ 0.921± 0.006 0.048 ↓

Table 6 Model Performance with Imbalanced Training Data

Model Setting SAT-6 LCZ42 EuroSAT PatternNet

Ours
Balanced 0.958± 0.002 0.941± 0.003 0.954± 0.003 0.969± 0.007

Imbalanced 0.930± 0.015 0.904± 0.016 0.918± 0.018 0.890± 0.044
Minor Class F1 0.873± 0.076 0.835± 0.099 0.851± 0.049 0.762± 0.163

MLTCNN
Balanced 0.935± 0.007 0.910± 0.006 0.917± 0.024 0.921± 0.005

Imbalanced 0.895± 0.023 0.857± 0.027 0.834± 0.033 0.810± 0.037
Minor Class F1 0.776± 0.138 0.715± 0.177 0.665± 0.117 0.618± 0.167

SEQNN
Balanced 0.942± 0.004 0.915± 0.009 0.890± 0.010 0.777± 0.013

Imbalanced 0.907± 0.030 0.864± 0.022 0.795± 0.048 0.640± 0.143
Minor Class F1 0.804± 0.153 0.754± 0.153 0.438± 0.258 0.304± 0.370

CNN
Balanced 0.937± 0.007 0.919± 0.007 0.903± 0.035 0.921± 0.006

Imbalanced 0.908± 0.028 0.880± 0.029 0.856± 0.033 0.855± 0.036
Minor Class F1 0.799± 0.136 0.773± 0.163 0.672± 0.125 0.700± 0.147

available samples. Additionally, we compared the averaged F1 scores of the minority
classes in our evaluation.

As shown in the table, an imbalanced training dataset negatively impacts the
overall classification performance of the trained model, as evidenced by the signif-
icant difference in test accuracy between models trained on balanced datasets and
those trained on imbalanced datasets. Compared to other models, our proposed model
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Table 7 Ablation Study Results

Setting
Auxiliary

Task

Location
Weight
Module

SAT-6 LCZ42 EuroSAT PatternNet

10% Training
Samples

✓ 0.910± 0.001 0.891± 0.003 0.868± 0.011 0.829± 0.048

✓ 0.891± 0.001 0.899± 0.012 0.862± 0.017 0.791± 0.076

✓ ✓ 0.912± 0.003 0.903± 0.005 0.870± 0.011 0.868± 0.023

50% Training
Samples

✓ 0.938± 0.013 0.925± 0.006 0.936± 0.009 0.916± 0.024

✓ 0.939± 0.003 0.929± 0.007 0.936± 0.012 0.942± 0.029

✓ ✓ 0.945± 0.012 0.932± 0.002 0.947± 0.003 0.959± 0.001

100% Training
Samples

✓ 0.951± 0.010 0.933± 0.003 0.941± 0.009 0.932± 0.053

✓ 0.946± 0.010 0.936± 0.001 0.941± 0.007 0.976± 0.005

✓ ✓ 0.958± 0.002 0.941± 0.003 0.954± 0.003 0.969± 0.007

achieves higher average overall classification accuracy and higher average F1 scores
for the minority classes. This demonstrates its ability to extract meaningful features
from the minority classes, further highlighting its generalizability advantages in this
context.

4.7 Ablation Studies

To assess the contributions of the auxiliary task and the proposed location weight
module to the classification performance of our model, we conducted ablation studies
by separately removing the image reconstruction component and the location weight
module in the quantum circuit for feature extraction.

Table 7 summarizes the results of our studies with varying numbers of training
samples. As shown, the classification performance of our model decreases when either
the reconstruction branch or the location weight module is omitted, highlighting the
importance of these components in achieving optimal performance.

Notably, when the number of training samples is very limited, the model with the
reconstruction branch generally achieves better classification performance compared
to the model with only the location weight module. Conversely, as the number of
training samples increases, the model with the location weight module outperforms
the one with solely the reconstruction branch. This observation suggests that the
reconstruction branch is more effective in enhancing classification performance when
training data are scarce, whereas the location weight module becomes increasingly
beneficial as the amount of training data grows.

5 Discussion

As the experimental results suggest, our model demonstrates superior generalizability
compared to the competitors. In this section, we aim to examine the underlying fac-
tors contributing to this advantage through a comparative analysis of our model and
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MLTCNN, the classical counterpart of our model. Specifically, as illustrated in Fig. 1,
the classification task involves two classical outputs in the pipeline: the processed
image and the extracted feature vector. While the MLTCNN model also produces
these two outputs, it relies solely on classical computing to derive the feature vector
from the processed image. Thus, these outputs are identical for both models.

In this study, we first evaluated the effectiveness of the extracted feature vector
for classification. Subsequently, we analyzed the processed image in combination with
the feature vector to assess the contribution of the quantum component to the overall
performance.

5.1 The Validity Study of the Extracted Feature Vector

To evaluate the significance of the extracted feature vector, we first used the pre-
trained MLTQNN and MLTCNN models, trained with varying numbers of training
samples and excluding their final classifiers, to generate learned representations of the
test dataset images. Next, we employed three different methods to assess and compare
their validity.

5.1.1 Feature Magnitude

For each dataset, the magnitudes of the 64 features generated by the model trained
with varying numbers of samples were compared.

For the analysis, we ranked 64 generated features based on their magnitudes. As
shown in Fig. 6, for each dataset, our models trained with 10%, 50%, and 100% of the
samples generated feature vectors with more consistent magnitudes than MLTCNN.
This indicates the robustness of our model with respect to the number of training
samples and its effect on classification performance.
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Fig. 6 Ranked magnitudes of the 64 extracted features from the trained MLTQNN and MLTCNN
models: (a) SAT-6, (b) LCZ42, (c) EuroSAT, (d) PatternNet. Each feature is sorted by its magnitude
in descending order, and its rank is shown on the x-axis. The y-axis displays the magnitude value
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5.1.2 Feature Importance

The importance of the features in the extracted feature vector was assessed using a
random forest classifier (Breiman, 2001). It was calculated based on the total reduction
in Gini impurity contributed by each feature, with higher values indicating greater
significance for classification.

Fig. 7 illustrates the comparison between our model and its classical counterpart
(MLTCNN) in terms of the features ranked by importance value and the number of
features with importance values greater than zero. As shown, across all experimental
datasets and settings, every feature in the feature vector generated by our model
has an importance value greater than zero, indicating that all features contribute to
the classification tasks. In contrast, MLTCNN produces fewer features with non-zero
importance values. Note that as the sample size increases, the feature importance in
MLTCNN does not exhibit a consistent trend. This is likely due to the hyperparameters
being fine-tuned individually for each setting, and the model’s higher sensitivity to
these values compared to MLTQNN. Moreover, the top-ranked features in our model
exhibit higher importance values than those in MLTCNN. These findings highlight
that our model generates more meaningful and significant representations of input
images for classification tasks.
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Fig. 7 Ranked importance values of the 64 extracted features from the trained MLTQNN &
MLTCNN models and the number of used features (features with importance greater than 0): (a)
SAT-6, (b) LCZ42, (c) EuroSAT, (d) PatternNet. Each feature is assigned an index based on its
ranked importance, and the x-axis reflects this index in descending order of importance. The y-axis
indicates the corresponding importance value for a visual comparison

5.1.3 Guided Integrated Gradient

This technique, introduced in (Kapishnikov et al., 2021), attributes a model’s predic-
tions to its input features. To mitigate the impact of baseline selection, we adopted
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multiple baselines of size 64. For each feature in the feature vector of a given image,
we calculated multiple IG values and used their average to represent this feature’s sig-
nificance level with respect to the classifier’s prediction. Additionally, we computed
the average IG values for each feature across all possible categories rather than lim-
iting the analysis to the ground truth or the predicted category. Consequently, we
analyzed the relationship between the IG values corresponding to the ground truth
and those associated with other categories to gain deeper insights into the validity of
the extracted feature vectors.

To be more specific, for each feature in the feature vector of an input image, we
calculated multiple IG values, each corresponding to a possible category. If the highest
IG value was associated with the ground truth label, we identified this feature as a valid
feature and calculated the difference between this IG value and the second-highest IG
value. Accordingly, for each input image, we computed three metrics: the number of
valid features, the sum of their IG values, and the sum of the IG value differences. For
each dataset, we averaged these metrics across the test samples to enable comparative
analysis. Table 8 summarizes the numerical results of these focused metrics for each
dataset under different training settings.

As indicated in the table, the feature vectors generated by our model contain
a higher number of valid features compared to those extracted by the MLTCNN.
Furthermore, the IG values of these valid features, along with their corresponding IG
value differences, are consistently larger for our model. This highlights our approach’s
ability to produce more significant and distinguishable feature representations for the
final classifier.

The findings from the above three approaches are consistent, further support-
ing the representational advantage of the feature vector generated by our approach
over MLTCNN. Additionally, the comparison of the feature vectors generated by the
model trained with different numbers of training samples indicates that our model can
produce more consistent and valid features, even with a limited number of training
samples, underscoring its generalizability advantages.

Table 8 IG Values Metrics Across Training Samples

Dataset Model
10% Training Sample 50% Training Sample 100% Training Sample

Count IG Value IG Diff. Count IG Value IG Diff. Count IG Value IG Diff.

SAT-6
ours 25.084 2.780 1.798 22.843 2.596 1.665 23.996 2.735 1.808

MLTCNN 22.760 2.389 1.478 22.084 2.356 1.508 21.359 2.283 1.475

LCZ42
ours 24.516 2.646 1.703 23.998 2.786 1.834 23.946 2.833 1.883

MLTCNN 22.883 2.413 1.533 22.264 2.506 1.622 21.968 2.902 1.942

EuroSAT
ours 25.527 2.693 1.760 25.187 2.886 1.950 26.034 2.748 1.851

MLTCNN 22.091 2.684 1.678 22.845 2.762 1.780 24.086 2.578 1.658

PatternNet
ours 24.634 2.721 1.730 26.414 2.556 1.683 26.078 2.604 1.709

MLTCNN 18.978 2.228 1.338 24.198 2.439 1.575 24.384 2.022 1.286
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5.2 The Validity Study of the Quantum Component

To evaluate the contribution of the quantum component in our model to classification
performance, we assessed and compared the validity of its input (the processed image)
and its output (the extracted feature vector).

Specifically, for each dataset, we first used the pre-trained MLTQNN and MLTCNN
models, optimized with 10%, 50%, and 100% of the training samples, to generate the
processed images and the extracted feature vectors for the samples in the test dataset.
Next, we applied the unsupervised k-means algorithm to cluster the flattened processed
images and feature vectors. Using the ground truth for the test dataset, we computed
the adjusted mutual information (AMI) score to quantify the agreement between the
ground truth and the clustering assignments. An AMI score close to one suggests
strong agreement, while a score close to zero indicates significant independence.

Table 9 summarizes the results. As shown in the table, the clusters formed using
the feature vectors extracted by our trained model exhibit greater alignment with
the ground truth than those generated by its classical counterpart, as evidenced by
the AMI scores, indicating that our model produces more structured and meaning-
ful feature vectors for classification. Similarly, the processed images generated by our
model generally contribute more significantly to clustering performance as well. There-
fore, compared to MLTCNN, our model yields more critical features for classification
throughout the pipeline.

Note that there are cases where the processed images generated by MLTCNN out-
perform those produced by our approach in terms of clustering performance. However,
even in such cases, the feature vector extracted by our model demonstrates superiority
over the features from the MLTCNN model, effectively compensating for the represen-
tation disadvantages of the processed image. This observation highlights the validity
and effectiveness of the quantum component in our model for extracting features that
contribute to improved classification performance.

Table 9 Adjusted Mutual Information (AMI) scores for K-means clustering using the processed
images and feature vectors as inputs

Dataset Model

10% Training Sample 50% Training Sample 100% Training Sample

Processed
Image

(576 feat.)

Feature
Vector

(64 feat.)

Processed
Image

(576 feat.)

Feature
Vector

(64 feat.)

Processed
Image

(576 feat.)

Feature
Vector

(64 feat.)

SAT-6
ours 0.734 0.772 0.738 0.785 0.727 0.780

MLTCNN 0.675 0.703 0.719 0.776 0.718 0.767

LCZ42
ours 0.506 0.631 0.557 0.677 0.522 0.644

MLTCNN 0.501 0.531 0.579 0.638 0.552 0.633

EuroSAT
ours 0.505 0.668 0.570 0.726 0.607 0.740

MLTCNN 0.487 0.456 0.488 0.621 0.551 0.640

PatternNet
ours 0.483 0.552 0.598 0.660 0.528 0.688

MLTCNN 0.319 0.226 0.484 0.502 0.513 0.526
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6 Conclusion and Future Work

In this study, we present a hybrid quantum-classical neural network (MLTQNN) that
leverages multitask learning to enable efficient quantum data encoding. Addition-
ally, the model utilizes a proposed location weight module together with quantum
convolution operations to extract features from EO data for classification tasks. To
evaluate the validity of our proposed model, we utilized multiple EO datasets, and the
experimental results demonstrated its effectiveness.

Additionally, we explored the generalizability of our approach and further exam-
ined the underlying factors contributing to this property using various techniques. Our
investigation suggests that our hybrid model, even when trained with a limited number
of samples, can extract more robust and significant features compared to its classical
counterpart, implying the generalizability advantages of quantum machine learning.

Regardless, future research could explore the following directions: 1) developing
more suitable and efficient encoding approaches for EO data from different modalities;
2) further investigating the potential of QML to address EO challenges related to
generalizability, such as domain shifts.

Ethics Declarations

Ethics Approval

Not applicable. This study does not involve human participants or animals, and there-
fore approval from an ethics committee or Institutional Review Board (IRB) was not
required.

Consent to Participate

Not applicable. This study does not involve human participants.

Funding

The work is supported by German Federal Ministry for Economic Affairs and Cli-
mate Action in the framework of the ”national center of excellence ML4Earth” (grant
number: 50EE2201C) and by Munich Center for Machine Learning.

Data Availability

The data used in this study are publicly available from the sources cited in the
manuscript. The data generated during this study (trained models and code) are
available at: https://github.com/zhu-xlab/MLTQNN.

References

Basu, S., Ganguly, S., Mukhopadhyay, S., DiBiano, R., Karki, M., Nemani, R.:
Deepsat: a learning framework for satellite imagery. In: Proceedings of the 23rd
SIGSPATIAL International Conference on Advances in Geographic Information
Systems, pp. 1–10 (2015)

22

https://github.com/zhu-xlab/MLTQNN


Banchi, L., Pereira, J., Pirandola, S.: Generalization in quantum machine learning: A
quantum information standpoint. PRX Quantum 2(4), 040321 (2021)

Breiman, L.: Random forests. Machine learning 45, 5–32 (2001)
Broughton, M., Verdon, G., McCourt, T., Martinez, A.J., Yoo, J.H., Isakov, S.V.,
Massey, P., Halavati, R., Niu, M.Y., Zlokapa, A., et al.: Tensorflow quantum: A
software framework for quantum machine learning. arXiv preprint arXiv:2003.02989
(2020)

Caro, M.C., Gil-Fuster, E., Meyer, J.J., Eisert, J., Sweke, R.: Encoding-dependent
generalization bounds for parametrized quantum circuits. Quantum 5, 582 (2021)

Caro, M.C., Huang, H.-Y., Cerezo, M., Sharma, K., Sornborger, A., Cincio, L., Coles,
P.J.: Generalization in quantum machine learning from few training data. Nature
communications 13(1), 4919 (2022)

Caro, M.C., Huang, H.-Y., Ezzell, N., Gibbs, J., Sornborger, A.T., Cincio, L., Coles,
P.J., Holmes, Z.: Out-of-distribution generalization for learning quantum dynamics.
Nature Communications 14(1), 3751 (2023)
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