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Abstract. With fault-tolerant quantum computing on the horizon, there
is growing interest in applying quantum computational methods to data-
intensive scientific fields like remote sensing. Quantum machine learning
(QML) has already demonstrated potential for such demanding tasks.
One area of particular focus is quantum data fusion—a complex data
analysis problem that has attracted significant recent attention. In this
work, we introduce an automated QML (AQML) approach for address-
ing data fusion challenges. We evaluate how AQML-generated quantum
circuits perform compared to classical multilayer perceptrons (MLPs)
and manually designed QML models when processing multisource in-
puts. Furthermore, we apply our method to change detection using the
multispectral ONERA dataset, achieving improved accuracy over previ-
ously reported QML-based change detection results.

Keywords: quantum data fusion - auto quantum machine learning -
remote sensing - multispectral imaging - ONERA

1 Introduction

Multisource Data about an observed object can be gathered from multiple com-
plementary sensors. These data sensors have to be aggregated and transformed
into useful information to e.g. obtain richer and more accurate decision out-
comes. The field of multisource information fusion (MSIF) deals with this type
of data processing problems.

In this work, we focus on feature-level fusion, in which the fusion model op-
erates on extracted feature representations. MSIF has found widespread appli-
cation in machine learning, particularly in classification tasks, as surveyed in [3].
Representative applications include remote sensing [19], military systems [29],
and human action recognition [11], among others [20].

The issue lies at the core of MSIF, a field dedicated to efficient multisource
data aggregation. It has been extensively studied, particularly in remote sensing
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[6,19]. The wide range of existing methods can be categorized into groups and
subgroups [3]. In this work, we focus on one such subgroup: model-agnostic early
(feature-based) fusion, where fusion occurs at early stages of the ML pipeline.

Early fusion problems are often approached with machine learning models
[20, 3], which one may consider a very natural approach. After all, ML models
are trained on the data. If the data is represented better (with multiple rep-
resentations, coming from multiple sources), it is only natural that the results
should improve. However, some of the data fusion problems have been shown to
be NP-hard [28]. This means that classical techniques, while still useful, might
not be able to address the problems above certain sizes (unless we see some un-
likely shift in the complexity theory). This is exactly why alternative methods of
computing, such as quantum computing and quantum machine learning (QML),
have recently been of interest for data fusion specialists.

Quantum machine learning (QML) leverages principles of quantum mechan-
ics to process information in ways that differ fundamentally from classical ma-
chine learning [4]. In this paradigm, computations are done within quantum
circuits, commonly with the use of quantum logic gates (see e.g. [27]). In the
mathematical model of quantum computation, those gates can be expressed
by unitary gates, making the whole circuit (up to the measurement) a unitary
transformation of the input. However simple the description may look, quan-
tum mechanics introduces two computationally useful phenomena — superpo-
sition and entanglement — that when used correctly can significantly speed up
the computations. That said, we can think of a QML model as a ML model
that uses quantum computing. It is known that such models can represent com-
plex functions using comparatively shallow (i. e. with low layers count) circuits
or fewer parameters than their classical counterparts, suggesting potential ad-
vantages for learning tasks involving structured or high-dimensional data [14,
25,1, 12]. Moreover, theoretical work has identified learning scenarios in which
quantum models offer data-dependent advantages [15]. Empirical tests on the
multispectral satellite data seem to also confirm this finding [12].

Recently, several works explored the application of QML methods to mul-
tisource or multi-modal data fusion. Common approach is to, instead of using
purely-quantum models, take advantage of the hybrid quantum-classical models.
Feature-level multi-modal quantum fusion presented in [30] is a stellar example
of that approach. The ML pipeline described therein, takes features extracted
by separate uni-modal classical neural networks and embeds them into a quan-
tum fusion circuit. The features are then entangled between multiple modalities
on target qubits. Their model showed consistent stability and high accuracy for
high-dimensional data.

When it comes to QML models, one of the central problems is quantum
architecture search (QAS) [21]. It is a quantum version of the neural architecture
search (NAS) problem known in the ML community. Without the right selection
of the model architecture, the training might fail. While the problem case of
both NAS and QAS, there are several techniques that allow to address it. One
of such techniques is automated (quantum) machine learning (AQML). AQML
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are heuristic algorithms that try to propose the best models for a given data
and tasks. There are several platforms for AQML (see [23] for brief overview)
available for use and reports of the state-of-the-art results achieved using at least
one of them [17].

It this paper, we present an application of AQML to quantum feature fusion
problem. In the following Section 2 we formally present the issues addressed in
this manuscript: the feature fusion and quantum architecture search. Then, we
provide the detailed description of our multi-level approach in Section 3. Section
4 contains the experiments overview — along with the datasets description,
hyperparameter optimization (HPO) step and the results’ analysis. We conclude
the paper with final remarks and insights for future work.

2 Problem formulation and literature overview

Performing the feature fusion using QML models is a complex, multi-step prob-
lem. While it most notably involves a QAS problem, there are also multiple
other decisions to be made. Complete pipelines are not necessarily restricted to
quantum models, after all. In this Section, we detail the feature fusion problem
and further argument why QML models are plausible candidates for providing
satisfactory solutions in that regard. We also introduce a specific case of data
fusion — change detection task — that we considered in our experiments with
the remote sensing satellite data. Finally, we formally introduce QAS problem,
and discuss its usual constraints that we won’t consider.

2.1 Data fusion
Data fusion has a goal-oriented definition.
Join information from multiple modalities (sources) to perform prediction [3].

In this work we study early fusion, which means the data will be aggregated
directly after its extraction. Data fusion is known to enhance the quality of
MLP model predictions and is required for tasks such as change detection [24].
The simplest form of data fusion is concatenating the extracted feature vectors.

2.2 Change detection
Change detection can be defined as the following task.

Given a pair of corresponding pictures, depicting the same region and taken at
different times, find the regions that differ between the pictures [24].

Change detection can be considered a multisource data fusion problem, even
when the picture was taken using the same device. This is due to the fact that the
temporal difference between the images implies (in general) different atmospheric
conditions, and notable spatial (angles, distances, ...) or geographical differences
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(new buildings, ...). This, in turn, introduces heterogeneity to the pair of pictures.
In the terms of data processing, change detection can be seen as a semantic
segmentation task [8], or even as binary classification (change or no-change) [24].
Change detection is a well studied problem, especially in remote sensing [7].

2.3 Quantum Architecture Search

Quantum architecture search is a problem known by many names, and refers to
automatic selection of quantum circuits appropriate for given task [21]. Formally
speaking, one can formulate the QAS problem as follows.

Given the task and the search space, find within the search space a quantum
circuits that best fits the task, according to predefined evaluation criteria.

Most often, the search space is defined by the target device, on which the circuit
is meant to run. This restricts the building blocks of the circuit to a set of gates
native to the device. It also limits the number of qubits one can use and defines
the effective maximal depth of the circuit. In the current noisy intermediate-
scale quantum era, device selection is vital to QAS. So much so that many of
the proposed methods are hardware-aware by nature [21], and in the context of
QML a notion of device-oriented training has been mentioned [24]. The authors
of [24] also report how significant were the differences when the model trained
on a noiseless simulator was run on a real quantum device.

3 Approach

In this work, we present two different approaches, sharing a common core in
the form of AQML. We detailed both in Subsection 3.2. After all the models
are introduced, we will briefly describe the AQML technique we used and di-
rect interested readers to appropriate resources. In particular, we focus on the
adjustments that are new in comparison to its reported version [23].

While the models we used differ slightly from each other, we would like to
point out that their underlying high-level logic remains the same and it is only
the implementation aspect that differs. Each of our models consists of two main
parts: feature extractor and a classifier. The feature extractor is the initial part
of the model we used. It accepts the input and initially processes the data. For
every model, feature extractor we used is classical. Preprocessed features are
then passed to the classifier. The output of this model will be used to obtain
the final decision about the input, depending on the experiment. This part of
the network may be classical (Subsection 3.1) or quantum and hybrid quantum-
classical (Subsection 3.2).

3.1 Multi-layer perceptron

When defining the model for our initial quantum data fusion experiments, we had
to make a decision regarding which part of the model we should make quantum.
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Following logic similar to that in [30], we decided to use quantum layers for our
classifier. Moreover, considering the effectiveness of the network in [30], we also
decided to separate the feature extractor part of the model into two distinct
parts — one for each input.

The first model we implemented was a classical multi-layer perceptron (MLP)
[22], which was meant to serve as a baseline reference for our subsequent exper-
iments. In this model both the extractors and the classifier were a MLP. We
present this a architecture in the Figure 1.

Feature extractors Classifiers Linear layer (optional)

Vtop

Z v 404
-

—o
o
XOR
o
o

0)
0)
Thottom VUbottom 8

K&an3

0)

Fig.1. A schematic representation of all the models used in this work: yellow —
feature extractor, blue — classifier (here the fusion takes place), green — optional
output logits for quantum classifiers. XOR on the schematic means that only one type
of classifier is used at the time. Top classifier represents MLP approach, and the bottom
one parametrized quantum circuit approach.

In this architecture, the inputs from both sources — Zop and Thottom — are
passed to their respective feature extractors and then processed, independently.
After this processing, the output vectors of both extractors are concatenated,
such that v = [Vl -, V{op, Vhottoms +++ Vhostom)» @ssuming the lengths of vgop and
Ubottom are n and m respectively. The resultant vector v is used as the input of
the classifier network (here another MLP). For all the layers (beside the output)
we used ReLU(v) = max(v,0) activation function, which is a standard way to
introduce non-linearity in deep neural networks [22].

We used a simple MLP as a baseline to demonstrate that AQML can identify
effective quantum architectures for multisource classification, rather than to out-
perform state-of-the-art methods. The synthetic MNIST-based dataset is a toy
problem that does not require complex models. On the ONERA dataset, classi-
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cal models can achieve higher accuracy [9,24], but at the cost of substantially
more trainable parameters.

3.2 Hybrid Quantum—Classical Neural Network

In our initial experiments with quantum machine learning, we used a hybrid
quantum-classical machine learning model. What the name entails is the fact
that in the ML pipeline, both classical and quantum layers are used. A common
approach is to include a parameterized quantum circuit (PQC), with an arbitrary
number of gate layers, as a single quantum layer of the network. Such layer can
then be a part of a model, or a model by itself.

Starting from the model schematic, as presented in the Figure 1, we kept
the feature extractors as in the MLP experiment (see Subsection 3.1). However,
we used quantum classifier, instead of the classical one. This way, our final ar-
chitecture resembled the one in [30]. Moreover, this way we could assess the
classification capabilities on the found models, under the assumption that the
data preprocessing (i.e. the preprocessing algorithm) remained intact.

In the construction of our quantum classifiers, we used two different ap-
proaches. First we tried manual selection of the ansatz (which is another usual
name for a PQC). In that case, the model we selected had no data re-uploading
and consisted of typically used quantum neural network (QNN) layers. In our
other approach, we used AQML techniques to find the right ansatz for the prob-
lem. In this scenario, the algorithm suggested the circuit built using several QML
blocks, which are pairs of data (re-)uploading and variational operations. The
resultant PQC schematic is presented in the Figure 2. For some experiments, we

For k € {1,2,...,K}

0 = B
N A
L N

Fig. 2. A general schematic of a parameterized quantum circuit. It consists of K QML
blocks, each containing a data (re-)uploading operation and a variational operation.
Notice that both Ujgad and Uyar could, in principle, be an identity. On the schematic, x
denotes the input, and 6 denotes the full set of PQC parameters. The PQC is concluded
with a measurement.

enhanced this architecture with an additional classical layer that processed the
output of the PQC and naturally led to a desired number of outputs.
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The importance of data uploading layers cannot be overstated. First of all, at
least one such layer is required of any QML model, as raw classical data cannot
be processed by a quantum circuit. It has to be encoded into a quantum state.
Second of all, data re-uploading is known — both theoretically and empirically
— to increase the expressiveness of quantum circuits [26].

Change detection hybrid model To investigate the performance of our ap-
proach with the real data, we decided to revisit the experiments reported in [24],
only this time, with the use of AQML. The model we used for those experiments
follows the schematic presented in the Figure 1 and is similar to the model de-
scribed in previous Subsection 3.2. The only difference here is that we used a
single feature extractor instead of two, to which we uploaded the concatenated
data from both sources. We decided not to separate the feature extraction, so
that our experiment differs from [24] only in the application of AQML. In this
model, the final classical layer was also an optional addition. To reduce the ini-
tial dimensionality of the input (with 13-band pixels it would require too many
qubits for efficient simulation) PCA was used, leaving the input from each source
described by four features.

3.3 Automated Quantum Machine Learning

In our experiments, we used the agmlator library and thus the hyperparameter
optimization (HPO)-based AQML approach reported in [23]. The idea behind
this algorithm is to treat the ansatz architecture as an hyperparameter and apply
classical HPO techniques to find it. However, instead of using quantum gates as
the basic building blocks of the PQC, the authors proposed to use well-known
and commonly used quantum layers, and thus limiting the search-space of the
optimization algorithm significantly.

The latest version of agmlator (2.0.0al, available only through the sources),
aside from technical improvements, offers more flexible ansatze finding classes,
proposes data re-uploading layers, and uses a wider range of variational layers
during the ansatz search. In particular, it implements the SimplifiedTwoDesign
and the BellmanlLayer, thus making it possible for agmlator to find the models
used in the previous ONERA QML change detection experiments [24].

4 Experiments

In the following sections, we present the overview of the quantum data fusion
experiments we’ve done during this study. We begin with the description of our
initial experiments using synthetic data created from the well-known MNIST
dataset [18]. With the successful application of QML and AQML to the syn-
thetic data, we shift our attention to the real-world ONERA dataset [5] and
revisit experiments from [24], but this time using AQML techniques to select
the quantum classifier. The code and the data from our MNIST experiments
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are available through Zenodo [10]. Our ONERA AQML experiments are in the
original repository of [24].

All experiments employed noiseless simulators. Prior work [24] studied the
impact of noise and real-device execution for PQC-based change detection on
ONERA, suggesting that performance would degrade similarly in our setting.

4.1 MNIST

Dataset The original MNIST dataset consists of 70,000 grayscale images of
handwritten digits (0-9), each of size 28 x 28 pixels. We obtained the dataset
from Kaggle [18], and used the predefined training—validation split as-is.

In the preliminary research, we reduced the number of output classes from
10 to 3. The idea here was to reduce the complexity of the task, so that we
could ensure reasonable (i. e. simulable) sizes of our quantum classifiers. We also
wanted not to overcomplicate our preliminary examples. We arbitrarily selected:

— digit “5” (5421 training samples and 892 validation samples),
— digit “6” (5918 training samples and 958 validation samples),
— digit “7” (6265 training samples and 1028 validation samples).

Images were split into top/bottom halves, binarized, downsampled, and con-
verted to 14-dimensional vectors by computing the mean pixel intensity along
the columns. These vectors correspond to the synthetic multisource inputs z¢op
and Thottom, lustrated in Figure 3.

(a) Original

(b) Split ) Binarized (d) Downsampled  (e) Vertical mean

I
ZLtop
L T -
! Thottom

Fig. 3. Overview of the synthetic multisource preprocessing pipeline. (a) Original input
image. (b) Horizontal splitting into top and bottom halves. (¢) Binarization of each
half. (d) Spatial downsampling. (e) Computation of column-wise mean pixel intensities,
resulting in vector representations that constitute the synthetic multisource inputs z¢op
and Tbhottom -

Experimental setup The z,, and Zpottom are used directly as the input to
the respective feature extractors. Each feature extractor had, therefore, 14 input
neurons. The number of neurons in the hidden and output layers of the feature
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extractors were determined by the HPO experiments detailed below. In those
experiments, feature extractors had only one hidden layer.

Similarly for the number of a single hidden layer neurons in the classical clas-
sifier and number of QML blocks in the quantum classifier. Classifiers’ number
of inputs was determined by the length of concatenated output of the feature
extractors v, and output size was determined by the number of classes, which
was fixed to three. The reason for the latter was the use of standard one-hot
encoding [13], common in classification tasks.

The training goes as follows. The vector inputs is subsequently passed through
learnable feature extraction functions f(-,0;) and f(-, 63), producing feature vec-
tors vViop and Vpostom Of equal dimensionality. These features are fused and clas-
sified by a function h(,63) — realized by the classifier — yielding the final
classification decision d. The resulting formulation is defined as:

Vtop = f(xtopu 91); Ubottom = f(xbottorna 92); d= h(vt0p7 Ubottom 93)

All learnable parameters 61, 62, and 03 are optimized jointly during the training.
The training is performed using the cross-entropy loss, and predictions are ob-
tained by selecting the output logit (or qubit) with the maximum output value.
In the case of PQC, we used measured expectation value of the Pauli Z operator
for each qubit. We trained all the models using 5-fold cross-validation, to better
assess the average performance of the investigated models. The optimizer we
used was standard ADAM optimizer [16].

Metrics Although we gathered information about accuracy, precision, recall and
fl-scores of the model, in their different variants implemented in scikit-learn
version 1.8, the scores we ultimately used for models evaluation were accuracy
and averaged fl,.cr0 score. Both are standard metrics used for measuring clas-
sification performance, and fl-score aggregates the information given by recall
and precision (by definition). This set of metrics allowed us to assess the general
performance of the evaluated models.

Hyperparameter Optimization We performed hyperparameter optimization
(HPO) to select the optimal architecture for the models we tested in the exper-
iment. To that aim, we used optuna hyperparameter optimizer [2], a Python
package for HPO, used in both ML and QML. We present the HPO setup and
the results for the classical and quantum experiments in the Tables 1 and 2.
Those results were obtained without early stopping, and using random seed
equal to 42. The number of trials varied, depending on the model, and was equal
to 100, 100, 50 and 35 for MLP, PQCanual, PQCsquisere and PQC yqipLinear
respectively. The numbers differ due to limited compuational resources.

Results In the Table 3 we present the values of metrics obtained with the best
classical, manual PQC and AQML-found PQC models. The results clearly show
that the models found with AQML outperformed manually selected PQCs for
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Table 1. Experiment setup for baseline hyperparameters optimization.

discrete 95

Parameter Range Type Best value
Learning rate [107%,1072] linear 1073
Batch size [32,128] discrete 83
Hidden layer size (feature extractors) (64, 256] discrete 90
Output layer size (feature extractors) (64, 256] discrete 196
]

Hidden layer size (classifier) [64, 256

our synthetic multisource MNIST classification task. The accuracy they obtain
is on par with the classical MLP, but with over 10 times less parameters. Over
100 times less, if we consider only classifiers.

In the Table 3 one can also see that while PQCs with additional linear layer
performed better, the difference between the best models reported isn’t signifi-
cant (is within a single standard deviation). We have noticed, however, that the
models with linear layer seem to behave more consistently during the training.
We started to investigate that phenomenon, and found that indeed accuracy
averaged over all models from given groups was:

avg _ _ avg
accuracyPQcioéoML = 0.837 < 0.889 = accuracyPQC%gﬁL, (1)

which seems to confirm our initial insights. It’s also consistent with another
empirical observation:
min _ _ min
accuracypoesple = 0.367 < 0.631 = ACCUTACY poyLincar, - (2)

This fact was also observed for the other metrics. We plan to continue to inves-
tigate this issue further as a part of a separate study.

4.2 ONERA

Dataset The ONERA change detection dataset is a publicly available dataset
containing annotated pairs of multispectral satellite images [5]. The spatial res-
olution of the images vary between the pairs. Each image has 13 spectral bands.
An example of the input, reduced to the visible bands, is presented in the Fig-
ure 4.

Experimental setup In our experiments we repeat the experiment reported
in [24], thus the setup remains the same. The only change we include is using
AQML to find ansatze used for the change detection. The metric we consider is
still accuracy and the data is preprocessed and fused in the same manner as in
[24], as we explained in the Section 3.
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Table 2. Experiment setup for PQC hyperparameters optimization. For those exper-
iments the learning rate was fixed to Ir = 1073, PQC%%?\/[L and PQCkBi}"fi denote
PQC models without and with final classical linear layer respectively. We present the
architecture of the model in the parenthesis, next to the model’s name.

Parameter Range Type Best value

PQCManual (AngleX — 3% BEL )

Batch size [32,128] discrete 32
Hidden layer size (feature extractors) (64, 256] discrete 128
Output layer size (feature extractors) [4,12] discrete 6
BasicEntangler layers number (classifier) [1, 5] discrete 3

PQCR%3ur, (Amplitude — SEL — AngleY — 2x SEL)

Batch size (32, 128] discrete 76
Hidden layer size (feature extractors) [64, 256] discrete 163
Output layer size (feature extractors) [4,12] discrete 8
QML Blocks number (classifier) [1,5] discrete 3

PQCK&5, (Amplitude — BEL — AngleX — BEL — AngleZ — BEL — SEL — BEL )

Batch size (32, 128] discrete 121
Hidden layer size (feature extractors) [64, 256] discrete 97
Output layer size (feature extractors) [4,12] discrete 8
QML Blocks number (classifier) [1,5] discrete 5

For the AQML, we set up the number of QML blocks in range [1, 5]. We also
included baseline classical classifier, which was an MLP with 6 layers. As in [24],
we didn’t vary over the number of qubits, and it remained equal to 8 for all the
selected models.

Results We ran 26, 36 and 41 experiments for MLP, PQC%‘%‘?\/IL and PQCE&%{
models respectively. It’s worth mentioning that in change detection experiments
the architecture of MLP didn’t change from run to run. It is therefore justified to
consider both the base and the average performance of MLP in the comparison
with PQC models.

While the accuracy of the best classical model outperformed the best PQC
model — 0.752 vs. 0.743 — the best PQC model was better than average MLP.
The average performance comparison is even better, because the average accu-
racy of PQCE&?@}J models outperformed MLP, although only slightly — 0.730
vs. 0.728. Even more surprising is the fact that the best PQC model found was
a very basic model: Amplitude — BEL. This model had only 8 trainable parame-
ters! For the comparison, the MLP we used had 384 trainable parameters. While
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Table 3. Average accuracy and flyacro-score metrﬁcs for classical, manual PQC and
AQML-found PQC models. PQC33%, and PQCES5T denote PQC models without
and with final classical linear layer respectively. We also provide trainable parameters
number for each model.

Metric |Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean

MLP (# Parameters. Feature extractors: 38372; Classifier: 37623, Total: 75995)
accuracy| 0.962 0.959 0.960 0.960 0.960 0.960 4+ 0.001
flmacro 0.961 0.959 0.959 0.959 0.959 0.959 £+ 0.001

PQCmanual (# Parameters. Feature extractors: 4614; Classifier: 18, Total: 4632)
accuracy| 0.880 0.855 0.880 0.905 0.911 0.886 £ 0.022
flmacro | 0.879 0.852 0.879 0.903 0.910 0.885 £ 0.023
PQC%%‘{WL (# Parameters. Feature extractors: 6202; Classifier: 72, Total: 6274)

accuracy| 0.937 0.943 0.935 0.934 0.949 0.939 £ 0.006
flmacro | 0.935 0.941 0.933 0.932 0.947 0.938 £ 0.006
PQCKE8i. (# Parameters. Feature extractors: 10764; Classifier: 135, Total: 10899)
accuracy| 0.947 0.947 0.935 0.943 0.947 0.944 + 0.005
flmacro | 0.946 0.946 0.933 0.942 0.946 0.943 £+ 0.005

none of the models is close to the reported state-of-the-art, we conclude that
given similar restrictions, AQML-found PQCs lead to results comparable with
classical models.

To further justify the comparison PQC and classical models, we rerun 13
repetitions of the experiment with MLP containing a single hidden layer, re-
ducing the number of trainable parameters to 64. The accuracy of MLP didn’t
drop significantly, and remained at an impressive 0.731 on average (the best
from all the models). However, the best accuracy it achieved was 0.738, which
is below the best accuracy reported by baseline MLP and PQC. Finishing this
direction of research, we considered an MLP with only 2 hidden neurons, and
thus 16 parameters. Over another 10 runs, the model scored 0.731, 0.667, 0.525
for maximal, average and minimal accuracy, all below AQML-found PQCs.

We also report that AQML approach led to the results that were better
than originally reported (with accuracy 0.752 vs. 0.720). That’s also true for
PQC?A%?\/{L models, which achieved best accuracy of 0.738. Furthermore, the best
PQC model had only 8 parameters and significantly less gates than the model
reported in the original research. This conclusion is vital, because transpiling
and running such model on a real device would be much easier and would lead
to lesser influence of the device imperfections. Models that simple were not even
considered in the original study! This highlights how useful the AQML approach
can be, at least during the prototyping stage of the research.
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Fig. 4. A pair of images from the ONERA dataset. They show Saclay, a city in France.
The images were taken on 15 III 2016 (Left) and 29 VIII 2017 (Right).

Finally, we also report that while the additional classical linear layer had no
significant influence on the best accuracy obtained with both the models, we
noticed that the stability of the training and the results are greatly increased if
we use the linear layer (and thus consider all the output qubits). The results are
even more visible than in the case of the MNIST dataset, with:

avg _ _ avg
ACCUTACY poycsots = 0.676 < 0.738 = ACCUTACY by tincar - (3)
accuracyglgcioéom = 0.505 < 0.710 = accuracyggciiaﬁL. (4)

This observation positions training stability research as an interesting direction
for future investigations.

5 Conclusion

In this study, we show that even a simple AQML approach can improve hybrid
quantum-classical models, particularly for data fusion tasks.

Using specially prepared MNIST as an synthetic example, we report that
manually selected QML models were worse than that found by AQML. Although
the models were never as good as the best classical models, they were comparable,
and they needed far less trainable parameters to achieve their accuracy.

We also evaluated real data, applying AQML to change detection on the ON-
ERA dataset. We find not only improvements over prior QML results, but also
that AQML-generated models outperform classical MLPs with similar parameter
counts on average, further demonstrating the effectiveness of AQML.

An interesting by-product of our study is that the additional classical linear
output layer seems to stabilize the hybrid model training. We presented the
preliminary results on that matter and leave the proper investigation for further
studies.
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