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Abstract—Quantum computers have gained popularity in re-
cent years due to their potential to solve problems currently
difficult for classical computers to tackle. This paper presents
a low-dimensional proof-of-concept for dataset reduction using
neutral-atom hardware. Our method constructs a graph from
data geometry, estimates MIS-inspired inclusion scores from
hardware measurements, and uses a classical postprocessing
heuristic to build reduced training subsets. We compare our
approach with classical dataset reduction techniques—k-means
clustering and classical MIS—on various datasets and models.
Across six synthetic 2D datasets and two larger low-dimensional
benchmarks, the method is competitive with k-means and clas-
sical MIS on several tasks, with the clearest gains appearing
at smaller subset sizes in selected nonlinear cases. These results
suggest feasibility of hardware-assisted subset scoring on neutral-
atom platforms, rather than a general performance advantage.

Index Terms—quantum computing, neutral atom, maximum
independent set, dataset reduction, machine learning.

I. INTRODUCTION

Quantum computing has emerged as a new field of study in
recent years with the potential to solve complex problems that
are currently difficult for classical computers [1]-[3]]. Despite
this potential, practical applications of quantum computers
remain under development. In the current Noisy Intermediate-
Scale Quantum (NISQ) era, different quantum architectures
have been explored for their practicality and efficiency [4].
One such architecture, the neutral atom quantum computer,
has displayed notable capabilities. Using Rydberg atom arrays,
this architecture has demonstrated superlinear speedup per-
formance relative to simulated annealing in solving complex
classical graph-based problems [5], [6].

Machine-learning applications of neutral-atom hardware re-
main relatively unexplored [7]. Our work demonstrates the
potential of a novel application for neutral atom quantum com-
puters in dataset reduction in machine learning. We utilize the
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Rydberg atom platform to compute an approximate Maximum
Independent Set (MIS) of graph problems constructed from
datasets, which we refer to as QMIS. MIS is traditionally
considered an NP-complete problem, but in this context, it
corresponds to selecting a representative and diverse subset
of data points used in the training of the machine learning
model [8]]. Our work aims to study a low-dimensional proof-
of-concept for hardware-assisted subset scoring rather than a
general-purpose dataset-reduction framework.

As part of this algorithm, we present a postprocessing step
that aims to extract approximate MIS solutions from the proba-
bility distributions measured by the shots of the measurements,
keeping the classical postprocessing lightweight relative to the
subset-construction stage. It should be noted however, end-
to-end execution on current cloud-accessed hardware remains
slower than classical MIS solvers. The postprocessing algo-
rithm uses a classical sort and sweep method to identify a
configuration of various data points, allowing the raw distribu-
tion data to be used as an approximate MIS graph construction
for the selection of important data.

Our experiments suggest that QMIS is competitive with
clustering-based reduction on several low-dimensional tasks,
with the clearest gains appearing at smaller subset sizes in
selected cases; the advantage is not uniform across datasets
or classifiers. Notably, in complex datasets where classical
data reduction methods can cause a drastic skew in decision
boundaries, our method preserves representative data points,
leading to better model accuracy and generalization.

While prior works have explored adiabatic evolution for
weak classifiers, results remain mostly theoretical [9]. How-
ever, recent works on quantum preconditioning have demon-
strated promising results that make classical problems easier
[10]. Our work builds on the quantum preprocessing idea, pre-
senting a new potential use of neutral atom quantum computers



in classical task applications, showcasing a potential method in
machine learning workflow through quantum dataset reduction
and preprocessing.

Our contributions in this work include:

o Proof-of-concept encoding of low-dimensional dataset
reduction as a unit-disk-graph problem on neutral-atom
hardware

« Classical postprocessing heuristic that converts hardware
measurement statistics into size-(k) training subsets.

o Empirical comparison against k-means and classical MIS
on eight datasets.

The complete code can be found within our
GitHub repository https://github.com/kevin-ys-zhang/
quantum-enhanced-classification.

II. BACKGROUND

This section introduces the neutral atom quantum computing
platform and highlights its potential in solving the MIS prob-
lem. Additionally, we discuss the motivation behind our work
and present the importance of dataset reduction in machine
learning, focusing on current classical methods.

A. Neutral Atom Platform

Analog quantum computers define their logic in a way
entirely different from those of gate-based quantum computers.
One example is neutral atom platforms, which utilize arrays
of neutral atoms manipulated via optical tweezers and laser
fields [11]}, [12]. In the case of QuEra’s Aquila, rubidium is
the neutral atom of choice [[13]], [14]]. The architecture offers
several potential advantages over others, particularly in terms
of scalability and the ability to form highly controllable large-
scale qubit arrays [15].

On neutral atom platforms, qubits are encoded in each
atom’s internal energy state. The atoms in the Rydberg state
interact via long-range dipole-dipole interaction, known as
a Rydberg blockade. This blockade effect prevents nearby
neutral atoms from being simultaneously excited to Ryd-
berg states, enabling entanglement and multi-qubit interactions
[16].

We represent our problem with a Hamiltonian as in Eq. [I]
Then, by tuning the interaction and energy level of the qubits,
these systems naturally evolve towards the lowest energy
ground state, representing the solution to our problem. For
our work, we utilized QuEra’s Aquila, a 256-qubit neutral
atom quantum computer, which defines the dynamic control
Hamiltonian as:
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which describes a system interaction between ground |g;) and
excited |r;) state between each particle indexed by 4 [17]]. Q(¢)
defines the time-dependent Rabi frequency, and A(t) defines
the time-dependent detuning, forming the two hyperparameters
that control the Rydberg blockade radius for MIS, similar to
how classical MIS utilizes Euclidean distance to define a set
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Fig. 1: Square lattice with four nodes, each with 4 pm lattice
spacing, with blockade radius of 4.5um shown in blue and
node center in red.

[17]. After measurement, a probability distribution of excited
atoms is returned.

B. Maximum Independent Set

The Maximum Independent Set (MIS) problem is a form
of combinatorial optimization problem in graph theory [8].
Traditionally, it has relevance in network design, resource
allocation, and various optimization scenarios where mutual
exclusivity is a constraint. Given an undirected graph G =
(V, E), an independent set is a subset of vertices S C V' such
that no two vertices in S are connected by an edge in E. The
MIS is the largest possible independent set within G. MIS
is known to be an NP-hard problem, making it exponentially
expensive in the worst case to solve for large graphs [[18], [19].

C. MIS on Neutral Atom Platform

Many optimization-based implementations have been pro-
posed for solving graph-based problems, though with limited
practicality [20]-[23]. Neutral atom quantum computers, on
the other hand, compute approximate solutions to MIS by
mapping the problem onto the physical interactions of Rydberg
atoms. This approach utilizes the Rydberg blockade effect to
enforce the local independence constraint of the MIS directly
through atom interactions [24]], [23].

We encode each vertex as an atom and each graph edge
as a pair of atoms within the blockade radius. Under this
convention, a measured Rydberg excitation corresponds to a
selected independent-set vertex, since adjacent vertices cannot
be simultaneously excited. We therefore estimate per-vertex in-
clusion likelihoods from excitation probabilities measured over
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repeated shots. For Aquila, we use the effective blockade-
based adjacency threshold defined:
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where () and A are the time-dependent Rabi frequency and
detuning, respectively, and Cg is the van der Waals interaction
coefficient. In this work, we use Cg = 27 x 862690 (in units
consistent with 2, A, and R;). The system’s Hamiltonian
H ground state, demonstrated by Eq. [I] can be used to
correspond to the MIS of a given graph, where adjacent atoms
simultaneously being in the excited state will be penalized,
enforcing the independence condition. In practice, we use Eq.
as the effective adjacency threshold for graph construction
under the chosen Aquila control settings.

The lattice is initialized in a superposition of all possi-
ble atomic states and evolves toward the ground state of
H adiabatically [17]], [26]], similar to adiabatic optimization
models [27], [28]]. Afterward, measurements are performed to
determine the state of each atom. An atom found in the excited
state will be included in the final set to form the maximum
independent set. Due to the probabilistic nature of the result
and the heuristic nature of the solution algorithm, multiple
shots are performed to obtain the final probability distribution.

D. Dataset Reduction

As datasets grow in size and complexity, training machine
learning models has become increasingly resource-intensive.
Dataset reduction aims to offer a potential solution by se-
lecting or generating a representative subset of the original
dataset while maintaining usability. Unlike feature reduction,
in dataset reduction, the data does not decrease in dimension-
ality.

Traditionally, clustering-based techniques, such as k-mean
clustering, have been used to reduce the size of the dataset.
This technique partitions the data into k clusters based on
feature similarity, using cluster centroids as representative data
points. Other cluster techniques, such as hierarchical clus-
tering, build nested clusters by merging or splitting existing
ones. All of these techniques aim to compute for effective
dataset reduction, reducing model training time and resource
consumption. Furthermore, dataset reduction helps prevent
overfitting by eliminating redundant or noisy data [29], [30].

E. MIS for Dataset Reduction

MIS can be interpreted as a proxy for graph reduction,
specifically graph sparsification [31]]. Similar to many existing
sparsification techniques, given a graph, the objective of the
algorithm is to create a subset using existing nodes from the
original set [32]-[35]. Specifically, we use MIS as a graph-
based diversity heuristic for subset selection: given a graph
whose edges connect nearby data points, an independent set
yields a subset of mutually separated points. In this work we
test whether that separation signal helps preserve classifier
performance after reduction.

Our work utilizes a partial MIS distribution sample for
dataset reduction, presenting a novel approach that seeks to
select maximally independent data points while preserving
classification performance. Points with high similarity, and
thus low distance, are connected by an edge. By ensuring that
no two selected data points are similar, the approximate MIS
distribution provides a specialized subset that eliminates as
many closely related data points as possible. Highly unique
data points are retained as they will exist farther away from
other data points.

Analytically, MIS yields a subset of mutually separated
points under the chosen graph construction. We hypothesize
that this separation signal can help preserve classifier perfor-
mance after reduction, especially when decision boundaries
depend on retaining diverse support points. Whereas clustering
focuses on similarity, outliers, or unique samples that can be
merged into clustered points, MIS focuses on independence,
prioritizing the selection of dissimilar data points that capture a
broader range of features. The sampled excitation probabilities
provide a hardware-derived ranking signal that we use as a
heuristic proxy for node importance in subset construction.

III. METHODOLOGY

In this section, we outline the methodology used to create
the data reduction algorithm for computing the MIS using
neutral atom quantum computing. First, the dataset is mapped
onto a 2D lattice structure, defining adjacency between data
points based on a chosen distance limit. This mapping allows
the dataset to be transformed into a graph suitable for the
selected hardware lattice mapping, where each data point
corresponds to a lattice site. Next, the radius of the Rydberg
blockade is set using the previously mentioned Eq. (@), as
demonstrated in [17]. Adjusting the blockade radius effectively
controls the adjacency in the quantum system, mirroring the
constraints of a classical MIS algorithm. Following the results
returned by the quantum hardware, a postprocessing algorithm
extracts potential MIS solutions, which we describe in detail
in the Postprocessing subsection.

A. Lattice Mapping

The first step involves generating two-dimensional binary
data as the neutral atom quantum computing platform arranges
Rydberg atoms in a two-dimensional plane. Each data point
in our dataset contains two features, each representing a con-
tinuous value within a specified range. This two-dimensional
representation allows us to map each data point directly onto
the physical 2D lattice of atoms, with their positions reflecting
the data point’s feature values. The two-dimensional features
of each data point are represented as (z,y) coordinates on a
plane and directly mapped to the corresponding positions in
the two-dimensional lattice of the neutral atom platform. For
each dataset, we min-max scale the two selected features into
hardware coordinates, enforce the 4-(x4)m minimum spacing
by global upsampling when needed, and invoke partitioning
only when the qubit-count or spatial constraints are exceeded.
This lattice represents the physical arrangement of atoms in



the quantum system. By placing each data point as an atom
at a specific location in the lattice, a spatial representation of
the dataset is created, which is usable for quantum hardware.

The blockade radius represents the range over which atoms
interact through the Rydberg blockade effect. This effect is
demonstrated by excited atoms that prevent nearby atoms from
being excited due to strong interactions. For our purpose, the
blockade radius serves as the distance threshold for defining
adjacency in the graph, determining the maximum distance
at which two atoms, representing data points, are considered
adjacent. Similarly to classical MIS algorithms, adjacency is
often defined based on a distance metric or similarity measure
encoded into constraints.

In this case, two atoms are considered adjacent if the
{5 Euclidean distance between them is less than a certain
threshold, determined by Eq. (2). Conversely, if the distance
is greater than the threshold, the atoms are not considered
adjacent.

rydberg density
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Fig. 2: Moon dataset, sampled as lattice points and processed
on Aquila, with probability distribution returned by hardware
showing the probability of measuring an excited state for each
node.

If two data points are within the respective blockade radius
of the other point, the corresponding atoms are adjacent in
the graph. The Rydberg blockade effect ensures that both
cannot be excited simultaneously, enforcing the MIS’s inde-
pendence condition. As introduced in Section II, we take the
excited atoms as the maximum independent set. Modifying
the blockade radius as a hyperparameter allows the graph’s
adjacency level to be adjusted. By mapping the dataset to a
lattice and using the blockade radius to define adjacency, the
dataset reduction problem effectively translates into a format
suitable for the neutral atom platform.

B. Post-Processing

Given a complete dataset of size IV, our goal is to construct
a reduced dataset of size k. To guide this selection, we use
the output of the quantum system, which assigns to each

lattice point ¢ an empirical excitation probability 7; estimated
from repeated hardware shots. Intuitively, points with larger
excitation probability are more likely to be selected by the
quantum MIS process and are therefore natural candidates for
inclusion in the reduced dataset.

At the same time, a useful reduced dataset should not only
favor high-probability points, but also preserve diversity in
order to support downstream generalization. To balance these
two objectives, we use a greedy post-processing heuristic that
combines excitation probability with geometric spread over the
underlying 2D manifold.

We first restrict the search space to a candidate pool con-
sisting of the top-ak points ranked by excitation probability
m;, where « > 1 is a fixed scaling factor. In all experiments,
we use o = 5. We then construct the reduced set S iteratively.
The initialization is given by

S = {argmaxm;},
?

that is, the first selected point is the one with largest excitation
probability.

For each subsequent step, and for each candidate point i ¢
S, we define the score

1
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where x; € R? denotes the geometric position of point i,
m; is its empirical excitation probability, and X is a weighting
factor that controls the tradeoff between diversity and quantum
preference. At each iteration, we add to S the candidate
maximizing w,. This process is repeated until |S| = k. The
pseudocode implementation can be seen in Alg.

Algorithm 1 Greedy probability-distance post-processing

Require: probabilities {m;} ,, positions {z;}¥, C R2
target size k, scale factor «, weight A

: Let C be the top ak points ranked by 7;

: Initialize S < {arg max;cc m; }

: while |S| < k do

Select

1
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I S

Update S + SU {i*}
6: end while
7: return S

In our experiments, we set A = 10% so that the distance
term, with ¢y distance measured in meters on the atom lattice,
is approximately of the same order of magnitude as the
probability term. In this way, the heuristic favors points that are
both highly ranked by the quantum device and well separated
from those already selected.

This approach requires O(N logk) time first to do our
greedy prune, making use of a size k£ max heap and linear
sweep, then O(ak?) heuristic-based search. Taking o as a



constant factor and recognizing that most tasks will require
k € ©(N), our data reduction runs in O(N?) time, with a
suitable scaling factor on the reduction to smaller samples.

IV. EVALUATION

To evaluate the effectiveness of the hybrid MIS data re-
duction approach, eight different classification datasets were
tested against commonly used ML classification models, each
selected to present varying levels of complexity and structural
characteristics. This section provides an overview of perfor-
mance on the selection of commonly used ML datasets, rang-
ing from simple linear relationships to more intricate nonlinear
patterns that may be challenging for standard classification
models. Three specific ML models have been selected to
assess the performance of our dataset reduction method. These
models combine instance-based learning with models that
create explicit decision boundaries, allowing for evaluation of
how well the reduced dataset subsets represent the original.

A. Dataset Selection

Six synthetic binary classification datasets have been se-
lected to evaluate the effectiveness of the hybrid MIS dataset
reduction method, shown in Fig. E[ These datasets have been
chosen to represent commonly used synthetic datasets for
machine learning evaluations and include:
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Fig. 3: Visualization of six different synthetic datasets selected
for evaluation of MIS dataset reduction.

o Linearly separable dataset contains data points from
two classes distributed in a way that they can be perfectly
separated using a linear line or hyperplane.

o Linearly non-separable dataset uses data points from
different classes overlapping or intertwined, making it
impossible to be separated using a linear line.

« Bands dataset is a special subset of the linearly separable
dataset, where one class is in between two layers of the
other class, forming parallel bands. Unlike the linearly
separable dataset, it will require more than one linear
line or hyperplane as a decision boundary.

« XOR dataset creates data points placed in alternating
quadrants of a Cartesian plane, such that the adjacent
quadrant belongs to a different class.

« Ring dataset consists of concentric circles or rings, with
one class forming an inner ring and the other forming the
outer ring surrounding the other class.

e« Moon dataset comprises two interleaving half-circle
shapes resembling crescent moons. Due to the curved
structure, the dataset is also not linearly separable.
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Fig. 4: Visualization of artificial 2D dataset consisting of 10
different classes with 512 data points.

B. Lattice Expansion

It is important to note that, due to hardware constraints
imposed by Aquila, constraints have been placed on dataset
generation, limiting value ranges for each of the data points.
On the Aquila platform, the Euclidean distance between two
sites must be no less than 4um, which, combined with the size
of the focusing optics, constrains the total area to 75um by
76um rectangle. Additionally, the Aquila hardware supports
up to 256 qubits, each used to represent a potential data point
in the dataset [17], which means that the generated dataset
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Fig. 5: Visualization of Iris dataset with petal length and petal
width as feature, with 150 data points.

must contain fewer than 256 data points, each at least 4 units
apart, with each of the feature values less than 75 units.

To bypass this limitation imposed by the hardware, we
utilized the divide and conquer based partitioning scheme
introduced by Xu et. al [36]. Following a similar partitioning
idea with separator merging on the boundaries, our method
can be used to reduce total data point on graphs beyond 75
by 76 units with support for more than 256 individual data
points. For any data points with distance less than 4 units apart,
we perform a global normalization to ensure the minimum
distance is compatible with hardware. As such, we also include
two additional testing datasets, one artificial dataset with 10
classes and 512 data points, as seen in Fig.[4] as well as the real
world Iris dataset [37]], as seen in Fig. El It should be noted that
for Iris, we evaluate only the two-feature petal-length/petal-
width projection to remain compatible with the current 2D
hardware-mapping pipeline. To isolate the potential loss in
dimensionality reduction, we evaluated the projection loss,
defined as the paired difference between native-dimensional
and projected-data performance on identical held-out folds,
for each of the models. We concluded the projection is nearly
lossless with an average MSE of 1.37%.

We divide the full dataset into local patches fitting inside
hardware requirements. Each such leaf of the partitioning tree
is passed into the hardware as its own instance, and later
merged using the same greedy approach defined by Xu et.
al, as demonstrated by Fig. [6] For this work, we chose a
more conservative subdivision based on QuEra’s hardware
specification, with a max lattice grid size of 70 units by 70
units, with each data point being at least 4 units apart in both
axis, such that all datasets can be tested on physical hardware.

Fig. 6: Sample merged hardware output, with points selected
as the MIS subset in full opacity and points removed with
reduced opacity. Gray lines denote separator regions.

C. Classification Evaluation Models

Three basic machine learning models, k-nearest neigh-
bors (KNN), logistic regression, and support vector machines
(SVM), have been used to assess the impact of hybrid MIS-
reduced datasets [38]], [39]]. These models were selected due
to their varying characteristics depending on the selected
dataset. By testing the reduced datasets across these models,
the goal is to assess how well our approach performs under
different learning approaches with different sensitivity to data
distribution and structure. Unless stated otherwise, we use
weighted-F-1, kNN with & = 5, logistic regression with
C = 1, and SVM with RBF kernel. Exact training/testing
split can be found in Tab. [l All other hyperparameters are
unchanged from sklearn default [40]], with no explicit random
seed or custom initialization policy.

1) k-Nearest Neighbors: kNN is an instance-based learning
algorithm that classifies data points based on the majority class
among their k nearest neighbors in the feature space. This
model was selected due to its reliance on distance metrics and
training instances, where the quality and representativeness of
the reduced training subset are crucial.

2) Logistic Regression: Logistic regression is a statistical
model commonly used for binary classification tasks. It uses
the logistic function to interpret the output of a linear model
as the probability that a given input belongs to a particular
class. The model performs well when the classes are linearly
separable, making it suitable for evaluating datasets such as
the linearly separable and bands dataset. It was selected to test
how well the reduced dataset maintains the linear relationship



between features.

3) Support Vector Machines: SVM is a form of supervised
learning model used for classification tasks. Its goal is to find
the optimal hyperplane that maximally separates classes in
the feature space. Its ability to handle nonlinear relationships,
under the Gaussian kernel, makes it suitable for evaluating the
nonlinear datasets in our experiment. It has been selected as
only the support vectors influence the model, which requires
that these critical points be retained for training to ensure that
the decision boundaries are accurate for classification.

V. RESULTS

We evaluate the method on six synthetic 2D classification
datasets chosen to stress different decision-boundary geome-
tries, plus two larger low-dimensional benchmarks mentioned
in the previous section, using the three discussed classifiers:
K-Nearest Neighbors (KNN), Support Vector Machine (SVM),
and Logistic Regression. For each dataset, 100 total shots
are used to calculate excitation probability. For datasets that
are too large for a single lattice, multiple instances of 100
shots have been used per partition leaf. We compare the
classifiers’ performance trained with the set produced by data
reduction through QMIS, clustering with k-means, as well as
the classical optimal MIS. This is done quantitatively by means
of the F-1 score, which is given by:

Precision - Recall
F-1 S =2. 4
core Precision + Recall “)

For each classifier, we applied our approach iteratively for
varying data point sizes k£ ranging from 10 up to the entire
dataset size [41]], [42]]. For each subset size, we trained the
classifier and evaluated it on the test set, and the resulting F-1
score and node size were recorded. Similarly, we applied k-
means clustering to create reduced datasets at various cluster
sizes, training the classifier on each and recording the F-
1 scores for the respective node sizes. We also trained the
classifier on the full dataset to obtain its F-1 score. The F-1
scores for different node sizes were recorded, and the average
F-1 score is shown in Tab. [l

To compare the QMIS with the classical MIS, we utilized
the solver Gurobi to obtain the optimal MIS [43]. The
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Fig. 7: F-1 score comparison linear (left) and nonlinear (right)
datasets on the SVM classifier

classifier was then trained on this subset, and the F-1 score and
the number of data points in the subset were recorded. This
results in a fixed size subset, which we show in comparison
to our QMIS method at same output size in Tab [ We further
generate plots of F-1 against node size for all the mentioned
methods. The difference in F-1 scores between the QMIS and
other methods is also calculated. In the graphs, the vertical
line indicates the number of points in the classical MIS, and
the horizontal lines are the values of the classical MIS and the
F-1 score of a model trained over the full original dataset.
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Fig. 8: F-1 score for SVM on the XOR dataset with varying
output dataset sizes.

A. Comparing QMIS and Clustering

On average, based on Fig. [/| our implementation of QMIS
is competitive with k-means across several datasets, and in
selected cases it achieves similar F-1 at smaller subset sizes. It
should be noted however, the advantage is not uniform across
models or datasets. Additionally, the clustering approach ex-
hibits greater fluctuations at lower node counts, indicating
that our QMIS is often competitive at smaller subset sizes,
though the effect is not uniform across datasets and classifiers,
and should be interpreted together with uncertainty across
splits. Reported averages and standard deviations are computed
over the same hardware run with random training/testing
split assignment of respective subset sizes. For the XOR and
Linearly separable dataset using kNN, our QMIS achieves
an average score that is higher than k-means from Tab.
However, k-means achieves a higher average F-1 score than
QMIS on datasets like XOR with the SVM classifier, though
the individual F-1 scores remain comparable to to k-means
across both lower and higher node sizes, as shown in Fig.



Dataset Size Model Performance Results Classical Comparison (SVM)
Dataset Split K-Nearest Neighbor Logistic Regression Support Vector Machine
Dataset | 1otal Data Training |QMIS F-1 at| Classical
Points | yraining | Testing K-means Qmis K-means Qmis K-means Qmis setsize |Dataset Size| MISF-1
" " Original Original Original
Points Points Avg F-1 | STD Dev | Avg F-1 | STD Dev Avg F-1 | STD Dev | Avg F-1 | STD Dev Avg F-1 | STD Dev | Avg F-1 | STD Dev
SI:;:'::(;ZE 128 64 64 1.0000 | 0.8906 | 0.0303 | 0.9290 | 0.0232 | 1.0000 | 0.9867 | 0.0403 | 0.9994 | 0.0000 | 0.9844 | 0.9631 | 0.0313 | 0.9902 | 0.0184 46 1.0000 1.0000
/nﬁ’e’;f:r;”;/e 150 66 84 | 07962 | 0.731 | 0.0299 | 0.6939 | 0.0218 | 0.8111 | 0.7721 | 0.0299 | 0.7840 | 0.0250 | 0.8093 | 0.7592 | 0.0289 | 0.7716 | 0.0210 | 65 0.8093 | 0.8093
Bands 252 210 51 0.9410 | 0.9046 | 0.0762 | 0.8802 | 0.0715 | 0.6069 | 0.5069 | 0.1237 | 0.5655 | 0.0687 | 1.0000 | 0.9457 | 0.0295 | 0.9504 | 0.0519 109 0.9412 0.9412
XOR 150 75 75 0.8925 | 0.7644 | 0.0594 | 0.7784 | 0.0583 | 0.4309 | 0.4282 | 0.09848 | 0.3517 | 0.0684 | 0.8800 | 0.8877 | 0.0634 | 0.8632 | 0.0424 59 0.8667 0.8662
Ring 208 166 42 0.9039 | 0.8379 | 0.0714 | 0.8197 | 0.1368 | 0.3568 | 0.3531 | 0.0899 | 0.4131 | 0.0409 | 0.9523 | 0.9509 | 0.0429 | 0.9100 | 0.0455 95 0.9523 0.9039
Moon 88 70 18 0.8286 | 0.7652 | 0.0958 | 0.6669 | 0.0928 | 0.8286 | 0.7778 | 0.0227 | 0.6918 | 0.0268 | 0.7662 | 0.8168 | 0.03304 | 0.7805 | 0.0255 49 0.8875 0.8875

TABLE I: Model performance evaluation with F-1 score and standard deviation for each model and each dataset and reduced

QMIS subset along with a comparison with classical MIS F-1

score for SVM classifier. Average F-1 is evaluated using the

summation of all weighted F-1 score over the entire subset sweep. Training points are subsets of the original dataset or centroids

created with k-means, used for training the classifier models.

B. Comparing QMIS and CMIS

The rightmost section of Tab. [I| shows a comparison of our
approach with the optimal MIS, which is obtained classically.
As described in our approach, we set a radius for connectivity
in the lattice graph. Therefore, we re-use this radius to deter-
mine connectivity for the graph, for which we find a classical
MIS solution. With a set graph, a single-sized optimal solution
exists. As such, we directly compare our approach with the
classical MIS approach at this reduction size.

Based on Tab.[l] it can be seen that with an SVM model, the
model trained on data reduced via our approach matches the
performance of a model trained on data reduced via the opti-
mal classical MIS approach. Furthermore, Fig. [§] demonstrates
that the model trained on data obtained by reduction from our
approach maintains this performance down to approximately
40% of the classical MIS size.

A similar pattern can be seen in the two complex datasets.
While direct F-1 comparison only demonstrates comparable
accuracy performance, as shown in Tab. [II} our approach shows
less variation over the subset-size sweep at low point counts,
as seen in Fig. [0] suggesting a higher boundary stability when
it comes to data point selection. Although, the source of this
variability should be interpreted according to the averaging
protocol defined above.

It should be noted that, although logistic regression is
sufficient for several binary classification tasks, it inherently
assumes a linear relationship between the input feature and the
log-odds of the outcome. As such, results on strongly nonlinear
datasets are included only as a negative control and are not
central to our conclusions.

C. Decision Boundary Impact

While F-1 scores provide a quantitative assessment of
classifier accuracy on dataset and dataset subsets, they may
not fully capture the impact of dataset reduction on the
decision boundary across various subset sizes. Visual inspec-
tion suggests that QMIS-reduced datasets often preserve the
original decision boundary more closely than clustering-based
reductions, particularly in the examples shown in Fig. [T0]

Weighted F1

—— QMIS subset
K-means subset
—== Full train set
—=~ Classical MIS F1
Classical MIS size

0.2+

N

0.0

50 100 150 200

Subset size

250 300 350 400

Fig. 9: F-1 score for SVM on the 10 classes cluster dataset
with varying output dataset size.

Dataset Split SVM Performance
D Total Data
Points Training | Testing Full Set F-1 K-means amis
Points | Points AvgF-1 | STD Dev | AvgF-1 | STD Dev
Clusters 512 409 103 0.9230 0.9046 0.0855 0.9294 0.0546
Iris. 150 120 30 0.9123 0.9144 0.0293 0.9002 0.0231

TABLE II: Performance comparison of F-1 score between K-
means and QMIS approach on the two complex dataset.

A visual comparison indicates that models trained on the
QMIS-reduced datasets show decision boundaries that align
closer to the original relative to clustering, indicating the
preservation of the dataset’s structural and distribution prop-
erties. This is especially noticeable in nonlinear classifiers, as
clustering tends to sway the decision boundary drastically. This
trend can also be seen in the more complex 10 class dataset
where our approach creates less variance in decision boundary,
as seen in Fig. [T1]



Feature 1 Feature 1

Fig. 10: Decision boundary comparison between QMIS (left)
and k-means clustering (right) of logistic regression classifier
on the linearly separable dataset, with original decision bound-
ary in blue and reduced dataset decision boundary in red. The
difference is highlighted in red. Reduced dataset size ranges
from 10 to 50 data points

Feature 2

0 50 100 150 200 0 50 100 150 200
Feature 1 Feature 1

Fig. 11: Decision boundary comparison between QMIS (left)
and k-means clustering (right) of SVM on 10 class clusters,
with original decision boundary in blue and reduced dataset
decision boundary in red. The difference is highlighted in red.
Reduced dataset size ranges from 20 to 409 data points

VI. FUTURE WORK AND LIMITATION

While our work demonstrates the potential usage of neutral
atom quantum computing for dataset reduction via a maximum
independent set computation, several limitations still exist
due to the inherent nature of current hardware. Addressing
these limitations presents opportunities for future research and
improvements.

A. Mapping Limitation

One such limitation is the specific mapping method. While
we are able to bypass the physical lattice configuration with a
partitioning scheme [36]], it doesn’t fully address the dimen-
sionality limitation. Due to the neutral atom platform encoding
in 2D lattice, higher dimensional data would require some
form of translation or mapping down to a lower dimension,
such as with PCA, for it to be compatible with the physical
hardware. For simple low dimensionality datasets, it wouldn’t
cause significant loss in fidelity. But for modern ML tasks,
often with much higher feature count, a better encoding
scheme would be required to accommodate those datasets.

While outside the scope of this work, we argue that a rea-
sonable 3D projection using the same separator decomposition
idea is possible. For a basic 2D case, the hardware embedding
is naive. In 3D or n-dimensional projection, recursively split
into leaf nodes such that it either projects to 2D or re-embed
the leaf node as a 2D approximate unit disk graph.

Furthermore, it could also be argued that another form of
encoding could be used for data point mapping. Rather than
encoding feature value as a direct mapping to lattice space,
some distance metric between each data point could be used
as feature encoding. An improved data mapping algorithm, as
opposed to direct feature mapping, could potentially provide
greater flexibility.

B. Ablation Study

It’s important to note that due to the limited amount of
dataset and models evaluated in this study, it is not possible to
draw a definitive conclusion at this time about the exact perfor-
mance of this approach. To investigate whether the hardware-
derived selection probabilities contain sample-specific infor-
mation, we performed a preliminary random-7 ablation using
the 512 point clusters dataset. The observed probabilities
were permuted among training samples within each class,
preserving their class-conditional distributions while removing
their association with individual samples. All other compo-
nents—including the train—test split, class quotas, geometric
diversity term, subset sizes, and downstream SVM-—were
held fixed. Across six representative subset sizes and 50
permutations, the original hardware probabilities produced a
mean weighted F-1 score of 0.858, compared to 0.844+0.019
for the permuted controls. However, this result should not be
interpreted as definitive, as the clusters dataset was randomly
created for the purpose of this study. As such, Future work
should also repeat the ablation across a much larger set of
datasets with various classification models.

C. Execution Time

Quantum hardware used in this study was accessed using
a cloud-based platform. In our experiments, total wall-clock
time from submission to result was within 2 minutes. This
time is significantly longer than that it takes by classical
methods to find the provably optimal solution to the MIS in
current classical hardware. However it should be noted that
the reported wall-clock time includes cloud submission and
retrieval overhead, not just on-device execution, and therefore
is not directly comparable to classical solver runtime. It is
important to recognize that current quantum hardware will
fall short of execution speed. Accessing quantum hardware
through cloud-based services often involves queuing delays
due to high demand and limited availability of quantum
processors. Users may experience extended wait time before
the job is executed, further increasing the total time of job
submission and resulting in retrieval. This limits the direct
comparison in runtime to classical methods.



D. Potential Algorithmic Improvements

In the current approach, the reduced dataset subset selects
data points for training using marginal per-node probabilities
estimated from repeated hardware shots, calculated using the
greedy heuristic. However, the quantum hardware outputs
a probability distribution over possible MIS configurations,
which contains additional information that can be utilized.
Unlike directly using the greedy heuristic to select data points,
interpreting the measurement probabilities as weights allows
for assigning importance measurement to each data point
based on its likelihood of being included in the MIS. This
weighted dataset can enhance machine learning models by
emphasizing more representative or critical data points. We
leave full-configuration decoding and weighting strategies as
future work; the present study uses only marginal per-node
probabilities. A useful future control would compare this
probability-informed ranking against purely geometric greedy
selection to isolate the contribution of the hardware-derived
scores.

VII. CONCLUSION

In this paper, we present a proof-of-concept use of neutral-
atom hardware for dataset reduction via MIS-inspired subset
scoring in low-dimensional machine-learning tasks. Our ap-
proach addresses the problem of reducing low-dimensional
datasets while preserving structure relevant to downstream
classification, which is critical for training accurate machine
learning models with reduced training time. We demonstrate
the feasibility of integrating neutral-atom measurement statis-
tics into a hybrid subset-selection pipeline for low-dimensional
tasks, without claiming a runtime advantage over classical
dataset-reduction methods.

Overall, the results support the feasibility of integrating
neutral-atom measurement statistics into a hybrid subset-
selection pipeline for low-dimensional tasks. The present evi-
dence supports competitiveness on selected tasks rather than a
general accuracy or runtime advantage over classical reduction
methods.

While our work aims to showcase the potential usage
of neutral atom quantum computing for dataset reduction,
addressing the limitation related to qubit count and spatial
constraint remains essential for practical scalability in hybrid
systems. Additionally, further utilization of probabilistic out-
put can potentially offer additional improvements for enhanc-
ing machine learning models. Our work aims to inspire future
research on these areas, as they remain critical in integrating
quantum computation into a hybrid machine learning pipeline.
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