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Abstract—This paper introduces a quantum-enhanced fuzzy
k-nearest neighbor (QE-FKNN) algorithm that integrates quan-
tum feature encoding with fuzzy decision-making to improve
classification accuracy. Classical data are mapped into quan-
tum states using angle embedding and entanglement, allowing
complex nonlinear relationships to be represented in a high-
dimensional Hilbert space. Each training sample is assigned
a fuzzy membership value, and the class of a test sample
is determined by a weighted combination of its k nearest
neighbors. As a result, the proposed method produces smoother
decision boundaries and shows greater robustness in regions
where class boundaries overlap. Experimental results on ten
benchmark datasets demonstrate that QE-FKNN outperforms
related classical and quantum KNN-based methods in terms of
classification accuracy.

Index Terms—Fuzzy set, KNN, quantum circuit, quantum
encoding, angle embedding, scalar quantum feature

I. INTRODUCTION

K-nearest neighbors (KNN) [1], [2] is one of the popu-
lar and simplest supervised machine learning technique for
classification and regression. It is an instance-based learning
approach that does not require an explicit training phase.
Instead, for a given test instance, the predicted label is deter-
mined by the labels of its k nearest neighbours in the training
set. Although KNN has simple and broad applicability, this
method often performs poorly when the data environment is
characterized by uncertainty, including imprecise observations,
noisy measurements, and incomplete samples.

Fuzzy machine learning (FML) [3] combines fuzzy tech-
niques with machine learning to better handle uncertainty, am-
biguity, and noise in real-world data by incorporating concepts
such as fuzzy sets [4], fuzzy systems [5], fuzzy clustering [6],
fuzzy relations [7], fuzzy measures [8], fuzzy matching [9],
and fuzzy optimization [10]. A prime example is the fuzzy
KNN (FKNN) algorithm, which is a generalization of the
classical KNN algorithm, which was introduced in [11], that
can handle uncertain data in practical applications and enhance
robustness by incorporating fuzzy membership information
into the classification process. However, FKNN [12] still relies
on computing distances in the original feature space, which
can become slow and less effective when the data is complex,
noisy and large. Recently, quantum computing techniques such
as angle encoding [13] offer a promising alternative that
enables the nearest-neighbour search in a quantum feature
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space, which reduces the need for the explicit pairwise distance
calculations typically required in FKNN.

Quantum machine learning (QML) [14]-[16] is the in-
corporation of quantum algorithms into machine learning
applications. It has the potential to achieve exponential or
quadratic speedups in quantum computing while also demon-
strating effective handling of quantum data. In this context,
quantum versions of classical machine learning algorithms
have attracted significant interest, especially instance-based
methods such as the KNN algorithm. By exploiting quantum
parallelism and efficient distance evaluation, these approaches
aim to enhance computational efficiency and scalability. An
inner-product distance-based quantum KNN (QKNN) algo-
rithm is proposed in [17] that achieved a quadratic speedup.
Subsequently, alternative distances have been explored, in-
cluding Euclidean [18], Hamming [19] and Mahalanobis [20]
distances for the proposal of QKNN. Further, by incorporating
polar distance, a QKNN algorithm is introduced, enabling
the joint consideration of angular and magnitude information
through an adjustable parameter [21]. To improve the prac-
tical efficiency of QKNN, a divide-and-conquer strategy is
proposed in [22]. Moreover, a fidelity-based QKNN (FQKNN)
algorithm is introduced in [23], which employs quantum-state
fidelity as a similarity measure. Despite these advances, most
existing QKNN methods rely on precise distance computations
and hard neighbor assignments, which can lead to unstable
classification near class boundaries.

In this work, we propose a hybrid extension of the classical
FKNN, called quantum-enhanced fuzzy k-nearest neighbors,
which encodes classical data into quantum states, enabling
quantum circuits to map data into high-dimensional Hilbert
spaces where more expressive feature representations and
correlations can be captured, so that it can capture complex
patterns between input data points. Unlike conventional KNN
based approaches that employ hard neighbor assignments, QE-
FKNN assigns fuzzy membership values to training samples.
For a given test sample, the k nearest neighbors are identified
from the training set using the Euclidean distance. The class
membership degree of the test sample is then calculated as
a weighted aggregation of the membership values of these
neighbors, and the final class label is determined accordingly.
This combination leads to smoother decision boundaries and
improved robustness, particularly in regions where class distri-
butions overlap, thereby reducing classification instability. The



performance of the QE-FKNN is validated by comparisons
with well-known related methods using benchmark indexes.

The rest of the paper is structured as follows: Section II
reviews the related work relevant to this study. The proposed
QE-FKNN algorithm is formulated in Section III. Section IV
provides a comparative experimental analysis conducted on
datasets from the UCI and KEEL repositories. Finally, Section
V concludes the paper and summarizes the key findings.

II. PRELIMINARIES

In this section, we begin by presenting some fundamental
definitions and concepts relevant to our work.

A. Fuzzy Set

Let 2 denote the universe of discourse. A fuzzy set [24] F
defined on (2 is characterized by a membership function

ufZQ—> [0,1}7

where pr(a) represents the degree to which an element a € 2
belongs to the fuzzy set F.

B. KNN

The KNN algorithm [1], [2] is a supervised learning method
that classifies a query sample by assigning the most frequent
class among its k nearest neighbors in the training set. Given
a labelled training dataset X{ . = [a1,...,ap,] and an
unlabeled testing set X{., = [b1,...,Dp,], where p; and po
denote the number of training and testing samples and d’ is
the feature dimension, KNN determines the class of each test
sample based on distance comparisons.

For a test sample b, € R, y=1,2,...,po, the Euclidean
distance to each training sample a, € RY, 2 = 1,2,...,p1,
is computed as

d(by, az) = ()

The final classification is obtained by majority voting among
the k-nearest neighbors, and performance is commonly eval-
uated using accuracy with stratified K -fold cross-validation.

C. FKNN

The fuzzy k-nearest neighbor method [12] considers a set
of training samples X{ . = [a1,...,ap,] with known class
labels, and a set of testing samples X{., = [b1,...,bp,]
with unknown labels, where p; and p, denote the numbers
of training and testing samples, respectively. The method
is governed by the number of nearest neighbors &k and the
fuzziness index A. The objective is to assign a class label to
each testing sample b, € RY, where y € {1,2,...,p2} and
d' is the dimension.

For each training sample a, &€ RY, where z €
{1,2,...,p1}, let @, denote the membership degree of a,
to the I’-th class. For a specified number of nearest neighbors
k, the FKNN algorithm identifies the k nearest neighbors of
the z-th training sample by computing its distances to all

other training samples. Based on the class distribution of these
neighbors, the class membership value 7, for each training
sample is then computed as

e
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where pl,(z €{1,2,...,k}) is the number of neighbors
belonging to the !'th (where, I’ € {1,2,...,¢'}) class among
the k-nearest neighbors and ¢’ is the total number of classes
among the k-nearest neighbors.

Subsequently, for each  testing sample by,
y € {1,2,...,p2}, the k-nearest neighbors are searched
within the training dataset using the Euclidean distance. The
class membership degree ul,(by) of the testing sample is then
computed as a weighted average of the membership values
of its neighbors, given by
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After calculating all the membership values of b, its class
is assigned as the class with the highest membership value
which is given by

C'(b)) =arg max_(u'(b,)). 4)

/il/(by) =

where C” represents the class label of the sample.

D. Quantum Encoding

Quantum encoding [13] is the process of mapping classical
data into a quantum state so that it can be processed by a
quantum circuit. Some of the techniques are listed below.

o Angle encoding: Angle encoding is a method where clas-
sical data are encoded into quantum states by adjusting
the phases of the quantum states according to the classical
data values. This encoding approach is especially effec-
tive for expressing classical data with phase information.

o Feature maps: Feature maps are trainable quantum
circuits that map classical inputs to quantum states via
nonlinear transformations. These maps might capture
complex interactions in classical data, potentially boost-
ing the expressiveness of quantum circuits.

E. Quantum circuit

Quantum algorithms construct quantum circuits using a
sequence of quantum gates acting on single and multiple
qubits [25]. A set of quantum mechanical principles, such
as superposition and entanglement, is used for execution and
classical outcome extractions. Different gates fulfilled different
purposes. The Pauli-X gate flips the bit and Pauli-Z gate
flips the phases. On contrary, the Pauli-Y gate flip both bit
and phase at a same time. To create quantum superposition
Hadamard gates are widely used. While the controlled-NOT
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Fig. 1. Schematic representation of the 4-qubits, 3-layer parameterized quantum circuit, consisting of angle embedding, strongly entangling layers, and Pauli-Z

measurement

(CNOT) gates add conditional entanglement between qubits.
circuits enable quantum computing beyond classical systems.

III. PROPOSED METHOD: QE-FKNN

In this section, we will formulate the proposed QE-FKNN
by utilizing a quantum environment in the FKNN algorithm to
enhance distance computation and feature representation. QE-
FKNN exploits quantum state properties to compute distances
more efficiently in a high-dimensional Hilbert space. Clas-
sical input data are first mapped into quantum states using
angle embedding V..». This encoding enables a direct and
continuous transformation of classical features into quantum
states. First, the algorithm initializes the number of qubits
and layers, along with the margin parameter v, and defines a
quantum circuit composed of parameterized gates (see Fig. 1).
The dataset is then preprocessed by splitting it into training
and testing sets and scaling the features using a standard
scaler, followed by min—max normalization [26]. Each training
sample is subsequently normalized using min-max scaling and
encoded into the quantum circuit via angle embedding [13].
Specifically, the input to the angle-embedding layer is the
normalized classical feature vector, where each feature value
is mapped to the rotation angle of a single-qubit rotation-X
(Rx) gate.

m—1
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where m denotes the total number of qubits and oy is the
rotation angle associated with the gth qubit. Initialize trainable
circuit parameters 3 = {3, i<’} randomly.

Then, to capture complex feature correlations, the encoded
quantum state is further processed using strongly entangled
layers V., composed of parameterized single-qubit rotation
gates Rx and multi-qubit entangling operations. These lay-
ers introduce quantum entanglement, allowing the circuit to
represent nonlinear relationships that are difficult to model in
classical spaces [25].
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where, R specifies the number of entangling layers and £
defines the qubit connectivity through a set of edges. The

parameter ﬁé’“) controls the single-qubit rotation applied to
qubit ¢ in layer r, whereas 532) governs the controlled-NOT
interaction between qubits ¢ and s within the same layer. The
circuit outputs [13] give the expectation value of the Pauli-Z
operator acting on the first qubit, corresponding to the average
spin projection along the z-axis, is given below:

(Z1) = (ple, B) | Z1 | (v, B)) (7

where Z; denotes the Pauli-Z operator acting on the first qubit,
and |¢(a,3)) represents the quantum state obtained after
angle encoding and entangling transformations. The following
Equation (8) shows the general expression of the parametrized
quantum circuit used for the QE-FKNN to calculate the
Euclidean distance:

Qe ) = (ﬁ Rx<aq)>
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where a denotes the set of rotation angles of a single-qubit
Rx gate used for angle embedding, 3 represents the trainable
circuit parameters of the strongly entangled layers. Compute
scalar quantum feature f,, = Q(ay,B8) € R where, ¢ =
0,1,2,...,m — 1 and Q represents the parametrized circuit
function (see Eq. 8). Then the total loss function is formulated
as:

1
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where v # v and w,v € {0,1,...,m — 1}, C'iptra and
C’inter denote the sets of same-class and different-class sample
pairs, respectively. d denotes the Euclidean distance between
the scalar quantum features f,, and f,,, while Jroposs(d)
represents the RoBoSS loss function [27], and v is the margin
parameter. The quantum circuit parameters are optimized using
the Adam optimizer [28] in conjunction with Eq. 9. Finally,
both the training and test samples are encoded using the
optimized quantum circuit, i.e., the circuit parameterized by
the learned values of 3.

For each encoded training sample, fuzzy membership values
are computed using its k nearest neighbors in the encoded



feature space, as defined in Eq. 2. For each encoded test sam-
ple, the k-nearest neighbours are identified from the encoded
training set using Eq. 1. The corresponding fuzzy membership
degrees are then evaluated using Eq. 3, and the final class
label is assigned based on the maximum membership value
as specified in Eq. 4. The overall workflow of the proposed
QE-FKNN approach is summarized in Algorithm 1.

Algorithm 1 QE-FKNN

1: Input: Training features U}, , training labels X/, , test
features U/, number of nearest neighbors k
2: Output: Predicted class labels for test samples X7 .,
3: Initialize the number of qubits m, the number of lay-
ers R, margin parameter v, trainable circuit parameters
B={ ﬂér) , g’;)} randomly and define a quantum circuit with
parametrized gates (see Eq. 8).
4: Load dataset and encode categorical features
5: Split dataset into training and testing sets
6: Apply standard scaling followed by min—-max normaliza-
tion [26]
7: for each training epoch do
8:  Encode training samples using angle embedding
Vemb(a) (see Eq. 5)

9:  Apply strongly entangled quantum layers for every
layer using trainable circuit parameters B={3\"” 8%}
(see Eq. 6)

10:  Measure Pauli-Z expectation value to obtain scalar
quantum features (see Eq. 7)

11:  Update quantum circuit parameters using the Adam
optimizer [28] with total loss function £(3) (see Eq.
9)

12: end for

13: Encode all training and testing samples using the opti-
mized quantum circuit

14: for each training sample do

15:  Compute fuzzy membership values (see Eq. 2) based

on its k nearest neighbors in the encoded feature space
16: end for
17: for each test sample do
18:  Identify k nearest neighbors from the encoded training
samples using Eq. 1.

19:  Compute fuzzy membership degrees using Eq. 3

20:  Assign the class label corresponding to the maximum
membership degree (see Eq. 4)

21: end for

rain’

IV. EXPERIMENTAL ANALYSIS
A. Experimental Setup

The performance of QE-FKNN is compared against KNN
[1], FKNN [11] and QKNN [13] with 10 UCI and KEEL
benchmark datasets. All experiments were implemented in
Python 3.13.3 using the Pennylane 0.43.1. The quantum
circuits were simulated on a classical backend. Training and
evaluation of QE-FKNN and implementation of all baseline
models are conducted on a system equipped with a Mac M4

Silicon chip with 16 GB RAM. In each QE-FKNN experiment,
the quantum circuit has six strongly entangled layers. The
bounding parameter of the RoBoSS loss function was set to
unity. The shape parameter was varied within the range —1.9
to —1.5 with an increment of 0.1. The parameters for Adam
optimizer are set as in [28]. The parameters for the baseline
papers are set according to their original papers. For uniform
and better performance we apply five fold cross validation with
a 75:25 training and testing sample split. We analyze the mean
accuracy, mean precision and mean Fl-score along with the
mean standard deviation.

B. Data Characteristics and Evaluation Criteria

The performance of the proposed model and the compara-
tive models is evaluated on 10 UCI and KEEL datasets listed
in Table I using standard evaluation metrics, namely accuracy,
precision, and F1 score, as commonly defined in the literature
[13], [29]. Classification accuracy is reported as a percentage
(%).

TABLE 1
UCI and KEEL Data
Dataset Number of  Number of ~ Number of
Classes elements features
Appendicitis 2 106 7
Cryotherapy 2 90 6
Haberman 2 306 3
Hayes-roth 3 160 4
Hepatitis 2 80 19
SIRTUIN6 2 100 6
Tae 3 151 5
Vertebral column 2 310 6
Wine 3 178 13
Zoo 7 101 16

C. Results and Discussion

The experimental results comparing KNN, QKNN, FKNN,
and QE-FKNN for k= 3, 5, 7 and 9 are summarized in Table II.
Overall, the experimental results demonstrate that the proposed
QE-FKNN model shows a consistent performance in terms
of classification accuracy over considered benchmark datasets,
particularly for problems where complex feature relationships
benefit from quantum-enhanced representations (see Appen-
dicitis, Cryotherapy, Hayes—Roth, Hepatitis, Tae, and Wine
datasets). However, the results also show that the performance
of QE-FKNN depends on the choice of neighbor size. For
datasets such as Vertebral Column and Haberman, QE-FKNN
performs well only for specific values of k, whereas classical
or quantum baseline methods achieve higher accuracy for
other neighbor sizes. In addition, the lower performance on
the Zoo dataset suggests that the proposed approach may not
be universally effective, especially for datasets with distinct
structural or categorical characteristics.

Moreover, the proposed QE-FKNN algorithm achieves a
higher mean accuracy than the other methods across all
considered datasets for k= 3, 5, 7, and 9. As shown in Fig.
2, the mean accuracy across different values of k£ exhibits
less fluctuation compared to the other methods, indicating that
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Fig. 2. Average classification accuracy comparison of KNN, QKNN, FKNN

and our QE-FKNN across 10 benchmark datasets, evaluated for varying values

of k (i.e k

3,5,7,9)

the proposed approach is more stable than the comparative

models.

V. CONCLUSION
This paper proposed a quantum-enhanced fuzzy k-nearest

neighbor algorithm that combines quantum feature encoding

with fuzzy decision-making to improve classification per-
formance. By mapping classical data into high-dimensional

quantum states and using fuzzy neighbor memberships, the
method produces smoother decision boundaries and greater
robustness in overlapping class regions. Experimental results

on benchmark datasets show that QE-FKNN achieves higher
and more stable accuracy than classical and quantum KNN-

based methods across multiple values of k.
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In future work, we aim to enhance the QE-FKNN frame-

work by incorporating d

data, as the current version requires extensive computational

resources.
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