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Abstract

High time complexity is one of the biggest chal-
lenges faced by k-Nearest Neighbors (KNN). Al-
though current classical and quantum kNN al-
gorithms have made some improvements, they
still have a speed bottleneck when facing large
amounts of data. To address this issue, we
propose an innovative algorithm called Granular-
Ball based Quantum ANN(GB-QANN). This ap-
proach achieves higher efficiency by first employ-
ing granular-balls, which reduces the data size
needed to processed. The search process is then
accelerated by adopting a Hierarchical Navigable
Small World (HNSW) method. Moreover, we op-
timize the time-consuming steps, such as distance
calculation, of the HNSW via quantization, further
reducing the time complexity of the construct and
search process. By combining the use of granular-
balls and quantization of the HNSW method, our
approach manages to take advantage of these treat-
ments and significantly reduces the time complex-
ity of the KNN-like algorithms, as revealed by a
comprehensive complexity analysis.

1 Introduction

Machine learning, a fundamental technology of artificial in-
telligence, facilitates prediction and decision-making by ex-
tracting patterns from large data sets. Within the supervised
learning domain, the kNN algorithm [Guo et al., 2003] has
been widely adopted for classification and regression due to
its conceptual simplicity and practical effectiveness. How-
ever, the rapid expansion of the data scale in the current era
of information has exposed significant challenges associated
with the time complexity of the classical kNN algorithm, par-
ticularly when applied to large-scale data sets. This challenge
has emerged as a critical bottleneck that limits the algorithm’s
scalability and broader applicability.

This paper seeks to address these limitations by improv-
ing algorithmic efficiency while maintaining the accuracy of
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nearest neighbor search, utilizing two pivotal approaches:
granular-ball theory [Xia et al., 2022] and the quantization
of HNSW [Malkov and Yashunin, 2016]. As an advanced
data modeling technique, granular-ball theory effectively re-
duces data volume and alleviates the computational burden
of large-scale data sets through granularity division and ag-
gregation processes. In addition, this paper employs quantum
computing by encoding information in qubits and harnessing
their unique properties of superposition and entanglement.

Specifically, for the GB-QANN algorithm proposed in our
paper, the granular-ball theory is applied to reduce the data
scale and represent the original data set using the granular-
ball, thus significantly decreasing the graph construction
scale. Subsequently, a quantum algorithm is employed to op-
timize the HNSW method. Once the graph is constructed, the
quantum computation performs layer-by-layer kNN searches
on the test data set, completing the classification tasks effi-
ciently. This approach achieves a graph construction com-
plexity of O(M log M), where N is the size of the data set,
and M (M < N) is the number of granular-ball. In addi-
tion, it can reduce the search complexity to O(log M). Com-
pared to existing classical and quantum kNN algorithms, the
proposed approach demonstrates superior efficiency and ac-
curacy, making it a compelling solution for large-scale data
sets. Our contributions are as follows.

* This work integrates the granular-ball theory with the
HNSW method, effectively reducing the data size and signif-
icantly accelerating the search process for KNN.

e We extend the HNSW method by introducing a
quantum-enhanced approach, taking advantage of the inher-
ent parallelism of quantum computing to accelerate distance
computations and significantly improve graph construction
efficiency.

* A comprehensive time complexity analysis reveals that
the proposed algorithm achieves a lower time complexity than
existing classical and quantum NN algorithms.

2 Related Work

The classical kNN algorithm, first introduced by Thomas
Cover in 1967, has experienced substantial development due
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to its intuitive design and high accuracy. However, exponen-
tial growth in data size has rendered its time complexity a crit-
ical bottleneck, limiting its practical applicability. To solve
this problem, various approximate kNN algorithms have been
proposed. The HNSW method, introduced in 2016, employs
a graph-based hierarchical structure with small-world prop-
erties. With a construction time complexity of O(N log N),
HNSW achieves a significant reduction in the search time
complexity to O(log N). In 2021, Fu advanced this line of
research by proposing the NSSG [Fu et al., 2021] (Navigable
Satellite System Graphs), which builds on the SSG (Satel-
lite System Graphs) through an optimized pruning strategy.
This approach achieves a construction time complexity of
O(N + N'1) while maintaining a search time complex-
ity of O(log N). Currently, quantum machine learning is
rapidly advancing, holds significant promise, and has driven
the development of advanced algorithms such as quantum
support vector machines [Rebentrost et al., 2014], quantum
kNN [Basheer et al., 2020], and quantum neural networks
[Altaisky, 2001]. In particular, for quantum ANN, Manuela
C. G. Laing proposed a preliminary quantum kNN frame-
work leveraging Grover’s algorithm in 2017, attaining a time
complexity of O(v/N). Building on this, in 2022, a quan-
tum k£ NN algorithm based on the Hamming distance [Li
et al., 2022] was introduced, achieving a time complexity
of O(v/Nlog? N) and marking a notable improvement. In
2023, a quantum kNN algorithm employing polar distance
[Feng et al., 2023] further reduced the time complexity to
O(VEN).

The structure of this paper is organized as follows. Sec-
tion 3 introduces the foundational concepts of granular-ball,
quantum computing, and the HNSW method. Section 4 pro-
vides a detailed description of the proposed algorithm and
its implementation process. Section 5 presents a comprehen-
sive analysis of the algorithm’s time complexity and a perfor-
mance comparison with existing classical approximate kNN
and quantum kNN algorithms. Finally, Section 6 concludes
the paper by summarizing key contributions and highlighting
potential directions for future research in related areas.

3 Background

This section provides an overview of the fundamentals for the
proposed algorithm, including the concept of granular-balls,
quantum computing basics, and the HNSW method.

3.1 Granular-Balls

Granular-ball computation is an efficient and robust granu-
lar computing method proposed in [Xia et al., 2022] based
on granular cognitive computing, which can also reduce at-
tributes. The core idea is to use granular-balls to cover and
represent the sample space. For a granular-ball G = {x;,i =
1,--+,n}, where x; represents a sample point within the
granular-ball, and n represents the number of sample points
in the granular-ball, the center C' and radius R of the granular-
ball can be described as:

C:iixi, (1)
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Figure 1. Quantum circuit for swap test.
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3.2 Quantum Algorithms

Now we introduce some quantum computing circuits used in
our algorithm.

QRAM

QRAM (Quantum Random Access Machine) [Giovannetti et
al., 2008] leverages the properties of quantum superposition
and entanglement to implement a quantum memory capable
of random access. It stores addresses and data in the form of
quantum entanglement. The specific data encoding process is
as follows:

S wilive L S w10)o D). 3)
J

where [j), represents the j-th memory unit. After being
stored in QRAM, the data are encoded in the data register.
|Dj), represents the value of the j-th data D, and v; denotes
the probability amplitude of each state.

Angle encoding

Angle encoding [Farhi et al., 2017] utilizes RX (), RY (9),
and RZ(0) to rotate the angles in the Bloch sphere to en-
code classical information. For quantum algorithms that do
not require arithmetic operations, the three above-mentioned
rotation gates transform the data into the relative phase an-
gles of the quantum bits, effectively mapping the data to a
point on the Bloch sphere. The specific implementation of
the controlled RY (CRY) gate CRY (+) is given by

CRY |a) |0) — ]00) + |1) [cos(€) |0) + sin(6) [1)], (4)

where |a) is the control bit of the CRY gate and 6 is the rota-
tion angle.

Swap test

Swap test [Bennett et al., 1993] calculates the similarity be-
tween quantum states |¢) and |) by determining the similar-
ity, that is, the squared modulus of the inner product between
these states. The quantum circuit of the Swap test is shown in
Fig. 1. The output of this quantum circuit is:

0)|9)e) — %|0>(|¢>|<P> +1e)le)) + %I1>(|¢>Iso> —[#)l9))
&)

When we measure the last qubit of the output, the following
probability can be obtained:

p(0) = 5 + 51 (eI ©



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

Algorithm 1 Similarity Calculation

Input: Data point set .S, single point B
Output: Similarity set H
M < |B|, N ¢ 22 5]
Through QRAM, angle encoding map S, B onto angles:
N M N M
22 2 D100y = > > [D)i)e)e)
i=05=0 i=05=0

Through Swap test
M

i g 113)16) 1) [0) § 3 1013 ((6)e) +io) o)) o)+
(1812} — IeNILy)

calculate similarity:

data_ay ? /f data_a,

data_b, & ®— data_b,
h o |0)

data_a D I D~ data_a
_a; \‘Lu T _a;

data_b,; 153 I 9— data_b,
hy D c

Figure 2. Quantum circuit for comparison.

p(1) = 5 = Sl a)

We can obtain the similarity of two quantum states through
the above three quantum modules. Algorithm 1 gives the
pseudocode for convenience in the following use.

Quantum Comparison Circuit

A quantum comparator can be used to compare two values.
The unitary evolution of this quantum state after passing
through the quantum comparison circuit is shown in Eq. 8:

Ucwmp|a)[b)[0) |0) = [a) [b) 0) |c) ®

In the above equation |a) |b) are two numbers involved in the
comparison, the |0) represent the the auxiliary bit with input
state 0, |c) stores information about the comparison results,
when ¢ = 0, @ > b; and when ¢ = 1, a < b. Figure 2 shows
the quantum circuit of the two-bit quantum comparator.
Finally, the comparison result is obtained by the value of ¢
at the end of the output, the details are given in Algorithm 2:

3.3 HNSW

HNSW is an approximate kNN search algorithm inspired
by small-world networks, which utilizes a hierarchical graph
structure to accelerate the search process. HNSW achieves

Algorithm 2 Quantum Compare

Input: Data values a and b
Output: Result of min(a, b)

M + |b|, N < 2ftes2 lal]

Through QRAM, angle encoding map a,b onto angles:
N M N M

2 2 [DI)10)[0) = X2 2 [217)9)e)

1=0j= i=0j=

QuantumCompare: Ucarp |a) |b) [0) |0) = |a) [b) |0) |c);
Return ¢==0 ? b:a;
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Notations | Descriptions
k The value & in kNN
D Original data set
g Granular-ball data set
T Granular-ball purity threshold
M The size of Granular-ball data set
L Highest level at which a data point is inserted
d Data dimension
S Address qubits
ta Data qubits
ang angle qubit
S; Set of data points corresponding to each layer graph
Ji Adjacency matrix corresponding to each layer graph
Sei Set of nodes participating in similarity computation at each layer
q Maximum number of binary bits for similarity data
d; Test data points during the search
di Nearest neighbor of the current layer in the search process
dyi Highest priority value in the current layer priority queue
m Maximum number of neighbors of a node
C The point closest to the insertion point at each layer
N The size of original data set

Table 1. Used notations

high query efficiency and scalability by combining local con-
nections with long-range shortcuts, outperforming traditional
planar or linear graph representations.

The two main processes of HNSW are construction and
search. During construction, nodes are assigned to layers
based on a probability distribution and connect to nearest
neighbors using a greedy strategy. During the search, the
algorithm starts at the top layer, iteratively selects the near-
est neighbors, and refines the results at the lower layers to
identify the k nearest neighbors. Priority queues optimize
neighbor selection, ensuring efficient traversal. These points
establish connections or conduct search operations with their
neighbors, progressing from the top layer to the bottom.

4 Methodology

Before introducing our proposed algorithm, we list the nota-
tions used in presenting the algorithm in Table 1.

4.1 Algorithm Flow

The overall algorithm flow of the proposed GB-QkNN algo-
rithm is depicted by the flow chart as shown in Fig. 3.

The process is divided into three main stages. The first
stage involves the classical algorithm: the original data set
D is used to generate the granular ball, and the granular ball
data set (5 is obtained. The second stage is based on the quan-
tum algorithm, which comprises two key steps: construct-
ing the quantum HNSW and searching within the quantum
HNSW. These steps use quantum algorithms such as QRAM,
angle encoding, Swap test, and quantum comparators to fa-
cilitate parallel distance calculations and magnitude compar-
isons during the construction of the HNSW for the granular-
ball data set G. Subsequently, these quantum algorithms are
employed to compute the distance between the test point and
the original points in the graph and identify the neighbor-
ing points of the test point, thereby completing the quan-
tum HNSW search process. The third stage involves clas-
sical computation to determine the type distribution within
the priority queue (). The test point is classified according
to the type with the highest proportion in the priority queue.
The following sections provide a detailed explanation of each
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Figure 3. Overall flow of the GB-QkANN.

stage. The process is divided into three main stages. The
first stage involves the classical algorithm: the original data
set D is used to generate the granular ball, and the granu-
lar ball data set GG is obtained. The second stage is based
on the quantum algorithm, which comprises two key steps:
constructing the quantum HNSW and searching within the
quantum HNSW. These steps use quantum algorithms such
as QRAM, angle encoding, Swap test, and quantum com-
parators to facilitate parallel distance calculations and mag-
nitude comparisons during the construction of the HNSW for
the granular-ball data set G. Subsequently, these quantum
algorithms are employed to compute the distance between
the test point and the original points in the graph and iden-
tify the neighboring points of the test point, thereby complet-
ing the quantum HNSW search process. The third stage in-
volves classical computation to determine the type distribu-
tion within the priority queue (). The test point is classified
according to the type with the highest proportion in the prior-
ity queue. The following sections provide a detailed explana-
tion of each stage.

4.2 Granular-ball Generation

The original data set D is initially considered to be the first
granular-ball. A random point is selected from the granular-
ball to serve as the center, and another point, which is the
most distant and belongs to a different class, is chosen as the
second center. The purity of each granular-ball is then as-
sessed to determine whether it meets the threshold value 7'.
If the purity is insufficient, the granular-ball is split according
to the following rule: the remaining data points within the
current granular-ball are assigned to the granular-ball corre-
sponding to the center that is closest to them. For the newly
created granular-ball resulting from the split, the original cen-
ter is retained as the new center, and another point, the farthest
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Figure 4. HNSW method.

from the current center and belonging to a different class, is
selected as the second center. This splitting process continues
iteratively until all granular-ball exhibit a purity greater than
or equal to the threshold 7. The final data set of granular-
balls GG is obtained, with its size denoted as M.

4.3 Quantum HNSW Construction

Quantum HNSW construction is the basis of quantum HNSW
search. We need to obtain the data sets S;(i € [0,log M|
[Malkov and Yashunin, 2016] of each layer, which represents
the ith layer), and the adjacency matrix J;(i € [0, log M]) of
each layer from the quantum HNSW construction.

Figure 4 shows the process of one data point participating
in the construction of quantum HNSW, where the blue point
is the newly inserted data point. The specific construction
process of one data point is described as follows.

Step 1: Determine the top layer to insert. The top layer
of insertion L is first determined by a random function as in
Eq. 9.

Ltemp = L_logZ (T)J (9)
where r € (0, 1) is a uniformly distributed random number.
To ensure that L does not exceed the total number of layers,
the final definition of L is given in Eq. 10.

L = min(Lyemyp, log M) (10)

Step 2: Insert one data point from layer to layer. The
data point will construct the graph from the layer L down.
In the construction process, only the insertion operation is
needed if there is only the newly inserted data point in the
layer. If there are other data points in the layer, the similarity
calculation will determine the nearest data point to the inser-
tion point. In addition, the connection relationship between
the insertion point and the nearest data point is established,
and the nearest data point is used as the neighbor node of the
insertion point in the next layer. When the insertion point is
inserted into the next layer, the nearest data point is deter-
mined by the neighboring nodes obtained from the previous
layer and the adjacency matrix of the current layer. The in-
sertion point establishes a connection relationship with the
nearest data point through the adjacency matrix. Similarly,
the nearest point will be the neighbor node of the next layer.
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Algorithm 3 Quantum HNSW Construction

Input: The size of Granular-ball data set M, granular-ball data set G, maximum neigh-
bor count m
Output: Data point set S[¢][j] (¢ € [0,log M]), adjacency matrix J[i][5][k]
(i € [0,log M) (5, k € [0, M])
Initialize S < 0, J < 0, count, < 0
while count,, < M do
Sample r ~ Uniform(0, 1)
Compute L <+ min(—log,(r),log M)
Set layer < 0
while layer < L do
Add G[countp] to S[layer]
Initialize min <— INT-MAX, L.[layer] < 0, D.[county] < 0
Initialize H <— Algorithm1(S[layer], G[count,))
Settemp,, < m
while temp,,, > 0do
if H.size() # O then
if min # Algorithm2(min, H.front()) then
min < H front()
index < H .front().index()
end if
Remove H.front() from H
else
Break;
end if
tempm < tempm, — 1
end while
Jllayer][count,][index] < 1
layer < layer + 1
end while
count, < count, + 1
end while
return S, J

This operation continues until the insertion point is inserted
into the lowest layer.

When all data points in G are inserted through the two steps
above, the data set S; and the adjacency matrix J; of each
layer are obtained.

The pseudocode for the quantum HNSW graph construc-
tion is shown in Algorithm 3.

After introducing the whole construction process from the
perspective of how each point is inserted, we will introduce
the construction process of each layer from the perspective of
how it is implemented through quantum algorithms. Firstly,
the data are encoded by QRAM, angle encoding. The sim-
ilarity measurement is performed on the encoded data, and
the connection relationship is established on the basis of the
similarity. Then, this data point is used as the next layer’s
neighbor node for the insertion point. The steps are described
below.

Stepl: Quantum state encoding. Suppose that the dimen-
sion of the granular-ball data set G is d, and the range of data
point values for each dimension is |0, 2% — 1]. Firstly, the
granular-ball data set GG is stored in the memory qubits by
QRAM, and the address qubits are used to control the mem-
ory qubits in parallel. Subsequently, the angle encoding is
used to map the data on the bus qubits to the angle on the
Bloch sphere. The specific quantum circuit is shown in Fig. 5.
From top to bottom, the first s qubits store the address infor-
mation of one dimension, where 2° > M. The address qubits
can be reused for d dimensions of the same data. The next 2°
route qubits are used as a bridge for the address qubits to find
the memory qubits. There are 2° groups of memory qubits
and every group of ¢, memory qubits is used to store spe-
cific numerical information. The following ¢, bus qubits are
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Figure 5. Quantum state encoding circuit.

adopted to store numerical information, which will be used in
the subsequent angle encoding. Finally, qubits ang are added
to store the angle encoding information.

It can be seen from Fig. 5 that the data set G is first en-
coded by QRAM, whose specific quantum circuit is shown in
[Giovannetti et al., 2008]. This is followed by angle encod-
ing. The data is stored in binary form on the bus qubits of
QRAM, which can be encoded into angles by controlled ro-
tation operations. When the control qubit is 1, the controlled
rotation operations can encode the data into angles o5 of the
qubit ang. The value of v starts from 2 and increases by 1
each time until ¢, + 1. Finally, we use QRAM T to restore the
quantum state to the state before using QRAM.

Step2: Obtaining similarity. The similarity of the two
quantum states is their inner product, which can be obtained
by performing a Swap test operation.

First, we should obtain the quantum states that will par-
ticipate in the similarity calculation. They are the node set
information in each layer and the newly inserted data point,
which are encoded in qubits ang in Fig. 5. Based on the data
sets S;, the adjacency matrix J; and the neighboring nodes of
each layer, we can obtain the set of nodes S¢;(c € [0,m],7 €
[0,1og M]). The node set of the current layer is the union
of the neighbor node and the one-hop nodes of the neighbor
node.

Then, as shown in Fig. 6, the angle qubits corresponding
to the current insertion point d;, ¢+ and the set of points S¢;
are used as input for the similarity calculation. Each angle
qubit in the set S;; performs the Swap test with d;;sert. In-
formation about their similarity |(dinsert | Sei)|” is stored in
the probability of measuring qubits result to get O or 1.

The probability expression related to the similarity in Swap
test is specific as follows:

_ 1 1 2

P(O) - 5 + §‘<dmsert | Sm>| (11)
11 ‘ £ 2

P(l) - 5 §‘<dznse7‘t | Sm>| (12)

where |{(dinsert | Sei) |2 represents the similarity between S,;
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Figure 6. Similarity computing quantum circuit.

and dipsert- p(0) and p(1) represent the probability of ob-
taining the state |0) and |1) after quantum measurement.

The lower the probability that we get result to be 1 when
we measure, the more similar the two data points are and the
closer they are to each other.

Step 3: Building connections. We must find the data point
C closest to the insertion point d;, e in the current layer.
C can be obtained by using a quantum comparator [Yuan et
al., 2022] on the similarity information obtained in Step 2.
Then, the corresponding element is set to 1 in the adjacency
matrix J; to represent the connection relationship between the
two points. Finally, the point C' is used as the neighbor node
inserted in the next layer.

Once all points in the granular-ball data set have been in-
serted, the construction of the quantum HNSW is complete,
resulting in the constructed data sets S; of each layer and the
adjacency matrix J; for each layer.

4.4 Quantum HNSW Search

The search will begin from the top layer of the constructed
quantum HNSW for the test data point d; based on .S; and
J; previously determined. The pseudocode of the quantum
HNSW search is shown in Algorithm 4.

We divide the quantum HNSW search process into four
steps.

Stepl: Quantum state encoding. The data in the con-
structed graph has been encoded into angle qubits during the
quantum HNSW construction. We only need to encode the
test data point d; in a quantum state using QRAM and angle
encoding, in the same way as in Fig. 5.

Step2: Obtain the nearest data point of the current layer.
To determine the nearest data point of d; in the current layer,
we need to obtain the node set S;(c € [0, m], 4 € [0,1log M])
to perform similarity with d;. Based on data sets .S; and the
adjacency matrix .J; established during the construction pro-
cess for each layer, we can obtain the nearest data point of the
test point d; in the current layer using the same method as in
the construction process. Then, this data point will be added
to a predefined priority queue (). The size of the queue is k,
and the priority queue will automatically be sorted by the val-
ues of members, and the higher values have a higher priority.
The specific structure of the queue is shown in Fig. 7.

Step3: Obtain & nearest data points. We traverse the
quantum HNSW graph from the top to the bottom layer to
obtain the k£ nearest neighbors of the test data point d; by re-
peatedly executing Step 1 and Step 2. The nearest data point
is added to the priority queue () for each layer. When the ca-
pacity of @) exceeds k, a quantum comparator is used to eval-
uate the relationship between the nearest data point d.;(i €
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Algorithm 4 Quantum HNSW Search

Input: Data point set S[i][j] (¢ € 0to log M), adjacency matrix
J[i][7][k] (¢ € 0 to log M), test point d, granular-ball data set size
M, granular-ball data set G, ma3ximum neighbor count m
Output: Type of test point d¢

Initialize H «+ 0
layer < 0
neighborpos < 0
Qpriority <~ @
typetest < ()
while layer < log M do
Initialize similarityCalcSet < 0, min < INT_-MAX
if layer == 0 then
H + Algorithm1(S[layer], d:)
else
index < 0
count < 0
while index < M and count < m do
if J[layer|[index][neighborpos] == 1 then
Add Glindez] to similarityCalcSet
count < count + 1
end if
index < index + 1
end while
H «+ Algorithm1(similarityCalcSet, d;)
end if
tempm <—m
while tempm > 0 do
tempm < tempm — 1
if H.size() # O then
if min # Algorithm2(min, H.front()) then
min < H .front()
index < H.front().index()
end if
Remove H.front() from H
else
Break;
end if
end while
netghborpos < index
if Qpriority-size() > m and min <= Qpriority.front() then
Qpriority ~p0pfr0nt()
end if
Add G[neighborpos] to Qpriority
layer < layer + 1
end while
Compute type < maziype(Qpriority)
return type

(0,1og M)) and the highest priority data dy;(i € (0,log M))
in the queue. If d.; > dy;, the priority queue remains un-
changed; otherwise, d.; is added to the queue and dy; is re-
moved.

Step4: Classification of test data. Based on the k nearest
neighbors obtained in Step 3, the label of the test data point
dy is determined by the majority class label of its nearest k
neighbors.

5 Time Complexity Analysis

This section analyzes the time complexity in two aspects:
construction and search.
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Figure 7. Priority queue structure.

5.1 Construction Part

The algorithm begins by generating a granular-ball data set
from the classical data set, and the time complexity to gen-
erate the classical granular ball is given by O(cdN) [Xia et
al., 2022], which is performed only once as part of the data
pre-processing phase. Then, we will analyze the construction
complexity of the quantum HNSW based on the granular-
ball. First, the time complexity of QRAM, based on its quan-
tum circuit structure and characteristics, is O(log M). Sec-
ond, the time complexity of angle encoding, which involves
only rotation operations, is O(1). Third, the time complex-
ity of the Swap test is O(1), and the time complexity of the
quantum iterative comparison is O(m), where m represents
the maximum number of neighbors for each node, which is
much smaller than M.

The loop process consists of two parts. The first part in-
volves all M points participating in the construction. The
second part requires that each point begin construction from
its corresponding L (L < log M) layer, with operations in-
cluding angle encoding, Swap test, and iterative compari-
son. Based on the above analysis, the time complexity of
the loop part is O(M)O(log M)(O(m) + O(1) + O(1)),
which simplifies to O(M)O(log M). Including QRAM and
granular-ball generation, the resulting time complexity is
O(M)O(log M) + O(log M) + O(cdN'), which can be sim-
plified to O(cdN).

5.2 Search Part

The input test point begins at the top layer and searches a
total of log M layers to the bottom. Each layer involves an-
gle encoding, Swap test, and quantum iterative comparators.
The time complexity of each quantum algorithm is shown
in the construction part. Therefore, the time complexity of
the loop search process is O(log M)(O(m) + O(1) + O(1)).
Since the maximum number of neighbors m is much smaller
than the size of the granular-ball data set M, this simplifies to
O(log M). Thus, the final time complexity for the quantum
HNSW search is O(log M).

5.3 Time Complexity Comparison

To evaluate the performance of the GB-QANN algorithm, the
comparison between the proposed algorithm and the other
quantum kNN algorithms is performed, which is shown in
Table 2. M denotes the size of the granular-ball data set, and
N represents the size of the original data set, where N > M.
It can be seen from Table 2 that the proposed GB-QANN al-
gorithm exhibits the lowest time complexity.

Table 3 compares the proposed algorithm with the clas-
sical graph-based approximate kNN algorithms. It shows
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Methods Time complexity
FQANN [Basheer et al., 20201  OvVkN)
SQKNN [Quezada et al., 2022]  O(kN)

PQKNN [Feng et al., 2023] (

MQENN [Gao ef al., 2022] O(VEN +1log N)
EQKNN [Zardini er al., 2024]  O(N + log N)
GB-QENN o(

Table 2. Comparisons of the time complexity between the proposed
GB-QKNN algorithm and the other quantum £NN algorithms

Methods Construct Complexity Search Complexity

DPG [Li W. and others., 2019] O(NY14 L N) O(N0-28)
HCNNG [Munoz J. V., 2019] O(kN) O(NO%)

Vamana [Jayaram Subramanya S., 2019] O(N1-16) O(NO-75)
NSSG [Fu er al., 2021] O(N'14 4 ) O(log N)
HNSW [Malkov and Yashunin, 2016] O(N log N) O(log N)
GB-QkNN O(cdN) O(log M)

Table 3. Comparisons of the time complexity between the proposed
GB-QENN algorithm and classical kNN algorithms

that the GB-Qk& NN algorithm outperforms the current classi-
cal graph-based approximate kNN algorithms in construction
and search complexity. This highlights the superior theoret-
ical performance and faster execution speed of the proposed
algorithm.

6 Conclusion and Future Works

This paper proposes a GB-QANN algorithm to improve the
search efficiency of kNN in large-scale data sets. This ap-
proach integrates granular-ball theory, the HNSW method,
and quantum computing to reduce the time complexity and
improve the search efficiency of KNN. The proposed GB-
QFKNN algorithm has a very low time complexity in the search
process. Future work will focus on optimizing the granular-
ball generation and attribute-reduction processes to reduce
time complexity. With the ongoing advancement of quantum
computing, the GB-Qk NN algorithm has promising applica-
tion potential.
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