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Abstract Quantitative reconstruction of classical machine learning algorithms is one of the significant research directions in the
field of quantum machine learning. The quantitative implementation of clustering algorithm, which has been widely used in the
machine learning area,is worth studying. Most of the current quantum machine learning algorithms suffer from the difficulty of
reproduction and the difficulty of forming direct comparisons with classical algorithms. To address these problems, this paper pro-
poses the quantum prototype clustering algorithm that can be easily deployed on existing general-purpose quantum computing de-
vices. Combining the rotation property of single quantum bit(qubit) .and finding the feature mapping method with minimal infor-
mation loss,the single qubit rotation is created using two-dimensional feature data. Then, based on the properties of multi-qubit
entanglement and the collapse of the entangled system,a quantum circuit is designed for generating a specific quantum entangled
system and measuring the collapsed result of entangled system. Based on the relationship between the rotation angle of controlled
qubits in the entangled system and the collapse result of the entangled system,and combined with the definition of Minkowski
distance,a quantum distance for evaluating the similarity of input samples is then derived. Both the quantum distance calculation
module and its counterpart in classic computer have the same forms of input and output,so that the latter can be replaced by the
former without modification,hence the prototype clustering algorithm is quantitatively reconstructed into QPC. Several replicated
experiments on multiple publicly available datasets from kaggle and scikit-learn show that the QPC performs similarly to classic

prototype clustering algorithm in terms of many evaluation metrics,such as the mean sample-centroid distance.
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Table 1 Five datasets used in experiment
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Table 2 Part of data from Mall Customers

k Annual Spending
1D Gender Age Income_k $ Score_1_to_100
1 Male 19 15 3

2 Male 21 15 81

3 Female 20 16 6

4 Female 23 16 "

5 Female 31 17 10

CustomerID

Age

Spending Score_1_to_100 Annual Income_k$

T T T T T T T T
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CustomerID Age Annual Spending
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Fig. 4 Relationship between the features of Mall_Customers dataset
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Best clustering centroid curve of Mall dataset obtained

by Elbow method analysis
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Table 3 Correlation between the quantum distance corresponding

to different eigenratio mapping methods and the corresponding

Euclidean distance between two points
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Fig. 6 Plot of Euclidean distance and quantum distance distribution

between two of 20 sample points

4.2 BFHESZAHZHIL
BTNl R e R R R B EME N T & T



X1

LA BT R AR

33

FERI Y QPC PR SEVATE 5 2L 50HE 4R LAY 2 BLHE AT X L A
CHR R AL FOR AR 7 7 8 o ke WIHREH ) | 7 4%

AT R SR L RS RS A b ZE 0 2 Rk

kBT R

30 30

N N

o 28 o 28

g 2

2 2

5 5

& 26 Tt & 26 Tt
* Cluster 1 * Cluster 1
* Cluster 2 * Cluster 2

24 + Cluster 3 24 « Cluster 3

#* Centroids * Centroids

30 = Cluster 1 . 30 = Cluster 1
+ Cluster 2 + Cluster 2
25 {| * Cluster 3 Ly 25 4| * Cluster 3
~ # Centroids T ~ # Centroids
o 20 o 20
4 4
2 2
5 15 5 15
<% <%
10 1.0
05 05
0 > 0 =
0 05 10 15 20 25 0 05 10 15 20 25
Feature 1 Feature 1

(a)Representation of Blod from

classic clustering

(b)Representation of Blod from

quantum clustering

24 25 26 27 28 29 30
Feature 1

31

(o) Representation of Iris from

classic clustering

24 25 26 27 28 29 30
Feature 1

31

(d) Representation of Iris from

quantum clustering

(e)Representation of Random from

classic clustering

& 7

(D) Representation of Random from

quantum clustering

(g) Representation of Toy from

classic clustering

 Cluster 1 = Cluster 1
30 30
30 + Cluster 2 30 T + Cluster 2
+ Cluster 3 i * Cluster 3 ok ek .
25 % Centroids - % Centroids 25 . 25 P .
- 25 v ~ b ~ b
~ . i
N o 1 x o * x .
© o £ 20 A £ 20 -
520 550 El | 3 |
5 A ] . ] .
3 < o . S .
= e 15 = 15
15
15 - + Cluster 1 - - Cluster 1
; = e * Cluster 2 } " ‘ * Cluster 2
1.0 10 + Cluster 3 + Cluster 3
. 05 # Centroids 05 * Centroids
0 05 10 15 20 25 30 05 10 15 20 25 30 05 10 15 20 25 30 05 10 15 20 25 30
Feature 1 Feature 1 Feature 1 Feature 1

(h) Representation of Toy from

quantum clustering

2 Wk 55 F7E Blob, Iris, Random, Toy $04E 5 FHuA7 RS9 45 s |

Fig. 7 Scatter plot of the results of classical algorithm and quantum performing clustering on Blob,Iris,Random,and Toy
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Table 4 Results of ten repeated quantum/classical prototype
clustering algorithm comparison experiments on each of the
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Results of executing the quantum prototype clustering algorithm versus the classical prototype clustering algorithm on Mall dataset
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