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## 6372122221 : MAJOR COMPUTER ENGINEERING
KEYWORD: Quantum Computing, Quantum Neural Network, Neural Networks, Course
Bidding, Bid allocation, regression problem
Suraphan Laokondee : Quantum neural network model for regression problems.

Advisor: Prof. PRABHAS CHONGSTITVATANA, Ph.D.

Quantum computer has shown the advantage over the classical computer to solve
some problems using the laws of quantum mechanics. With a combination of knowledge of
machine learning and quantum computing, Quantum neural networks adapted the concept from
classical neural networks and apply parameterized quantum gates as neural network weights. In
this paper, we present an application of quantum neural networks with real-world data to
predict token price used in a course bidding system. The experiments were carried out on the
Qiskit quantum simulator. The result shows that quantum neural networks can achieve a good
prediction result compared to the classical neural network. The best model configuration has
the lowest RMSE 6.38%. This approach opens an opportunity to explore the benefit of

quantum machine learning in many research fields in the future.
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2.1.2 MIMUIUFIAIDUAYAY TUIAAITAIDUAY (Quantum circuit model of

computation)
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2.1.2.1 meouaunalsznnaiinie) (Single Qubit gate)
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1. Hadamard Gate
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2. Pauli gates
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2.1.2.2 aouaunalszinnyalsnIun (Multi Qubit gate)
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2.1.2.3 MeuaNnauuVUsUA11a (Parameterized gate)
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Parameterized gate H30A0UANNALLVYSUA1 IAIunsudunauuDsiianiey Tag
Tums ldnuwsiamnsamruaesmuesmanyula anvazazad1on Pauli gates 1@
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2.2 9ane3NUAIDUAN (Quantum Algorithm)
o v 7% Y . 2 & A )
TumsamuisuuunlouaNuaz 19 Quantum algorithm FuilunszUIUMTHIOUUADU
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2.3 danesnumleuannuu/asuuilas (Variational quantum algorithm)
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2.5
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aaaan laeazinaulusous o (Iteration) o JinlouaANABNNIN DT HUTTIIW 11
Y
9 1 I [ [ o %
szaznady 9 lagazusoonily 2 dufe aIuYeINITAUINUAIBINDIAIDUANULVEN
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18% Quantum Approximate Optimization Algorithm (QAOA)[5]

Jeyr1n150A008 (Regression problems)
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2.5.1 Twaamsi3ou3ve A3 0auuUAI0UAN (Quantum machine leamning)
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Student_Id Course_Id Course name_x Year Limit Token Enrolled Regstatus Refund Forcerefund

COMP

55 XXXXXXXX 444 SECURITY

2015 40 260001 1

COMP

53 XXXXXXXX 444 SECURITY

2015 40 50000 20

COMP

G5 XXXO00X S SECURITY

2015 40 260000 11

COMP

BENX0ODX e SECURITY

2015 40 270000 11

COMP

55 XXXXXXXX SECURITY

2015 302991

all_max all_min all_mean enrolled_max enrolled_min enrolled_mean unenrolled_max unenrolled_min unenrolled_mean Token
all_max  1.00 o078 [y os7  fo76  foes o4  Jos1 |
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enrolled_mean ; 0. 1 . -0.05
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Token 065 |
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txn_date new_case

0 | 2021-04-01 26
1| 2021-04-02 58
2 | 2021-04-03 84
3 | 2021-04-04 96

z:l' 2 ] Y Ya dy a T [
NINN 4 AIDYNUVBYAHAALYO In3a 2019 luusaziu

3.2 mhsHadeya (Data Encoding)
9 o A o o 3 o ~ Y 9 2
M3 lmeuduneui e lumsmumuuiuiunzdeunlasdoyatuunaadn
. I @ 1 { o )
(Classical data) 19171 @911 M9AIDUAY (Quantum state) AoUNIZT 1 IH1unT 01N
A yq & 2 o vy v o Y
nszuaumsious luduaeutiiseziihimsulasddoyaliitluaouznintoududie
1 Y
3514 Second-order Pauli-z evolution circuit %30 (ZZFeature map) ANANVUIN [17]
o YA o a a =) so’
Taomriualdisiuau 4 Aadin uagll 2 299391
A129959215UR28M5 19 Hadamard gate VUM ) AILN HAZAMWAIY RZ-gates 1NOIT15 1 dl
Joyauaz1d CNOT-gates U1 9 uoeAlin e l#ina Full entanglement
v oA £t o I @ o ]
Tagnaanwsn lannagesiiazih Tl udeyadrldnu Tueaneudn Tnsaelszam

iiowae 1)) Taggilunua99s ZZFeatureMap circuit taaelunIni 5
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MINA 5 1T Second-order Pauli-Z evolution circuit (ZZFeatureMap)

3.3 Tumaneuanlasaviedsza1nifien (Quantum Neural network model)

o o o Aq Y d gl.l 9 . .. . .3
dmsursesmouaui I iluTaaiiuag 19 Real Amplitudes variational circuit 111
9
Tassafraveslasaneyseaniteondineesezalseneuaie 4 Addn waz 1¥¥uves RY-
A d o 1 1 Y v a A 9 1
gates NiluareudunauuulsuM IdnuYN 9 A2n wazld CNOT-gate YU 9 g Vo4
] Y ' ) '
Aiindie1¥10a Full entanglement 1A815192411399351 3 0INNANNANVDII90T LNOINY
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SaumeudunanuulTua e innu Tuea Fdineuaunauuuydsua lativeilu
A 1 %’ 9 1 ) . ]
milouaimiinvesIaseiedseanines (Neural Network weights) 11 Iaseaneilsean
Y v Y
Meuuuaaadniied Taesmiudainlsneaunsoaeu'ld (Trainable parameter) 14

awnsamun ldnngas
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A o Y 9 . A o o 9ol A =2
I@El S ABITUIUYDY AL (Input size) 8L D ABIIUIUNITNHINIDANNANVDINIT
' 9
$179819U09 Real Amplitudes circuit Vlllﬂ'ﬂllﬁﬂwnﬂﬂ 2 Iﬂﬂ?ﬂﬂiﬂgﬂigﬂﬂﬂﬁjﬂﬂ%uﬂlﬂﬂ
Y
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3.4 msaeuluaanazMstiinlszanBAIN (Model training and Optimization)
9 A a o 1 2 A o o ¥ A
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. . = 4 1 2 Y .. S .
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Ad' ) % d’d |
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W1310003 100 iterations MUANNANVDIIVIAIUA 2-9 ¥ 1Az 19 ADAM Optimizer N3
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Quantum Computer

10
10

—_— Classical data 1 Feature map = Variation m odel MSE loss
10

Updated parameters

Classical Computer

Optimizer

MNA 7 MWTINVBNATLUIUMTaDY Tuaanlouay Insevelseainien

3.5 Manledeyayad MU sTOUIAZYANATOY (Train-Test data splif)
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na1uI lansnimsastvae vl (K-Fold cross validation) 1a 114113983194
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3.6 M3Uszliuna (Model Evaluation)
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3.7 N3VIUMIaOU (Training process)

9 ] 1
urudsEasiuaeuMsdon TuaamsisouivounsoaaalunImi 8



-

Data pre-processing and
normalization

Feature selection by
correlation matrix

Train-Test Split
Train: 70%, Test: 30%

Update
Parameterized gates

Calculate new
parameters
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4.12 Wam3l¥yAnadol (Test Dataset)
E4
msnaaesilldmsdanansinedregadoyanadoudionisinnl RMSE uaaslu
A o @ ] ~ g Y I
a1399 2 Taswamsihneves Tumaneuan Insesnielszamioniuudaa i
] Y Y )
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Number of Number of RMSE

repeated circuits trainable gates Ir=10.001 Ir=10.1
2 12 0.0952 -
3 16 0.1198 -
4 20 0.1097 0.0691
5 24 0.0780 0.0638
6 28 0.0632
7 32 0.0633

a W o o a d‘v =) U U U
4.2 wamIemhnednnudaarelnia 2019 Tududall Taglddoya 4 Sunounin
2 ¥ 4
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ADAM Optimizer N1 learning rate 0.1 1A@f1 Loss value Yz eou Tunansizousiu

WdIM99A1gA A1 Loss value aag TUMAUAING 11
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= o

1f1 RMSE diigai 2695.8751 1azA1 R-Squared gafigai 057146618 Taovz Idwans

o Y v = a A A
VIWMTEJ@]’JEJTZJMQI?IN‘IHEJTJ?%ﬁWlWIEJiJLL“]JiJﬂaWﬁ’dﬂ Llﬁ’ﬂﬂuﬁlﬁﬁﬂ 4 IND
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A o

- LN e , 2o b4 4
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M3NN 3 wams [Fyanaaevaindoyagi/re Tnda 2009 Turlszime Inedo Tunanieudy Inseae

Useaminen
Number of Number of trainable
RMSE R2
repeated circuits gates
2 12 4475.5121 -0.1810575
3 16 2760.7542 0.55059174
4 20 3012.8651 0.46476449
5 24 2695.8751 0.57146618
6 28 2928.4238 0.49434603
7 32 2962.2228 0.48260647
8 36 3249.8226 0.37726274
9 40 3105.0765 0.43150038

M1l 4 Hans 15gadeyanaaevaindeyadile Inda 2019 Tuilszme Inede Tuaa

Insevedseamneuuunaiaan

Number of hidden
RMSE
layers
2 1081.3613 0.9310511170113531
3 1178.5064 0.9181065021445597
4 1314.1483 0.8981703409634584
5 1324.9035 0.8964967357021784
6 1263.2755 0.9059017187724461
7 1093.7310 0.9294646872510898
8 1197.0925 0.9155030538856681
9 1248.8682 0.9080358080565516
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