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Bidding, Bid allocation, regression problem
Suraphan Laokondee : Quantum neural network model for regression problems.
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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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computing) waziilu Unitary Operator Namsaanifig Unitary matrices

U*U = UU™ = [ whereIis the identity element



2.1.2.1 meouaunalsznnaiinie) (Single Qubit gate)

o a a A 3 o A o o * a A I
AUANNAUTZNNAITNAS N UAIDUALAANTINUA DK UIAIDN Taeid]uns
AsUADIUZVDINIDUANVDUAALAITN TASAIDUAVNATINITDUTAIAITALLL
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wnsndvsotluanyuzuean1svyu luunu Bloch sphere #3 0UHUATNATHIAUD
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Modvesmoudunamasgiuiingminnldluresmeudunaz luauisel
1. Hadamard Gate

A <3| (J X A o Ya a =
Hadamard gate 38 H-gate 1 unioudunanugiuimldasinalasuain

aazind luUiuaoue Superposition
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2. Pauli gates
Y
UNavue 3 Y321anie Pauli-X gate, Pauli-Y gate 118 Pauli-Z gate JuADY
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Pauli-X gate Huaziiuntoudunanlianyainiiouny NOT gate W30
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2.1.2.2 aouaunalszinnyalsnIun (Multi Qubit gate)
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2.1.2.3 MeuaNnauuVUsUA11a (Parameterized gate)
. A % o 1 Y I @ a A
Parameterized gate H30A0UANNALLVYSUA1 IAIunsudunauuDsiianiey Tag
Tums ldnuwsiamnsamruaesmuesmanyula anvazazad1on Pauli gates 1@

(3 Y = A
%zmmsaﬂmuﬂmﬁﬂumiwuu'lﬂ Tagazd 3 Yszinn v Rx, Ry,Rz

cos(68/2) —isin(8/2)
ql — Bx— Rx(6) |—isin(8/2) cos(8/2)

_ [cos(6/2) —sin(6/2)
q JRIL | RY(O) = |Gih0/2)  cos(B/2)

_ [exp(—iB/2) 0
ol FO=""7"" i)

2.2 9ane3NUAIDUAN (Quantum Algorithm)
o v 7% Y . 2 & A )
TumsamuisuuunlouaNuaz 19 Quantum algorithm FuilunszUIUMTHIOUUADU
y : o o @ a 14
e lsudymladymimiaazii lihouuumeudunsuiuaed Tagldnnuawnsa
U934 Quantum Superposition Eh) Quantum entanglement Iﬂﬂg Yunun 1 laen ez 14
Y] o A A Y] Aa R v A A ~
v meuauiluTaamsauiw asniiaulivesdanoinuaouaunel lomanag
{ A J a [ { g .
aunsoudtymnaeunuaesamadn liaunsoud 18 Taglsnarndulldanienain
o o 9 v A 4 g a A X,
9100 13392 1% Supercomputer N1Mangana1y Taets1Tend91191 Quantum supremacy
[ a { g 1Yo d 1 . { o o
sanesiuiiunismilued19@fe Shor’s algorithm [2] W1 wFuudTayn1 Integer
factorization 1130 Prime decomposition L81¢ Grover’s algorithm [3] AlFdmsumsm

Unstructured search algorithm W3© Brute-force searchin g femsldnanms Amplitude

amplification

2.3 danesnumleuannuu/asuuilas (Variational quantum algorithm)
Y] a o v v A d' [ Y] =1 g}/ [ =
aouauAoNnInes lugatTgiudslinunnd lufnmazinsdyoasunivuazil
Y Aa o ' . =KX o ] A o 9 v @ a R
doranaralumsmiuiueg (NISQ Devices) 3963 iamnsafivzih l danududanesiiu
A v 9 A A o A YR A a ..
nANVFUFoUNINUI BTz ez lumTIunuIL1d SufALUIAA Variational

. A a { Y @ a P
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2.5

AAa A Ao [l = dy as A 9 @ a 4 1 o a 4
nannga luadest Taedsmsneldanunreuduneuiuneiaiug linuneuiines
a o I aol . A Y Y a 14 gﬂ o
aaaan laeazinaulusous o (Iteration) o JinlouaANABNNIN DT HUTTIIW 11
Y
9 1 I [ [ o %
szaznady 9 lagazusoonily 2 dufe aIuYeINITAUINUAIBINDIAIDUANULVEN
& (Trainable quantum circuits) #aL@INVBINIENNLTLANTAIN (Optimization) A28
a I'4 a 1 a I'4 a 1 a 4
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(Parameter) 111 u2993ar0uduuuuin 18 TunesezindeudumanainnsodSuaiay
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1481 Error (Cost function) A3 ogeiiqa
[ AR AaAd = A o a A:sl‘ YA .. .
Tagdanosnuniyermesniiwuinatl 1l¥ne Variational Quantum Eigensolver (VQE) [4]

18% Quantum Approximate Optimization Algorithm (QAOA)[5]

Jeyr1n150A008 (Regression problems)
I { A o v 1 @ 4
TymmsoaseedludymnlFsmslumsmanuduiusszrniedulsduine l4lu
g @ a a r'd gj
msnensainvesdulsithwneludalszuna msinsgdlymimsoanosiugn
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@ 1 1 r'd a Aa o
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WeNI AU TUAAIANANNING HIOMINEINTUTIUIURAAFD 1AIA
Y] 1 v J o A d @ g’; 9 [ 1
Tumsianmadnivoansmuersonensainvesdalshviieiusz 14msiaa
ANUAANAIAYTDAINNUAAANADU [FUATHITINNTDIVDIAURAIANUHANAIANA
I Y
#93 (Root Mean Square Error: RMSE) 1Wuau
Av A4 v
NIV NNEIVDI
[ o . { 3 1
111l 1997 #8391 Peter Shor 181aU® Shor’s algorithm [2] fiaynsauaael¥ifiun
a 4 v g’z o A { a 4 a ] o
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ihgasutialfiniseisuauleannuiu 1 lumsldnunteudunouiiuneiiaging
[ Aa R o ] d' o 9y v @ o |
ganesnuaouanluil q eenuwnmeiveti lUudymiais o uazduililg Tuaams
ﬁﬂuimmm%muumauﬁu (Quantum machine learning) NMINANUAVITOVDIAIDUAN
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ll'IGI)"JUiuﬂ'lil“l/‘lllﬂi%ﬁﬂ‘ﬁﬂ'IWGU’ENﬂ'IiLiEJuggU’ENLﬂif]\‘]f]ﬂ@’JEJ



10

2.5.1 Twaamsi3ou3ve A3 0auuUAI0UAN (Quantum machine leamning)
Tuaamsizeudveanseauuareusuunialudsi 185 uanuiomasiuua Ty
ﬁﬂwuéfmﬂauﬁamaé{ﬁ)wfﬁmsﬁaﬂﬁ’wmmmmmsaﬁlumﬁﬁé”NTmﬂamiGsJuﬁmm
w309 Tul6] [71 [8] lauansldimuindrenuaiuisalumsiuasmu Matrix
operations i1 Linear algebraic operations Glumauéi’uﬂauﬁma%ﬁﬁﬂﬁ’ﬁﬂiw
Saneifuiistiuuneuiumesnaradn o niheans3AuAI0US T Quantum
phase estimation algorithm, Grover’s search, qBLAS mﬂuﬁfug o9 INAansis EJL!:S:
611’aqmd%muuumauﬁu%qﬁﬂﬁlﬁ@ Quantum principal component analysis (Quantum
PCA), Quantum support vector machines and kernel methods (Quantum SVM) mline

{ 1 9 4 a
Quantum speedup 1AN7111AANIEEUVYBUATDILLUATATA

2.5.2 danesnualouduuuasunilas (Variational Quantum Algorithm)
=2 Y1 v a R (O ~ a 49! 2 = Y A Y < 1A
DUINFANDINUADUANAN < NYNARTUIITUIE LU TiuAnaas I IfiuT
{ 1A a 1 Y] g/J Y a d
ANUAWTNANIITMIHVDAAAAn wa TuifagiuiunteudunounImesog lugn
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Ids13utlunezdessans INszuHseAINYeI ENEDNAINTIDUKT B Tan
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Meuoned ANy Talazdinod InaIInuuihlgnTenenuie 11ina Quantum
Entanglement FEHANAILN
Y Y o w o A ' dalo Yya 9 o w °
aedadnauardyusuniunnanimldinadoiinavednisin
% a 4 9 . . 9 a J
Aouauneuiuaes 1119911 Kishor Bhati tazame [10] 1857052008z A1
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AT TINAG 09T Y IUTUNIULAZYUIAYDIIDTAIOUAN
Tulagiininide ldeeniuusanesiun1ouAUNiTeN: Variational Quantum
Algorithm (VQAs) [11] NWAIUINIDIN Variational eigenvalue solver (VQE) [4] i

9
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2.5.4 apuaNInse1elsea miNey (Quantum neural networks)
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quantum model NENNITOINABIABABNTUADIAAATA A48 Quantum Neural
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@74 A9 Data Encoding, Quantum Neural network model, Model training and Optimization

3.1 Yoyanl¥lun1sfny (Training Data)
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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 |
all_min 0.14  1.00 028 0.1 0.12 0.06
all_mean i : .
enrolled_max 0.97 078  Jos9 ]
enrolled_min m d -0.1
enrolled_mean ; 0. 1 . -0.05
unenrolled_max
unenrolled_min -0.01
unenrolled_mean m
Token 065 |

PN 2 Correlation Matrix Yod90ya0 N UU1l32yas 139
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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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3.4 msaeuluaanazMstiinlszanBAIN (Model training and Optimization)
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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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