Pey dlio
YO-5Y Slmivo

ST pols 13 (0gailsS mirlo (5 SOL Sy gSIN 09,18
®)

‘o Al (ueadose
YM}Q D)..»..LO
" dmw] Ao ye

) 5 bl sla Sl as S 23 bl sl b oSGl pl 4 u‘,;wij\ 3 glas gamen paiibe (5,550
S aS Jbopsleosy s uwjm,wm,;jémﬁ)tsur«wﬂ\ oR) 2350 e o g 4 190 ) Lnosls
38 g o Sy 5 5 B ls dowr Sy ke 5 Il (slaslil 3L Jals s YU Slasloes S35 5 0l 4
SIS ally  Sloloes ol G3lplonil (etlys on sl Saosls a iy cpl el 5 48 el 4 Ll
Sl sl 3L as 5 5 S LS Joe 55 Sl (Kn 8 3,05 35 llone e 5 ol o3 4
S AS o 395 poukh sl (Sae SN S s sl Jilos 31500 (S5l 23133 058 Sy o 5318
Jo 52 (253058 Dl 5 IS il 53 055 o (ol (65500 (Sapa s 53 (o0 53155 L s 53] s
563kl aalllae iagsy i by (o ok dglin 350 S (sla S, b s 0k ) o ke Jilows
L;u(,;w@\ et 9 ol 008 oo Jlo 3Ll 5 Sllons g Blws allie 3 0 ull 4 Sl glalinles
Jols 3 s o e S 5006 ool 2ty 5 Lasetia ol o 3 jme Jloos Jo (8l ot 53155 53ty
Lgu(.:w}.@l R oS ile (6, 83L gy 5 eslan QT)se\Sm.:S&Lul;.&bJu p.l.cé)'?yujl.:“l;u
ool 0 o) 2 53 SkaolisS 53 W igy nl K58 G S ROl e A Sl 6 5 SBLe SIS
S 38 40 155 o (0 53915 Dllome la s 41555 457355 oo e Lo G sl anlne il mals il
ke 3 e 58 SIS Sa s S 6 25 5 055 s (Il sluaBl (Sla s st 5 a il 5o 23
Al Sy ko 5 2ls A

255 55 (Gras (550 ¢ 518 Slslonn ¢ Jls pile (oo (5500 15 ulS OIS

C40, C60, GO0 :JEL gsai b

V¥oo (50 Yo uu).n.\a @)b V¥oo G0 VY ‘5)§4)L‘ &)U \¥eo ngh? :c;él,;,a @)L’

mahdi.lotfi @aut.ac.ir «(Jsime sdim 5) 1oSpsl no oK1 (53318 5 e Ty jpe 84255 ¢ Jo 5 5Ladl o3 5Ll sl )
m.hooshmand@imamreza.ac.ir () Lo plal el LS (3 pwkige 05,5 HLils .Y
m.asaadi@gu.ac.ir spldS olKasls o elanrl 5 Sladl psle a8l bl 5 Sy ke 058 bl ¥



Y o pole 33 (0alaT omiilo (§SL (eI 3,5

(Arute etal., 2019) ol  SMS LU ol o Sucedls 5l

Gla sl b Jas e (slacd iy Slilpe 4 5 S0 g )
Syl 58 Dlealos b a3 o o sy onglsS slageils
Sk Slowlons go Slahss 31 ol abls glodils
Laosls 31 5 ol oymms ign 3l Glaxli oS ol il
ol oedle 6,850 5 Gas (Lpaydin, 2020) )46l
Gy A el 1y raictie Al A3l 506wl & o
AEL Bl Sy ol Sl e Sla el s 4]
Glasys 5 5333ls5 53 IS (tle (6800 (Lo S
(JBsdor GBS 5 gl Gaseil el Lls 085655
sl sy o el ol e LoslaBl 5 Jbo ils
Ll slaby Ol 5 Slabee gloy Sedle 6,854
3o ol Ol Dlse B D 1y el il alasl-
305 5k Slslp alasl> 5 oley 4 Sledbsl 5 Laesls 51 YL &5
.(Zhang and Qiang, 2020)

by diglas oS a5ls |y SUls ol (oo sulsS saailyly osar
S Jom g0 SIS Sl s e 3 e S
Sl b oo S b 5 ilaxils psle 3 (ol 3 Slsl 3 3L
el Cilzes (glaoyg 53 TS5 sleesls 3o Juane J
Lt (5 5 e L0} 2 1o g 50155 (SLadiLl Lol . ilos S
SN Bles Jo 53 (St gl (Solass Ol &S
Sl sals e 5020550 s 2l 13,5 SIS slasil,
sty il g5 003 0,8 L{"L)ﬁb}‘)’c‘ﬂliuﬂu}ﬂ)ls)ﬁ
NS (Sl e 48 5,8 S ol S Sy (aslsS
O Sl Col pl (Shns s 2313 595 ol e (51
A Sl 4 Sl e ln T35 o0 e St 1
Gool )3 s daly 3hes ol 8 (gl (850058 St
o058 Ol gl (sl 53590 s ¢ g2 53158 (slae 5,801 )
Ly SRS 5o a5 6,505k L sl o8 e
Sosre o590 IS S8ty Slo) o psbinen
Bl sl 3 o s515S rble (6500 sl U1
Sl ans 5 ol i S s st S Sl e gl
48 o gty (5 lomms 8 57155 crele S5k L;u‘.;wiﬂ
ladigad 3l (Glakorrdir by 2lod) (g5 BB op s 203
.(Zhang and Qiang, 2020) Jlails 3 65 DS bl

SolsS Sl 5055 5 e slald b 5l (S
Jis Slale JulSS Wy, ool Jbo (aj.l.c 4 Cghans
YU ols Clew 5 As LT (eode VA0 aas 3l SIS
OFSE VAL &85 31 s 23,5 Iy (55500 ol Slesloes

1. Machine Learning

2. Big Data
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4. Data Minning

5. Risk Evaluation

6. Pricing Exotic Financial Derivatives
7. Monte Carlo Simulation

8. Stochastic Diffrential Equations

9. Portfolio Allocation Optimization
10. Market Trend
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Application of Quantum Machine Learning
Algorithms in Financial Sciences
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Abstract

Machine learning is a set of algorithms that make it possible for a computer to learn the statistical
and behavioral patterns in data without explicit programming. These algorithms have wide
applications in all fields, especially financial sciences, which require high computational power
and accuracy, including financial market modeling, portfolio management, risk assessment, etc.
But because most of these methods require large amounts of data, performing these calculations
on classical computers requires a large amount of computational time and resources that may
not be technically and allocatively efficient in practice. In contrast, quantum computers, due to
their parallel processing power, can solve problems much faster than their classical counterpart
algorithms, which will increase the quantum speed of machine learning algorithms. This article
examines the application of quantum computing in solving financial science problems and
compares it with existing classical methods. The applied research methodology is a documentary
and library study in which the paper raises important computational issues in financial economics
and then introduces quantum optimization algorithms to solve problems. Specifically, the present
study has tried to identify those computational problems in the field of financial sciences that
the use of quantum machine learning method is superior to the best classical corresponding
algorithms. The feasibility of physical realization of these methods in the short term has also been
investigated. The results of this study show how quantum computing methods can increase the
speed and accuracy of financial economics analysis and forecasting and is a better alternative to
classical methods, especially in portfolio management and risk analysis.
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