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5 Dynamic programming
® Online

7 Reinforcement learning
8 Atari game

! Stock markets

2 Artificial neural networks
3 Supervised learning

4 Optimizing execution costs
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8 Deterministic

9 Stochastic

10 Markov decision process

' Mean reversion strategy

12 Equilibrium price

13 Gaussian noise

14 Ornstein-Uhlenbeck process

! Exploration

2 Exploitation

3 State

4 Markov property
5 Q-learning

¢ Model-free
7Value-based
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5 Delayed rewards
®Policy

7Return

8 Value functions

U Action

2 Reward function

3 Transaction probability function
4 Discount factor
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Q(sp ar) = Q(sp, ap) +

a (Tt+1 tvy maxat+1Q(St+1v Aryr)

- Q(Stf at)) V)
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1: Input parameters: learning rate « € (0,1], € € [0,1].

2: Initialize Q(s,a), forall s € S, a € A(s) arbitrarily.

3: for each episode:

4: Initialize s.

5:

while (notlsTerminal(s)):

6: Choose action a from A(s) using

policy derived from Q.

7: Take action a, observe r and s’.
8:Q(s,a) = Q(s,a) +
a(r+ymax, Q(s',a’) — Q(s, ).

9:s=5s'

10: end while

11: end for

12: foreach s € S:

13: n(s) = argmax, Q(s,a)
14: end for

15: Output: (s) € A(s),Vs € S
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4 Learning rate
> Temporal difference error

! Bellman equation
2 Off-policy
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1: Input parameters:

parameters of the problem dynamics, equation (2).
2:std_list =]

3: for counter = 1: 1000

4:fori=1:T

5: GenerateP; using equation (2).

6: Calculate the standard deviation of

[Py, P,, ..., P;] and append it to std_list

7: end for

8: end for

9: Remove the outliers from std_list using boxplot.
10: Median = median(std_list)

11: Max = max(std_list)

12: Output: Max and Median.

r}; rlg

1: Function std_Discretization(Inputs) Return Output.

2: Inputs: std, Max, and Median

Median

3rifstd < —

4 std =0

5: elseif std < Median:
6:std =1

. Medi M
7: elseif std < Zeaantiax.

8:std =2

9: else:

10: std = 3
11: end if

12: Output: std
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1: Input parameters:

parameters of the problem dynamics, equation (2).
2: deltaP_list =]

3: for counter = 1: 1000

4:fori=1:T

5: GenerateP; using equation (2).

6: CalculateP; — P;_; and append it to

deltaP_list.

7: end for

8: end for

9: Remove the outliers from deltaP_list using boxplot
10: Min = min(deltaP_list)

11: Max = max(deltaP_list)

12: Output: Min and Max.

e32 ¢S

: Function detaP_Discretization(Inputs) Return Output.
. Inputs: APt, Min, and Max

_ 2
Max—-min

iy =m(AP, — Max) + 1
tify <—=0.1

AP, =0

selseif y > 0.1

AP, =2

© o N O U A W NP

:else
10: AP, =1

11:end if
12: Output: AP,

VY dl.’;.\..\t\j)t.@_: ngle)LMLLU: JL.« WI:LA ;I:’)'h &bj)ks_gdj’a.: LSL“Q:"“}}:’

sdelinse glacad ol i po (sls ite (6 3lutinnS
g ool (V) b)) alies Sl 5l
4 S e Ol e olie il (V) oz S el
Slaesls B Sl g s 0358 0 A 55 alts Salys S8
Gl Aty Sl 5 dle e (lamr Sl gl SeS 4 'Oy
G5l il I it Sl 5 s Jolil s 5 355 e s oiie
3Ly G s ok g oS Lo ler 4 Cwd e
gl 0 FENLY
G SN el et Sl i leananS ) shaiee
A5 s S sl | o s izl (1)
e ol At 5 4baS e oD slaesls G 5l e s
2 s se e (st fl S L e 25 e e
St (e Zandy a4 OLL 3 5258 e J S [V T e
25 GilwtanS Cute
L fos Y-
DM S8 sl (28 ks S Ools s Sl O
Gl 3 T =0 53 plew §= Vvl sal e
Ul Sl o8 S 5o a8 el sliad ) s Jos LS
b Jos slad o Solo sl xS o0 B 53 058 (ol >
Sospen b D s s bies acgeme @S
(oS o s A= {0V e Yo Wb} Sl glas same
Vor i s Wl e Jele e S S s oS bas o
Al (ol 2 1y plew Err ST 5 Yee (T
sl b ¥y
i (A) alaly S oas sl L s | 3l LS
i

Tey1 = —acPr — 0.01(a,P) — C W)
a3 Talsles wy5a Olgien oS Sl ol 4 SO Ll
ot Jb; r\f SRR e CL@.,J S Ay s sl o das S

s o QLS P

"'Outliers
2 Transaction cost

A plew L2 s sl 5 Olas e (gl (258 S0k p e SR SO e




Journal of .uﬁ» .

Applied “
And O'/J \'0—7)

Basic \é(f%

Machine
Intellicence Research (ABMIR)

M)J&U\JJM{TL@,.»MIAJ\J_ﬁéb‘@&hﬂ@&f@‘
Al el bl

-

CRERTI Rt U

Slr oS 650 wmS i SUS Oals s 5l 05
T =Jsb s sloyss o plgm =10 5 ausa iloang
ala slael 1) 5L (olgndy due )3 s LS 4 5y, Y
s 5 e ke b e S ol 58 S Sl edd 5
daly 3 =00 T il a b)) o) K dsb 0 K
(V) oyl ) caad Jloy (6 o 2elsly €S o iy 25 (V)
Cb g Pp=0Y 50=\/r A=V P, =00 &jg0n
52 65k il b B hen ledda Sk s
Slr 2 pbge plaml Tl e Vee e sl L e 5 L Ve
€= L owlay and s oS0 5 55 Ole Jole
O ealials ;g 58 (6,85L 5o Jas bl i, Ol g Ve
ORI NN

Jbe 5l Jeol Sleles o3l al 5 Shae oLl shiea
LS S5k Jue odalCowsay Slhelas ol galgiiny
iS5k 5l 3 pd e amlie Sl 4 S2S5L g5 2
Lol L Slelee lag szl cp imly 5l (S 0SSke &
AS o Joo " Sl 4 S s b wly S ol Jle
Pl 25l (s K a8 il Ll gl 5 o
(Ll ol bl 0338 a3l s o Soke 4 Oles I b 3
slib Gl osl sk s plew L3 sl Sile Lo
b S S0k Caad 3l plem e oS a5 350 o arilons
5 S ke ed Sl plen ead ST 5 o plonil Uy >
a8 es33 SLl slases oo plew Ao seme SN >

0 iS5k gl 5l aS ol A e Jale (ol 2
(V) el Sledsad g 5L 0r ey s S e S SSke
() K w5l e 555 Sl 512l 51 (6,80 4
L S5l gl b ab, s 5SSk ble slaas sa
Sl 5 5SSke wuza (1) ot 5 BL Ve s | SSLe

VY JMU})L@ ;Jﬁ‘o)wu(sjb JL«: WI:LA ;I:’)'h &DJ’)E}&JJA.: le"hg':"“ﬁj:’

fawe e JUs! Jlozl b £-F

Bl 3 15 0T 015 o 48 w3 Ly s S il g0l
33 ol Sl s i ) 3 5505 odalie 28 Lo
o Jaml e e a4l bl e 93 5 aded e
S sl 53 i 4L ol Jas 4 L dac
e A S bl S K sl (S o S
e L A 4 e S o lesl e 4 1) es
(S ol Ll Lo syl o 3 1y sl el 550 e
;},,L; Sl s 1y Sl s ety Jlasm] s se 5L
55 Sl JUal Sl 25 s il 3 el gl dns el 3
o B SRSk Sisel Slp s ARl e s
258 o 13 eslilss g 58T (6 S0k Jde 5l s

s S 0¥

Sie ol Sdeddy s baayja gleang (i Skl
Y= o8 s st e S 50l a8
(kb ol 51 Sles alols w4 5 05 iyl (sla 5L pls L)
dal gy alicadss bl 5 s st Dl Sl s
Sl sl Cdedids Glaal gl Y =)l sl oils
O R P I RO [P [ B 4

2 el ol 8 s e Sy g Ol (1) el
Blod ST s 5 s )l e i el ol
4 sl ol > WSl ey Sl Kan oS Jl s sl sl
AL R as e als Cle 4 3 S s plew >
Wi ) M e s S 0 S Bl skt
2 e s Al SR () daly bl Prosd
258 o 13 eslinals ) 3o Pryg dlons

factor q
100 “ v

S o e |y S I3 As s factor € [~,\] bl

sdiass § L s /o) ol factor gyl sy ge Jie s

Pt=Pt+

! Episode

494 plew L2 s sl 5 Olas e (gl (258 S0k p e SR SO e




Journal of ’uﬁ» o

Applied by

And 04\\9—30
Basic \%{oéz/

Machine

VY JMU})L@ ;Jﬁ‘o)wu(sjb JL«: WI:LA ;I:’)'h &DJ’)E}&JJA.: Lgl.hu,ll.hjﬁ

Intellicence Research (ABMIR)

SSle 4 SISk sFl el pa > et se Jele w s

-", ® (Q-learning
140 ’.' | ,’. ® Mean Reversion
il
i
120 \ 4
i Y it [ ;ﬂt
o ’ ! ‘. Il LYY
< 100 i LI H . ‘*
= 1
& { \ { \
] 1 n 1
r‘ 'I ) ‘| .
80 ! -ee et .
¢ \ v
i’
601 v/
e
25 50 75 100 125 150 175 200
Day
z- . n & el . .. R .
ol 4 SISk 5l e > s Lole wysa
250
h
225 1 i »
[ A
/A A
201 HER TN
175 / ® AR
o ') A ! vy
vl s v [WA ]
2 150 ’ - \r \
& / - LAY V4
\
125 /! ¥y
/
100 }’-...
if ¢ Qlearning
75 ." ® Mean Reversion
25 50 75 100 125 150 175 200
Day
& .- 2 €. el - - .o -
ol 4 iS5k ol e > dadsa ele g pa
007 o Q-learning r'.‘\
1s0{ ® Mean Reversion Y
VS
!
160 ] l" l' Jﬁ‘
LS Yoro
4 s 1
9 140 ; - .‘:, ?‘
2 1o » W '
E ’: ‘ l‘
100 ] '|.
’
80 4 \ e
el ¥
60 4 ._.4
T T

Day

50 ?.IS lOI. ] ]2‘. 5 ]_":‘ o l]"I.S 0.0

Ol & Sk F A e S et pn fule wy s

90 4 r *‘ ® Q-learning
FEAY ® Mean Reversion
80 4 I: n*
I
™ NS
) v L '.
w B0 » Y ! A
= l’.ﬁ\ / 8‘ I
& 50 ’!‘i' ¥ &
/
a0 4 .,. \
h_.\
30 A \
20 b
Ll ]

25 50 75 100 125 150 175 200
Day

iz G50 Sl s Gey Y s rl.g..a Sl 503 (Y) IS
S das o O 1y bl ey 4 KLl bl 5 K, b

() IS s e 0L Sk 0 e e 3 1y Lol slaassa s
3 Ses 5 iz SIL sl 5o s Ve b plew Cad ls s
S o gl SOUSS Lol el S0 5l o

350000 -
—— Mean Reversion

300000 { — Q-learning

250000 4

0 20 10 &0 B0 100

Market
4 CEL Gl s At Jale glakypa s sed (1) IS5
5 e gn Jolo lawypp K5y 3 omia LV 0 s Kk
S5 el S8 5 ol saan pp Kl e
s g 0L 1 Kl &

51l 5 55 653k 5 Jeol (53l aglis :(1) g
Mo s o&le 4 285

Loy 3o Jlae Bl ol oeobe a2y pa s 2l
V04 Y YV ov+0/11 S 550
YYV\YO/EA YV /0A _;:54\-_-# e ‘S/)'L.

4 2S5k gFlal () s mls 5 () S Gl
Sl sl 3 e Bl a s UL Sl Slne Sl ol STl
S b sFlal gl s s Sl 1 g3l ol Olabl
Solde 2 (1) JSo a5 b S e S bt s
el (e XS o S ke 4 S5 o3l aul 5l S
S el el Sl eslinal gl pate (ol sl wu e
Ao y3 0/8Y :Kikn 4 iS5l 51l 4 Cd 1S (5553
03 1y baaoss Sl Gl cdos 00788 5 Laau e . Ske
Jde by selsa Sl das o als 5L 0ves
iS5k gl w oS Dbre Sl Clews (ooledn
SOl 5 2l 6 i Oluebl bl ds s 04788 (o SObe w

NG|

plew L2 s sl 5 Olas e (gl (258 S0k p e SR SO e




Journal ol‘ D 1\
Applied ) LA
A{J~- Q
b
asic Ve
Machine ‘O/‘

Intelligcence Research (ABMIR

[5] D. Bertsimas and A. W. Lo, “Optimal control of
execution costs,” Journal of Financial Markets,
Vol.1, No.1, pp. 1-50, 1998.

[6] R. Almgren and N. Chriss, “Optimal Execution of
Portfolio Transactions,” Journal of Risk, Vol.3,
No.2, pp. 5-40, 2001.

[7] R. F. Almgren, “Optimal execution with
nonlinear impact functions and trading-enhanced
risk,” Applied Mathematical Finance, Vol.10,
No.1, pp. 1-18, 2003.

[8] J. Lorenz and R. Almgren, “Mean—Variance
Optimal ~ Adaptive  Execution,”  Applied
Mathematical Finance, Vol.18, No.5, pp. 395-
422, 2011.

[9] G. Huberman and W. Stanzl, “Optimal Liquidity
Trading,” Review of finance, Vol.9, No.2, pp.
165-200, 2005.

[10] A. A. Obizhaeva and J. Wang, “Optimal trading
strategy and supply/demand dynamics,” Journal
of Financial Markets, Vol.16, No.1, pp. 1-32,
2013.

[11] A. Schied and T. Schoneborn, “Risk aversion and
the dynamics of optimal liquidation strategies in
illiquid markets,” Finance and Stochastics,
Vol.13, No.2, pp. 181-204, 20009.

[12] R. Almgren, “Optimal Trading with Stochastic
Liquidity and Volatility,” SIAM Journal on
Financial Mathematics, Vol.3, No.1, pp. 163-181,
2012.

[13] P. Forsyth, J. Kennedy, S. Tse, and H. Windcliff,
“Optimal trade execution: A mean quadratic
variation approach,” Journal of Economic
Dynamics and Control, VVol.36, No.12, pp. 1971-
1991, 2012.

[14] O. Guéant, “Optimal Execution and Block Trade
Pricing: A General Framework,” Applied
Mathematical Finance, Vol.22, No.4, pp. 336-
365, 2015.

[15] Z. Liu, Y. Zhai, J. Li, G. Wang, Y. Miao, and H.
Wang, “Graph Relational Reinforcement
Learning for Mobile Robot Navigation in Large-
Scale Crowded Environments.” IEEE
Transactions on Intelligent Transportation
Systems, Vol. 24, No. 8, pp. 8776-8787, 2023.

[16] V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu,
J. Veness, M. G. Bellemare, ... and D. Hassabis,
“Human-level control through deep
reinforcement  learning,” nature, Vol.518,
No0.7540, pp. 529-533, 2015.

[17] B. Xian, X. Zhang, H. Zhang, and X. Gu, “Robust
Adaptive Control for a Small Unmanned
Helicopter Using Reinforcement Learning.” IEEE

VY dl.’;.v_\t\j)k.@.s ;JJ‘OJL‘MZ‘CjJ JL« WI:LA u*:’)'h &Jj)\f}&)ﬂ.: le"hg':"bﬁ}:’.

Il 4 C2E5L o5l pal 1A Gl F g 5S 6 S5k Jule

S o plg b 4 pl B LS (0 59

& S domsi —0

o3l MDP jlstle S U 55 (6,85l 5 e Jobe alis ol s
las s LI OEC divs 55 258 (5,550 (5,8 54
e Sk i g e 28 JUSw 5 Josm
o 3lutnd il Glasl3l L3 sdelnil la tbel s
soleiy u:j)/ 3l eddeS il 3l eslizad b oS sls ol
SFLl b amlie 53 65 550 s & Gl Al Ol5
okl 4y 515 (6 el o ste 4y 58 L S0le 4 2S5
s b ilesl = bl ool 5 6L sl Oliabl
Slr oo Il SOl Llf o 28 553k &S o550

258 ol eslizals s g plew Slholns 53 (6 S el 4SS
DLl 2 sl 5l slac s 3G coddplmil (g 5luand
Gla it L3 4 348 e slgiy ol el Bl SI5L s
S i Jale reslle oS 353 (siluand (LBL el
ol S 355 (5l (slacdlad L sl axdls; oo 0T s
sl psehe QLI pla s e s s i3 b e
Gl Sl 5 3550 olgdy imed b SR S
S Sb bl el s L Gl 5 b s ey (g
/ 235 ol s ge 55k glaesls heslanad b e
References

(ALECT g3 Bldese (gl Oladel 3l 2 enys Jy [V]
VAT ol ol g o8 " 258 (5, L

[2] K. Chaudhari and A. Thakkar, “Neural network
systems with an integrated coefficient of
variation-based feature selection for stock price
and trend prediction.” Expert Systems with
Applications, Vol. 219, p. 119527, 2023.

[3] Y. Zhao and G. Yang, “Deep Learning-based
Integrated Framework for stock price movement
prediction.” Applied Soft Computing, Vol. 133, p.
109921, 2023.

[4] A. Chudziak, “Predictability of stock returns
using neural networks: Elusive in the long term.”
Expert Systems with Applications, Vol. 213, p.
119203, 2023.

Vo plew L2 s sl 5 Olas e (gl (258 S0k p e SR SO e




Journal of ’uﬁ» o

Applied )
And Od;p—n
Basic \%(o—_%/

Machine

Intellicence Research (ABMIR)

Yoy

VY JMU})L@ ;Jﬁ‘o)wu(sjb JL«: WI:LA ;I:’)'h &DJ’)E}&JJA.: Lgl.hu,ll.hjﬁ

Transactions on Neural Networks and Learning
Systems, Vol. 33, No. 12, pp. 7589-7597, 2022.

[18]Y. D. Song, Q. Song, and W. C. Cai, “Fault-
Tolerant Adaptive Control of High-Speed Trains
Under Traction/Braking Failures: A Virtual
Parameter-Based Approach,” IEEE Transactions
on Intelligent Transportation Systems, Vol.15,
No.2, pp. 737-748, 2014.

[19] F. S. Melo, “Convergence of Q-learning: A
simple proof,” Institute of Systems and Robotics,
Tech. Rep., pp. 1-4, 2001.

[20] T. Jaakkola, M. I. Jordan, and S. P. Singh,
“Convergence of stochastic iterative dynamic
programming algorithms,” Advances in Neural
Information Processing Systems, pp. 703-710,
1994,

[21] G. Ritter, “Machine Learning for Trading,”
SSRN Electronic Journal, 2017.

[22] J. C. H. Watkins and P. Dayan, “Q-learning,”
Machine learning, Vol.8, No0.3, pp. 279-292,
1992,

plew L2 s sl 5 Olas e (gl (258 S0k p e SR SO e




Journal of -f.\- 3 . ) ) .
Applied )" SO Applied and Basic Machine Intelligence Research
And

042
Basic \@Jfﬂ

Machine
Intelligence Research (ABMIR)

Vol. 2, No. 1, Spring & Summer 2024, pp. 92- 103

A Reinforcement Learning Approach to Determine When and How Many Stocks to Buy

Fatemeh Darezereshki,

in Stock Trading

Vali Derhami”

Computer Engineering Department, Yazd University, Yazd, Iran

Article Information

Original Research Paper

Received:
2024 February 9

Accepted:
2024 Mary 26

Keywords:

Stock  Market, Optimizing
Execution Costs of Shares,
Reinforcement Learning, Q-
learning

Corresponding Author”™:
vderhami@yazd.ac.ir

Abstract

Due to the volatility and uncertainty inherent in the stock market,
devising an optimal trading strategy is a complex endeavor. Given the
non-repetitive nature of trading circumstances, learning through
interactions becomes imperative. Reinforcement learning emerges as
an interactive learning approach capable of adjusting system
parameters based solely on a scalar efficiency signal. This paper
introduces a methodology wherein the states of the system are defined
by the time step, the total number of shares purchased thus far, the
standard deviation of stock prices from the beginning to the current
step, and the difference between the current price and the price at the
previous step. By defining a suitable reinforcement signal, the paper
employs one of the most popular reinforcement learning algorithms,
Q-learning, to approximate state-action value functions. The stock
market is simulated using a set of equations, and the proposed method
is applied. Performance evaluation is conducted by comparing the
proposed model against mean reversion trading strategy across 5000
simulated markets. The experimental results demonstrate that the
trading strategy derived from the Q-model not only yields lower
average cost but also exhibits greater reliability compared to mean
reversion strategy.
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