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Abstract With the recent developments in computer technology, there has been an increasing interest
in the field of machine learning. This also has led to a significant increase in real business cases of
machine learning theory in various sectors. In finance, it has been a major challenge to predict the
future value of financial products. Since the 1980s, the finance industry has relied on technical and
fundamental analysis for this prediction. For future value prediction models using machine learning,
model design is of paramount importance to respond to market variables. Therefore, this paper
quantitatively predicts the stock price movements of individual stocks listed on the KOSPI market using
machine learning techniques; specifically, the reinforcement learning model. The DQN and A2C
algorithms proposed by Google Deep Mind in 2013 are used for the reinforcement learning and they are
applied to the stock trading strategies. In addition, through experiments, an input value to increase the

cumulative profit is selected and its superiority is verified by comparison with comparative algorithms.
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(fundamental analysis)}> AFAEE E4519] 7]
WAH 7 E 4REstaL v oS &gt 7]
EH2 1981 BanzZt AI7IEA 9] SA1E
Aotz HHES SHI o] ARt 7[eF ARE o]
83t £} whlo] GALE|QH1]. DeBondt and Thaler[2]
2 e 59 JEE E4% 23 4 B XE A AR
oAl Aol F7IHHAl 77t Asstd &8 1%
B AEH o2 s BilE(momentum)S 3RS}
= A2 & 5 AQlth 71ed B4 I3t A= F=
AE A ol5Hetd(moving average)e °l-83 FA-
Aeko] A5t A7t ESHA IF= UL AF7A = F
T 7t S dSoket AMREE dRd 7e A
HolH3-4].

g 7124 B2 1939¢e] wWiRwl o]
(Benjamin Graham)9] A& A=E o83t 714 714
EAR0] AlzxolH o] w2 By AEEo] AP
H5). Fama and Frenche 7199 7174 35S vh
02 129l XY (multi factor model)& B3l 5F 71
JEot AHrtE 7dES dIFoke ATE shlnHol
E3h 71EY 240 g93%t 805S ARIZEREY
(data envelopment analysis)2 53l FFHCZ 7Y
9] 7HAE AtEche A= APEY=d ol EF 8
AES HHH o= st AR £ & ZSHA £
F3THT7I.

o|FY 7led ¢ V&Y &
7] 9ol Fgdos &8
23 B4 A2 &) &
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2008¢ AExH] 27|A] F-8-Y7](subprime mortgage
crisis)?} Z+ 2L} Hlo|HAR At FA| YU+ &
A2 78S SHYAZIHA BEAQ A wd E F
At g AhE okt  oEeE 24 g0k &
g R17E 71 HEE 85t FARY ALl A7
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d wjufe] Fe= TR Ao B2 #&3E A
ofst=t] AxH A ATS YT AF9ol o8
o7 J\Hst=t AT 7] wiEol Aol W3l
Z+H 0 2 dhgste] AHo|E Sh= Aol ofHr}8]. ¥id
AZAE 7199 AAE vz 2] 715He] A|AH of
ujel g2 Hloje g VW R A3lekE nHo] AAE
S5 Bofl 1A ot Asfes2 A9 oAE
g Al B reward)olgh= ASE S oF IHYoA
vko. HALO] 2381 = 3 HANcumulative reward)S
Fdislole AS skt ofH A3y 71HS A%
st et B AolAe 56 ARY 7H Wik
A&str] fls Astelse] DQN(deep g-network)Zt
A2C(advantage actor critic) 28-S &3kt FE3Sh
7 mygo] i3t dl&=E EAeta Aags dSotaAt

s,

&
=7

&
=
=

i

AN (o)
2 e

B2 ARl A2 4 A HHA
A (artificial neural network), SVM(support

o

vector machine) 59 7]A8<5(machine learning)
7IHE ol&std &8 AFY nH 7HAE AdSske 7]
o B2 AL 23 9], 19879d Lapedes®t
Farbero] 7|AlgtE Bd& ol-&sto] A oF 299 7}
AmE HEo R vl 2@ 29 F7HE ASske A9t
IIEHA 20009 o]Foll= 71AISES BolA FU1E
A&t A7t gol A= icH101.

o|mA9} FAA[11]2> KOSPI A5E c&317] A3
CNN(convolution neural network)S Z-&35}3+=t]
FHY 7IEC R 5YH BT AEE AT A 5
o] 7F¥ =Sth FYEy 535 (12]1= LSTM(long
short term memory)< °|&3] = /i £=9 7t
WS d&sted 48 AY AEE AlEdold A
e B9 AE5ES USoHATE ESE A2C(advantage
actor-critic) Hg<& ZEE|Q ] woto] A8t
UukAQl ETF(exchange traded fund) 449 A&
H|o[A =3t S BETHI13L

Kanas[l4l= 134 o5 Bd2 B34 S&PS00
A5 dE5stlet] A9 fe/g0] B2 A1olA &
=22 Bk Yoon and Swales[15]& thiaF
SHE A (multivariate discriminant analysis)& ©|-&
o F71 AS5sES EAs Y 1 23} g wEE
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AeE4e ol8% Edoly W

el <k 74 %ol A& 7I7telA= <
65 %9 Ad5g<E YEtdlth Wongl1612 #A|(fuzzy)
A2gT QIFAAT sy RS A F4] d=
HgS dsigietl 99 Aa(input data)g Hw7H
AAog HIAE = Qe FEZ ZE5to] B3R AlA
dog 7133t o ATAAY T Bdo 7F3Z 9
ot PAS ALs13lH
s, SR J=ja A#E[17]12 SVM(support
vector machines)@ 2} 3HE A (lasso regression)
5= o834 KOSPI 45 AI&statt. 1 A3 sk
Eﬂ"]“ﬂ"ﬂ’ﬂ% SVMe] Q1Z4173o] HlsiA B =2 %
g& H1 AY HolgoXe AFAFTY A5
o =3t
Hamid and Zahid[18]9] diollA&= |4RE, A3

2E 727 ATAAY sk BES o]L }or] S&P500
A4 A2 WERE St 23, ABAAY B B
9o Azl Soskhe e dssln

Hadavandi[19]l= HA| AAT} JIF4A14G-E 0|89
o S dE o= HAst FF JF UL &3
A3t 71ed B49] Wkg A& 7o) Hl5 94=3t 4

75 Bt Zhigiang, Guol21]E SVME ©]&3] H|
A 37 UL dSsteet 48 HEE HT o
POS(particle swarm optimization) €& &
SHH A¥kAQl A% dlolHE H&3S Wt d& 4
__0] E10 O*Roﬂt}

32 4x4 filters

HE(agent)7t FAI AZolA ojmgt A (action)S
e 4 Ei(reward) S ST 4= Q= AHE she
gL 7AsFelEole) gtk & A3EEE oo|HET A
A3t &7(environment)oli] AAZ AJ8Y2EQ(experience)
Adste] 229] P (action)S o= HojA
71£9] RE AYA] AFE vEo 2 sk 1 AAE=

A Z=8k5(supervised learning)¥ -2t}

oo|HE= @A F0lA A9 e W6t o]
A Aol A Rp4lo] Z|Hste BAFY] dto] 7P & W
O P& A=t Ae & RS wroy BAo 7
Tof| wet oo|dESt B/3t ARE ANE $7g30
ol IFE MEL YAEA EAY 23 -"\—Oﬂfﬂ HHE

m{ru

st sfekar 4] ofuzol 483 49, ool
& 34 2040 AAY dolE el ol
eI o o BEE Hok slol A Hse 2

Pt 1 ohE oo]AET} ol @A FAAFY A

£ WEsto] M4 B5Z oA Eh:‘r of7]A A
E7} WskA = o) wiet A9 P DA, A
g} ¥slof] mE P59 <A(action sequence)= Fgt
5] oA o] FollA 7153t g A9 FeAE
A3l Wt Aol Z3sksel Exrt

i

i) r°1'

Action (a.)

Reward (r)
Policy ={&|s): 5 —= R = [0,1]

Fig. 1. Principles of reinforcement learning
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Fig. 2. Architecture of Deep O-Network[23]
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3.2 Deep Q-Network(DQN)

T2 GURRI=olA Aokt da1E]El DONS 7|&
o] Zslshsy ¢3E]E2l Monte Carlo Methods®}
Temporal Difference®] AZSAFYDNN: Deep
Neural Network, ©]5} DNN)& Z-85}o] DNN2| %
AL Izttt DON2 Axgksa 22 &8 39 3
A &9 I & 5 8lolA 7 Al (weightE 78416H7]
et A ALt 4 HH 23 FEAES
(bootstrap value)& °©]&3l] 25 F4sto] 7S E
7348k QAE SHY] ©@og [IRiH22]. Fig. 2+
DONY| #+2& #&stY Sl=dl A AR thAtol
A(downsizing)S EolA 4719] ZHU(frame) stack
O FgFH23). £ delxl= Volodymyr Mnih[22]
7} AQtstal Sl AS41EEl 719 & DON ¢t

Z9 Jptog w¥LS LA}

L

.

3.3 Advantage Actor—Critic(A2C)

DQNY Zfol= A5438%Y S84 2 JAH
ol Wizt BEAolx ol HFCoE HAH(policy
network)S F3ol=t A2C ¢18E&2 Actor HES
A%} Critic MEHARE 48 | Fdog F43rh
Actor®= Eq. (1)°|A] gradient ascentS E3f 65 24
=gl m gto] Eapoly] el Q7(s,a) = & 4 fick
weba] B Lo AE TD(temporal difference) 719
< B3A AA Q7(s,a) FHe FAdh=t] ©|E Critic
HYEAR shgshe A& Feth
Volmy) =E, ~Famm [Vlogmy(als) Q7(s,a)] (1)

DON 9 A2C ¢18&2 mto]#(python)Z R AX
EQJolg BallA FEsta A2C gaE|Ee] Afole
David Silver[24]7} At ¢12]EE 7|¥io g BES
Tt

AlS
=

4. N3AE U

I

It
A
1x

H AoA= DON ¥ A2C BEF& o]&s) 1278 4F
ol &%t o] oF 13754 £9te] F7kw Al
o dlolelg Erj2 v HERe Shst, Skl o] 8
A ke 1270 9% W AEFAS] Gt HAE AvE
S5k G B ARoIA B EGhort sellings
8511, ZUARA 5 AL TeiekA Qi
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g AHEAE

A3 tloJeli= Table 13t o] KOSPIAGol A7d
A5 el 12719 44 DS (industries)s HESH=
TEEE F90ler, 47t e 93t HiolEg} ElA
ES 9% 5oz ERsilth 71 #4717 2007
9 14¥ 1Y€ ~ 20209 9€¥ 30971419 F= F 2F 3360
Qo] szt

g5 9 HAE dHloe] AEQ] AdHi(state)= 1079
HE R FgHr) &, Holg gt AlE= 5719 =71 B
glo]E}(Open, High, Low, Close, Volume) @ 3719
71€X A H(ATR, Boll, MACD) 18]1L 27]9] F71A|¢
(KOSPI, S&P500)% -gHtt.

BA dgsis B YE(reward)s F7IER A
AR, 7|4 FTEdEL RAFAER AU
o}t FEAI(terminal) A= Bf ZAAS A g4t
SEA|GE o]t 9] Q|52 A folEo] EASHA] YgiTh
E3L 10719 FECE FAH AAY HolH MNEs &
F 7+8Knormalization)& Bl AA oIt 1474

9]

BR&519a, HIAEE 13749 A4

RE

Table 1. Data for Experiments

FT5Z S (aggregation)sto] shte] Hojg AER

Zno
2 o1 =

of tiste] Al

Industries

Stocks for Training

Stocks for Test

Construction

GS E&C

Hyundai Engineering
& Construction

Korea Investment

Finance Hana Financial Group Holdings
Doosan Heavy

Mechanic Doosan Infracore Industries &
Construction

Services GS, Kangwon Land LG, NCSoft

Transportation
Apparatus

Samsung Heavy
Industries

Hyundai Mobis

Distribution

Daewoo International

Hotel Shilla

Automobile

KIA Motors Corp.

Hyundai Motor

Company
Electric/Gas KOGAS KEPCO
Electrical LG Display, LG SK Hynix, Samsung
Electronics Electronics SDI
Steel/Metal POSCO Hyundai Steel
Communication KT LG U+
Chemistry S-0il Lotte Chemical
Periods 2007.01.01 ~ 2020.09.30
Open, High, Low, Close, Volume,
Data set ATR(Average True Range), Boll(Bollinger

Bands), MACD, KOSPI, S&P500
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Table 2= DQNI} A2C €1 &S 4] o
g S44dS Brlel] gt AEAE R, Wids
HS8(Buy and hold, ©|3} BH) ¥ mj=%-8*|(Sell and
wait, oo} SW)A=F} HwO BN e ST e
e oot AlelA T AR sles vk
59 212 7hs RS FRIstaA} i) +85
A& FAER S, A= 29E(log return)
2 AH(state)oll= Tlolg AE] =3 10719 &4
Qo] =AM FA7IZF 2 A ZAA de(buy, sell,
hold)& F7Fotitt. T3t A3shs dae|gol e 4=
Q= Fs(action)2 "A(buy), "x(sell), FA|(hold)
% Sholt

-

LA

Table 2. Experimental design

Settings Values
Performance | Cumulative profit
Reward function | profit(= sell price - buy price)
Data set(Open, High, Low, Close, Volume,
State ATR, Boll, MACD, KOSPI, S&P500) + Holding
time, Current inventory
Action Buy, Sell, Hold
Comparative
e DQN, A2C, Buy&Hold, Sell&Hold
Alpha=0.0001, Gamma=0.95, Epsilon=0.1, 2
hidden layers
DON Target network, Experience replay memory
Activation functions for input, hidden &
output layers: Relu, Relu, Linear, respectively
Hyper Loss function: MSE, Optimizer: Adam
paramet Alpha=0.0001, Gamma=0.95, Max
ers & Entropy=0.05, 1 hidden layer
bas_‘c {Actor network)
configur Activation functions for input & output
ations layers: Relu, Softmax
A2C Optimizer:Adam
{Policy network)
Activation functions for input & output
layers: Relu, Linear
Loss function: MSE, Optimizer: Adam
4.2 Sz
£ AollA Ak DON= A2C 7]H& o83t Himy
A=] s HHE flof & AolA 71&d A
wfe} AYe A 27 Table 3-49F 2t 2 eols
A

Z9l&(annualized profit), B E-§7|7Haverage
holding time), {9} 3<=(#of tradings) 12|31 BHS}
Swol gt A3t (comparative value: °]5} CV, Eq.
)= vepdch
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(profit, — profit.,)
o= Pl ol oo
profit,

where 1: DQN or A2C, 2: BH or SW

)

DQNY| ¢ =82 B 31.3%°] BE =2
f71Zte] iAoz 71 26242 1o oF 1.23] vinj
3= A9E BoiFqdth A2C9] o I EL B
12.9%°1%11, HWaE[7|70o] Aidez %2 71.1d
2 19of oF 33] vinfist= A3E Uehich BHeF SW
o gt Adigke Hiog B DQNI A2CO] &
2~5H] 7o) & £915-S Helth & DQNI A2C

T T e e
ol8%t il oxbaAo] o wHAUS & 4 Stk

AL,

=

=2

Table 3. Results with DQN

Annuali ﬁ‘;fﬁg # of | CV:Buy |CV:Sell &
Stocks for Test| zed time Trading | & Hold Waitm
profit (days) s (BH) (SW)
Hyundai
Engineering & | 64% 66.65 27 2530.6%| 2330.6%
Construction
Korea
Investment 14% 114.86 15 -1.1% | 198.9%
Holdings
Doosan Heavy
Industries & 42% 64.63 28 736.3% | 536.3%
Construction
LG 29% 97.47 20 0.3% | 200.3%
NCSoft 11% 173.8 16 -65.2% | 134.8%
Hyundai Mobis| 34% | 227.09 12 135.5% | 335.5%
Hotel Shilla 35% | 360.22 10 158.5% | 358.5%
Hyundai Motor| 430, | 25163 | 13 | 137.8% | 337.8%
Company
KEPCO 16% 136.08 14 236.1% | 36.1%
SK Hynix 9% 1640.5 3 -48.7% | 151.3%
Samsung SDI 29% 156 18 -26.0% | 174.0%
Hyundai Steel | 49% 84.96 24 1986.1%| 1786.1%
LG U+ 33% | 136.25 13 426.3% | 226.3%
Lotte Chemical| 31% 157.81 17 228.1% | 428.1%
Average 31.3% | 262.0 16.4 | 459.6% | 516.8%

*. comparative value

Fig. 3-4= dYAM(Hyundai engineering &
construction)¥ =HZH(KEPCO) FEof sl 42+
DON=} A2C 7|"H& A8-5to] viufigt Zxto]n, ujuid
H R4 ES YEP T Qi DONS 832 4 &
tAde] A9 F mimide 279 ¢ 890%2] FH4AE
HAT, A2CE HEFE W =] A 5 i
A2 479 & 250%2] +AAES UEinh u7ER|
2 Fig. 5-62 9F 33609 59 A3t 5719 &4
Aol T (g Ef-vi e Es Wi -] -v4) 7]

(0]

o
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=
=

fu

hakl

sfel QA TiSCADTHAEA

H A]

F=rotAet,

£ AgollA HAA o= DQNe] &
ol= A2C 7|Ho] DQNZ} Zo] replay

A wi=ste] A TSI HEA] = A W=

AP BelFa ek,

o Ao

| A2C Bt

buffers &-&35HA LaL G Tlo|BE FA] gk o]
&517] fEol] &xd HEE SEHE A4 Aol
F7) e e vA o wekdd,
Table 4. Results with A2C
Average :
Annualiz| holding | # of CV:Buy CV:Sell &
Stocks for Test ¥ N X & Hold X .
ed profit| time |Tradings i ait (SW)
(days) BH)
Hyundai
Engineering & | 15% 72.22 41 663.9% | 463.9%
Construction
Korea
Investment 27% 64 44 96.3% | 296.3%
Holdings
Doosan Heavy
Industries & 21% 65.11 46 416.5% | 216.5%
Construction
LG 13% 55.55 52 -53.3% | 146.7%
NCSoft -4% 75.89 39 -113.1%| 86.9%
Hyundai Mobis| -4% 82.57 38  [-127.0%| 73.0%
Hotel Shilla -8% 70.72 40 -156.4%| 43.6%
Hyundai Motor | 50/ | 7551 | 35 | _go0% | 117.1%
Company
KEPCO 18% 61.83 47 248.8% | 48.8%
SK Hynix 7% 76.57 36 -61.0% | 139.0%
Samsung SDI 4% 61.32 45 -90.4% | 109.6%
Hyundai Steel 15% 72.22 41 663.9% | 463.9%
LG U+ 76% 79.75 37 860.6% | 660.6%
Lotte Chemical| -2% 82.55 34 -120.3%| 79.7%
Average 12.9% 71.1 413 153.3% | 210.4%

e

Hyundai Engineering & Construction - Accumulated Profit by DQN

. comparative value

9

8

7

Log Return
w S w o

N

0

5

10

15

20

25

Trading Day

Fig. 3. Accumulated profit by DQN (e.g. Hyundai
Engineering & Construction)
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KEPCO - Accumulated Profit by A2C

Log Return
=oNN W W R
w o (6] o w o

=
o

0.54

20 30 40

Trading Day
Fig. 4. Accumulated profit by A2C (e.g. KEPCO)

0 10

Hyundai Engineering & Construction - Trading History by DQN
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Normalized Stock Price
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5. Trading history by DQN (e.g. Hyundai
Engineering & Construction)

Fig.

KEPCO - Trading History by A2C

3 ‘\M

—— Stock Price
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Normalized Stock Price
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Day

F

_=

2.

6. Trading history by A2C (e.g. KEPCO)
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2 =EoAe Aoy €38E 5 DONI A2C 7]
e olgoto] mimjHERE ysta, 20079 19%H
202049 9¥7HA] 127] AFel &3t 1471 S5 2

BIAE F 28 F5)9| F7HHR HloJElE o|&sto] S
tlole] AIEE F/doto] Sh53t & HAES B9 1 A4
= v Frkstanh. Ad43 DQNI} A2CE o83
o dEke] Wit A FHaeelEe] 42 31.3% 2 12.9%
2 3¢ 71 SHREFEE A I EGRTR E
7 FAFHE A HERE(6.0%) ] =5t
wohEch £33 BH ¥ SW AZgaio] vlwojME 2%
2~5H] 7B7t0] =2 &S UEHA °o]& &3 DON
I A2CE o835 i SJAba~go] wiuj o] o &t
ZAE HAt

AlRFt DON ¥ A2C viuizeke] 5 FAI717]
Ak 27 A2 F7L 71EFAE D AFAS o
oS TRt E4S AdgdlolE?l AdHli(state)oll BHYsEH
RS 15kl Qiok g o, @A 7K W
(%, o, B3 Yehll= AR 3 = 571 HlolH
A drolE ] WPt Wt 5o ot Edt
dvEE s MAS sl DDON(Double DOQN) ¥
A3C(Asynchronous A2C) 59 7| #-83 A3}
CNN(Convolutional Neural Networks),
LSTM(Long-short Term Memory network) 52
A% gl gt Bt Qe 5 AR W
aEoh

€9] Z

L
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