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Abstract Due to the recent economic downturn caused by Covid-19 and the unstable international situation,
many investors are choosing the derivatives market as a means of investment. However, the derivatives market
has a greater risk than the stock market, and research on the market of market participants is insufficient.
Recently, with the development of artificial intelligence, machine learning has been widely used in the
derivatives market. In this paper, reinforcement learning, one of the machine learning techniques, is applied to
analyze the scalping technique that trades futures in minutes. The data set consists of 21 attributes using the
closing price, moving average line, and Bollinger band indicators of 1 minute and 3 minute data for 6 months
by selecting 4 products among futures products traded at trading firm. In the experiment, DNN artificial neural
network model and three reinforcement learning algorithms, namely, DQN (Deep Q-Network), A2C (Advantage
Actor Critic), and A3C (Asynchronous A2C) were used, and they were trained and verified through learning
data set and test data set. For scalping, the agent chooses one of the actions of buying and selling, and the
ratio of the portfolio value according to the action result is rewarded. Experiment results show that the energy
sector products such as Heating Oil and Crude Oil yield relatively high cumulative returns compared to the
index sector products such as Mini Russell 2000 and Hang Seng Index.

Key words :Reinforcement learning, DQN, A2C, A3C, Futures, Scalping

*3 9, AENTN AFA s JAA (A1A A} Received: August 26, 2022 / Revised: September 3, 2022
89l AEWTgN AFA 5T A (eI A AL Accepted: September 9, 2022

#3191 AEHsln AFAFEEY Fug (AR A A} s#xCorresponding Author: jmkang @knu.ac.kr

Ao 2022\d 8¢ 26Y, AL EY: 2022 9€ 3¢ Dept. of A.I, Kyungpook National Univ, Korea

- 697 -



Performance Comparison of Reinforcement Learning Algorithms for Futures Scalping

.M 2
AR vl ZdiE s F7F BAAS 4] fAa A
B 2AY AES &5 AE W, YS 5HL
i’yﬂ )\L ;‘a_:]% SEAFA Z] _/l: o ‘ﬂ'
Gt vl A gk 5 4
8l A NEA stk o)s ds g2 8
Z(Risk Hedge) HAo2 spAFo] @o] &85
ek Bnt ofue} B FEL FAb 2
oA gwks] Z-g=a ek shARt 2
B%“/V] (High leverage) A3=o|™, F214)4 2
st B AL 7hsE FAREE Y Al
ﬂ7ﬂ S7FskaL ATl
olel whz}, "]X} Zrof 2}

0o
o
FH gt
=
g ox M ox

it

Mz n&(' mlo
H

analysis)<
= ZAAA PLJO]‘/P E%g —5"51'3}04 VA& oS3t
ol (3], 714

Aol AgHTE A g TS o S3)
Mo & t}9-o]Z(the Dow theory), dg]o]E 1}E0]
(the Elliott Wave), ©] 53w (Moving average) 52
WS AFrE A AHAL SHAIRE AAZFO R Aol
Adals B2 BRE Abgo]l A3 E48h7]d+

oltl dAE =53] 93l

BHEE o
&8 ¢ueld sdolge] AR
o

Hu:
i
Mo
)
h
L)
)
of
ol
=
)
rr to
oL o

r

i ATA
2 A7 Ae) Be gue] el s =4

7lake] Aot dy DD-DQN, PPO,
& 08 Garglsat HESRIY A id o

AEE ShFAIA ARZA (9] A4kl
= HlL 9& xﬂohﬂ
cﬂ~o}04 DD- DQN PPO, A2C

daaE g ¥
ol& SISk (12 LST™ A3

| A3C <are

Wl SHeAIT FAREe] 98 BaA ofolaEe
NS Fostn 771 FARAA ATE F U A
s Asn [Ble s dseel 242 9l

RCNN(Recurrent Convolutional Neural Network) =4
jl]_ 6‘_]]—%.9_ 213 DDPG 71—33}61—/‘ k31 —# =3 Z/L,

oA B WEAe] k& 28 Al o
JHES B B4L BT, Folold nAL
o 2w s ke 8heiae] Bol #8451 9
o ololol, THAAEA] WEA W Ale] AR
FRE e ¥ oW, 4+ 2 Uz Ads) gade -~

scping) & D1 AAAE AT £ 2ol

= B QA el A58 AL gk b B

R=AN
Sl
M 2
-10 T
;
- N
ox o
rlo ot
o £
o i
e filo
2 °
rr %
o, ol
b
o
oy
o
9
oo
<
2
N m{n
>

o
1o 1o (i i
N
Iy
W oo
-
=
)
:lOL_"
U/
<
s
K
w
o
2
S

P ool
Fo
ke
-
i .
i)
o
[
=
ot
iy
W~
)
=
>
Ir =
w
)
2
>
o b
=
%

0% S&P300, NASDAQ, Hang Seng Index®} #
5= o] AAG tlelHE ¥ nlddow
sto] gL ARIMA, g2 RNNZER S5}
g}o]ﬂavﬁ_ 1:1\:4]_9_ :rLA-]—é‘},o:h;], }\1215:4' 37,]_.‘: }\]7;"0:1

A#2 MSE, MAE, MAPEE &3
F5ol A ARIMA, RNN< ©hel w2 x}g-a
o Holdk A3E Btk 18t ARIMASF RNN
D2 Z4zE dr] oSl Ae mdw 7] oS
13

N

fr Mz rle

2

B u &} 1

oh'.

o JlN’

@ & g o Hd

T OE dve A A, s, oddA ol AE
W 25789 ES Askel DQNwES Z8al dhEdith

- 698 -



The Journal of the Convergence on Culture Technology (JCCT)
Vol. 8, No. 5, pp.697—703, September 30, 2022. pISSN 2384—0358, elSSN 2384—0366

267N el o ES Arshel dYo® ARgsh, 5d
7ke] HlolE, GBM(Geometric Brownian Motion), VG
(Variance Gamma)= “JH& &7gste] S&P500 #|5-¢}
o] FoES Hudth Ao AdE B3 +9 Ho]
el A A 9 31 dlojye] BEoR Qg 34
o] FaAd il SIgtH11]. A A g
S =o|719lsi = DQN ¢joll g4 7|9ke] e
PPO, A2C¢} 2 RdS Frtste] Ajdo]l 493 A
o= Wk [12]= AEAd 3559 1Y % 59319
TolES 99 delHz 283 DDQN(Double Deep
Q-Network) ¢ireg]5& AHESFITE A Hluls 913l
e RS A 7 Bd HEe QY HolHE &
A

3L,

ne
32
fui
r2 g
iin)
i)
=2,
2
rlr
by
nj
J
ml
ot
fincs
R
inj
o
)

1. dlo]¥ A E(Data Set)

=i A AR AR HlolH e 7esd §l
A& HTS(Home Trading System)e] XIE Ho]EH
ol gt FHUIAHRE AR Export)shich E3

2 dlojg AMEE gHale 58S golahy] 98 1
7} 3% HolEE 77 &gsklon, A3C ¥al
1557 38% dolHE ¥E A At od
2 A, s 4] duds naA st
Sk dlolElE 2021 1. 1. ~ 630 o] 185 2 3
dolEl & AME-Et9 AL, HAE dolEE 2022, 1. 1
~ 6307H4 2] 1858 2 385 do|H & AAsieh &
A€ dloly Axe= g, AL A7E 7k AL E7L
A o]t

2, SE 5o AAL delde

g
= Fla A 3 AR % dloly dA vt sttt
A HAZ 3 13} o] dA) 7= SdlA A 7}
g AA el e ARk 907 F 20219 1
AE F7F dolH(Ht of B =

A ARE 8tk o] F oA, A5 AH

1
A E SR Aol Y= AEEE olelsl o] 247

o off

143

1.

Heating Oil(el =)
Crude Oil(e| =)

+ Hang Seng Index(A%%)
« Mini Russell 2000(X5%)

dE o4& SAHAZE

Table 1. Derivatives Statistical Information

x 2. = ololg MAz
Table 2. Input data preprocessing

AT 2aA] Me[]13]

& 21709 HelHE o

A 5 97 | wx | wzod
Heating Oil 2.06 0.07 0.26
o Gasoline 2.05 0.08 0.28
Y Natural Gas 3.76 1.10 1.05
A Brent Crude Oil 70.90 63.04 794
Crude Oil 67.98 67.93 824
Mini Russell 2000 | 224030 | 553348 74.39
=] Mini S&P 500 426396 | 82660.8 28751
T Mini NASDAQ 14474.08 | 1300868 | 1140.56
Hang Seng Index | 27051.66 | 4177394 | 204387
oA AL gel Ae Aok o] g
%9 A1g3H 9917k th2a 7HA e Hang Seng®l 7
% Crude Oil &350l w8l =2 3tS& o] &3t} o]d 4
- Atol ExFa) A7) wliel FHE HolHE 7 nl&
grom Axtels dAe AgS & 29 2ol ARtk
o5

o

J

W& -4 ek
Z=7} n|& Divice = Datose | E7HF AL F7E A7E A7
i AR o4 v
- = [}
o= HA D.tose — Diasa 071'9]'#5, 20, 50, 1201 24039]
Dy o]l FHT A o]&3 Hl&
Bl Detose — Dipp %79k %%X‘]@EOZZ)Y
Dy (202)5 o] &3 &
2. Z3eks 2l
dyu]Ed s HaE 98 29 13 7Zo] DNN
mdS o] &3] DQN, A2C, AC ¢duglEe 77 44



Performance Comparison of Reinforcement Learning Algorithms for Futures Scalping

Data
Preprocessing

DQN
* # Environment
A .
> Agent
A2C
Actor o2 «——» Environment =] =

H >

l

Agent

0
or
s
El

A3C

#*—» Environment

l

Agent

« >

=
Figure 1. Reinforcement learning Model
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