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Model Implementation of Reinforcement Learning for Trading
Prediction Using Deep Q Network
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Abstract

This study implements a reinforcement learning model to predict trading actions efficiently using basic stock data,
technical analysis data, and the stock fluctuation factor. The reinforcement learning model uses an artificial neural
network as an agent and structures the environment as the current state, next state, action, reward, and termination of
the episode. This study compares the training results of three constructed reinforcement training models. The first
model extracts the training data of the buffer randomly and learns with a single artificial neural network. The second
model extracts the training data of the buffer sequentially and learns with two artificial neural networks. The third
model extracts the training data of the buffer randomly and learns with two artificial neural networks. The
comparison indicates that the third method was slightly better. The results show a profit of 10 to 1000 times.
Additionally, item with good training results have good test results, and estimates that this result is due to the
patterns of each item.
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Fig. 1. Constitution of reinforcement learning
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Table 1. Technical analysis and sub-indicators
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Fig. 2. Reinforcement leamning model
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Table 2. State variable

Journal of KIIT. Vol. 17, No. 4, pp. 1-8, Apr. 30, 2019. pISSN 1598-8619, eI[SSN 2093-7571 5

T8t =3
Linear Unit)E AH&-3tGoH, 23} OL*’E]

943 de ReLU(Rect1ﬁed

start price  |close price| high price | low price A} 7A%&%7t WE AdamOptimizer & ‘:47\ <
X1 X2 X3 X4 . A .
= Z 71—% ==3l7] 93 tﬂ-?_]_ —
trading volume | Stochastic|  CCl | fluctuations 5 gardn. AA g2 FI] “j"H = 71"T
X5 X6 X7 X8 0.009%2 3t om, WIHL Alo|ZE= 500072 5t
g o et OlHE ==g [t
| exchange | ©€0a% | prodction AFdstA sher tlolHE FE31 8reigith
fluctuations_20 (ale rate ndex
moving avg. E 3 5 2 HAE by
X9 X10 Al X2 Table 3. Training and testing steps

step contents

dE AEE AZKXD, F7HX2), I7HX3), A7E

Extracts the Q value with the current state as an

(X4), 7eHHXS), Stochastic(X6), CCIX7), &7 1 | input, multiplies the action by a scalar and outputs

U(X8), THTE 20¥9(X9), T&(X10), T& °o%F the predicted value.
Hi 5YX11), A 2 AEA(X12) T 1271 2A 2 Determlnes the action using thg e—greedy method;
W e 013 6 = =0l o =20 - N 3 Obtains the reward by subtracting the current day’s
7T UESS 9HoR siflon, 28 =, b gain from the next day's gain.
HEE sFych 4 Insert the current state, next state, action, reward,

a7e A AY, o A, ?‘53 = x| 35 and termination of the episode into buffer.

= " =g b e The data of the buffer is extracted randomly, and
15 Al B 83 it F5 o7 50 5 | the actual value is extracted using the next state

o, ”F/H“ A4 Al e /‘Pﬂ]i 3 dlo|E 9} and reward.

Computes the error with the actual value and

[e)[el] Hlo]Eo ‘j'O]E]OE‘_U]L]_L
5< HloE T, I°1¢] ] 1= 6 | predicted value, and leamns the main network using

ESf =

dEH AF #F P& FE23h Y HolH the error.
= B Y EY I 948 BT Q S o8 7 | After Training a certain stage, copy the weights
3 A7 e 22T BB 249 uE, o from the target network to the main network.

After Training 50 times, tests the model using the

B 530 P08 FRAY E3 34 34 8 | test data,

qxe e g5 z7)ole AHSHA Wit
AR 7 2 Q #OE HEdE E-greedy B%
& AT o5 Atk ot 2ol 7t Ee]
ot T7HE o] &8kiith

Hidden
Layer1

Hidden
Layer 2

Output

profit = profit + (profile X close) 8)
ARG e U M FaF sl
o

=2

.|
w
o
O
>
N
o

Fig. 3. Arificial neural network

¥ 33 2t E 4. ZsteHs ue2ing

a9 30 ofo]AER A&t olTAAue TA Table 4. Reinforcement learning parameters
of tehA vErdow, s 4o HHstE Asies f’:ﬂn ﬁéiris 2 |§:rrr?r:§ trea:tse 0.0001
gtefrElol] thejA YERATE ool Eel|A e W hidden nodes 6 discount factor | 0.009
$7F dEgE dE¥ze P, 2L R hidden layer 2 replay buffer size | 5000
sgom A= W g BG =3 w2 output node 3 batch size 64




6 DON2 o] &3 Edlolg o3-S A3 A3ss 29

Iv. 2ot H W 24

>
ot

H3742 5% 10 7|He2 Fo]d 36 7t
8l X & 2 -%(Tensorflow) CPU Versione ©]&3l3th
7} dlolEE 2000 2€olA 20163 12€ 77+
7}A ok Ao] =& KOSPI 200 EEo)A 4 &S

|

o=

Agstant. &< dolele A7k F7F 7k A
&, Stochastic, CCI, 5 T& 5%, 58 T 20%,

S5 A= 503 WHE 3] XA HitolH, 53] vk
5 A F Has etk FoA testl > HZE

glolE 10719 A3, test2E= E|2E HolE 20719

A7 test3- HZE HolE] 30719 Aot
A A FTHY Sy WS 1265.093°]7, B

715.4280]t}). T3 C FELS 70099.960]H,

o 1T
11444.790]t}, AnkA o 7 815
53 C 5% D 59 g5 2t £

[

N
N i

<R
L
L=l

=

D
T3

Of

YR =

o
L
,

L
o

==

51O
&g,

e ol% B 5Y, A A MG B

% 84 MR 749 1960719 HIZEe|th ®

3 H2E
T} skkso
W37k A7) o
&3 HAEE B

= =
2=

P

> 22
Zo 1

A7 A T A ®

= Hlastgin. A

=

EHE s F2st
et

=]

=

H
QL
T
Lo
[40
o]
>
( ﬂ-ﬂﬂl O‘}lu
o
|o
b
ol

dlolEl= 107, 2070, 3070¢] #HHEo]
7} "lolE7} 508 WHE Zoj=
o, 503] ®wHE A¥ STk
Zole 10002 AL

otk 107 g 259 H2AE AF A £E9| HAE
HHo

[ S W

=3 C

101.65]4, B

FE O
o 1T

FZEH O
o 1

104.6°]™, D

100.330]t}.

ZH O
[S) i

105.65°]t}.

207] BF=9 HAE A A F59| HAE P
100.4850]t}. =3 C F5
115.6°t}. 307 #@ZE=9
H2E A3 A 29 HZE HFS 1031501,

o

.
o
T

=z [
B €5

102.05¢]4, B
122.50]M, D

101.270]t}.

ZHO
o 1

FZH O
O 1

5 deietg 2| ot 23

Table 5. Training result of reinforcement learning model

A WA 2de Wy golgE AdYEA == Itemn model 1 model 2 model 3
T =)0 olFAAYo 7 dEEldT nE A A 12430 1255.08 127568
7 2 Aot giriort Al dA Wl S A e R L L
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Table 6. Training and testing results
[tem 1 2 3 4 5 Average
train 1254.7684 1243629 1296.3746 1260.2824 1270.4104 1265.0930
A test1 101.65 101.65 101.65 101.65 101.65 101.65
test2 102.05 102.05 102.05 102.05 102.05 102.05
test3 103.15 103.15 103.15 103.15 103.15 103.15
train 671.9992 735.3346 677.0087 770.9809 721.7667 715428
5 test1 100.33 100.33 100.33 100.33 100.33 100.330
test2 100.485 100485 100.485 100485 100.485 100.485
test3 101.27 101.27 101.27 101.27 101.27 101.27
train 69840.458 70146.988 69969.43 70001.307 70541.626 70099.96
c test1 104.6 104.6 104.6 104.6 104.6 104.6
test? 1225 1225 1225 1225 1225 1225
test3 2095 209.5 2095 2095 2095 2095
train 11879.648 11520477 11350.737 11216.353 11247733 1144479
D test1 105.65 105.65 105.65 105.65 105.65 105.65
test2 1156 1156 1156 1156 1156 1156
test3 116.95 116.95 116.95 116.95 116.95 116.95
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