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Suggestion of Strategy for the Automation of
Stocks Based on Reinforcement Learning
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This work proposes an effective learning strategy by developing a stock auto-sell system based on reinforcement
learning and comparing and analyzing it under various conditions. Based on PG, DQN, and A2C reinforcement
learning techniques, reinforcement learning was implemented by determining the behavior of buying/selling/
viewing networks at the end of the day and providing compensation. The experiment was conducted largely by
dividing four conditions. We propose an effective reinforcement learning strategy through performance comparison
by reinforcement learning technique, model stability comparison by variability in learning period, and performance
comparison experiment by length of learning period of model.
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2.2 Deep Q Networks
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Figure 1. Structure of DQN with CNN
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Figure 2. Structure of DQN with DNN
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2.3 Policy Gradient
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Figure 3. Framework of A2C
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Figure 4. DNN Architecture for Reinforce Learning Model
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Table 1. Model Configuration and Description

Options
Environment Stock price data
Point of Stock price data,
State . . .
Close price moving average ratio
Agent Buying/Selling/Hold
Reword Revenue Beyond Critical Points

Loss occurrence

Deep Q Networks, Policy Gradient,
Advantage actor-critic

Reinforcement learning
method

Neural network DNN
Learning rate 0.01
Initial exploration rate 1
Initial capital 10,000,000
num of epochs 3
Discount factor 0.9
Delayed reward threshold 0.04

Hohyun Hwang + YongHoon Kim -

YoungHoon Lee

Determination of the
rate of exploration

Random behavior

determination

Determination of behavior
by neural networks

Delayed reward
occuration

Initializaion

End of
learning

No
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Table 2. Used items for Datasets
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5 NAVER gl 7uke] & olyd| high) 717+0. 2 A A8} 11, <Table 4>} 2] T d|o] 6| & w3}
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7 SK AbA el o 7}924 9 Rl el M 7 Fd Ao =3k 71 A2CE 285t
8| sk=eUzE AMEAF  |NHN@AolAA AT
9| sKstolg~ g SE el 23 o] Ad}= <Table 4>9} 2T} W5 Al o] B8 A7) 9] 85
10 S0kt CMGH F ol npel Sk 292 VIX-low testol| 4] 31 -4.66% VIX-high testoll 4 3
1 e orE Al Ao R o2 -4.59%0] 31 WA 0] W& Al7]o S5k S VIX-low test
= A ASDI S Aol PEREE ol A 7 -13.09% VIX-high testo] Al 3 1 -7.84% E H 54 o]
™ A SlopopE EE T F2 FRHA S5 Bdo] ¥ MR o] e AHE
14 [ Aol 0 2.4 | A FpS At
15 A A= 2tdfo] o H) ofolelEl M
T dEde B FeloAg Table 4. Train Set and Test Set According to Variability
17 AR ALZE H SRFA oF FEIE VIX-low test VIX-high test
18 717+ L sju) A =pd === Loss Loss
0 S TP EPE] KGol A= Loss average Profits average Profits average
20| dohAEA Frjuto] & olo] Y ZE KOSPI | 2.05% | 9.71% | 9.66% | -5.88%
\1’3 BIO | -1.11% |-18.09% | 46.97% | -7.44%
. Untact | -2.04% | -11.49% | 17.52% | -10.20%
4.1 DQN, PG, A2C A5S v train
Average | -037% | -13.09% | 24.72% | -7.84%
2dlo] 8k 717H8-2017. 09. 01~2019. 08. 31, 23 O & H| 2~ KOSPI | 2.28% | -2.98% | 5.93% | -0.31%
E 717+ 2019. 09. 01~2020.08. 31, 19 0.2 345t} VIX- B0 | 7.50% | -6.95% | 25.01% | -11.40%
A 9| AI}= <Table 3>7 2t 7 o] &2 73} Elﬂ Untact | 0.87% | -4.04% | 8.03% | -2.06%
S5 712 A2CO.E A7 9] 20852 9.66%, Hho] 2 Average | 3.55% | -4.66% | 12.99% | -4.59%

B = 46.97%,

OlHE

T

Bl nl5= 17.52%0] Tk DQNL& 4-9]

He Mol AA T, QP o] & B 7O £4 F5

H1+0] 1.63%, 0.4%, 0.91%Z THE 7] H ol u]a| A 2410 uf$-
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Table 3. Model Performance by Reinforcement Learning Techniques

Models Profits Loss average
A2C 9.66% -5.88%
KOSPI PG 7.64% -5.50%
DQN 4.24% -1.63%
A2C 46.97% -7.44%
BIO PG 1.81% -0.01654%
DQN 3.54% -0.40%
A2C 17.52% -10.20%
Untact PG 15.57% 0.00%
DQN 5.28% -0.91%

A 4ue AP Ao HFE A A7 S )
205504 Aol 713 & F5- Hela) nlet 323]
7k 744 QA o) gk, A H Q) A3k <Figure 6>34 2.

Loss Average by Category
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KOSPI BIO
Figure 6. Average Loss by Category

Untact
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Figure 7. Data Distribution of Learning Period Performance Com-

parison Experiments
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Tabel 5. Comparison of performance by length of learning period

Avg of profits
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Avg of lost stocks
-6.02%
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