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Related works

« RLin finance (Trading)
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Related works

Reward design for RL finance
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Related works

* Inverse RL
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Method

Framework
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Method

* Framework - detailed
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Method

 Data

1. CHA E22 Dowjones 30 E2 S HES=Z

. train: 2005.01.01~2017.12.31, valid: 2018.01.01~2020.12.31, test: 2021.01.01~2024.12.31

2. Data processing (Indicator & states)
> open, high, low, close, volume, SMA, MACD, RSI, &dXl| ZX|H M (55 HR 0{F)
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Method

 Reward function

= $E - ARHlE

E[returns]

R; = asset — previous asset shr Oreturns

E[returns]
Rcy = (asset — previous asset) — volatility Rsor =
Oreturns[returns<o]
Y returns [returns > 0]
P | Y returns [returns < 0]| = A2 J|HE

count[returns < 0]
(E [returns > 0]/E[returns < 0]

)

Rkeny = count[returns > 0]
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Method

* Inverse RL - Adversarial Inverse RL (AIRL) [10]
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Results - Test

« Tradingrules
- RL agent= PPO
- Hell ==&: 0.1%, Short ZX|H =715 (buy, hold, sell)
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Conclusion

Summary
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