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Abstract

Reinforcement Learning for Stock Trading
based on Contrastive Representation Learning

of Market States

Ji Moon, Jeong

Department of Industrial Engineering
The Graduate School

Seoul National University

Stock data are highly irregular, making it difficult to accurately characterize each situation. This
challenge has long spurred research on effective stock trading strategies. Recently, due to the
advancements in deep learning, research on stock trading using reinforcement learning has been
actively carried out. Since reinforcement learing selects actions based on observed states, choosing a
state that accurately represents current stock price information is crucial.

This paper proposes a method to extract the representation of stock price data using contrastive
learning, which has recently shown excellent performance in time-series feature extraction, and to use
it as the state in reinforcement learning stock trading models. Experimental results using the
representation of stock prices extracted through contrastive learning demonstrated higher profitability
than previous studies using rule-based indicators. Furthermore, results found that the reinforcement

learning model conducts less trading when using the representation extracted by contrastive learning



as the state. These results suggest that the representation of stock price data extracted through
contrastive learning could play a crucial role in enhancing the performance of reinforcement learing-

based stock trading models.
Keywords: Reinforcement learning, Stock trading, Time series, Representation learning, Contrastive
learning, Deep learning
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