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Performance Evaluation of Portfolio using a Deep Q-Networks
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Abstract

After Google's AlphaGo beats Go master Lee Se-dol in 2016, the financial industry has been
increasingly interested in Robo-Advisor. As the importance of digital asset management grows, the
long-term growth potential of the Robo-advisor industry is expected to be very high. However, digital asset
management using Robo-advisors has not yet been sufficiently verified, and many studies related to
reinforcement learning including artificial neural networks and finance have not been conducted. This study
compares some stochastic gradient descent algorithms of deep Q-network(DQN) to maximize the long-term
financial portfolio performance. As a result, the Sharpe ratio of the portfolio using the DQN was lower
than that of the equally weighted portfolio. It is considered that most of the transitions stored in the replay
memory have no informational reward indicator, and provide insufficient value to the convergence and
training of the DQN. Secondly, unlike Adam, which is generally known for its excellent performance, the
performance of the DQN with RMSprop outperformed.
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