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A Study on Portfolio based on a Deep Deterministic Policy
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Abstract

Deep Reinforcement learning has recently been used in a variety of fields such as games, robotics,
autonomous driving, data cooling solutions. Reinforcement learning, which can decide on their own policy,
is algorithm for performing portfolio allocation in an automated manner without the need for continuous
supervision. Some activation functions were used to compare and analyze portfolio performance based on
the Deep Deterministic Policy Gradient Algorithm(DDPG). The Sharp Index of the portfolio based on the
DDPG recorded a higher value than the benchmark. One reason for this is that understanding action
probabilities is required to select an action and receive a reward, which we then compare to the state value
to determine an advantage. Furthermore, the probability of learning the optimal policy is thought to have
increased because profits are calculated by comparing this to the state value. However, most activation
functions performed similarly when ReLU, Leaky ReLU and ELU were compared. In this context, verifying
the impact on in-depth reinforcement learning is a hot topic in the financial industry.
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