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Evaluation of Soft Actor-Critic in Discrete Action Space
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Abstract: Soft Actor-Critic (SAC) [1], [2] is the state-of-the-art reinforcement learning method for continu-
ous action domains and it is widely used because of its high sample-efficiency and robustness. In this research,
we show that SAC is equivalent to Soft Q-Learning (SoftQ) [3] in discrete action space and SoftQ performs
better than the naive version of SAC for discrete action space in terms of sample-efficiency. Moreover, we
evaluate the effect of the choice of behavior policies and the characteristics of using soft action value functions
through experiments.
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Fig. 1 LunarLander-v2 environment
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