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Abstract Reinforcement learning is suitable for many tasks that cannot provide an explicit training sample
and can only provide rewards. Despite some high-impact successes, reinforcement learning is not easily
applicable to many new situations due to lack of robustness and the need for hard hyperparameter tuning.
One reason for this problem is that the existing methods do not account for the uncertainties of rewards
and policy parameters. In this paper, we use Bayesian methods in parameter-based policy exploration to
define an objective function that explicitly accounts for uncertainty of reward and policy parameters. In
addition, we provide an efficient algorithm that optimizes this objective function under continuous state
and action spaces. Numerical results show that the proposed method is more robust than existing non-

Bayesian parameter-based policy exploration by balancing reward acquisition and exploration.
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