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Abstract The behavior regularized actor—critic (BRAC) is an offline reinforcement learning
algorithm. It alleviates the distribution shift problem by taking the Kullback-Leibler (KL)
divergence between the current and behavior policies as the regularization term in the policy
objective function. However, KL divergence is an unbounded measure of distribution difference.
When the policy difference is too large, the expected cumulative return in the policy objective
function will only play a limited role in the policy improvement, resulting in poor performance of
the learned policy. To address the issue, we take the skew—symmetric Jensen-Shannon (JS)
divergence between the current and behavior policies as the regularization term in the policy
objective function and propose a generalized offline actor—critic with behavior regularization
(GOACBR) algorithm. The theoretical analysis shows that since the skew-symmetric JS
divergence is bounded, it’s helpful to reduce the difference in policy performance by taking it as
the regularization term. Furthermore, since it’s difficult to directly calculate the skew—-symmetric
JS divergence between policies due that the behavior policy is unknown. an auxiliary neural
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network is designed to indirectly estimate it. Finally, the convergence of GOACBR is proved
theoretically. The performance of GOACBR is evaluated on the D4RL benchmark dataset. Compared
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with BRAC, the total average cumulative return achieved by GOACBR on all testing tasks has
increased by 289.8%. The source code is available at https://github.com/houge1996/GOAC.
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Background

Reinforcement learning (RL) is an important branch of
machine learning, which can be divided into online reinforcement
learning (online RL) and offline reinforcement learning (offline
RL). In online RL, the interaction cost between agent and
environment is high and the security of agent is difficult to be
guaranteed, which limits its application to the real world.
Offline RL 1s concerned with how an agent can learn the
optimal policy by using a fixed offline dataset without
interacting with the environment. Therefore, the offline RL has
wide potential applications in the real world. However, there 1s
a major challenge in offline RL: distribution shift. Due to the
distribution shift, Q values of the state-action pairs that are not
included in the offline dataset will be incorrectly estimated. In
order to alleviate the distribution shift problem, this paper

proposes a novel generalized offline actor—critic with behavior

regularization (GOACBR). To alleviate the effect of
distribution shift on policy improvement process, the skew-—
symmetric JS divergence between the current and behavior
policies is taken as the regularization term in the policy
objective function. The theoretical analysis shows that the
convergence of GOACBR can be guaranteed. An auxiliary
neural network is designed to indirectly estimate the skew—
symmetric Jensen-Shannon (JS) divergence between the
current and behavior policies. Experimental results on the
D4RL benchmark dataset show that GOACBR outperforms
various SOTA offline RL algorithms.
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