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Abstract Reinforcement learning is a significant research area in machine learning. By interacting
with the environment, agents can adapt to the dynamic environment. At the same time, this
interactive learning approach allows an agent to progressively optimize its policy, which is
promising for a wide range of applications. Deep reinforcement learning, a method that combines
reinforcement learning with deep learning, plays a crucial role in artificial intelligence. This
combination enables agents to learn and make autonomous decisions in complex and dynamic
environments without complex supervised data. In recent years, deep reinforcement learning has
achieved remarkable results in games and complex control tasks. For example, Deep Q Learning
(DQN) algorithm uses a convolutional neural network to process the visual input from the game
screen and continuously updates the policy through a Q-learning algorithm. In Atari 2600 games,
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the DQN can learn advanced game strategies autonomously by looking at the game screen pixel
information, even without human expert guidance. However, DQN is only applicable to discrete
action space tasks. To solve this problem, Deep Deterministic Policy Gradient (DDPG)
combines deterministic policy gradient algorithms with DQN algorithms to achieve policy
optimization and learning in continuous action spaces. Twin Delayed Deep Deterministic Policy
Gradient (TD3) algorithm uses a clipped double Q network to prevent the value function from
being overestimated. Moreover, it introduces delayed policy updates and targeted policy
smoothing to improve policy learning stability and exploratory power. Soft Actor-Critic (SAC)
algorithm achieves efficient learning over a continuous action space by simultaneously learning a
policy network and a value function network, combined with entropy regularization. The
algorithm provides a useful learning framework for solving large-scale problems. However, deep
reinforcement learning is difficult to solve complex tasks quickly and stably due to the limited
exploration capability. Hierarchical reinforcement learning is an essential branch of deep
reinforcement learning that focuses on solving large-scale problems. It is an effective solution to
the problem of performance degradation of deep reinforcement learning when dealing with large-
scale problems through time abstraction. However, there are still challenges such as the
unreasonable setting of a priori knowledge and the inability to balance exploration and exploitation
effectively. To address the above problems, Maximum Entropy Hierarchical Reinforcement
Learning with Advantage-weighted Mutual Information Maximization (HRL-AMIM) algorithm
is proposed. The method solves the sample clustering problem induced by the policy by weighted
importance sampling of the advantage function and maximizing the average mutual information,
adding internal rewards to emphasize the diversity of Options. Meanwhile, rewards are introduced
into the maximum entropy reinforcement learning goal, which makes the policy more exploratory
and better stable. In addition, the Option number annealing method not only reduces the impact of
prior knowledge on performance but also balances the exploration and exploitation of the
algorithm, achieving higher sample efficiency and faster learning speed. The HRL-AMIM
algorithm is applied to the Mujoco task, and the experiments show that the algorithm is superior to
the traditional deep reinforcement learning algorithms and similar hierarchical reinforcement
learning algorithms in terms of performance and stability. Furthermore, the robustness and
effectiveness of the algorithm are verified by ablation experiments and hyperparameter sensitivity

experiments.
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this paper proposes the Maximum Entropy Hierarchical
Reinforcement Learning with Advantage-weighted Mutual
The

algorithm takes an innovative approach to solving the policy-

Information Maximization (HRL-AMIM) algorithm.

induced sample clustering problem and adds internal rewards to
enhance the diversity of the Option. By using weighted
importance sampling of the advantage function, and mutual
information maximization, the algorithm is able to better
explore the environment and improve the stability of training.
At the same time, by introducing a reward mechanism to the
maximum entropy reinforcement learning objective, the policy
becomes more exploratory, allowing the algorithm to better
adapt to various environments. In addition, Option number
reduces knowledge, effectively balances

annealing prior
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exploration and exploitation, and improves sampling efficiency
and learning speed. Hierarchical reinforcement learning uses
time abstraction techniques to quickly capture both external and
internal rewards, effectively overcoming the intractable
problems of deep reinforcement learning in large-scale spaces.
Therefore, hierarchical reinforcement learning has a role in
artificial intelligence that cannot be ignored.
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