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Reinforcement Learning based on Free Energy
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Abstract With the advancement of large-scale language models, scaled with model size, data volume, and
computational resources during training it has become clear to what extent these models can learn the
information available in the world as a probability distribution. The utility of applications utilizing large
pre-trained models has also been strongly demonstrated. In the future, there is an expectation for the
development of agents that can perform specific tasks through interactions with external environments
based on these learned foundational models. Learning based on trial and error through interactions with
external environments is referred to as reinforcement learning, which is employed in tasks where explicit
teacher signals are not provided and where victories, defeats, or successes are received as rewards. This
approach has achieved considerable success. However, reinforcement learning also faces several challenges,
including a lack of robustness in learning, the need for fine-tuning hyperparameters making it difficult to
apply to new tasks, and the absence of a unified design methodology causing problem-specific techniques.
This paper proposes a formulation of reinforcement learning based on the concept of free energy, which
serves as a fundamental quantity in learning probability distributions, aiming for a unified understanding
of learning systems. By means of this formulation via free energy, we derive robustness through the
entropy of policy parameters and a proper balance between exploration and exploitation through reward

variance. Furthermore, we present a local optimization algorithm for approximating a specified objective
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function using a normal distribution, and we compare the analytical results with other methods to clarify
their relationships. The results obtained are expected to provide valuable insights for the design of learn-

ing systems from a unified perspective.
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