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Abstract: To address the problem of policy interpretability for embodied agents in high-dimensional
state and continuous action spaces, this study proposes a state — action structural causal modeling
framework for RL policies, which aims to improve decision interpretability by explicitly characterizing
state - action dependencies with structural causal models. The framework first trains and freezes a
policy network in simulation, then constructs an offline state - action dataset from an experience
replay buffer. Based on this dataset, we adopt a linear causal structure learning method to explicitly
model the causal structure between states and actions. To further improve the stability and

generalization of causal structure learning, we introduce a policy-sensitivity-driven weighted sparsity

ek B . 2026-04-22,
W2 R H ] XXXX-XX-XX 5 2% L1 15T Hb -



[N TR NI S

prior with group-regularized constraints, together with a stability selection mechanism. These
components suppress the interference of noise and spurious correlations in structure inference, thereby
enhancing the robustness of the learned causal relations. Experimental results on nine MuJoCo
dynamics simulation platform embodied continuous control tasks show that the proposed method
improves the average reward performance over soft actor-critic by 1.58% and the median
performance by 0.38%, while learning stable causal structures. In comparison with mainstream
methods, the proposed method demonstrates competitive performance across most tasks, indicating
that it can maintain strong control capability while providing explicit causal interpretability.
Therefore, this study achieves effective causal policy modeling without introducing additional
interaction costs, providing methodological support for state - action causal analysis of reinforcement
learning policies in continuous control tasks.
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Fig. 1 Overview of the proposed SAC-SA-SCM framework
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Table 3 Average reward performance under different mechanisms
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