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Problems & Ideas

The article theoretically analyzes how causal world models affect policy performance in the 

context of offline reinforcement learning and studies how to accurately capture causal 

relationships and construct causal world models in offline scenarios. The analysis found that 

incorporating causal structures into the learning of environmental models can improve the 

generalization error bounds, thereby proving the positive impact of causal world models on 

policy performance. At the same time, the article also developed an efficient causal 

discovery method in the offline reinforcement learning scenario, which reduces the number 

of independence assumption tests by leveraging the data characteristics of reinforcement 

learning, thus improving the efficiency of causal discovery while maintaining the accuracy of 

causal findings.



Main Contributions

1.We list all possible causal relationships in triples and remove those structures that are 

impossible to occur in reinforcement learning scenarios and composite structures that need not 

be discussed.

2.Among the remaining possible structures, we find that the independence assumption test can 

be conducted with a very concise principle, namely: placing the variables at the current time t into 

the condition set, and not including the variables at the future time t+1 in the condition set.



Main Results

The results indicate that the proposed offline reinforcement learning 

algorithm based on causal world models can achieve significant 

advantages over offline reinforcement learning algorithms based on non-

causal models in multiple experimental environments. 



Main Results

Generalization Ability Transfer Ability

Our method MA3C enjoys high generalization ability to different 

perturbation ranges and could promote the learning phase for new tasks.


