
Why Do We Need Causal Understanding in LLMs? 
“Deep learning has instead given us machines with truly 
impressive abilities but no intelligence. The difference is profound 
and lies in the absence of a model of reality.” - Judea Pearl 

● Current LLM limitations: 

- Incomplete or incorrect causal knowledge of the world. 

- Poor generalization to novel scenarios. 

- Limited understanding of action consequences. 

Our Solution: 

● Integrate Causal Representation Learning (CRL) with LLMs. 

● Learn structured causal world models. 

● Enable robust planning and reasoning. 
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Why Causal Representation Learning? 

Goal: 
● Learn disentangled representations of causal variables 

● Discover underlying causal structure from observations 

● Enable reliable prediction of intervention effects 

Modeling Setup: 
Input: High-dimensional observations      and actions  
Learn mapping:  

Temporal dynamics:  

Key equation: 

Causal Representation Learning

● Causal Encoder: Maps high-dimensional states to causal variables 

● Transition Model: Predicts next states given actions using learned causal structure 

● Decoder: Decodes the disentangled causal representation to text descriptions

1. LLM proposes actions based on current state 

2. Causal world model simulates outcomes

Planning: Finding sequence of actions to reach 
desired goals. Requires understanding action 
consequences and long-term effects. 
● Our approach shows superior success rates across 

environments 
● Particularly effective for complex, multi-step tasks 

 

Causal Inference: Predicting the effects of actions on 
the environment. 
● Metric: Accuracy 
● Our model maintains high accuracy even for long-

term predictions 
● Performance gap widens with prediction horizon

Planning

Causal Inference
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➔ First framework integrating CRL with language models for planning 

➔ Demonstrated benefits of structured causal understanding in planning 

➔ Introduced effective text-based interface for causal world models 

 

Key findings: 

➔ CRL enables more robust and reliable AI planning systems 

➔ Bridges the gap between language understanding and causal reasoning 

➔ Provides foundation for scaling to real-world applications 

 

Future Directions: 

➔ Extension to more complex environments 

➔ Integration with advanced search algorithms 

➔ Applications in robotics and embodied AI
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3. State evaluation and action selection 
 
4. Iterative refinement through MCTS 


