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Neural Mechanisms of Mental Simulation
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Crux question: What are the neural 
mechanisms that enable the brain’s 
“simulation-like” computations across 
environments?
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R2 (Behavioral Outputs): Generate physical predictions for 
each scenario (“behavior”).

R3 (Neural Representations):  Consist of internal units that 
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Physion/ThreeD World (TDW) Bear et al. 2021

Focus on everyday physical understanding
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Takeaways so far…

1. Mental simulation appears to be primarily relevant to predicting 
the future state of the environment in a suitable latent space. 

2.  In particular, this latent space is highly constrained -- it doesn't 
appear to consist of bespoke object slots or prioritize fine-
grained details (e.g. at the level of pixels), but rather mainly 

has to be reusable across dynamic scenes. 

3. So far a correspondence between the ability to predict neural 
& behavioral responses, and developing useful representations 
for Embodied AI more generally (rather than classic computer 

vision tasks e.g. classification, segmentation, etc).
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Future Directions

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-based, video 

foundation model? 

2. Cognitive: Hierarchy/modularization of timescales in dynamics? 

3. Data: More complex 2D and 3D scenes/real world objects
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