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The Mental Simulation Hypothesis: Behavioral Evidence
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Craik (1943): The brain builds mental 
models of the external physical world, 
that support physical inferences via 
mental simulations.
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Craik (1943): The brain builds mental 
models of the external physical world, 
that support physical inferences via 
mental simulations.
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• A network of brain regions 
recruited by physical 

inferences (Fischer et al. 2016)

• Contains information about 
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2022)
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Functional Constraints of Mental Simulation Across Environments?
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Guiding Question: What are the 
functional constraints that enable us to 
predict the future state of our 
environment across diverse settings?
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• Data from two male adult monkeys 
• 79 subsampled M-Pong conditions 
• 64 channel v-probe (monkey P) and 384-channel Neuropixel probe (monkey M) 
• Total of 1889 stable & reliable neurons recorded from DMFC 

Monkey P Monkey M

Dorsomedial frontal cortex (DMFC)

Rishi Rajalingham

79 conditions

Model Evaluations: Macaque Neurophysiology
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Perhaps DMFC predicts a “factorized” version of the scene? 
How? Not by allocating fixed object slots.
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Leverage these dynamics to do explicit future prediction



Hypothesis Class 3: Image Foundation Models
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?

We do far more than engage with static images!



Hypothesis Class 3: Video Foundation Models

Grauman et al. 2022



Hypothesis Class 3: Video Foundation Models

Grauman et al. 2022

Majumdar et al. 2023

Reusability but with egocentric videos rather than static images!
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…but they struggle to generalize to Pong

Input Frames Predicted Frames

Ball stops at final input 
frame, in the model’s 
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timescales to represent multiple possibilities? 

3. Data: More complex 2D and 3D scenes/real world objects
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timescales to represent multiple possibilities? 

3. Data: More complex 2D and 3D scenes/real world objects
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What are the functional constraints that enable us to predict the 

future state of our environment across diverse settings?
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