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Similar predictivities between CNNs vs. Transformers
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New Models Needed

• Metrics
• Correlation Based

• Causal Manipulations

• Mapping Transform Class


• Brain Comparison Data
• Organism

• Cognitive Tasks

• Brain Area

• Number of Units

• Number of Conditions


• Models
• Architecture

• Loss Function

• Dataset

New ideas
needed

Modify
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(frontal cortex)

(Primates)

(Regression)



We do a lot more than passive viewing…



We do a lot more than passive viewing…

Crux question: What are the neural 
mechanisms that enable us to predict 
the future state of our environment 
across diverse settings?
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DMFC

dlPFC

LIP

Fronto-Parietal Network

• 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

Mental-Pong Task & Macaque Neurophysiology
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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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