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Similar predictivities between CNNs vs. Transformers
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Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023

New ideas needed!
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A. Nayebi*, N.C.L. Kong*, C. Zhuang, J.L. Gardner, A.M. Norcia, D.L.K. Yamins
Mouse visual cortex as a limited resource system that self-learns an ecologically-general representation. 

PLOS Computational Biology 2023

Nathan C.L. Kong*
Chengxu Zhuang Justin L. Gardner

Anthony M. Norcia Daniel Yamins

Mouse Visual Cortex as a Task-General, Limited Resource System
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Does task-optimization apply to rodents?
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What is the ecological reason why the mouse visual system prefers self-supervision?
Hypothesis: task-generality rather than functional specialization.
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Embodied Virtual Rodent Navigation

Biomechanical Model
(Joint angles, accelerometer, etc.)
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High degree-of-freedom body, keeping track of history over long timescales with high-
dimensional, continuous inputs

Bence Ölveczky
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A. Nayebi, R. Rajalingham, M. Jazayeri, G.R. Yang
Neural foundations of mental simulation: future prediction of latent representations on dynamic scenes. 

NeurIPS 2023 (spotlight)

Rishi Rajalingham Mehrdad Jazayeri Guangyu Robert Yang

Reusable Latent Representations for Primate Mental Simulation
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Defining Hypotheses



R1 (Input-Driven): Take in unstructured visual inputs 
across a range of physical phenomena.

R2 (Behavioral Outputs): Generate physical predictions 
for each scenario (“behavior”).

R3 (Neural Representations):  Consist of internal units 
that can be compared to biological units (e.g. containing 
“artificial neurons”).

“Sensory-Cognitive Networks”

Defining Hypotheses



Overall Approach: Sensory-Cognitive Hypotheses
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LIP

Fronto-Parietal Network

Monkey P Monkey M

Dorsomedial frontal cortex (DMFC)

Rishi Rajalingham

79 conditions

Macaque Neurophysiology: Mental Pong

• 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 
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<latexit sha1_base64="5OQW1YJTqUD4Go92JA0EMFgR2s0="></latexit>

L = kxt+1 � x̂t+1k22 + �DKL(N (µ,�)kN (0, I))

Hypothesis Class1: Pixel-wise Future Prediction
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We do far more than engage with static images!



Hypothesis Class 3: Video Foundation Models

Grauman et al. 2022
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Hypothesis Class 3: Video Foundation Models

Grauman et al. 2022

Majumdar et al. 2023
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‣ Mouse Visual Cortex as a Task-General, Limited Resource System

‣ Reusable Latent Representations for Primate Mental Simulation

‣ Heuristics for Interrogating Natural Intelligence

Mouse visual cortex (so far) is a low-acuity, shallow network that makes best use of 
the mouse’s limited resources to create a general-purpose visual system, that can be 
deployed in novel environments and embodied contexts.

Outline

Mental simulation crucially relies on explicit future prediction of a “factorized 
description” of visual scenes, where this “factorized description” is strongly constrained 
and must enable a wide range of dynamic embodied abilities.
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Heuristics for Interrogating Natural Intelligence

• Incorporating Neuroscience Insights:

• Connectomics: Not usually a 1-1 mapping from a connectome to a 
functional model, and easy to get wrong. Rather, the best model often 

requires a balance of functional optimization with macroscale structural 
constraints (e.g. shallow vs. deep cortex). 

• Ethology: Ethology alone does not always give us the “correct” functional 
optimization target (e.g. for intermediate brain areas). Can be helpful to 
consider that the brain area is embedded in a larger cognitive agent. 

• Incorporating AI Insights:

• End-to-end reinforcement learning (RL) does not seem to give us neurally-
aligned visual systems in both rodents and primates. 

• Suggests a possible functional modularization of optimization targets, with 
reusable SSL representations best matching visual areas overall.
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