
Why NeuroAI Needs NeuroAgents
Aran Nayebi
Carnegie Mellon University
Machine Learning Department
Neuroscience Institute (core faculty), Robotics Institute (courtesy)

Cosyne 2025 Agents Workshop
2025.03.31



Schrimpf*, Kubilius* et al. 2018

Similar predictivities among very different CNN architectures

V1

IT
V2

V4V1

IT
V2

V4



Similar predictivities among very different CNN architectures

Schrimpf*, Kubilius* et al. 2018

V1

IT
V2

V4V1

IT
V2

V4



Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023



Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023



Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023

New ideas needed!



Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023

New ideas needed!Models?



Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023

New ideas needed!Models? Methodology?



Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023

New ideas needed!Models? Methodology?
Are we saturating the current 
metrics without knowing it?



Determining the Methodology



Determining the Methodology

We don’t have an a priori notion of what constitutes a 
“good” brain-model in an absolute sense



Determining the Methodology

We don’t have an a priori notion of what constitutes a 
“good” brain-model in an absolute sense

…if we did, we would just put it in the model and be 
done already!



Determining the Methodology

We don’t have an a priori notion of what constitutes a 
“good” brain-model in an absolute sense

…if we did, we would just put it in the model and be 
done already!



Determining the Methodology

We don’t have an a priori notion of what constitutes a 
“good” brain-model in an absolute sense

…if we did, we would just put it in the model and be 
done already!

But, we do know that animals/subjects contain those 
desired properties (even if we can’t describe them), so 

we instead take a relative perspective
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NeuroAI Turing Test: An Example in Primate Object Recognition

So we may have achieved it for the classic “HvM” dataset (it’s tapped out!)
But I will show you that we haven’t yet in embodied intelligence…
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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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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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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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How?
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Perhaps DMFC predicts a “factorized” version of the scene? 
How? Not by allocating fixed object slots!
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Exposed to the largest variety of egocentric video sources & 
transfers best across the widest range of embodied tasks.
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Future Directions: The Need for New World Models

But we still have a ways to go to reach the NeuroAI 
Turing Test here!
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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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Next Steps: Modularized, Embodied Agents?
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• Identifying biological learning rules
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Long-Term Outcome: Artificial Organisms
How does the brain represent, predict, plan, and enable action?
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