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Using AI to explain the brain

Using neuroscience to explain AI



Access to neural data is increasing exponentially

https://stevenson.lab.uconn.edu/scaling



Quantitative synergy between science + engineering
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Key messages today

1. AI → Neuro: Particular neural

network models are state-of-the-

art at predicting brain function and

human behavior.

2. Neuro → AI: Neuroscience has

found very effective ways of

identifying network function which

are applicable to AI.
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experimental 
paradigm

Benchmark

similarity metric

look_at(stimuli)

Model
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assess image-level 
alignment of model 
to primate behavior
(not just accuracy)
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V1

V2

V4

IT

Integrative testing of models on brain + behavioral data

V4 IT
behavior

V2V1

One model to 
predict all data

(not piecewise efforts)

Artificial neural network models
• Trained for computational task, 

weights optimized via backprop
(not trained on brain data)

• Internal processing stages (hidden 
layers, “deep” learning)

• Accept any new input (pixels)



SOTA ML models predict brain activity 
with high fidelity

Brain V-JEPA (brainified) Tang et al. 2025



SOTA ML models predict brain activity 
with high fidelity

Tang et al. 2025
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Integrative Benchmarking on Brain-Score
100+ brain & behavior benchmarks



Schrimpf*, Kubilius*, et al. 2018

one model

What explains the model differences?

https://arxiv.org/abs/1608.06993


What explains the model differences?

Schrimpf*, Kubilius*, et al. 2018Normative variable
cf. Yamins*, Hong*, et al. 2014

https://arxiv.org/abs/1608.06993


What explains the model differences?

Schrimpf*, Kubilius*, et al. (2018)
Kubilius*, Schrimpf*, et al. (2019)

r = .9

Task performance (ML goal)

But rather task performance, as 
a combination of architecture + 
optimization

We are far 
from done!

Not the small-scale circuits

https://arxiv.org/abs/1608.06993
https://arxiv.org/abs/1608.06993


  
   

   

   

   

   

   

Schrimpf et al. (PNAS 2021)
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Particular ML language models 
predict the human language system

gpt2-xl

https://www.pnas.org/content/118/45/e2105646118


Schrimpf et al. (PNAS 2021)
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The better models can predict the next word, 
the more brain-like they are 

.org/language

https://www.pnas.org/content/118/45/e2105646118


Lonnqvist et al. 2025 (ICML)
see also Muttenthaler et al. 2023

Most models are unable to recognize 
fragmented images. But increased 
scale improves behavioral alignment

Most models are unable to recognize 
fragmented images. But increased 
scale improves behavioral alignment

https://arxiv.org/abs/2504.05253
https://arxiv.org/abs/2504.05253


Is ML-like scaling the solution for brain models?
No. But scaling brain data seems promising.

Gokce & Schrimpf 2025
(ICML Spotlight)
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Neuroscience tools identify LLM mechanisms

“The quick brown fox…”

AlKhamissi et al. 2024
(NAACL Oral)

Brain Model

1% of units!



Localize causal mechanisms of brain disorders 
(e.g., dyslexia)

Honarmand et al. (in prep)



Topographic language models (TopoLM)

This loss encourages 
spatial clustering →
minimizes wiring length
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Rathi & Mehrer et al. 2024
(ICLR Oral)
See also Margalit et al. 2023



TopoLM exhibits 
brain-like clustering
of verbs and nouns

Rathi & Mehrer et al. 2024

red = more selective for verbs blue = more selective for nouns



Brain-Like Cognitive Reasoning

AlKhamissi et al. 2025

Fedorenko et al. 2024

https://arxiv.org/pdf/2506.13331
https://www.nature.com/articles/s41583-024-00802-4


1. AI → Neuro: Particular neural

network models are state-of-the-

art at predicting brain function and

human behavior.

2. Neuro → AI: Neuroscience has

found very effective ways of

identifying network function which

are applicable to AI.

3. NeuroAI → Clinic: Digital twins to

help treat brain disorders.



We can use brain-aligned LLMs to 
noninvasively control neural activity

Tuckute et al. (Nature Human Behavior 2023)
See also Bashivan*, Kar*, et al. (Science 2019)
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Can a good model 
of the brain tell us 

how to control 
neural activity?



NeuroAI models can control brain activity

Tuckute et al. (2023)
Beauchamp et al. (2020) Chen et al. (2021) Schrimpf et al. (2024)

NeuroAI-
powered 
cortical 
implant

adapted from Utah health



Contributions

1. AI → Neuro: Particular neural network

models are state-of-the-art at

predicting brain function and human

behavior.

2. Neuro → AI: Neuroscience has found

very effective ways of identifying

network function which are applicable

to AI.

3. NeuroAI → Clinic: Digital twins to help

treat brain disorders.
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