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Using Al to explain the brain

Using neuroscience to explain Al



Access to neural data is increasing exponentially
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Quantitative synergy between science + engineering

Brain and Al/ML
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Key messages today

1. Al = Neuro: Particular neural
network models are state-of-the-

art at predicting brain function and
human behavior.

2. Neuro > Al: Neuroscience has
found very effective ways of
identifying network function which
are applicable to Al.




1. Al > Neuro: Particular neural
network models are state-of-the-

art at predicting brain function and
human behavior.

2. Neuro =2 Al: Neuroscience has
found very effective ways of
identifying network function which
are applicable to Al.
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Behavioral data

Rajalingham?*, Issa*, et al. (JNeuro 2018)
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Behavioral data
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Behavioral benchmark
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Neural data
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Neural benchmark
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ntegrative testing of models on brain + behavioral data
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SOTA ML models predict brain activity
with high fidelity
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Brain V-JEPA (brainified) Tang et al. 2025




SOTA ML models predict brain activity
with high fidelity
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Integrative Benchmarking on Brain-Score
100+ brain & behavior benchmarks
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What explains the model differences?

: Brain-Score

.25

*~one model

Schrimpf*, Kubilius*, et al. 2018



https://arxiv.org/abs/1608.06993

What explains the model differences?
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https://arxiv.org/abs/1608.06993

What explains the model differences?

Not the small-scale circuits
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Particular ML language models
oredict the human language system
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https://www.pnas.org/content/118/45/e2105646118
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https://www.pnas.org/content/118/45/e2105646118

=2

pan”_, "pan’_,

pan”_, “pan’_,

Most models are unable to recognize
fragmented images. But increased
scale improves behavioral alignment
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https://arxiv.org/abs/2504.05253
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s ML-like scaling the solution for brain models?

260 No. But scaling brain data seems promising.
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1. Al > Neuro: Particular neural
network models are state-of-the-

art at predicting brain function and
human behavior.

2. Neuro = Al: Neuroscience has
found very effective ways of

iIdentifying network function which
are applicable to Al.




Neuroscience tools identify LLM mechanisms
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Localize causal mechanisms of brain disorders
(e.g., dyslexia)
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Topographic language models (TopoLM)

Rathi & Mehrer et al. 2024

ICLR Oral
See also Margalit et al. 2023
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Neural Data — Hauptman et al. 2024

red = more selective for verbs blue = more selective for nouns
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Brain-Like Cognitive Reasoning

(a) Brain Cognitive Networks

(b) Model Architecture
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https://arxiv.org/pdf/2506.13331
https://www.nature.com/articles/s41583-024-00802-4

1.

Al =2 Neuro: Particular neural
network models are state-of-the-

art at predicting brain function and
human behavior.

. Neuro = Al: Neuroscience has

found very effective ways of
identifying network function which
are applicable to Al.

. NeuroAl = Clinic: Digital twins to

help treat brain disorders.



We can use brain-aligned LLMs to
noninvasively control neural activity
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NeuroAl models can control brain activity
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1. Al = Neuro: Particular neural network

models are  state-of-the-art  at
predicting brain function and human
behavior. s ::Brain-Score

Neuro = Al: Neuroscience has found
very effective ways of Iidentitying
network function which are applicable
to Al.

NeuroAl = Clinic: Digital twins to help
treat brain disorders.
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