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Goal: Model Natural (Human) Intelligence and 
the Underlying Neural Mechanisms

Computational 
understanding of 
human intelligence

Next-generation 
intelligence algorithms

Future clinical 
applications

≈
Models integrate 

over large-scale data 
from multiple sources



Key messages today

1. Data alone is not enough. We need 
experimental benchmarks at scale
to model the brain. These make 
research more efficient, and 
accessible to newcomers.

2. Current models of human vision and 
language are decent approximations 
of brain and behavior. We can use 
these models to prototype 
experiments.



Schrimpf et al. (Neuron 2020)

https://www.cell.com/neuron/fulltext/S0896-6273(20)30605-X


These are necessary first steps! 
But insufficient for a unified 

model by themselves

Schrimpf et al. (Neuron 2020)

https://www.cell.com/neuron/fulltext/S0896-6273(20)30605-X


Schrimpf et al. (Neuron 2020)System Models

“Level 0” (Satra) is close to 
useless here. We cannot do 
anything without metadata

https://www.cell.com/neuron/fulltext/S0896-6273(20)30605-X
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Rajalingham*, Issa*, et al. (JNeuro 2018)



experimental 
paradigm

Benchmark

similarity metric

look_at(stimuli)

Model

perform(task)
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data

correlation

experiment

prediction

similarity 
score

assess image-level 
alignment of model 
to primate behavior
(not just accuracy)
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video courtesy of Kailyn Schmidt
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Benchmark

similarity metric

look_at(stimuli)

Model

perform(task)

record(area)

neural 
predictivity

experiment

prediction

similarity 
score

data



  

  

  

 
  
  
  
 
 
  
  
 
 
 
 
 
 
 
  
 
 
 
  
  
 
 
  

 
  
  
 
 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

        

Integrative model comparison on 

V1

V2

V4

IT
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V4 IT behaviorV2V1

Schrimpf*, Kubilius*, et al. (bioRxiv 2018)
V1, V2 data: Freeman*, Ziemba*, et al. (NatNeuro 2013)
V4, IT data: Majaj*, Hong*, et al. (JNeuro 2015)
behavioral data: Rajalingham*, Issa*, et al. (JNeuro 2018)

https://arxiv.org/abs/1608.06993


  

  

  

 
  
  
  
 
 
  
  
 
 
 
 
 
 
 
  
 
 
 
  
  
 
 
  

 
  
  
 
 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

        

Integrative model comparison on 

V1

V2

V4

IT

Model candidates tested:

hmax

V4 IT behaviorV2V1
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classic neuroscience 
model

Schrimpf*, Kubilius*, et al. (bioRxiv 2018)
V1, V2 data: Freeman*, Ziemba*, et al. (NatNeuro 2013)
V4, IT data: Majaj*, Hong*, et al. (JNeuro 2015)
behavioral data: Rajalingham*, Issa*, et al. (JNeuro 2018)

https://arxiv.org/abs/1608.06993


Integrative model comparison on 

V1

V2

V4

IT

Model candidates tested:

hmax
vgg-16
vgg-19
densenet-121
densenet-169
densenet-201
inception_resnet_v2
inception_v1
inception_v2
inception_v3
inception_v4
mobilenet_v1_0.25_128
mobilenet_v1_0.25_160
mobilenet_...
mobilenet_v2_1.3_224
mobilenet_v2_1.4_224

nasnet_large
nasnet_mobile
pnasnet_large
resnet-101_v1
resnet-101_v2
resnet-152_v1
resnet-152_v2
resnet-18
resnet-34
resnet-50_v1
resnet-50_v2
squeezenet1_0
squeezenet1_1
xception
…

V4 IT behaviorV2V1

*translated into System Models:
- assign layers to regions
- assign pixels to visual degrees

Schrimpf*, Kubilius*, et al. (bioRxiv 2018)
V1, V2 data: Freeman*, Ziemba*, et al. (NatNeuro 2013)
V4, IT data: Majaj*, Hong*, et al. (JNeuro 2015)
behavioral data: Rajalingham*, Issa*, et al. (JNeuro 2018)
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ML modelsCertain artificial neural networks 
are state-of-the-art models of 
neural and behavioral alignment

All Computer Vision models 
are trained on a task 
without biological data

https://arxiv.org/abs/1608.06993


V4 IT behaviorV2V1
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Models are compared in 
a unified manner on all 
available benchmarks

www.Brain-Score.org

…

Our community is adding more 
and more benchmarks that 
evaluate all available models –
and guard against overfitting 
(currently 51 benchmarks)

Brain-Score: Integrative Benchmarking



50+ brain and behavior benchmarks to date
e.g. distributional alignments such as spatial frequency, neural 
prediction for different image sets, behavioral generalization, …

~1 model 
submission/day



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

one model

https://arxiv.org/abs/1608.06993


What explains the model differences?

Schrimpf*, Kubilius*, et al. (bioRxiv 2018)Normative variable
cf. Yamins*, Hong*, et al. (PNAS 2014)

https://arxiv.org/abs/1608.06993


Task performance correlates with Brain-Score

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

r = .9

ImageNet top-1 performance (ML goal)

on ImageNet classification

Overall, models that 
are better at ImageNet 
are more brain-like

We are far 
from done!

https://arxiv.org/abs/1608.06993


Schrimpf et 
al. 2020
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1. Track and guide progress of 
modeling primate vision

2. Relate brain benchmarks 
to one another.
Improve IT component of model 
→ improve behavior

3. Relate brain benchmarks 
to engineering desiderata
ImageNet → Brain-Score;

4. More V1-like
→ improved robustness

Discovering relationships with    Brain-Score

1

2

3

            
                     

   

   

   

 
 
  
  
 
 
 
  
  
 
  
  

r=.85

Brain-Score V1 alignment
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Dapello*, Marques*, 
et al. 2020

ImageNet top-1 performance
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Schrimpf*, Kubilius*, 
et al. 2018
Kubilius*, Schrimpf*, 
et al. 2019

r=.90

Optimize model on Brain-Score
IT alignment

r=.84

Dapello*, Kar* 
et al., 2023
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More benchmarks ➔more likely to do well 
on benchmark n+1

Number of neural benchmarks
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Integrative benchmarking yields insights across 
domains of intelligence such as language

=
?

courtesy of 
Idan Blank



  
   

   

   

   

   

   

Schrimpf et al. (PNAS 2021)

N
e

u
ra

l a
lig

n
m

e
n

t 
to

 t
h

e
h

u
m

an
 la

n
gu

ag
e 

sy
st

em

m
u

lt
ip

le
 b

ra
in

 d
at

as
et

s

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 

Brain-Score       .org/language      
github.com/brain-score/language

https://www.pnas.org/content/118/45/e2105646118
https://github.com/brain-score/


Efficient use of Brain-Score Language 
in a summer internship



Are instruction-tuned LLMs more brain-like?

Aw et al. 2023Wei et al. 2022

https://arxiv.org/abs/2109.01652


We can model the brain a lot more efficiently 
by making data accessible as benchmarks

Aw et al. 2023



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

Tuckute et al. 2023
See also Bashivan*, Kar*, et al. 2019 (vision)

  

  

  

  

  

  

 
 
  

 
   
 
 
  
  
 
  
  
  
  

 
  
 
 

 
 
 

 
 
 

  
  

  
 
 
 

 
 
  
  
 
 
 
 
 
  

 
  
  
  
 
  
  
 
 
 
  
 
 
 
 
 
 

 
 
  
  
 
 
 
  
 
 
 
 
 
 

 
 
  
  
 
 
 
  

 
  
   
 
 
 
 
  
 
 
 
 
 

 
 
  
  
 
  
 
  
 
 
 
 
 
 

 
 
  
  
 
  
 
  
 
 
 
 
 
 
  

 
 
  
  

 
  
  

 
 
 
  
 

 
  
  
  
 
 
 
  
 
  
 
 
 

  
 
 
  
 
  
 
 
 

  
 
 
  
 
  
 
  
 

 
  

  
  

  
 
  
  
 
 
 

 
  

  
  

  
 
  
  
 
 
 

 
  

  
  
  
 
   
 
  
 
 
 

 
  

  
  
  
 
 
  
 
 
 

 
  

  
  

  
 
  
 
 
 

 
  

  
 
 
 
  
 
  
 
 
 

 
  

  
 
 
 
  
 
  
 
  
 

  
 
 
 
  
  
  
 
  
 
 

 
  
 
  
 
 
 
 
  
 
 
 
 

 
  
 
  
  
  
 
  
 
 
 
 

 
  
 

  
  
 
 
  

  
  
 
 
 

  
  
 
  
 

  
  
 

  
  
 
 

 
  
 
  
  
 
 
 
  
 

 
  
 
  
  
 
 
 
  
 

 
  
 
  
  
 
  
 
  
 

 
  
 
  
  
 
  
 
  
 

 
  
 
  
  
  
  
 
  
 

 
  
 
  
  
  
  
 
  
 

 
  
 
  
  
 
  
  
 
  
 

 
  
 
  
  
 
  
  
 
  
 

 
 
 
 
 
  
 
 

 
  
  
  
 
  

 
 
  

 
 
  
  

 
 
  
 

 
 
  
  
 
  
 

 
 
  
  
 

                  

        
       

       

      

       

    



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

Tuckute et al. 2023

Without models, would 
have to ~randomly search 
the stimulus space. Brain 
models make experiments 
more efficient.



Contributions

1. Data alone is not enough. We need 
experimental benchmarks at scale to 
model the brain. These make research 
more efficient, and accessible to 
newcomers.

2. Current models of human vision and 
language are decent approximations of 
brain and behavior. We can use these 
models to prototype experiments.

Brain-Score       .org      github.com/brain-score

Number of neural benchmarks
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martin.schrimpf
@epfl.ch

mastodon.social/
@mschrimpf

@martin_schrimpf

Tuckute et 
al. 2023

Aw et al. 
2023

https://github.com/brain-score/

