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Goal: Model Natural (Human) Intelligence and
the Underlying Neural Mechanisms
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Models integrate
over large-scale data

A
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Computational
understanding of
human intelligence

Next-generation Future clinical
intelligence algorithms applications



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.
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Schrimpf et al. (Neuron 2020)



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

Language .b. oo .
O C RN \ e2: Brain-Score

‘)

L X

System Models Schrimpf et al. (Neuron 2020)
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“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)
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Rajalingham?*, Issa*, et al. (JNeuro 2018)



Behavioral benchmark
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Behavioral benchmark

Rajalingham?*, Issa*, et al. (JNeuro 2018)
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Behavioral benchmark
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Benchmark A

experimental
paradigm
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Neural benchmarks
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Integrative model comparison on $:: Brain-Score
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https://arxiv.org/abs/1608.06993

Integrative model comparison on $:: Brain-Score

Model candidates tested:
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Integrative model comparison on $:: Brain-Score

Brain-Score Component Score

V1

1 Certain artificial neural networks
i are state-of-the-art models of

neural and behavioral alighnment
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Model candidates tested:

hmax nasnet_large
vgg-16 nasnet_mobile
vgg-19 pnasnet_large
densenet-121 resnet-101 w1
densenet-

sensenct- All Computer Vision models

inception_ o

nception. Are trained on a task
inception_ . . -
nception. Without biological data
inception_. . e
mobilenet_v1_0.25_128 squeezenetl_0
mobilenet_v1_0.25_160 squeezenetl_1
mobilenet_... xception
mobilenet_v2 1.3 224

mobilenet_v2 1.4 224

*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)



https://arxiv.org/abs/1608.06993

Brain-Score component Score
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Brain-Score: Integrative Benchmarking
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Models are compared in
a unified manner on all

available benchmarks
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e:: Brain-Score

www.Brain-Score.org
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Leaderboard About Compare  Participate

(currently 51 benchmarks)

Our community is adding more
and more benchmarks that
evaluate all available models —
and guard against overfitting




50+ brain and behavior benchmarks to date

e.g. distributional alignments such as spatial frequency, neural
prediction for different image sets, behavioral generalization,
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Schrimpf*, Kubilius*, et al. (bioRxiv 2018)



https://arxiv.org/abs/1608.06993

What explains the model differences?
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Normative variable

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



https://arxiv.org/abs/1608.06993

Task performance correlates with Brain-Score
on ImageNet classification
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https://arxiv.org/abs/1608.06993

Discovering relationships with 3¢ Brain-Score :
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More benchmarks = more likely to do well
on benchmark n+1

Alignment with behavior
(visual object recognition)

Ndmber of neural benchmérks



Integrative benchmarking yields insights across
domains of intelligence such as language

Humans Models

courtesy of
Idan Blank



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

Efficient use of Brain-Score Language
in a summer internship
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Make the Most of Your Summer! ol
Dive into cutting-edge research projects with a three-month fellowship =
at one of the most prestigious universities in the world. [=] 5t
Open to all Bachelor and Master students in Computer Science, . ool Cor
E P F Computer Engineering, Telecommunications, Electrical Engineering, or related subjects. o v e sl
http://summer.epfl.ch Sciences



Are instruction-tuned LLMs more brain-like?

e:: Brain-Score

> .
Input (Commonsense Reasonlngp +6.9%

. Pereira201
Here is a goal: Get a cool sleep on ereiraz018
summer days.

How would you accomplish this goal?

OPTIONS: Blank2014
-Keep stack of pillow cases in fridge. |

-Keep stack of pillow cases in oven. |

Target Wehbe2014
keep stack of pillow cases in fridge

_ J

+8.0%

0 2 4 6 8 10 12
B % change in brain alignment

Wei et al. 2022 Aw etal. 2023



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
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Normalized Predictivity

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

Record internal
unit activations

Use model to
GPT2 XL response generate predicted
responses, yP'¢
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BERT XLM T5  ABERT  GPT T —n > > — > ==
E = EW bidir. idi (b (b}
emb. Milirec. B tronst s Om Q O Suppress:
QL 2 250
S S sentences
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See also Bashivan*, Kar*, et al. 2019 (vision)



We can use brain-aligned LLMs to
noninvasively control neural activity
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That is such a beautiful picture!
They stood there for a moment.
They went up the stairs together.
Inside was a tiny silver sculpture.
They walked out onto the balcony.
Cas gazed up at the sky.

kWhat else is there to do?
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0.4 have to “randomly search
the stimulus space. Brain
models make experiments
more efficient.
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1. Data alone is not enough. We need oy
experimental benchmarks at scale to Tg
model the brain. These make research g8
more efficient, and accessible to g

Number of neural benchmarks
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2. Current models of human vision and
language are decent approximations of
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brain and behavior. We can use these e Aw et al. 00
. 2023
models to prototype experiments. R

B % change in brain alignment

BOLD response (mean + within-participant SE)
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