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Observing convergence across many forms of  intelligence

Controlling convergence to explain biology

Future Work: Optimizing for convergence



[Yamins, Hong, Cadieu, Solomon, Seibert, DiCarlo 2014]
[Han, Poggio, Cheung 2023]
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Characterize a representation  
in terms of its kernel

K(xi, xj) = 〈 f (xi), f (xj) 〉

K : X × X → R
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Restrict our attention to vector embeddings

f : X → R
n

Characterizing representations using kernels
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fvision

Do models measure similarity in similar ways?
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Convolution Attention 
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Do different models represent the world in different ways?  
Or are they somehow all becoming alike?
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Ktext

Do models measure similarity in similar ways?
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Wikipedia Image Text Dataset

“Sunset over Glacier Point”

“Yosemite valley”

“A Boston Red Sox game at Fenway Park”

“San Francisco during the California Gold Rush”

[Srinivasan, Raman, Chen, Bendersky, Najork 2021]
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Hypothesis A:  
Better language models overfit to 
language.

Do strong language models align better with vision models?

Hypothesis B:  
Better language models are better 
vision models.
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Strong models converge in representation
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There’s a large space of work that has shown 
similar results supporting our hypothesis 
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Why is this happening?

• It’s all about the data! 

• It’s all about transformers! 

• It’s all about the world

22

[Plato 375 BC]



The Platonic Representation Hypothesis

Minyoung Huh * 1 Brian Cheung * 1 Tongzhou Wang * 1 Phillip Isola * 1

Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

*Equal contribution 1MIT. Correspondence to: <FIXME>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, will tend to con-
verge to a common statistical model of reality.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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in how datapoints are represented in different neural net-
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Different neural networks 
are converging toward the 
same way of representing 
the world (same kernel).

Platonic representation hypothesis
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[Huh*, Cheung*, Wang*, Isola* 2024]
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5 words

10 words

20 words

30 words

How many words is a picture worth?

"Illuminated escalators in indoor mall."

"Illuminated escalators in a lush indoor 
mall with greenery and polished tiles."

"Illuminated escalators in a vibrant 
indoor mall with lush greenery, polished 
tiles, and tropical plants, surrounded 
by stone columns and recessed lighting."

"An indoor shopping mall with three 
illuminated escalators, surrounded by 
lush greenery and polished colored 
tiles, featuring a man ascending one 
escalator and various shops and plants 
on the upper level."

DCI Dataset [Urbanek*, Bordes* et al. 2023]



5 words 10 words
20 words

30 words

25

How many words is a picture worth?

[Huh*, Cheung*, Wang*, Isola* 2024]
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How many captions is a video worth?

[Zhu et al. 2025]
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By embedding text

By generating text

Probing what language models know

<latexit sha1_base64="Q9Uyo5VvqTjp5gqX33ITOe3a3TI="></latexit>

ftext
<latexit sha1_base64="WVl56avNHkbW6rlrbOQaNL/hwac="></latexit>

ztext
1“Sunset over Glacier Point”

<latexit sha1_base64="Q9Uyo5VvqTjp5gqX33ITOe3a3TI="></latexit>

ftext
<latexit sha1_base64="Q9Uyo5VvqTjp5gqX33ITOe3a3TI="></latexit>

ftext
<latexit sha1_base64="WVl56avNHkbW6rlrbOQaNL/hwac="></latexit>

ztext
1
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By embedding text

By generating text

Influence on model representation
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“You can just do things.”  

—Sam Altman, CEO of OpenAI

You can just ask for things.
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(c) Zero-shot
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: The answer (arabic numerals) is 

(Output) 8 X

(d) Zero-shot-CoT (Ours)
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: Let’s think step by step. 

(Output) There are 16 balls in total. Half of the balls are golf 
balls. That means that there are 8 golf balls. Half of the golf balls 
are blue. That means that there are 4 blue golf balls. ✓

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now?
A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf 
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are 
blue. So there are 8 / 2 = 4 blue golf balls. The answer is 4. ✓

(b) Few-shot-CoT(a) Few-shot

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now?
A: The answer is 11. 

Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The answer is 8. X

(c) Zero-shot
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: The answer (arabic numerals) is 

(Output) 8 X

(d) Zero-shot-CoT (Ours)
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: Let’s think step by step. 

(Output) There are 16 balls in total. Half of the balls are golf 
balls. That means that there are 8 golf balls. Half of the golf balls 
are blue. That means that there are 4 blue golf balls. ✓

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now?
A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf 
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are 
blue. So there are 8 / 2 = 4 blue golf balls. The answer is 4. ✓

(b) Few-shot-CoT(a) Few-shot

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now?
A: The answer is 11. 

Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The answer is 8. X

[Kojima et al. 2022]

Chain-of-Thought Prompting
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SEE cue

HEAR cue

No cue

Imagine what it would look 
like to see {caption}.

Imagine what it would sound 
like to hear {caption}.

Imagine: {caption}.Asking the model to

[Wang, Isola, Cheung* 2025]
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What happens when you ask a language model to 
imagine senses it never experienced?

SEE HEAR

SEE cue

HEAR cue

No cue

Imagine what it would look 
like to see {caption}.

Imagine what it would sound 
like to hear {caption}.

Imagine: {caption}.

SEE cue

HEAR cue

No cue

Imagine what it would look 
like to see {caption}.

Imagine what it would sound 
like to hear {caption}.

Imagine: {caption}.



Space of kernels

“Awaiting a pitch: 
batter, catcher, and 
umpire in baseball”

IMAGINE SEEING

IMAGINE HEARING

Vision Model

Language Model

IMAGINE

Audio Model

Sensory Prompting

[Wang, Isola, Cheung 2025]



"Awaiting a pitch — batter, catcher, and umpire in baseball"...I need to visualize a baseball field. The batter 
stands at the home plate, right? They're holding 
the bat, probably in a ready position, feet 
shoulder-width apart. Their body 
language should show they’re focused...

...There's the general ambient noise of the 
stadium: crowd murmurs, maybe some 
distant cheers or chatter. The sound of players 
moving, like cleats scraping on the dirt, gloves 
being adjusted…

Imagine what it would look like to see 
{caption}

Imagine what it would sound like to hear 
{caption}



Sensory Embedding vs Sensory Generation
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How many spoken words is a picture worth?



Please rewrite the following text to describe 
what the scene would sound like audibly, 
rather than how it looks: {text}

The scene hums with anticipation, the 
only sounds the soft rustle of grass 
underfoot and the occasional murmur 
of the crowd in the distance. A tense 
silence hangs in the air…

Redirecting Sensory Cues

Seeing to Hearing Hearing to Seeing

...The batter stands at the plate, gripping the 
bat tightly, his muscles coiled with 
anticipation. His eyes are locked onto the 
pitcher, scanning for the slightest movement…

Please rewrite the following text to 
describe what the scene would look like 
visually, rather than how it sounds: {text} 





Removing sensory references

Please rewrite the following text by removing all sensory-specific 
words or descriptions (e.g., related to sound, sight, smell, touch, 
taste), and replace them with neutral, non-sensory words. The 
result should preserve the event or action described but remove 
explicit sensory grounding: {text}

...I need to visualize a baseball field. The batter 
stands at the home plate, right? They're holding 
the bat, probably in a ready position, feet 
shoulder-width apart. Their body 
language should show they’re focused...

…I need to picture a setting related to a baseball 
game, specifically near the area where the batter 
stands. One person is positioned to take their 
turn, possibly preparing for an action…





Alignment is higher in larger models



What about senses humans don’t have?

https://msg.ucsf.edu/rigaku-ru-200

X-ray Crystallography Cryo-EM

https://emcore.ucsf.edu/krios-g2-cryo-tem



What about senses humans don’t have?



RIBONUCLEASE SA COMPLEX WITH BARSTAR

SEQUENCE: 
KKAVINGEQIRSISDLHQTLKKELALPEYYGENLDALWDCLTGWV
EYPLVLEWRQFEQSKQLTENGAESVLQVFREAKAEGCDITIILS

Provide a thorough summary of {protein name}. 
Include its gene name, protein family, molecular 
weight, known structural domains, function in the 
cell, binding sites, any known interactions or 
pathways it participates in. 

Okay, I need to provide a thorough summary of the 
RIBONUCLEASE SA COMPLEX WITH BARSTAR. Let me start by 
recalling what I know about these proteins.  

First, the gene names. I remember that RNase SA is from the 
bacterium Staphylococcus aureus. The gene might be named 
rnsa, but I should verify that. Barstar is the inhibitor of RNase SA, 
so its gene might be bar…  

Bio Sensory Prompting
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Bio Sensory Prompting



You can just ask for perception

See

Hear Sensory prompts steer LLMs toward 
modality-specific representations.

Sensory alignment improves as LLMs 
generate more text
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Representational alignment predicts downstream performance



sim( )
,



A red sphere next 
to a blue cone.

sim( )
,



sim( )
,

See

Vision Model



With the convergence of artificial and biological systems, 
what questions about biology can we answer?

sim( )
,

in-vivo in-silico
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Why do we have a fovea?
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What is a fovea?

[Van Essen and Anderson 1995]
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Scaling Law for Structure

[Perry, Oehler, Cowey 1984]
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μ

σ

Model of a Retinal Ganglion Cell
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in-vivo in-silico
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Attention with Saccades
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Low Acuity High Acuity

[Cheung, Weiss, Olshausen 2017]

Evolution of a fovea
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What if eyes could zoom?

[Cheung, Weiss, Olshausen 2017]
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How to use a fovea

How to use zoom
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What if the data were different?
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Optics

No Optics

65

Photoreceptor

Building a ‘What if’ machine for vision
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Evolution of an “AI-ball”
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Reinforcement Learning Environments
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Reinforcement Learning Environments
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[Tiwary*, Young*, Klinghoffer, Tasneem, Dave, Poggio, Nilsson, Cheung**, Raskar** 2025]

What if the data goals were different?
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What if the data goals were different?

Compound Camera
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Navigation at Generation 0
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Navigation at Generation 50
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Emergence of Pinhole Eyes
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Emergence of Pinhole Eyes
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Pinhole Eyes: Acuity at the cost of brightness



76

Optics Introduced

What if eyes could bend light?

Lens Emerges
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What if eyes could bend light?

Optics Introduced
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What if the brain became larger?

Bigger is always better

Diminishing returns

(Cycles Per Degree)



79[Henighan*, Kaplan*, Katz* et al. 2020]
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sim( )
,

K. Tiwary*, A. Young*, T. Klinghoffer, Z. Tasneem, A. Dave, T. Poggio, D.-E. Nilsson 
B. Cheung**, R. Raskar** 
“What if Eye...? Computationally Recreating Vision Evolution”

Scaling Laws
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sim( )
,

Convolution Attention 

Y. Han, T. Poggio, B. Cheung 
“System identification of neural systems: If we got it right, would we know?”
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sim( )
,

A red sphere next 
to a blue cone.

Vision Language

M. Huh*, B. Cheung*, T. Wang*, P. Isola* 
“The Platonic Representation Hypothesis”
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sim( )
,

B. Cheung, E.A. Weiss, B.A. Olshausen 
“Emergence of foveal image sampling from learning to attend in visual scenes”

In-vivo In-silico
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What is alignment?

A consistent representation across all modalities. projections of the real world.

What is science?
The search for a consistent representation of the real world. 

What if we optimized for alignment to find consistent representations?

Future Work
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Plato’s hypothesis for eyes
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Emission Theory

Hypothesis 
(Representation)

Experiment: 
Pinhole Camera

Intromission Theory

[Alhazen 1021]

Is my hypothesis aligned with my observation?



Simulation

87

Emission Theory

Hypothesis 
(Representation)

Intromission Theory

[Alhazen 1021]

Is my hypothesis aligned with my observation?
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Alhazen (965 - 1040 CE)

“The duty of the man who investigates the writings of scientists, 
if learning the truth is his goal, is to make himself an enemy of all 
that he reads, and ... attack it from every side.”
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Hypothesis Space

solves vision

solves language 

task gradient

task gradient
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Hypothesis Space

attention

limited 
resolution

task gradient

task gradient
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Hypothesis Space

limited brain size

detection

natural selection

natural selection
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Hypothesis Space

limited brain size

navigation

natural selection

natural selection
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Hypothesis Space

experiment 1

experiment 2

peer review

peer review

Truth
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• Experiments 

• Modalities 

• Neural network representations 

become interchangeable and alignable.  

experiment A

solves task B

alignment

alignment

If you can embed it, you can align it!

f : X → R
n



95

Language An animal 
with 3 eyes 

Simulation

Vision

Language

SimulationVision

alignment

alignmentalignment alignment

(Differentiable)

Alignment Loops
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Alignment corresponds to better performance in self consistent domains

Common Sense
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Alignment corresponds to better performance in self consistent domains

Math



We can choose where this goes
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LANGUAGE performance

bloom0.56b 

bloom1.1b
 

bloom1.7b 

bloom3b 

bloom7b 

openllama3b

openllama7b

openllama13b

llama13b

llama33b

llama65b

DINO Small
DINO Base
DINO Large
DINO Giant
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Alignment measures when hypotheses are not consistent
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Please add a single pair of parentheses to the incorrect equation:  
2 * 1 - 5 + 4 + 4 + 3 + 2 + 2 = 22  
to make the equation true.

The Platonic Representation Hypothesis

Minyoung Huh * 1 Brian Cheung * 1 Tongzhou Wang * 1 Phillip Isola * 1

Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.
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Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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Abstract
Vision systems in nature show remarkable diversity, from simple light-sensitive patches to
complex camera eyes with lenses [1, 2]. While natural selection has produced these eyes
through countless mutations over millions of years, they represent just one set of realized
evolutionary paths [3, 4]. Testing hypotheses about how environmental pressures shaped eye
evolution remains challenging since we cannot experimentally isolate individual factors [5].
Computational evolution o!ers a way to systematically explore alternative trajectories [6–10].
Here we show how environmental demands drive three fundamental aspects of visual evo-
lution through an artificial evolution framework that co-evolves both physical eye structure
and neural processing in embodied agents. First, we demonstrate computational evidence
that task specific selection drives bifurcation in eye evolution - orientation tasks like naviga-
tion in a maze leads to distributed compound-type eyes while an object discrimination task
leads to the emergence of high-acuity camera-type eyes. Second, we reveal how optical inno-
vations like lenses naturally emerge to resolve fundamental tradeo!s between light collection
and spatial precision. Third, we uncover systematic scaling laws between visual acuity and
neural processing, showing how task complexity drives coordinated evolution of sensory and
computational capabilities. Our work introduces a novel paradigm that illuminates evolu-
tionary principles shaping vision by creating targeted single-player games where embodied
agents must simultaneously evolve visual systems and learn complex behaviors. Through our
unified genetic encoding framework, these embodied agents serve as next-generation hypoth-
esis testing machines while providing a foundation for designing manufacturable bio-inspired
vision systems [11].
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Abstract
We argue that representations in AI models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure the distance between datapoints in
a more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.

1. Introduction
AI systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al.,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks including robotics (Driess et al., 2023; Brohan
et al., 2023), bioinformatics (Ma et al., 2024), and health-
care (Steinberg et al., 2021). In short, AI systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.
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Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y ) are projections of a common underlying reality (Z).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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2.6 What if animal brains stayed small throughout evolution?

Fig. 5: Task-dependent scaling laws reveal how sensory acuity bounds performance

and how temporal memory compensates for neural capacity (a-c) Our experiments
reveal visual task-dependent power law scaling between number of parameters and sensory acuity
(CPD). This demonstrates that scaling in sensory input is required for embodied tasks to avoid
a bottleneck that cannot be overcome by neural scaling alone. (d) A minimum required visual
acuity compared to number of parameters for di!erent embodied tasks suggest a hierarchy in
the emergent behaviors depending on the task. (e) Temporal processing shows complementary
scaling with neural capacity, where increased temporal memory (# Frames) can compensate for
reduced neural processing, which is particularly evident in tasks with larger networks. Together,
these results quantify how visual intelligence emerges from the interplay between sensory, neural,
and temporal capabilities.

Biological visual intelligence emerges from the interplay and scaling between sensory hard-
ware, morphology, and neural processing [59, 60]. While artificial intelligence relies on fixed
sensors (RGB cameras) and scales with the number of parameters, nature has evolved diverse
eye-brain systems that scale in complexity together to solve intelligent tasks. By varying eye
acuity (cycles-per-degree) [61], neural network size, and temporal processing [62], we investigate
how these resources shape the evolution of visual intelligence and task-specific performance in
embodied agents.

Our analysis reveals distinct power law scaling between task performance and neural capacity
across navigation, detection, and tracking tasks. Performance across network sizes (Figure 5.a-c)
follows characteristic power laws (L = (9.50 ·10→3) ·N0.69 for navigation, L = (7.31 ·10→3) ·N0.74
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This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

So, what has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the
joint distribution over events in the world that generate the
data we observe. Figure 1 conveys this hypothesis: there
exists a real world out there (labeled Z), which we measure
with various sensors, such as the camera shown to the left
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