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Introduction

The platonic representation hypothesis

< Position: The Platonic Representation Hypothesis (ICML, 2024 position oral)
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Position: The Platonic Representation Hypothesis

Minyoung Huh *! Brian Cheung *! Tongzhou Wang " ! Phillip Isola

Abstract

We argue that representations in Al 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 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.
Project Page: phillipi.github.io/prh

Code: github.com/minyoungg/platonic-rep

1. Introduction
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The Platonic Representation Hypothesis

Neural networks, trained with different objectives on
different data and modalities, are converging to a shared
statistical model of reality in their representation spaces.
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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.

Huh, M., Cheung, B., Wang, T., & Isola, P. (2024). Position: The Platonic Representation Hypothesis. International Conference on Machine Learning (ICML).
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Different models, with different architectures and objectives, can have aligned representations
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Dravid, A., Gandelsman, Y., Efros, A. A., & Shocher, A. (2023, October). Rosetta neurons: Mining the common units in a model zoo. In 2023 IEEE/CVF International Conference on Computer Vision (ICCV) (op. 1934-1943). IEEF,
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Measuring representational alignment
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Different models, with different architectures and objectives, can have aligned representations
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Figure 3. LANGUAGE and VISION models align: We measure alignment using mutual nearest-neighbor on the Wikipedia caption
"Half Dome, a granite dome at the dataset (WIT) (Srinivasan et al., 2021). The x-axis is the language model performance measured over 4M tokens from the OpenWebTex!
; _— dataset (Gokaslan & Cohen, 2019) (see Appendix B for plots with model names). We measure performance using 1 — bits-per-byte.
eastern end of Yosemite Valley PP p p e

where bits-per-byte normalizes the cross-entropy by the total bytes in the input text string. The results show a linear relationship
between language-vision alignment and language modeling score, where a general trend is that more capable language models align better
with more capable vision models. We find that CLIP models, which are trained with explicit language supervision, exhibit a higher level
of alignment. However, this alignment decreases after being fine-tuned on ImageNet classification (labeled CLIP (112K f)).

Data Miﬂiﬂg Srinivasan, K., Raman, K., Chen, /., Bendersky, M., & Najork, M. (2021, July). Wit: Wikipedia-based image text dataset for multimodal multilingual machine learning. In Proceedings of the 44th international ACM SIGIR conference on research and 19
.% Quality Analytics  development in information retrieval (pp. 2443-2449),
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Figure 12. Increasing caption density improves alignment: We vary caption length using the Densely-Captioned-Images (DCI) — | Oﬂkl E'l E'l H.Ijl‘
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coarse-grained captions. We compute the average alignment score across all vision and language models with standard deviation
measured over the language models we evaluated. With denser captions, the mapping may become more bijective, leading to improved
language-vision alignment scores.
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I  Why are representations converging?

f*=argminEy_gaeasec[L(f, x)] + R(f)
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- Why are representations converging? f* = argmin Exqatasee [£(f, 2)] + R(f)

fEF
Convergence via task generality
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Figure 6. The Multitask Scaling Hypothesis: Models trained
with an increasing number of tasks are subjected to pressure to
learn a representation that can solve all the tasks.
k Data Mim’ng Radford, A, Wu, J, Child, R, Luan, D., Amodei, D., & Sutskever, |, (2019). Language models are unsupervised multitask learners. OpenAl blog, 1(8), 9.
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Convergence via model capacity
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Convergence via simplicity bias
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the implicit simplicity biases of deep networks encourage larger
models to find the simplest of these solutions.
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What are the implications of convergence?

Universal geometry enables translation between embedding spaces
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Jha, R, Zhang, C,, Shmatikov, V., & Morris, J. (2026). Harnessing the universal geometry of embeddings. Advances in Neural Information Processing Systems, 38, 45963-45987.
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What are the implications of convergence?

Universal geometry enables translation between embedding spaces
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B Counterexamples and limitations
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