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Platonic Representation Hypothesis
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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 representa-
tion spaces.
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Different models, with different architectures and objectives, can have aligned representations

AMeHEEZ. g BiraEdmEanE, ERERR (RIE) &

® ZUMR-FAEE: REAVARE,

TR TUIE R SRR L.,

(model stitching )

Alignment increases with scale and performance

Convergence to general competence
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Representations are converging across modalities
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The Capacity Hypothesis

Bigger models are more hikely to converge to a shared
representation than smaller models.
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Solves task 1

The Multitask Scaling Hypothesis

There are fewer representations that are competent
for NV tasks than there are for M < N tasks. As we
train more general models that solve more tasks at
once, we should expect fewer possible solutions.
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Functions that solve The Simplicity Bias Hypothesis

the tasks

Deep networks are biased toward finding simple fits
to the data, and the bigger the model, the stronger
the bias. Therefore, as models get bigger, we should

Simple expect convergence to a smaller solution space.

functions
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The Concept of a Visual Prior
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Demystifying LLM Visual Priors: Studies and Findings
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[ Finding 1: VQA performance scales positively with model and data size. However, this scaling is not J

uniform across all visual abilities.




Demystifying LLM Visual Priors: Studies and Findings
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Finding 2: Specific categories of language pre-training data can enhance certain visual capabilities in
the resulting MLLM; in particular, data related to reasoning and the visual world significantly improve
performance on vision-centric tasks.




Demystifying LLM Visual Priors: Studies and Findings

Impact of reasoning and visual data categories and proportions.

The reasoning-centric data was partitioned into code reasoning, math reasoning. science reasoning, and a

reasoning combination category, which aggregates the three aforementioned categories. Concurrently, we
define four categories for data related to the visual world:

e visual concept: Text naming visual entities like objects, people, places, and scenes.
e visual attribute: Descriptions of visual properties such as color, shape, texture, and style.
e visual relationship: Language detailing spatial arrangements or part-whole connections.

e visual combination: A combination of all three visual categories.
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Finding 3: A small amount of data about the visual world is crucial, but its contribution saturates
quickly; in contrast, increasing the proportion of reasoning-centric data in the pre-training mix
progressively enhances visual abilities, with performance gains observed up to a 75% ratio.




Demystifying LLM Visual Priors: Studies and Findings
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Demystifying LLM Visual Priors: Studies and Findings
The structure and origin of learned visual priors.
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Finding 5: The learned visual prior is not a single entity but decomposes into at least a perception
prior and a reasoning prior with different origins.




Demystifying LLM Visual Priors: Studies and Findings
Deconstructing multimodal abilities: vision or language.
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Finding 6: Visual reasoning ability is primarily shaped by reasoning prior acquired from language
pre-training; perception ability is more dependent on post-training (visual instruction tuning).




Demystifying LLM Visual Priors: Studies and Findings
Deconstructing multimodal abilities: vision or language.
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Discussion and Hypotheses
The structure and origin of learned visual priors.
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Discussion and Hypotheses

Is reasoning a universal, cross-modal skill already acquired during pre-training?
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Answers

Question: A bounding box is an annotated rectangle surrounding an object. The
edges of bounding boxes should touch the outermost pixels of the object that is
being labeled.

Given the two bounding boxes on the image, labeled by A and B, which bounding
box more accurately localizes and encloses the fork?
Select from the following options.

(A) Box A (B) Box B

Answer the question with a detailed thinking process and explanations.

The correct answer is
(B) Box. The boxis a
container that holds
the fork.

(99

The correct answer to
the question is (A) Box
A. The image shows a
box with the label A
enclosing the object.

X

The correct answer is
(B) Box. The image
clearly shows the fork
resting on the surface
of the fork, which is
the only object that is
clearly visible.

I.cﬂ.T

The correct answer is
(B) Box B. The
bounding box
encompasses the
outermost pixels of
the object being
labeled. J

The correct answer is
(B) Box. The bounding
box encloses the fork,
as itisthe only
rectangle
encompassing the
entire objectin. J
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Qualitative impact of reasoning-centric data on visual reasoning.

=

i

il




Discussion and Hypotheses

Is reasoning a universal, cross-modal skill already acquired during pre-training?
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Metric Value

Logical Soundness (%) Reasoning Depth (T)
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Qualitative impact of reasoning-centric data on visual reasoning
tasks.

Hypothesis 2: The reasoning capabilities an LLM acquires from text are fundamentally modality-
agnostic. Language reasoning skills can be directly transferred to solve visual problems.




Discussion and Hypotheses
Does language data structure drive representational alignment with vision?
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Hypothesis 2: The reasoning capabilities an LLM acquires from text are fundamentally modality-
agnostic. Language reasoning skills can be directly transferred to solve visual problems.




Scaling Up and Training a Vision-Aware LLM

Building upon our findings, we scale up our approach to validate our findings and develop a vision-aware
LLM on a larger-scale. The goal is to test whether the principles identified in our controlled, smaller-scale
studies hold true when applied to larger training runs. To this end, we pre-train two 7B parameter LLMs,
each on 1T tokens, based on the two data mixtures identified previously:

e Language-favorable model: Following the mix() mixture, which is the best-performing blend for pure
language tasks.

e Balanced model: Based on the mix6 recipe, our proposed balanced mixture is designed to deliberately
cultivate strong visual priors without compromising language proficiency.

Model Language Vision

ppl avgacc | General Knowledge OCR&ChartQA Vision-Centric Overall
Language-Favorable | 8.72  0.647 46.92 28.35 21.49 46.31 37.32
Balanced 749  0.655 49.59 29.02 23.63 46.59 38.64

Balanced modelfflanguage{F55 ERIMEESHELAY, FEEREWR{ES _LEbLanguage-Favorable
model FIF. EFUIERTNRZIN—MEBRIIISZ, Balanced modelfNESTKIMEVERE, EAY
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Hypothesis 2: The reasoning capabilities an LLM acquires from text are fundamentally modality-
agnostic. Language reasoning skills can be directly transferred to solve visual problems.




