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I Key Conclusion

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.

Why?
How?
% What?

A red sphere next to
a blue cone.
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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.




I Preliminaries

* A representation is a function f: X — R" that assigns
a feature vector to each input in some data domain X'.

e AKkernel, K: X x X — R, characterizes how a represen-
tation measures distance/similarity between datapoints.
K(zi,z;) = (f(z;), f(z;)), where ( -, - ) denotes inner
product, z;, z; € X and K € K.

e A kernel-alignment metric, m: K x £ — R, measures
the similarity between two kernels, i.e., how similar 1s the
distance measure induced by one representation to the
distance measure induced by another. Examples include
Centered Kernel Distance (CKA) (Kornblith et al., 2019),
SVCCA (Raghu et al., 2017), and nearest-neighbor met-
rics (Klabunde et al., 2023).

In our experiments, we use a mutual nearest-neighbor met-
ric that measures the mean intersection of the k-nearest
neighbor sets induced by two kernels, K7 and K5, nor-
malized by k. This metric is a variant of those proposed
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I Preliminaries

A. Mutual k£-Nearest Neighbor Alignment Metric

For two models with representations f, g the mutual k-nearest neighbor metric measures the average overlap of their
respective nearest neighbor sets. In this section, we refer to this metric as myy, which we will formally define below.

For cross-modal domains, define (x;, ;) € X as a sample from the data distribution X’ (e.g. image-caption dataset). For the
single domain alignment measurements, the samples are equivalent z; = y; (e.g., images for vision, and text for language).
Let {x;, y; }°_, be the corresponding mini-batch sampled from this data distribution. Then given two model representations
f and g the corresponding features are: ¢; = f(x;) and »; = f(y;), where the collection of these features are denoted as
O ={¢1,...,0p} and ¥ = {1)1,..., 1 }. Then for each feature pair (¢;,1);), we compute the respective nearest neighbor
sets S(¢;) and S(1;).

dknn (¢z: P \ 9’51) - S(ﬁbz) 9)
dnn (Vi, ¥\ ¥i) = S(1;) (10)

where dy,, returns the set of indices of its k-nearest neighbors. Then we measure its average intersection via

(85, 3) = £15(61) 1 () an

where | - | is the size of the intersection.




I Representations are converging
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Different models, with different architectures and objectives, can have aligned representations.




I Representations are converging
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LANGUAGE performance

Figure 3. LANGUAGE and VISION models align: We measure alignment using mutual nearest-neighbor on the Wikipedia caption
dataset (WIT) (Srinivasan et al., 2021). The x-axis is the language model performance measured over 4M tokens from the OpenWebText
dataset (Gokaslan & Cohen, 2019) (see Appendix B for plots with model names). We measure performance using 1 — bits-per-byte,
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 ft)).

Representations are converging across modalities.
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I Representations are converging
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Figure 4. Alignment predicts downstream performance: We visualize correlation between LLM alignment score to DINOv2 (Oquab
et al., 2023) and downstream task performance on Hellaswag (common-sense) (Zellers et al., 2019) and GSM8K (math) (Cobbe et al.,
2021). LLMs are plotted with radii proportional to the size of the model, and color-coded by their rank order in language modeling scores
(1 — bits-per-byte). We observe that models aligned more closely with vision also show better performance on downstream language
tasks. For Hellaswag, there is a linear relationship with alignment score, while GSM8K exhibits an “emergence”-esque trend.

If models are converging towards a more accurate representation of reality, we expect
that alignment should correspond to improved performance on downstream tasks.
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I Why are representations converging?

Modern machine learning models are generally trained to
minimize the empirical risk with possible implicit and/or
explicit regularization:

trained model training objective
i (-
kK .
I = argmlnfef[xw dataset [‘C(f? :U)] +|R (f)
L —

. regularization
function class

In the following sections, we lay out how each colored
component in this optimization process potentially plays a
role in facilitating representational convergence.

3.1. Convergence via Task Generality
3.2. Convergence via Model Capacity

3.3. Convergence via Simplicity Bias

—



I Why are representations converging?
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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.

The Multitask Scaling Hypothesis

There are fewer representations that are competent
for N 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.




I Why are representations converging?
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Figure 5. The Capacity Hypothesis: If an optimal representation exists in function space, larger hypothesis spaces are more likely to
cover it. LEFT: Two small models might not cover the optimum and thus find different solutions (marked by outlined ¥¢). RIGHT: As
the models become larger, they cover the optimum and converge to the same solution (marked by filled v).

The Capacity Hypothesis

Bigger models are more likely to converge to a shared
representation than smaller models.

—




I Why are representations converging?

Hypothesis space The Simplicity Bias Hypothesis

simplicity bias 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
expect convergence to a smaller solution space.

Functions that solve
the tasks

Simple

functions <+— <«— <«— simplicity bias

Figure 7. The Simplicity Bias Hypothesis: Larger models have
larger coverage of all possible ways to fit the same data. However,
the implicit simplicity biases of deep networks encourage larger
models to find the simplest of these solutions.
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I What representation are converging to?

* Task and data pressures, combined with increasing model
capacity can lead to representation convergence.

 What is the endpoint of all this convergence.

Our central hypothesis, stated in Figure 1, is that the rep-
resentation we are converging toward 1s a statistical model
of the underlying reality that generates our observations.
Consistent with the multitask scaling hypothesis, such a rep-
resentation would naturally|be useful toward many tasks (0_|
at least toward any task grounded in reality). Additionally,
| this representation might be relatively sim@assuming that
scientists are correct in suggesting that the fundamental laws
of nature are indeed simple functions (Gell-Mann, 1995), in
line with the simplicity bias hypothesis.

—




I What representation are converging to?

4.1. An idealized world

We consider a world that works as follows, consistent with
the cartoon in Figure 1. The world consists of a sequence
of T discrete events, denoted as Z = [z1, ..., zr|, sampled
from some unknown distribution P(Z). Each event can be
observed in various ways. An observation is a bijective,
deterministic function obs : Z — - that maps events to an
arbitrary measurement space, such as pixels, sounds, mass,
force, torque, words, etc. Later, in Section 6, we discuss
limitations and potential extensions to continuous and un-
bounded worlds, and stochastic observations, that could
yield a model that better reflects real learning scenarios.

This convergence is driving toward a shared statistical model of reality, akin to Plato’s
concept of an ideal reality (platonic representation).

—



I What representation are converging to?

Pcoor(xaawb) X Z [P(Xt = Tg, Xy = mb)-

(tat/) : |t_t/ | STwindow

(fx(®a), fx (23)) = log Eéi:; : zZ’iZ;

Pcoor(xa | ZUb)
Pcoor(xa) T Cx (xa) 4)

= Kpmi(Za, Tp) + cx(24), (5)

+ cx(xzq) (3)

= log

where Kppy 1s the pointwise mutual information (PMI) ker-
nel, and cx () is constant in z,. We note that is a common

This analysis suggests that certain representation learning
algorithms may boil down to a simple rule: find an em-
bedding in which similarity equals PMI. We note that this
idea 1s consistent with prior works that have used PMI as
a similarity measure for clustering in vision and language

—



I What are the implications of convergence?

Scaling is sufficient, but not necessarily efficient Our
arguments are roughly in line with the claim that “scale 1s all

22

gued that as resources are scaled (# parameters, # datapoints,
# flops), representations are converging, regardless of other
modeling choices and even data modality. Does this mean
that scale 1s all that matters? Not quite: different methods
can scale with different levels of efficiency (Hestness et al.,
2017; Kaplan et al., 2020), and successful methods must
still satisfy some general requirements (e.g., be a consistent
estimator, model pairwise statistics of P(Z)).




I What are the implications of convergence?

Training data can be shared across modalities Suppose
you have access to NV images and M sentences, and want to
learn the best representation. If there is indeed a modality-
agnostic platonic representation, then the image data should
help find it, and so should the language data. The implica-
tion 1s that if you want to train the best vision model, you
should train not just on /N 1mages but also on M sentences.
This 1s already becoming common practice (Achiam et al.,
2023; Radford et al., 2021). Many vision models are fine-
tuned from pre-trained LLMs. The other direction is less
common, but also is implied by our hypothesis: if you want
to build the best LLM, you should also train it on image
data. Indeed, Achiam et al. (2023) claim evidence that this
1s true, where training on images improved performance on
text. In theory, there should be some conversion ratio: a
pixel 1s worth a words for training LLLMs, and a word 1s
worth b pixels for training vision models.

—




I What are the implications of convergence?

Scaling may reduce hallucination and bias A promi-
nent shortcoming of current LLMs i1s their propensity to
hallucinate, or output false statements. If models are indeed
converging toward an accurate model of reality, and scale
powers this convergence, then we may expect hallucina-
tions to decrease with scale. Of course, our hypothesis is
conditioned on the training data for future models constitut-
ing a sufficiently lossless and diverse set of measurements.
This may not come to pass, but it is an implication of our
hypothesis worth pointing out. A similar argument can be
made about certain kinds of bias. It has been shown that
large models can exacerbate existing biases present in their
training data (Hall et al., 2022). Our hypothesis implies that,
while this may be true, we should expect larger models to
amplify bias [ess. This does not mean bias will be removed,
rather that the model’s biases will more accurately reflect
the data’s biases, rather than exacerbating them.

—



I What are the implications of convergence?

Different modalities may contain different information.
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Not all representations are presently converging.
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I Projection

Plato’s ideal world Complex pattens:




Discussion

Math Tools
* Math * Taylor function, Calculus, ... Current tools
* Physics Conclude e F=ma, E=mc? .. are limited.
« Biology N
) N \ (<] Mi:zzlassiﬁed
(* ]
. . *]
Fitting
\‘. Support Vector Machine (SVM)

Plato’s ideal world Complex pattens: Existing |




I Discussion

* Math

* Physics

* Biology

* Chemistry

Conclude

Math Tools

Plato’s ideal world

»
»

Taylor function, Calculus, ...

F =ma, E =mc?, ...

Fitting

Complex pattens:

Al4S may be is right?

Current tools
are limited.

@ Class +1
v @ Class —1
\ @ Missclassified

\
3 Support Vector Machine (SVM)

Existing |




Thanks



