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Abstract

The Platonic Representation Hypothesis [40] suggests that neural networks trained
on different modalities (e.g., text and images) align and eventually converge toward
the same representation of reality. If true, this has significant implications for
whether modality choice matters at all. We show that the experimental evidence for
this hypothesis is fragile and depends critically on the evaluation regime. Alignment
is measured using mutual nearest neighbors on small datasets (=1K samples) and
degrades substantially as the dataset is scaled to millions of samples. The alignment
that remains between model representations reflects coarse semantic overlap rather
than consistent fine-grained structure. Moreover, the evaluations in Huh et al. [40]
are done in a one-to-one image-caption setting, a constraint that breaks down in
realistic many-to-many settings and further reduces alignment. We also find that
the reported trend of stronger language models increasingly aligning with vision
does not hold for newer models. Overall, our findings suggest that the current
evidence for cross-modal representational convergence is considerably weaker than
subsequent works have taken it to be. Models trained on different modalities may
learn equally rich representations of the world, just not the same one.

Project page: https://akoepke.github.io/cave_umwelten

1 Introduction

The success of Large Language Models (LLMs) is causing much hand-wringing in the computer
vision community: do we even need pixels to build machines that understand our world, or is language
“all you need”?

Several works have demonstrated that models trained only on text data have made progress in
solving what were thought to be fundamentally visual problems, such as visual question answering
(VQA) [30, 38]], visual reasoning [I10, 37, 91l [2], or embodied robotics applications [} [54]. This
resonates with the suggestion that text data may make other modalities redundant [83]], on the premise
that the part of the world that is relevant to humans is manifest in language. On the other hand, it is
argued that linguistic data alone cannot yield genuine understanding [8]] or allow actual embodiment.
After all, there is a reason we visit art museums rather than just read descriptions of paintings in a
catalogue. This raises a central question: how do models trained on different modalities represent
reality?

The Platonic Representation Hypothesis [40] offers a compelling answer: as neural networks grow
larger and consume more data, their learned representations will become more and more aligned,
no matter which data modality (text, vision, audio, touch, etc.) was used for training. Proponents
of language-only learning have interpreted this as validation of their approach: since the choice of
modality does not matter as they all lead to the same shared representation, one might as well use
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Figure 1: Illustration of the mutual nearest neighbor metric used by Huh et al. [40] to measure cross-
modal alignment. (a) Sparse regime: given a query image and caption (blue), nearest neighbors (NN)
are retrieved independently in image and text embedding spaces. Mutual NN alignment measures
whether the NNs are consistent across modalities. (b) Dense regime: as dataset size increases, NNs
within each modality get better. The vision model retrieves a car in the same pose, and the language
model retrieves a caption of the same car model regardless of pose. At scale, improved within-
modality organization does not translate into cross-modal agreement.

language as the most convenient source of dataEl However, the strength of a hypothesis depends on
the strength of its evidence, and the experimental protocol underpinning the claim rests on specific
methodological choices that have largely gone unexamined in subsequent work.

In this paper, we take a closer look at the experimental evidence for the hypothesis and find it
to be fragile and to depend critically on the evaluation regime. Huh et al. conducted their
analysis on small, sparse datasets with one-to-one correspondences between modalities. However,
real-world multi-modal data is large, dense, and inherently many-to-many: one image has many
valid descriptions, and a single caption can correspond to many plausible images. These differences
fundamentally change what it means for two representations to “align”.

In a small dataset, weakly related samples may become nearest neighbors simply because no better
alternatives exist (Fig. [Th). Here, two models can agree despite organizing their representations
differently. As the dataset grows (i.e. the gallery used for retrieving nearest neighbors gets denser),
both models find closer neighbors and cross-modal consistency requires more fine-grained structural
alignment (Fig.[Tb). A vision model may retrieve an image of a car taken from a similar angle as the
query, while the language model retrieves a caption describing the same car model as the query but in
a different pose. Both are valid, but inconsistent between modalities, producing a mismatch that gets
penalized under the mutual nearest-neighbor metric. This illustrates how mutual nearest-neighbor
agreement becomes an increasingly strict measure for alignment in many-to-many regimes. Using a
mutual kNN metric with £ > 1 is less strict, but does not fundamentally change the conclusion.

But analogously, the same argument could be made for vision-only learning [41]).



In this paper, we examine how cross-modal alignment changes in evaluation settings with large,
dense, and non-bijective datasets, and observe the following:

Alignment degrades with scale: Increasing the gallery from 1024 to millions of samples causes
a sharp drop in cross-modal mutual nearest-neighbor agreement.

Coarse agreement persists but fine-grained agreement does not: In controlled settings (e.g.,
ImageNet), vision and language models reliably retrieve correct-class neighbors but rarely agree
on the same instance.

Many-to-many correspondence reduces alignment: Allowing multiple valid correspondences
per sample leads to drops in agreement, even when retrieved neighbors are semantically sensible.

Previously reported trends may not hold for newer models: The claim that stronger language
models align better with vision seems to weaken for more recent models.

These findings paint a more mixed picture than the small-gallery results from Huh et al. suggest.
Models trained on different modalities can learn rich and semantically meaningful structure, yet still
organize that structure differently. Low agreement does not imply poor representations, it reflects
differences in how information is arranged. Nearly a century ago, von Uexkiill [89] argued that
every organism inhabits its own perceptual world, or Umwelt, shaped by its senses rather than by an
observer-independent reality. The same, we believe, might hold for our models: each constructs its
own representational structure, determined by its modality and training data, rather than converging
toward a shared model of reality. Though it is still early days, we suspect future evidence will favor
von Uexkiill over Plato.

2 Related Work

One Platonic Ideal vs many Umwelten. In his “Theory of Forms”, Plato argued that every physical
object we perceive is a flawed imitation (a shadow) of some eternal, abstract “ideal” form [71]], and
only by escaping from the tyranny of our physical senses (leaving the cave of shadows), we can
achieve true understanding. But in the 20th century, this argument for a single, unified Platonic Ideal
representation has been repeatedly undercut by biologists, psychologists, and philosophers. Biologist
von Uexkiill argued that every organism inhabits its own perceptual environment, or Umwelt [89]: a
tick lives in a world of thermal gradients, a bat in a world of echoes. The different Umwelten might
have only little overlap with each othelﬂ Gibson’s ecological psychology [25] pushed this further,
proposing that perception is shaped by what an organism can do in its environment, not by an observer-
independent reality. Philosopher Wittgenstein, thinking about language, arrived at a strikingly similar
conclusion. He famously argued: “If a lion could speak, we could not understand him” [94], meaning
that the lion’s world (goals, instincts, perceived reality) is so utterly different from our own, that even
if it spoke English, we would not comprehend the meanin Building on Wittgenstein, psychologist
Rosch developed her Prototype Theory of Categorization [75]], arguing forcefully against a single
platonic ideal as a representation of object categories, proposing a data-driven clustering-based model
instead.

Representational alignment. The question of representational similarity has been studied extensively
in the neurosciences [[19} 133, !48]]. In machine learning, the parallel question of whether independently
trained networks learn similar internal structure has received growing attention. Lenc and Vedaldi [52]
investigated the equivalence of representations from different trained models and found that early
convolutional layers are more interchangeable than later ones. This task, also referred to as “model
stitching”, was later revisited by Bansal et al. [6]. Related to this, Li et al. [S3]] proposed methods to
align neurons across independently trained networks. More recently, Dravid et al. [[18] introduced

2For a tour of von Uexkiill’s ideas, see Koenderink’s delightful book [46].
3For a great treatment of Wittgenstein’s argument in popular culture, see the episode Darmok of the American TV series
Star Trek: The Next Generation.
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“Rosetta Neurons,” showing that different vision models share common units corresponding to similar
visual concepts across architectures, tasks, and training data.

Furthermore, alignment has been linked with shared model capabilities measured by task perfor-
mances [5 45 140, 64, 6]. To directly quantify representational similarities, several metrics have
been used to measure correlations between features [64} 36]. Kornblith et al. [47]] introduced Central
Kernel Alignment (CKA) as a robust measure invariant to orthogonal transformations and isotropic
scaling. Huh et al. [40] found the CKA metric to reveal only a “very weak trend of alignment between
models” and therefore proposed the use of the mutual NN metric that measures the overlap of two
sets of neighborhoods of size k.

Multi-modal alignment. Early efforts to connect images and text utilized human annotations [90].
The curation of large-scale paired image-caption datasets, such as MS-COCO [55] and Visual
Genome [49]], facilitated the systematic study of cross-modal correspondence and models. The CLIP
model [73] by Radford et al. formed a turning point by demonstrating that contrastive learning on
web-scale image-text pairs could produce shared embedding spaces.

Since, a growing body of work has investigated whether such alignment arises even without explicit
joint training. Merullo et al. [62] showed that a simple learned linear transformation could map
between frozen vision encoders and LLMs. Moschella et al. [63] use similarities to an anchor
set. Maniparambil et al. [59] demonstrated that even unaligned unimodal encoders possess high
semantic similarity. Fully unsupervised approaches include blind vision-language matching [[77] and
unpaired embedding translation via cycle-consistency [42} 98]]. Finally, Gupta et al. [31] show that an
orthogonal map can map between independently trained multi-modal contrastive models. These results
are often seen as evidence for representational convergence. However, they are obtained in restricted
settings (e.g. [77] experiments on CIFAR-100 and ImageNet-100) and do not scale to real-world
multi-modal data. Our work examines whether alignment survives beyond these constraints, showing
that it decreases at scale and reflects coarse categorical agreement rather than shared fine-grained
structure.

Limits and measurement of emergent cross-modal structure. Several analyses show that align-
ment between independently trained unimodal encoders depends strongly on data, architecture, and
evaluation protocol. Tjandrasuwita et al. [86]] find that alignment varies with modality similarity and
the balance of shared versus unique information, while Hadgi et al. [32] report weaker alignment for
“pure” 3D encoders without careful subspace selection. Zhu et al. [99] further show that video—text
alignment depends on temporal richness and text availability.

Groger et al. [29] show that global similarity measures such as CKA are sensitive to network scale
and can be altered via null calibration, largely removing evidence of global convergence while
leaving local neighborhood similarity (e.g., mutual KNN) more stable, though still evaluated under
small-scale and bijective regimes. Beyond similarity metrics, Smith et al. [81] and Kumar et al. [50]]
show that functional agreement and output behavior can persist even when internal representations
are misaligned or entangled, suggesting that behavioral compatibility does not imply shared structure.
These caveats echo grounding arguments that text-only learning may be insufficient to recover
perceptual structure [[7,151], and motivate multimodal foundation models that integrate perception
and language at scale [39, 4,163l 35]].

3 Experimental setup

Mutual NN metric. To measure alignment between representations from different models, we
use the mutual k-nearest-neighbor metric (illustrated in Fig.[I), following Huh et al. [40]. Given a
shared gallery set of n datapoints (referred to as mini-batch sampled from the data distribution in
[40]) encoded into feature vectors a; € R% and b; € R% by two models with i € {1,--- ,n}, we
first L2-normalize each representation. We then retrieve the & nearest neighbors of every query point
independently for each model (e.g. image and text query for vision and language encoders):

N2(@) = argtopk; ; aiTaj, N,ﬁ’(z) = argtopk; 4; binj.
The per-sample score is the number of overlapping samples normalized by k:
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Figure 2: Nearest-neighbor quality depends on data density. We show 10 within-modality nearest
neighbors for image (DINOvV2) and text (LLM) embeddings on a sparse WIT-1024 gallery (top)
and a denser WIT-1M gallery (bottom). For text queries, retrieved captions and their corresponding
reference images are shown. At smaller scale, nearest neighbors are less semantically precise. Nearest-
neighbor structure becomes more semantically refined as gallery density increases.
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and the overall mutual-kNN score is the mean over all samples. A score of 1 means that every
point’s k nearest neighbors are identical in both spaces, and a score of 0 means that the k nearest
neighbors do not overlap. In the sparse gallery in Fig. [T} the query (blue) retrieves the same neighbor
in both image and text spaces, giving a mutual kNN score of 1 for k=1. A score of % suggests
chance-level expected overlap for independent random retrieval, which decreases for growing n. Note
that throughout we report raw mutual kNN (as in [40Q]).

Implementation details. For most experiments, we use DINOv2-base [69] as the vision encoder. We
refer to this model as DINOv2 in the following. Our primary language model is OpenLlama3b [87,
[24]] (abbreviated as OpenLlama). Additional models are considered in the supplementary material
(Section [A.3)). For each image and text sample, we extract the representations from all layers of
their respective encoders and follow the experimental protocol from [4Q]. Details about additional
models used in Section [4] are provided in Section [E.3.2]in the supplementary material. We use
Faiss for nearest neighbor computation at scale. Specifically, we use their exact nearest neighbor
implementation with IndexFlatL2 which is equivalent to using cosine similarity on normalized
vectors.

4 How much do representations align?

In this section, we take a close look at the experimental evidence underpinning the Platonic Represen-
tation Hypothesis [40]]. The experiments in [40] rest on two foundations that warrant scrutiny: the
use of mutual kNN alignment on a small evaluation set of only 1024 samples from the Wikipedia
Image-Text (WIT) dataset [82] (WIT-1024), and the use of data with bijective (one-to-one) image-
text correspondences. Typically, these choices are not acknowledged when the hypothesis is cited
[601 76,57, O [13]]. The claim is usually invoked in its broad, appealing form rather than in the narrow
terms under which experimental support was provided.

Here, we analyze how alignment behaves for a finer-grained metric (k=1 instead of k=10), and
a denser gallery (million(s of) instead of 1024 samples). We then decompose what mutual kNN
alignment actually measures in a controlled setup on ImageNet. This reveals that models individually
retrieve correct-class neighbors but rarely agree on which one, suggesting that information is organized
differently in each unimodal model. We then turn to the bijective assumption, and examine what
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(a) Effect of neighborhood sizes k in mutual
kNN (both axes log-scaled). Trivially, mu-
tual kNN converges to 1.0 as k approaches
the full gallery size. [40] utilized mutual
kNN for £ = 10.

(b) Alignment between DINOv2 and different LLMs, measured
on WIT-1024 and WIT-1M. As observed in [40], alignment (mu-
tual kKNN) increases with language performance (measured as
1 — bitsperbyte from [40]) on the 1024-sample set, but this trend
breaks with larger gallery size.

Figure 3: Mutual kNN text-image feature alignment when scaling from WIT-1024 to WIT-1M. (a)
shows the dependence on neighborhood size k, while (b) examines alignment for different LLMs. The
observation from [40], that more capable language models align better with vision largely vanishes
at WIT-1M scale.

happens when it is relaxed. Finally, we perform a trend check to ask whether the predictions from [40]
have held up as models have improved.

Sensitivity to k£ in mutual £NN. Huh et al. [40] reported mutual kNN alignment for k=10. We
additionally evaluate at k=1, which requires the two representation spaces to agree on the single
nearest neighbor. As shown in Fig. the metric trivially converges to 1 as k approaches the full
gallery size n, since both neighbor sets then contain all samples. Even moderate values of k£ can
inflate scores by capturing broadly similar rather than precisely matching neighbors. In our analyses
at larger gallery scales, we perform deduplication to prevent near-duplicate samples from trivially
inflating neighborhood overlap (see Section[E.T]in the supplementary material for details).

4.1 Alignment across dataset scales

Nearest neighbors in sparse gallery. We now turn to the data, and ask whether the 1024-
sample gallery used in [40] is too sparse to capture more than coarse structural agreement.
As shown in Table[T] the mean cosine similarity
between queries and nearest neighbors in terms
of both image (DINOv2) and text features (Open-
Llama) is significantly lower for the WIT-1024
gallery compared to WIT-1M (e.g. 0.799 com-
pared to 0.906 for DINOv2 at k=1). Note that

Table 1: Nearest-neighbor quality across gallery
sizes. As the gallery grows, nearest neighbors
get closer to the query set in both DINOv2 and
OpenLlama embedding spaces, facilitating the
more fine-grained analysis of cross-modal align-

in both cases, we use WIT-1024 as the query set. ~ment.

We visualize nearest neighbors for k=10 for im- Gallery Model k=1 k=10

age and text features on WIT-1024 and WIT-1M

Lo, . . WIT-1024 DINOv2 0.799 0.717

in Fig.[2] Atlow density, semantllcally unrelated WIT-1024  OpenLlama 0502  0.400

samples may end up as nearest neighbors as there

is nothing closer available, meaning that measured WIT-IM  DINOv2 0.906  0.888
WIT-1IM OpenLlama 0.757  0.701

mutual kNN agreement mainly can reflect the
shared lack of alternatives. To get more mean-
ingful insights, we scale the density of the retrieval gallery in the following section.

Densification by scaling the gallery size. Having established that the WIT-1024 gallery captures
mainly coarse structure, we densify the gallery and test whether alignment persists. We evaluate on up
to 1M and 15M gallery samples from the English-text WIT [82] and LAION400M [78] respectively.
The best layer pair was determined on the 1024-sample subset of WIT, following [40]. As shown
in Fig. 4] alignment scores decrease as gallery size grows for fixed k and query set (WIT-1024).
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Figure 4: Scaling the gallery size to 1M (WIT) and 15M (LAION) shows a large drop in mutual kNN
alignment for k=1 and k=10 for DINOv2 and OpenLlama features.
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Figure 5: Nearest-neighbor (k=1) examples with DINOv2 and OpenLlama across gallery scales on
WIT-1M. Captions are shown with corresponding images. Mutual kNN matches across modalities
are framed green. While the bottom example shows a match at IM scale, at larger scales each model
finds closer but different matches (top three).

The mutual kNN alignment scores drop from 0.135 and 0.058 on the 1024-sample gallery to 0.008
and 0.001 on LAION-15M for £ = 10 and k£ = 1 respectively. This confirms that the agreement
observed at small scale declines with the transition to finer-grained evaluation at large scale. Nearest
neighbors become closer and more semantically similar to the query, placing greater demand on the
two representation spaces to agree on subtle distinctions.

Interestingly, alignment at k=n /100 remains relatively stable across scales, suggesting that models
share some degree of coarse structural agreement. We hypothesize that this amounts to precisely
the kind of broad categorical correspondence one would expect from models trained on overlapping
internet data, and lacks signal about whether representations are organized in the same way.

We also analyze how mutual kNN alignment for various LLMs and DINOv2 behaves at the WIT-1M
scale. Reproducing the setting of [40]], Fig.[3b|shows a clear trend on WIT-1024: stronger language
models exhibit higher alignment with visual features. This is a central finding of [40] and one of their
most compelling pieces of evidence. However, when we scale the gallery to 1M samples, this trend
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Figure 6: Nearest-neighbor (k=1) examples with DINOv2 and OpenlLlama across gallery scales on
LAION-15M. As the gallery densifies, each model finds closer but different matches (top example).
The match at 15M (bottom right) is a near-duplicate that survived our deduplication pipeline.

largely vanishes. The gap between LLMs narrows considerably, and the relationship between model
capability and alignment weakens. This suggests that the observation in [40] may be a result of the
sparse evaluation setting.

The nearest-neighbor examples in Figs. [5] and [6] further illustrate this effect. Matches that appear
semantically meaningful at small gallery sizes often break down as more candidates are introduced.
In vision space, we find better neighbors that deviate from the best text neighbors at larger scale.
There are only very few matches found at IM and 15M data scale, most of which are near-duplicates
that our deduplication pipeline did not catch (e.g. a crop shifted by a few pixels). We show additional
visualizations in Figs. 2T]to[24]in the supplementary material.

We additionally test whether the alignment drop with increasing gallery size is merely an artifact of the
mutual kNN metric being harder at scale. Specifically, we measure within-modality alignment for two
pairs of models: two language models of different scale (OpenLlama-3b and OpenLlama-13b), and,
separately, two vision models (DINOv2-base and DINOv2-giant). If mutual kNN alignment collapses
for dense galleries regardless of the models being compared, the cross-modal drop observed would
be uninformative. If within-modality alignment remains stable, the cross-modal drop is meaningful.

As shown in the supplementary material (Fig.[T2)), unimodal alignment remains much more stable
across gallery sizes than the cross-modal alignment reported in the main paper. For the OpenLlama
pair, mutual kNN at k=1 stays between [0.59, 0.62], and for the DINOv2 pair between [0.35, 0.45],
across all gallery scales. This confirms that mutual kNN does not inherently collapse at scale.

Observation 1: Mutual NN alignment scores decrease for denser galleries for fixed small £,
suggesting that mutual kNN is sensitive to gallery sparsity. Furthermore, the reported trend that
stronger language models align better with vision weakens substantially at WIT-1M scale, with all
models scoring near zero.

4.2 What is captured by cross-modal mutual £NN alignment?

Low mutual £NN alignment at fixed small & could mean two things: the models individually retrieve
poor neighbors, or they each retrieve good neighbors but different ones. The stability at k = 375 hints
at the models agreeing at a coarse level but diverging on fine-grained structure. To test this directly,
we use the ImageNet [13] validation set, where class labels let us evaluate each model’s retrieval

independently.

We decompose each query into: (i) whether each model individually retrieves a correct-class neighbor,
(ii) whether both do, and (iii) whether they agree on the exact same gallery item (mutual kNN with



0.80 —#— mutual kNN
mutual kNN (class label)
—e— DINOV2 base acc.
DINOv2 0.60 { —*— OpenLlama3b acc.
—— Both acc.
[
o
... detailed, ... detailed and .. detailed and .. wall composed 3 0.40
close-up, and textured view of a textured view of a of numerous. v
LLM frontal view of a traditional stone traditional stone interiocking
traditional dry-stone wall, . wall, .. concrete blocks
wall )
0.20 \.—.\.——.‘.
0.00

1 9 19 29 39 49
Images per class

(a) The query image (left) is matched with galleries of increas- (b) Per-modality retrieval accuracy and cross-
ing density. As the gallery becomes more dense, DINOv2 modal mutual kNN alignment (k=1) as images /
and OpenLlama retrieve from the same class, but different captions per class in gallery increase. Modalities
instances, illustrating how within-class structure is organized individually improve with gallery density, but
differently across modalities. alignment does not.
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quantifies this: individual class-level retrieval accuracy improves with gallery density, yet strict
alignment remains flat, illustrating that models organize within-class structure differently.

k=1). Our query set consists of one image per class (1000 images), and we vary the number of
images per class (ipc) in the gallery from 1 to 49. We use detailed image captions (981 words on
average) generated by gemini-3-flash-preview [85] [70]], making this a favorable setting for alignment
(details are provided in Section[E-2]in the supplementary material).

Fig.[8b reveals that as the gallery densifies, in line with Cover and Hart [12]], both models individually
improve at retrieving correct-class neighbors. This indicates some degree of shared coarse structure.
At larger scale, both models retrieve reasonable neighbors but different ones. We see similar trends
when looking at coarser evaluation with k=10 (see Section[B.3]in the supplementary material). At
49 images per class in the gallery, DINOv2 succeeds 46.1% of the time and OpenLlama 58.0%. Yet
strict alignment on the exact same gallery item remains flat around 11%, even with detailed captions.
For reference, alignment with class-name-only captions drops from 0.42 to near zero as ipc increases.

The models are individually capable but orga-
nize within-class structure differently (Fig. [Sa).
At ipc=1, strict alignment (23.1%) actually ex-
ceeds the rate at which both models retrieve
a correct-class neighbor (11.7%), meaning the
models often agree on semantically plausible

Query ipe=1 ipc=9 ipc=49

DINOv2

class: library

X K ) k interior of a large .. library or study . bookstore,
but technically incorrect neighbors (Fig.[7). e eEnse (jemam el e

sefting in Japan . collection of books | | perspective ..

This reveals what mutual kNN actually cap-
tures. It does not measure unimodal represen- ' -
tation quality, but agreement on fine-grained cless: pookstore :

structure. Our experiments provide direct evi- —
dence that low cross-modal alignment in terms
of mutual £NN is not due to poor representa-
tions but rather due to fundamentally different
representational organization within modalities.
Both models learn structured, high-quality rep-
resentations. They simply do not structure them the same way.

class: library  class: bookstore  class: bookstore
Figure 7: Shared mistake at ipc=1. The query im-
age (bookstore) is matched by both DINOv2 and
OpenLlama to a library image. The models agree,
but on the wrong answer.

Observation 2: As the data gets denser, both models retrieve correct-class neighbors at increasing
rates, yet strict cross-modal mutual kNN alignment is flat at 11%. This is not a failure of unimodal
representation quality, but of unaligned representational organization across modalities.



Mutual kNN
Mutual kNN

1 4 7 11
Images per caption Captions per image

Figure 9: Effect of relaxing the bijective assumption on text-image alignment, using the CycleReward
dataset [3]]. We densify one modality by adding more images per caption (left) or more captions per
image (right) while keeping the other fixed. Mutual NN alignment decreases consistently for both
k=1 and k=10.

4.3 What happens when the data is not bijective?

In practice, the relationship between modalities, such as image and text, is inherently many-to-many: a
single image can be described by countless text descriptions, and a single text caption can correspond
to a large set of visually distinct images. More fundamentally, modalities often differ in information
content.

Specifically, images encode spatial, textural, and
perceptual structure that text captures only to a Image gallery Text gallery
limited extent. On the other hand, text encodes ab-

straction, negation, and compositional semantics

that images do not. One could, in principle, bridge °
this gap trivially. For instance, one could encode o
pixel values as text or render captions as images o—
and establish a bijection between those. Those pre-
serve the information, but the inductive structure
(the modality-specific properties that make each
modality useful) of each modality is lost.

.

Figure 10: Illustration of non-bijective (many-
to-many) correspondence between image and

To test what happens when bijectivity is relaxed, captions. The nearest neighbor of a text caption
we use the CycleReward dataset [3] which pairs for one image (blue) is a caption for a different
each real sample with multiple synthetic candi- image (red). However, the nearest image neigh-
dates. The I2T subset contains 11 generated cap- bor fora giveg image may be another image with
tions per real image, and T2I consists of 12 syn- the same caption.

thetic images for each text prompt. This directly

breaks the bijection, i.e. one-to-one matching, that our earlier analysis assumes.

We evaluate mutual kNN by densifying one modality at a time: for T2I we keep the text fixed and
increase the number of generated images per prompt, and for I2T we keep the image fixed and add
generated captions. For illustration, let us consider the T2I experiments where the closest neighbor in
the densified modality is more likely to be a similar image that is associated with the same caption,
while in the sparse text space the NN will be a caption for a different image. This creates a scenario
where mutual kNN fails (see Fig. [10).

We adapt the mutual kNN metric where a match is counted when the retrieved item corresponds to
the same source sample, even if it is not the exact same caption or image. In Fig.[9] we see that the
mutual £NN scores decrease as the one-to-one assumption is relaxed. Whether this is due to reduced
alignment or just a limitation of the metric is an open question. Regardless, the original evidence for
convergence depends on an assumption that real-world multi-modal data rarely satisfies.

Observation 3: A single image can be described in countless ways, and a single caption can
match many visually distinct images. When we progressively relax the one-to-one assumption,
mutual kNN alignment drops consistently. The mutual kNN metric cannot distinguish between
genuine misalignment and many-to-many correspondence.
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Figure 11: Testing whether the alignment-LLM performance trend from [40], tested on WIT-1024,
holds for recent LLMs on ARC, GSM8SK, MMLU, and LogiQAZ2. Dashed lines show the trend for
models from [40] (circles). Recent LLMs (diamonds) do not follow the trend: stronger language
models do not seem to be more aligned with DINOv2.

4.4 Trend check: Are the predictions from [40] holding up so far?

Huh et al. [40] predict that as LLMs become stronger, their representations align more with vision
representations. This claim is evaluated using three proxies for language performance: HellaSwag [97]],
GSMBSK [11]], and (1 — bitsperbyte).

In this section, we revisit this trend analysis with an extended set of models and benchmarks. We
evaluate 55 LLMs, spanning from BLOOMZ [66] to recently released models. In addition to the
evaluations in [40], we use the ARC Challenge [10], MMLU [34], and LogiQA2 [58]] benchmarks.
These probe arithmetic reasoning, general knowledge, and logical reasoning. We present results
for models that surpass Llama-3-70B [27] (the strongest model in [40]) on at least one benchmark,
testing whether the alignment-performance trend continues. The full set of 55 models and results on
the largely saturated benchmarks are included in Section [D]in the supplementary material.

In Fig.[TT] we observe that recent models do not continue on the scaling lines extrapolated from the
model set from [40]. Instead, their points do not follow the predicted trend and hint at saturation with
respect to DINOv2 features. Furthermore, the R? averaged across all regression lines ranges from
-8.6 to -3.7, confirming that the extrapolated trend is not continued by recent models.

5 Discussion and future work

The Platonic Representation Hypothesis suggests that models trained on different modalities converge
toward a shared representation of reality as they scale. Our results indicate a more conditional
interpretation of this claim. Mutual kNN agreement is highly sensitive to the evaluation regime: it
drops sharply when moving from small galleries to million-scale datasets and degrades further under
many-to-many cross-modal correspondences. Moreover, the previously reported trend that stronger
language models yield higher alignment does not consistently hold for recent models.

These findings do not rule out shared structure across modalities. Overall, our results indicate that
small-scale mutual nearest-neighbor evaluations may overstate the degree of convergence by relying
on restrictive gallery sizes and one-to-one pairing. Low mutual kNN agreement should not be
conflated with weak representations. As our analysis on ImageNet shows, it may instead reflect
differences in how fine-grained structure is organized. Rather than converging on a single Platonic
representation of reality, modalities appear to inhabit in their own Umwelten, a distinct but coherent
representational “cave” where alignment between them is local and partial.
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Future work: in search of bijection. Prior work on the Platonic Representation Hypothesis [40]
evaluates alignment under a one-to-one correspondence assumption between modalities. We have
shown that mutual kNN agreement is not reliable once this assumption is relaxed. Likewise, interpre-
tations of the Platonic Representation Hypothesis as evidence that “language is all you need” [92]
often rely on evaluation regimes that effectively assume bijective structure between images and text.

However, real-world image—text data is fundamentally many-to-many, and the extent to which any
approximate bijection exists at the level of representations remains unclear. A key direction for future
work is to directly test this assumption, for example by studying whether language can serve as a
lossless bottleneck for image reconstruction (i.e. an image-text-image autoencoder). If, as we suspect,
this proves illusive for realistic settings (e.g. text bottlenecks of under a thousand words), it would be
very interesting to identify and model the part of the joint text-image space forming a bijection (the
intersection of the Venn diagram), and disentangle it from the parts that do not.
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Supplementary Material

Back into Plato’s Cave: Examining Cross-modal Representational
Convergence at Scale

A Is the drop in mutual £NN alignment at scale caused by the metric, caption
quality, or by specific model choices?

In this section, we provide additional experiments to verify that the main findings in the paper are not
due to a confounding variable.

A.1 Sanity check: does mutual kNN inherently drop at scale even within modalities?

We test whether the alignment drop with increasing gallery size (Fig. 4) is merely an artifact of the
mutual kNN metric being harder at scale.

Specifically, we measure within-modality alignment for two pairs of models: two language models of
different scale (OpenLlama-3b and OpenLlama-13b), and, separately, two vision models (DINOv2-
base and DINOv2-giant). If mutual kNN alignment collapses for dense galleries regardless of the
models being compared, the cross-modal drop observed in the paper would be uninformative. If
within-modality alignment remains stable, the cross-modal drop is meaningful.
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Figure 12: Unimodal mutual kNN alignment as a function of gallery size on WIT-1M. In contrast to
cross-modal alignment (Fig. E]), unimodal alignment remains significantly more stable across scales.

As shown in Fig.[T2] unimodal alignment remains much more stable across gallery sizes than the
cross-modal alignment reported in the main paper. For the OpenLlama pair, mutual kNN at k=1
stays between [0.59, 0.62], and for the DINOv2 pair between [0.35, 0.45], across all gallery scales.
This confirms that mutual NN does not inherently collapse at scale, and that the degradation
observed for cross-modal pairs reflects an actual property of the representation spaces.

A.2 WIT-1M-recap: Is the alignment drop caused by poor captions?

One might hypothesize that the alignment drop at scale is driven by low quality of the WIT captions
rather than by a fundamental cross-modal difference. To test this, we recaption WIT-1M using gemini-
3-flash-preview as described in Section The resulting WIT-1M-recap dataset contains visually
detailed descriptions of around 500 words per image. As shown in Fig. mutual £NN alignment
still drops with gallery size. More detailed captions give overall higher mutual kNN scores, but do
not prevent the decline in scores. This suggests that caption quality is not the primary driver of
the mutual NN alignment drop.

A.3 Mutual cross-modal kNN alignment drops at scale across model pairs

The cross-modal alignment drop reported in Fig. 4 in the paper uses DINOv2-base and OpenLlama-3b.
Here, we examine whether similar patterns hold for stronger models. In Fig. we repeat the scaling
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Figure 13: Cross-modal mutual kNN alignment on images recaptioned using gemini-3-flash-preview
(WIT-1M-recap) as the gallery grows to 1M samples. Detailed captions result in overall higher
mutual kNN scores, but do not prevent the drop in scores.
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Figure 14: Cross-modal mutual kNN alignment as gallery grows from WIT-1024 to WIT-1M for
additional, stronger model pairs. Replacing DINOv2-base with the stronger DINOv2-giant and
OpenLlama-3b (Fig. 4 in the paper) with OpenLlama-13b does not prevent the drop. This suggests
that the degradation in mutual kNN alignment was not a result of the limitation of any individual
model.

experiment for two additional model pairs: DINOv2-base with OpenLlama-13b, and DINOv2-giant
with OpenLlama-13b.

Replacing DINOv2-base with the stronger DINOv2-giant and OpenLlama-3b with OpenLlama-13b
does not change the pattern. We observe that mutual NN still drops at scale. This is consistent with
Fig. 3b in the paper, which already shows low alignment scores across different LLMs at WIT-1M
scale. This confirms that the degradation reported in the paper is not specific to that particular
choice of models.

B Additional ImageNet experiments

The controlled experimental setting on the ImageNet validation set in Sec. 4.2 of the paper provides
one of our key findings: models individually retrieve correct-class neighbors at increasing rates as
the gallery densifies, yet cross-modal agreement remains flat. Here, we verify that the ImageNet
validation set serves as a suitable test bed. Furthermore, we confirm that our observations are not
limited to our choice of models or metric settings.

B.1 The ImageNet validation set is denser than WIT-1024

A natural question is how the gallery density in our ImageNet experiments compares to the WIT
data. As shown in Table|2] nearest-neighbor cosine similarities on the ImageNet validation set are
substantially higher than on WIT-1024 and comparable to WIT-1M. Even for only one image per class
in the gallery (ipc=1), the ImageNet validation set provides a denser retrieval setting than WIT-1024.
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Table 2: Nearest-neighbor distances across gallery sizes. ImageNet, even with only one image per
class in the gallery (ipc=1), has neighbor distances comparable to WIT-1M, confirming that it operates

in a similarly dense retrieval regime.

Gallery Model Dim k=1 k=10
WIT-1024 DINOv2-base 768  0.799  0.717
WIT-1024 OpenLlama3b 3200 0.502  0.400
WIT-1M DINOv2-base 768  0.906  0.888
WIT-1M OpenLlama3b 3200 0.757  0.701
ImageNet ipc=1 DINOv2-base 768  0.823  0.763
ImageNet ipc=1 DINOv2-giant 1536  0.609  0.496
ImageNet ipc=1 OpenLlama3b 3200 0928  0.904
ImageNet ipc=1 LLaMA-65B 8192 0.890  0.858
ImageNet ipc=49  DINOv2-base 768  0.887  0.861
ImageNet ipc=49  DINOv2-giant 1536  0.749  0.690
ImageNet ipc=49  OpenLlama3b 3200 0.954 0944
ImageNet ipc=49  LLaMA-65B 8192 0926 00912

This confirms that the ImageNet experiments operate in a denser retrieval regime comparable
to WIT-1M, making this a meaningful test bed.

B.2 Stronger models do not close the gap for ImageNet

The ImageNet decomposition experiments in Sec. 4.2 in the main paper use DINOv2-base and
OpenLlama-3b as its vision and language model respectively. Here, we probe whether stronger
models would show better cross-modal agreement that closes the gap to unimodal retrieval accuracy.

In Fig.[I5] we repeat the experiment with DINOv2-base paired with OpenLlama-65b, and DINOv2-
giant paired with OpenLlama-65b. The pattern is unchanged: both models individually improve at
retrieving correct-class neighbors as the gallery densifies, but strict cross-modal alignment remains
flat. Using substantially stronger models on both sides does not close the gap between individual
retrieval accuracy and cross-modal agreement.
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Figure 15: ImageNet per-modality retrieval accuracy and cross-modal mutual kNN alignment (k=1)
as images / captions per class in gallery increase for different model pairs. Even with substantially
stronger models (OpenLlama-65b, DINOv2-giant), individual retrieval improves with gallery density
while cross-modal alignment remains flat.
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B.3 ImageNet ablation shows a similar pattern for © = 10

The main paper reports the ImageNet decomposition experiments with mutual kNN scores for k=1.
Here, we verify that the finding is not an artifact of this strict setting. We additionally present how
mutual kNN with k=10 evolves when the gallery grows in Fig. [16|for two different model pairs.

We again observe that individual retrieval accuracy improves with gallery density while cross-modal
alignment, here in terms of mutual NN with k=10, does not.
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Figure 16: Per-modality retrieval accuracy and cross-modal mutual kNN alignment (k=10) as images
/ captions per class in gallery increase for two different model pairs. Again, modalities individually
improve with gallery density, but mutual kNN alignment, here with k=10, does not.

C What happens with non-synthetic data that is not bijective?

In the main paper (Sec. 4.3), we use the CycleReward dataset [3] to test alignment when the bijective
(one-to-one) assumption is relaxed with synthetic multi-modal correspondences. Here, we complement
this analysis using non-synthetic many-to-many correspondences from the WIT dataset [82].

C.1 Non-synthetic dataset with many-to-many correspondences

Natural duplicates in WIT. The WIT dataset naturally contains many-to-many correspondences
between images and captions: the same caption can describe many visually distinct images, and the
same image is reused across Wikipedia articles with different corresponding text. Specifically, 7.1%
of the captions are associated with more than one image, and 24.6% of the images have more than
one caption before deduplication (see Section [E.T). These naturally occurring one-to-many and many-
to-one correspondences provide a complementary test bed for relaxing the bijective (one-to-one)
setting without relying on generated images or captions.

Within-group deduplication. Grouping by caption text (for Tuple 3: Natural duplicates in the WIT
T2I) or by image (for I12T) can include within-group dupli-  4atacet after within-group deduplica-
cates, i.e. a caption group may contain duplicate image, and

tion.
an image group may contain repeated captions. After within-
group deduplication, the number of qualifying one-to-many ™ 12T
samples decreases from 7,844 to 4,975 for T2I and from -
38,254 to 24,853 for 12T (Table 3). Unique elements 32M 25M

Appearing >1time 7.1% 24.6%

We construct two complementary one-to-many datasets to Groups with >5 corresp.
mirror the experimental setup in Sec. 4.3 of the paper: Before dedup 7,844 38,254
After dedup 4,975 24,853

T2I (text-to-images): We select all 4,975 captions that are
associated with at least 5 unique images. For each caption, we take 5 images, yielding a flat dataset
of 24,875 image-text pairs.
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I2T (image-to-texts): We identify 24,853 unique images that are paired with at least 5 distinct captions
(by exact string matching). To match the T2I dataset size, we randomly subsample 4,975 images. For
each image, we take 5 captions, again yielding 24,875 samples.

C.2 Mutual kNN also decreases on non-synthetic data when the bijective assumption is
relaxed

We evaluate alignment between DINOv2-base [69] and OpenLlama-3b [24] on the WIT-based T2I
and I2T datasets. Fig.|17|shows mutual kNN alignment for k=1 and k=10 as the number of images

per caption and vice versa increases from 1 to 5. In both directions, alignment decreases as bijectivity
is relaxed.

This is consistent with the results on the CycleReward dataset in the main paper (Fig. 10) and
reinforces the conclusion that mutual kNN alignment is sensitive to the bijective assumption. When
multiple valid correspondences exist for a query, the two modalities are less likely to agree on the
same nearest neighbor, even if each individually retrieves a good match. This confirms that the
observed drop in alignment for non-bijective setting is not an artifact of synthetic data.
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caption from 1 (bijective) to 5. image from 1 (bijective) to 5.

Figure 17: Effect of relaxing the bijective assumption on mutual kNN alignment using naturally
occurring many-to-many correspondences in the WIT data (I2T and T2I subset). Mutual kNN
alignment on non-synthetic drops consistently as we increase the number of images per caption and

vice versa. This confirms that the pattern observed on CycleReward is not an artifact of synthetic
data.

D Does the alignment vs performance trend predicted by Huh et al. [40]
continue with recent LLMs?

To assess whether the alignment vs performance trend predicted by Huh et al. [40] continues with
recent language models, we evaluate 55 LLMs (see Section @] for full list) on six standard
benchmarks using the LM Evaluation Harness framework [20]]. [40] originally used three bench-
marks to measure language capability: HellaSwag [97], GSM8K [L1]}, and (1 — bitsperbyte) on
OpenWebText [26]. We replace OpenWebText with Wikitext [61]] and extend this analysis to three
additional benchmarks that probe different aspects of language understanding: ARC Challenge [10],
MMLU [34], and LogiQAZ2 [58].

D.0.1 Benchmarks and metrics.

Table 4| summarizes the evaluation configuration for each benchmark used in Sec. 4.4 of the paper
(we used the default configurations from [20]).

D.0.2 Does the alignment vs performance trend hold?

For each benchmark and each DINOv?2 variant, we fit a linear regression on the base models used in
[40], predicting mutual kNN alignment a from benchmark performance p. We then evaluate how
well this trend describes two populations:
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Table 4: Overview of language model benchmarks used in Sec. 4.4 of the paper.

Benchmark Capability Few-shot  Metric
HellaSwag [97] Commonsense reasoning 0 Accuracy
Wikitext [61] Language modeling 0 1 — bits per byte
ARC Challenge [10]  Science QA 4 Accuracy
GSMSK [[11] Math reasoning 5 Exact match
MMLU [34] General knowledge 5 Accuracy
LogiQA2 [58] Logical reasoning 5 Accuracy

Table 5: Average R? of the linear regression (fitted on the 19 base models from Huh et al. [40])
evaluated on the base models themselves and on the 36 recent models, across all four DINOv2
variants. Positive Rfvg(new) indicates that the trend from the base models is a good predictor for the
new models. Negative values indicate that the regression line is a worse predictor than the mean.

Benchmark  R7 (Huhetal)  R;, (new)

HellaSwag 0.752 0.297
Wikitext 0.729 0.489
ARC 0.702 —0.575
GSMS8K 0.336 —1.753
MMLU 0.430 —0.662
LogiQA2 0.431 —1.414

R? (Huh et al.): The standard coefficient of determination on the data is used to fit the re-
gression, i.e. RQ(Huh etal.) = r2, where r is the Pearson correlation between mutual kNN
alignment and language modelling benchmark score across the 19 base models from Huh et al. [40].

R? (new models): We apply the line fitted on the base models to the 36 recent models and
compute the generalized R?:

ZieMnew (ai — &i)2

R%*(new) = 1 — —
2 i My (@1~ o)

)

where a; are the linear regression alignment predictions based on language performance p;, a; is
the alignment score for the i-th model and a,.y, is the mean alignment of the new models. When
R?(new) > 0, the relation between alignment and language performance predicted in Huh et al.
extrapolates; when R?(new) < 0, the regression line is a worse predictor than simply predicting the
average Gney. R2,, values are reported in Table [5|and Figs. [18|and

avg
The results reveal a split across language modelling benchmarks. For HellaSwag and Wikitext, the
relation between alignment and language performance observed by Huh et al. partially extends to
recent models: the szg on new models remains positive (0.297 and 0.489, respectively), indicating
that stronger language models according to these benchmarks have higher mutual NN alignment
with DINOv2. Both benchmarks primarily measure next-token prediction quality and commonsense
language understanding, which are closely related to the pretraining objective of autoregressive
LLMs.

In contrast, for the four benchmarks that probe more specialized reasoning abilities: ARC (science
QA), GSMSK (arithmetic), MMLU (general knowledge), and LogiQA2 (logical reasoning), the
relation between alignment and language performance predicted from the base models Huh et al.
does not appear to hold for this set of recent models.

Specifically, the R2,, on new models is consistently negative, ranging from —0.575 (ARC) to —1.753
(GSMS8K). This means that the linear fit from the base models from Huh et al. [40] is a worse predictor
of alignment for recent models than simply predicting the mean. In Figs.[T8]and[T9] we observe that
recent models that are stronger than the best base model (Meta-Llama-3-70B) do not show higher
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mutual kNN alignment with DINOv?2 features. Instead, their alignment scores seem to saturate or
decrease.

We note that the 36 added (new) models are heterogeneous. They include new models trained on
next-token prediction (pre-training), instruction-tuned models, and reasoning-distilled models (e.g.
DeepSeek-R1-Distill). We treat them as a single population to test whether the trend extrapolates to
recent LLMs.

The above results support and extend the finding from Sec. 4.4 of the main paper. The relationship
between alignment and language performance from [40] holds for core language modelling
benchmarks, but does not seem to generalize to reasoning benchmarks.

E Experimental setup

In Section [E.T] we provide additional details about the deduplication pipeline for the WIT-1M and
LAION-15M datasets. We then describe the captioning pipeline used for WIT-1M-recap and for the
ImageNet validation set in Section [E.2]

E.1 WIT-IM and LAION-15M datasets

E.1.1 Image deduplication.

We deduplicate the gallery pools from WIT [82] and LAION400M [78]] at the image level using
perceptual hashing [96]. For each image, a 64-bit hash h; € {0, 1}%% is computed. For this, we first
convert the image to grayscale, resize it to 32 x 32, apply a 2D Discrete Cosine Transform, and
threshold the top-left 8 x 8 low-frequency coefficients against their median. This produces a binary
fingerprint that is robust to minor changes, e.g. due to recompression. We consider images ¢ and j
duplicates if their Hamming distance satisfies

dH(h;, h;) <2,
measuring the number of bit positions at which two hashes differ:

64

dy(hi,hy) =" L[y # hyp).

b=1

We perform deduplication of the gallery against the WIT-1024 images, and within the gallery by
keeping the first occurrence in the case of image duplicates.

E.1.2 Caption deduplication.

In addition to image deduplication, we do a text deduplication pass to remove gallery samples with
captions identical to another gallery sample or to a WIT-1024 query caption. Duplicate captions are
undesirable because they allow trivial text-based query-gallery matching, inflating retrieval scores
regardless of visual representations.

We use exact string matching and remove any gallery samples that match WIT-1024 captions. Among
the gallery samples, we discard duplicates and keep only the first occurrence of a duplicate caption-
sample.

E.1.3 WIT-1IM.

We obtain a raw pool of 3,582,610 samples from the English-text WIT dataset [82]]. To construct the
English-only subset of the dataset, we used a subset of [80,[79]]. Since [[79] only contains the image
URLs, we retrieved the corresponding images from [82]]. The raw pool undergoes our deduplication
pipeline, resulting in 2,389,146 samples. We randomly sampled 1 million samples for the WIT-1M
dataset. Deduplication statistics are provided in Table [6|and Table[7} In WIT, 31,845 captions appear
repeatedly, accounting for 129,499 samples (5.21%); the most frequent captions are coat of arms
(2716x) and Town hall (2361 Xx).
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Figure 18: Mutual kNN alignment vs. language benchmark performance for 55 LLMs across four

DINOV?2 variants, on WikiText, HellaSwag, and GSM8K. Dashed li

nes show the linear trend fit to

the 19 base models from [40]]. For WikiText and HellaSwag (top two plots), recent models roughly
follow the trend. For GSM8K (bottom plot), the trend is not followed.
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Figure 19: Mutual kNN alignment vs. language benchmark performance for 55 LLMs across four
DINOV2 variants, on ARC, LogiQA?2, and MMLU. As with GSM8K, the alignment-performance
trend from [40] does not extrapolate to recent models on any of these reasoning benchmarks. Stronger
models do not appear to show higher mutual kNN alignment with DINOv2 features.
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Table 6: Deduplication statistics for the WIT-1M and LAION-15M gallery pools. Image duplicates
are detected via perceptual hashing (pHash) with Hamming distance < 2. Caption duplicates are
detected by exact string matching. WIT-1M and LAION-15M are 1M and 15M image-caption pairs
randomly sampled from the remaining final pool.

WIT-IM  LAION-15M

Raw pool 3,582,610 20,000,000
Image deduplication
Duplicates (with WIT-1024) 2,847 53

Duplicates (within gallery) 2,164,343 3,371,128
Pool after image deduplication 2,486,852 17,941,016

Caption deduplication

Duplicates (with WIT-1024) 52 14
Duplicates (within gallery) 97,654 642,895
Final pool size 2,389,146 17,298,107

Table 7: Distribution of caption duplicates in the WIT and LAION galleries after image deduplication.
Note that the “unique captions” include some captions that are removed as query matches for the
final pool.

WIT LAION

Copies per caption Unique captions Total samples Unique captions Total samples
1 2,357,353 2,357,353 16,897,221 16,897,221
2 22,799 45,598 316,109 632,218
3 3,807 11,421 48,864 146,592
4 1,529 6,116 15,422 61,688

5 787 3,935 6,932 34,660
6-10 1,520 11,431 9,596 69,614
11-100 1,283 29,765 3,838 76,200
101-1,000 118 27,164 103 12,376
>1,000 2 5,077 4 14,588
Total 2,389,198 2,486,852 17,298,111 17,941,016

E.1.4 LAION-15M.

We randomly sample 20M samples from the LAION-400M dataset [/8]] which consists of English
image-text pairs. We randomly sample 20M samples as our raw pool which undergoes our deduplica-
tion pipeline. Finally, we randomly sample 15M from the final pool after deduplication, resulting in
our LAION-15M data pool. Deduplication statistics are provided in Table[6] and Table[7] In LAION,
400,890 unique captions appear repeatedly, accounting for 1,043,795 samples (5.82%); the most
frequent captions are Patent Drawing (10027x) and Throw Pillow (3246x).

E.2 Captioning pipeline for the ImageNet validation set and WIT-1M-recap

We used gemini-3-flash-preview (85, 70] for captioning the images in the ImageNet validation [[15]]
set and in WIT-1M. Specifically, we used the following text prompt for each image.

You are a precise image description system. Describe the image in the following JSON

format.
Return ONLY a valid JSON object with exactly these 7 keys. No text before or after the
JSON .
{
"one_sentence": "<exactly one sentence, strictly fewer than 15 words>",
"short": "<2-3 sentences, 20-40 words total>",
"100w": "<a paragraph, approximately 100 words>",
"250w": "<several paragraphs, approximately 250 words>",
"500w": "<detailed description, approximately 500 words>",
"750w": "<thorough description covering all visual details, approximately 750
words>",
"extreme_long": "<maximally detailed description covering every visible element,

texture, color, spatial relationship, lighting, and context. YOU MUST WRITE AT
LEAST 1000 WORDS. If your draft is under 1000 words, keep adding more detail about
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Figure 20: Generated image captions for the ImageNet validation set. a) shows the mutual kNN
alignment using captions of different lengths between DINOv2-base and OpenLlama3b on the
ImageNet validation set. As also shown in [40], longer detailed captions yield higher alignment
scores. b) shows the distribution over caption length (word count). We use captions of on average 981
words for our ImageNet experiments.

textures, materials, lighting, spatial layout, colors, and any other visible
elements until you reach at least 1000 words.
Target 1000-1500 words.>"
}
Be factual and visual. Describe what you actually see: objects, people, animals, colors,
textures, spatial relationships, background, lighting, and mood. Do not invent
information not visible in the image.

For the ImageNet validation set, we perform experiments with captions of the extreme_long type.
As shown in Fig. [20a] alignment scores increase with caption length. Captions of approximately
500 words achieve scores close to the maximum, while the longest captions yield the best mutual
kNN alignment scores between DINOv2-base and OpenLlama-3b on the ImageNet validation set. A
distribution over the number of words for captions of the extreme_long caption type is shown in
Fig.[20b] Despite prompting the model to produce at least 1,000 words per caption, 63.1% of captions
fall below this target. The average caption length is 981 words.

For WIT-1M-recap, we caption the 1 million images in the WIT-1M dataset using the 500w
variant for computational efficiency. This resulted in captions for 999,971 (29 images did not
get processed by gemini-3-flash-preview) images of on average 478 words. We provide those in
https://huggingface.co/datasets/askoepke/wit_1m_recaptioned.

E.3 Models and feature extraction pipeline

Our feature extraction pipeline is based on the experimental protocol from Huh ez al. [40]], which we
extend to include additional LLMs.

E.3.1 Vision models.

On the vision side, we use four DINOv2 [69]] variants: ViT-S/14 (384-d), ViT-B/14 (768-d), ViT-L/14
(1024-d), and ViT-G/14 (1536-d) [16]], loaded via the timm [93] library. For each image, we extract
the CLS token representation from every transformer layer, yielding a per-sample feature tensor of
shape L x d, where L is the number of layers and d the feature dimensionality.

E.3.2 Language models.

We evaluate 55 large language models spanning 13 model families. The first group comprises the
19 base models used by Huh et al. [40]: BLOOMZ (560M-7.1B) [66], OpenLlama (3B—13B) [24],
LLaMA (7B-65B) [87], OLMo (1B, 7B) [28], Gemma (2B, 7B) [21]], Mistral-7B [43]], Mixtral-
8x 7B [44], and Meta-Llama-3-70B [27].

For the trend analysis in Section D} we extend this set with 36 recent models: LLaMA-2 (7B-
70B) [88], Llama-3/3.1 [27], OLMo-2/3 [67], Ministral-3 (3B—14B) [56], Gemma-2 (2B-27B)[22],
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Gemma-3 (270M-27B) [23]], DeepSeek-R1-Distill (1.5B-70B) [14], Qwen3 (1.7B-32B) [72], Fal-
con3 (7B, 10B) [84], 01.AI Yi-1.5 (34B) [93], IBM Granite (8b) [74], and OpenAl GPT-OSS
(20b) [68]].

For each model, we extract hidden-state representations from all layers. Following [40], we apply
average pooling over non-padding tokens to obtain a single vector per layer.

F Additional qualitative results

We present additional qualitative results for nearest-neighbor retrieval at different gallery scales
on WIT-1M and LAION-15M in Figs. 2T and [22] and Figs. 23] and 24| respectively. In addition to
the near-duplicate matches in Figs. 5 and 6 of the main paper, we here show further examples for
cross-modal agreement (green-bordered matches) at scale when the modalities happen to select the
same neighbor. Others show agreement at WIT-1024 that breaks down as the gallery densifies. In
those cases, each modality individually finds a better match at scale, but they no longer agree on the
same one.
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Figure 21: Additional nearest-neighbor examples with DINOv2 and OpenLlama-3b for k=1 across
gallery scales on the WIT-1M dataset. For OpenLlama-3b, we show the (partial) retrieved captions

along with the corresponding reference image (LLM-ref) for visualisation. Green-bordered captions
and images indicate a mutual kNN match across modalities.

30



Query

WIT-1024

DINOv2 4
£33
A1
Lisl
A view of Mount Merbabu,
LM Rano Karno as acting Telomoyo and  Lake
governor of Banten Rawapening from Am-
barawa.
DINOv2
LLM Yam thale (Thai) asloorsnolhatievaliaty
taya fried rice)...
DINOv2
il
LLM Double crested cormorant | elowbilled Babblers al-

lopreening

DINOv2
LLM Alvin Ward Vogtle Nuclear Clarence Barker Memo-
Power Plant rial Hospital
DINOv2
A 1951 hundi of Bom
10 shilings of the |
LLM Japanese  occupation foayBrovinceltoris 250

ith a pre-printed 6a rev
lenue stamp.

currency, 1942

10K 50K

People with a trapped
tiger in Soepajang, Boven-
landen Padang on Suma-
tra's west coast, ~1895

Kediri, Jawa Timur.

e

Candi Surowono, Pare,

100K

500K

Ganjar Pranowo as Gov-  [Sumarsono as Acling
ernor of Central Java sec-  Governor of South Su
ond period (2018) awesi

Candi Surowono, Pare,
Kediri, Jawa Timur.

(Thai)

/A plate of som tam Lag|

/A plate of som tam Laol

(Tha) ‘Yam kun chiang (Thai)

Yam thua phu (Thai)

sandgrouse

erating Station

Female double-banded

San Onofre Nuclear Gen-

lightless cormorant

E. I. Hatch Nuclear Power
Plant near Baxley, Geor-
gia.

James A. FitzPatrick Nu-
clear Power Plant

Virgil C. Summer Nuclear
Station Unit 1

Obverse of the 1935-36
commemorative ~Califor-
nia Pacific International
Exposition half dollar

Banknote of 10 Reichs-
mark, 1929

Banknote of 10 Reichs-

Two_shiling coin from
mark, 1929 1949 1 yen note, 1932
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Figure 24: Additional nearest-neighbor examples with DINOv2 and OpenLlama-3b for k=1 across
gallery scales on the LAION-15M dataset. Green-bordered captions and images indicate a mutual
kNN match across modalities.

33



	Introduction
	Related Work
	Experimental setup
	How much do representations align?
	Alignment across dataset scales
	What is captured by cross-modal mutual kNN alignment?
	What happens when the data is not bijective?
	Trend check: Are the predictions from huh2024prh holding up so far?

	Discussion and future work
	Is the drop in mutual kNN alignment at scale caused by the metric, caption quality, or by specific model choices?
	Sanity check: does mutual kNN inherently drop at scale even within modalities?
	WIT-1M-recap: Is the alignment drop caused by poor captions?
	Mutual cross-modal kNN alignment drops at scale across model pairs

	Additional ImageNet experiments
	The ImageNet validation set is denser than WIT-1024
	Stronger models do not close the gap for ImageNet
	ImageNet ablation shows a similar pattern for k=10

	What happens with non-synthetic data that is not bijective?
	Non-synthetic dataset with many-to-many correspondences
	Mutual kNN also decreases on non-synthetic data when the bijective assumption is relaxed

	Does the alignment vs performance trend predicted by Huh et al@汥瑀瑯步渠. huh2024prh continue with recent LLMs?
	Benchmarks and metrics.
	Does the alignment vs performance trend hold?


	Experimental setup
	WIT-1M and LAION-15M datasets
	Image deduplication.
	Caption deduplication.
	WIT-1M.
	LAION-15M.

	Captioning pipeline for the ImageNet validation set and WIT-1M-recap
	Models and feature extraction pipeline
	Vision models.
	Language models.


	Additional qualitative results

