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Abstract
We test the Platonic Representation Hypothe-
sis (PRH) and its Aristotelian refinement (ARH)
by using diverse astronomical data to measure
representational convergence across foundation
models. We propose that astronomy is a nat-
ural testbed for this: the historical success of
astrophysics is itself evidence that a compact,
modality-invariant description of galaxy observ-
ables exists, and so representation convergence
toward reality should be measurable against the
physical parameters astronomers already use.
Given this framework, we evaluate eleven foun-
dation model families (spanning supervised clas-
sification, self-distillation, joint-embedding pre-
diction, masked autoencoding, vision-language
pre-training, and astronomy-specific architectures
from O(10M)→O(10B) parameters) on cross-
matched JWST, HSC, and Legacy Survey im-
agery, and DESI spectroscopy. All models are
evaluated frozen, with no astronomy-specific fine-
tuning. We probe redshift, stellar mass, and spe-
cific star formation rate via linear probes, and
local (MKNN) and global (CKA) embedding ge-
ometry within families, between modalities, and
across architectures. We find that physics per-
formance scales predictably with capacity; probe
directions align consistently with expected astro-
physical correlations and selection effects; and
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local (but not global) embedding alignment tracks
physics performance, including between DESI
spectra and HSC imagery—modalities that share
essentially no low-level statistics. Our results sup-
port the ARH over the strict PRH, and suggest
that astro-foundation models can build on general-
purpose pre-trained architectures, capitalizing on
the broader open machine learning community’s
already-spent computational investment.

1. Astronomy and the Platonic and
Aristotelian Representation Hypotheses

Three historical waves of increasingly automated connec-
tionism have swept the shores of astronomy. The late
1980s brought MLPs tuned for astronomical applications
on manually selected inputs (e.g. Adorf & Johnston, 1988;
Angel et al., 1990; Odewahn et al., 1992). With the ad-
vent of CNNs, RNNs, and deep learning, these MLP mod-
els gave way to raw data ingestion (e.g. Dieleman et al.,
2015; Charnock et al., 2018; Wu & Peek, 2020; Kheder-
larian et al., 2026). And the third wave of unsupervised
and self-supervised learning largely removed the need for
task-specific human-generated labelling, with connectionist
methods inferring astronomical knowledge directly from
the raw data (e.g. Sarmiento et al., 2021; Smith et al., 2022).
A fourth wave has recently been seeded by the discovery of
predictable neural scaling laws (Kaplan et al., 2020; Hoff-
mann et al., 2022)—the application of foundation models
to astronomical observations, publications, and survey data
(Smith & Geach, 2023). This fourth wave has brought with
it diverse approaches in the search for a viable path towards a
single, canonical, astro-foundation model: from contrastive
methods (e.g. Slijepcevic et al., 2024; Parker et al., 2024;
Mishra-Sharma et al., 2024; Zhao et al., 2025), to genera-
tive architectures (e.g. Leung & Bovy, 2023; Koblischke &
Bovy, 2024; Ore et al., 2024), to autoregressive modelling
(e.g. Smith et al., 2024; Pan et al., 2024; Euclid Collabo-
ration et al., 2025; Zuo et al., 2025; Heneka et al., 2025;
Moriwaki et al., 2025), to finetuning of large language mod-
els on astronomical text (e.g. Nguyen et al., 2023; Perkowski
et al., 2024; de Haan et al., 2024; Zaman et al., 2025). The
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sheer diversity of these approaches raises a natural ques-
tion: does the choice of architecture, training regime, and
data modality matter, or do sufficiently performant models
converge to equivalent representations?

The Platonic Representation Hypothesis (PRH; Huh et al.
(2024)) offers one answer: neural networks trained on dif-
ferent modalities are converging toward a shared global sta-
tistical model of reality in their representation spaces. The
PRH attributes this convergence to three mechanisms—task
generality (models trained on more diverse tasks require
representations that capture more information about under-
lying reality), model capacity (larger models are more likely
to find optimal representations), and simplicity bias (neural
networks naturally favour simpler solutions that generalise
better)—and draws inspiration from Plato’s Allegory of
the Cave (Plato, c. 375 BCE), in which the cave-dwellers
mistake shadows on a wall for reality itself. In this anal-
ogy, our training data are the shadowy projections of an
underlying reality, and our models learn to recover repre-
sentations (or ‘Forms’) of the reality that generates them.
Under the PRH, larger models trained on more diverse tasks
should converge toward a Platonic Ideal: a perfect, loss-
less Form of underlying reality. A recent refinement, the
Aristotelian Representation Hypothesis (ARH; Gröger et al.
(2026)), tempers this strong claim. Rather than agreeing on
a shared global coordinate system, the ARH proposes that
converging models agree on local neighborhood structure
rather than global embedding geometry. This distinction has
direct empirical consequences in that local rank statistics
are predicted to track convergence, while global similarity
measures are not.

Astronomical observations provide a natural testbed for both
hypotheses due to the observations’ fundamental nature as
different projections of the same underlying cosmic real-
ity. The historical success of astrophysics is itself evidence
that a compact, modality-invariant description of galaxy
observables exists, in that distinct instruments observing
the same galaxies can be reconciled into a single physical
account. These observations are inherently linked through
shared physical processes; a galaxy’s morphology (captured
in images), chemical composition (revealed through spec-
troscopy), and integrated properties (measured via photome-
try) all emerge from the same stellar populations, gas and
dust dynamics, and underlying matter distributions (Con-
roy, 2013). Given this, foundation models should converge
toward representations that capture the underlying funda-
mental physics governing these phenomena. All the pieces
are in place to test the PRH in astronomy: the scale and
diversity of modern surveys provide the data volume neces-
sary to test convergence across multiple model architectures
and training objectives, and recent work (The Multimodal
Universe Collaboration, 2024; Caplar et al., 2025) has stan-

dardized crossmatching across astronomical modes1.

In this paper we test both the PRH and the ARH across a bas-
ket of eleven foundation model families spanning supervised
classification, self-distillation, joint-embedding prediction,
masked autoencoding, vision–language pre-training, and
astronomy-specific architectures from O(10M)→O(10B)
parameters, evaluated on crossmatched JWST, HSC, and
Legacy Survey imaging, and DESI spectroscopy. 2 We
organise our analysis around three questions:

1. Do larger models encode more galaxy physics? We
train linear probes on frozen embeddings to predict
redshift, stellar mass, and specific star formation rate
given galaxy images, and ask whether probe perfor-
mance scales with model capacity (§3.1 ¶1).

2. Do different architectures converge to the same physi-
cal representation? We probe crossmodal performance,
and measure the distance between probe weight vectors
across models and ask whether they organise physics
similarly (§3.1 ¶2-3).

3. Does geometric alignment scale with performance—
locally, globally, or both? We measure MKNN and
CKA within model families, between astronomical
modalities, and across architectures, and regress align-
ment against probe performance (§3.2).

Conflict of Interest Disclosure. The authors declare no
financial conflicts of interest. All foundation models eval-
uated in this study (ViT, ConvNeXtV2, DINOv3, I-JEPA,
V-JEPA, ViT-MAE, CLIP, LLaVA-1.5, PaliGemma 2, As-
troPTv2, and Specformer) are publicly released, third-party
models that were not developed by the authors or by the
organisations that employ them; all were used frozen, with-
out fine-tuning or modification. No author has a financial
relationship with the entities that produced these models
that could constitute a conflict of interest.

2. Datasets, models, and metrics
We briefly describe and motivate our chosen data, model
architectures, and metrics below.

1We define an astronomical ‘mode’ or ‘modality’ as the infor-
mation captured by a specific instrument so that (e.g.) JWST and
HSC imaging are separate modes.

2All code used to produce the results in this paper (data pre-
processing and crossmatching, embedding extraction, linear prob-
ing, MKNN/CKA alignment, and the statistical analyses and fig-
ures) is available at https://github.com/UniverseTBD/
platonic-universe.
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2.1. Datasets used

We test across four crossmatched astronomical datasets that
capture fundamentally different projections of galaxy Forms.
We use the MMU to crossmatch between data modes at a
1” radius (The Multimodal Universe Collaboration, 2024).
Hyper Suprime-Cam (HSC) (Miyazaki et al., 2018) pro-
vides our reference baseline. HSC is an 8.2m ground-based
optical survey with ∼0.7” seeing and 5-band (grizy) cover-
age. We use HSC as it provides our largest overlap sample
across all other modalities, making it a natural anchor for
pairwise comparison. DESI Legacy Imaging Survey (Dey
et al., 2019) is a complementary ground-based optical sur-
vey at ∼1” seeing, its inclusion allows us to test represen-
tational alignment across different ground-based imaging
survey strategies. Our crossmatched Legacy-HSC sample
contains 102k galaxies. JWST NIRCam imaging (Gardner
et al., 2023) provides our most extreme imaging comparison:
space-based near-infrared and infrared observations that can
reveal dust emission and dust-obscured stellar populations
invisible to our HSC and Legacy optical surveys. The JWST-
HSC crossmatched sample contains 1.67k galaxies. DESI
spectra (DESI Collaboration et al., 2024) provide our cross-
modal non-imaging test. Spectroscopy probes integrated
galaxy properties (e.g. stellar properties, kinematics) that
are complementary to the spatial information captured by
imaging. The DESI-HSC crossmatched sample contains
18.6k galaxies.

To test the convergence of representations with astronomical
parameters, we use HSC and JWST images from COSMOS-
Web (Casey et al., 2023). The COSMOS field is one of the
most observed areas of the night sky; due to imaging from
many different telescopes across wide wavelength ranges,
galaxies in COSMOS have very accurate measurements
of their physical parameters (Shuntov et al., 2025). To
ensure that our physical labels are high quality, we select
45 000 galaxies with both HSC i and JWST F150W band
flux signal-to-noise ratios greater than 25, and use their
redshifts (many-band photometric redshifts), stellar masses,
and specific star formation rates (sSFRs) obtained from the
template-fitting method LEPHARE (Arnouts et al., 1999;
Ilbert et al., 2006). These parameters are canonical physical
descriptors of galaxies; they capture a galaxy’s size, intrinsic
luminosity, current evolutionary state, and distance from
Earth. To obtain image cutouts, we use the DAWN JWST
Archive (DJA)3 and the image cutout tool from the HSC
release website4.

For our MMU-crossmatched surveys we assemble three-
channel RGB composites from the raw flux cubes: g,
r, z for HSC and Legacy Survey, and F090W, F277W,

3https://dawn-cph.github.io
4https://hsc-release.mtk.nao.ac.jp/doc/

index.php/data-access__pdr3/

F444W for JWST, ensuring maximum wavelength cov-
erage while remaining suitable for our foundation mod-
els trained on RGB natural images. Pixel intensities are
normalised per band with an arcsinh stretch anchored
to precomputed 1st and 99th percentile flux values (esti-
mated per survey over batches of up to 10 000 images):
x̄ = arcsinh(α(x−p1)/(p99−p1))/arcsinh(α), with stretch
parameter α = 20 and the output clipped to [0, 1]. Arcsinh
stretching preserves faint low-surface-brightness structure
while compressing the dynamic range of bright galaxy cen-
tres, we choose α = 20 following Lupton et al. (2004). In
the COSMOS-Web dataset, we use g, r, z for HSC and
F115W , F150W , and F277W for JWST. We crop HSC
and Legacy Survey galaxies and bilinearly rescale the image
cutouts to match the 3.84′′×3.84′′ angular size of the JWST
cutouts (96×96 pixels at 0.04′′/pixel). Finally, before pass-
ing data into a model, any model-specific preprocessing is
applied according to each model’s published processing
pipeline.

2.2. Model architectures

Our model selection (Tab. 1) is designed to test the
PRH along three axes. First, we include models span-
ning supervised classification (ViT, ConvNeXtv2), self-
supervised learning via knowledge distillation (DINOv3),
joint-embedding prediction (IJEPA, VJEPA), and masked
autoencoding (ViT-MAE), allowing us to test whether con-
vergence depends on training objective. Second, we include
vision-language models (CLIP, LLaVA-1.5, PaliGemma)
to test whether architectures trained to bridge vision and
language converge toward the same representations as uni-
modal vision models. Third, we include two astronomy-
specific models: AstroPTv2, an autoregressive transformer
pre-trained exclusively on DESI Legacy Survey imaging,
and Specformer, a transformer trained on one-dimensional
DESI spectra. AstroPTv2 tests whether domain-specific pre-
training yields representations that diverge from or converge
with those of general-purpose models. Specformer repre-
sents our most out-of-distribution test case: a fundamentally
different input modality (spectra vs. images) processed by
a model that has never seen natural images. We extract our
embeddings from the literature-recommended embedding
layer of each model, or from the penultimate layer where
there is no recommendation. For each architecture family,
we test multiple model sizes to measure whether representa-
tional alignment scales with capacity or performance.

2.3. Metrics used to measure representational alignment

Following the methodology established in the original
PRH work, we measure representational alignment using
the mutual k-nearest neighbour (MKNN) metric (Chechik
et al., 2010). Given two embeddings (z1, z2) correspond-
ing to the same object as viewed by two different in-
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Table 1. Foundation models used in this study, spanning supervised,
self-supervised, autoregressive, and multimodal training paradigms
across vision, language, and spectral modalities.

Model Training regime Modality

Supervised
ViT (Dosovitskiy et al., 2020) Supervised classification Images
ConvNeXtv2 (Woo et al., 2023) Supervised classification Images

Self-supervised
DINOv3 (Siméoni et al., 2025) Self-distillation Images
IJEPA (Assran et al., 2023) Joint-embedding prediction Images
VJEPA (Assran et al., 2025) Joint-embedding prediction Video
ViT-MAE (He et al., 2022) Masked autoencoding Images

Multimodal / Vision-Language
LLaVA-1.5 (Liu et al., 2023) Vision-language Images + Text
PaliGemma (Beyer et al., 2024) Vision-language Images + Text
CLIP (Radford et al., 2021) Contrastive image-text Images + Text

Astronomy-specific
AstroPTv2 (Smith et al., 2024) Next-token prediction Astro. images
Specformer (Parker et al., 2024) Contrastive Astro. spectra

struments or models, the MKNN score is computed as
the cardinality of intersections for each object’s k-nearest
neighbours in the embedding space: MKNN(z1, z2) =
k−1|Nk(z1) ∩ Nk(z2)|, averaged over all objects in the
dataset, where Nk is the k-nearest neighbours operation
under the cosine distance, and | · | denotes set cardinality.
We follow Huh et al. (2024) and set k = 10 across all
experiments. We complement MKNN with the Centered
Kernel Alignment (CKA) metric (Kornblith et al., 2019):
CKA = (∥ABT ∥2F )/(∥AAT ∥F ∥BBT ∥F ), where A and B
are mean centered embedding matrices and ∥·∥F denotes the
Frobenius norm. We use both MKNN and CKA as MKNN
captures local neighborhood agreement, whereas CKA cap-
tures global embedding similarity. To eliminate confounds
from network scale we follow Gröger et al. (2026) and use
permutation-calibrated versions of the MKNN and CKA
metrics in all of our experiments, which subtract an empir-
ical null obtained by shuffling sample correspondences to
correct for width-driven baseline inflation.

3. Experiments and results
We structure our experiments to ask first whether founda-
tion models encode galaxy physics, and then whether the
geometry of their embeddings converges in ways that track
this physical content. §3.1 probes redshift, stellar mass,
and sSFR from frozen embeddings to test whether physics
knowledge scales with capacity and transfers across instru-
ments. §3.2 then measures embedding alignment across
four increasingly challenging settings—within model fami-
lies, between modalities, and between architectures—each
relaxing one shared assumption to isolate its contribution to
representational convergence.

3.1. Physical interpretation experiments

Having reliable per-galaxy measurements of redshift, stellar
mass, and sSFR allows us to probe two questions directly:
(1) do larger models encode more knowledge in their em-
beddings, and (2) do different architectures and modalities
share similar internal representations?
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Figure 1. Linear probe R2 as a function of model size, averaged
over mass, sSFR, and redshift. We find a significant positive
correlation, even though AstroPT is the only model in our basket
pretrained substantially on galaxy imagery.

Larger models encode more physics knowledge. We focus
on three physical properties: stellar mass (M⋆), specific star
formation rate (sSFR), and redshift (z). A model that has
internalised the physics of galaxy images should encode
all three canonical descriptors. After clipping values to the
1st and 99th percentiles to remove outliers, we train linear
probes on the embeddings of each model to predict these
properties. For both HSC and JWST, we run 10-fold cross-
validation using the 45 000 selected galaxies with matched
physical parameter measurements from the COSMOS-Web
catalog (40 000 train / 5 000 validation per fold). Fig. 1
shows the average R2 score across properties versus the
parameter count; full per-property results are in App. B. A
Spearman’s rank test gives a significant positive correlation
for our JWST (ρ = 0.508, p = 0.004) and HSC (ρ =
0.589, p = 0.0005) cases, indicating that larger models
recover more of the underlying astrophysics from images
alone, despite AstroPT being our only tested model pre-
trained significantly on galaxies.

Physics performance is correlated between modalities.
In Fig. 2, we show JWST R2 scores as a function of HSC
R2 scores in a grid of M⋆, sSFR, and z. We find a strong
cross-modal correlation (p<<0.01 via a Spearman’s rank
test) in all cases, indicating that a model’s capacity to lin-
early encode physical information is a consistent property of
the model itself rather than that of the observed wavelength
range. A principal component analysis across the six probe
R2 scores confirms this with 87% of the variance captured
in a single axis with uniformly positive loadings—a ‘model
quality’ axis along which the same models that recover more
astrophysics from optical imagery also recover more from
near-infrared imagery, despite the two probing largely differ-
ent physical processes (§2.1). One would expect this if our
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Figure 2. Linear probe R2 scores of JWST versus HSC modalities
on a grid of physical parameters. Model performance is strongly
correlated between the instruments, indicating that a model’s ca-
pacity to linearly encode physical information is a property of its
representations rather than a function of the observed wavelength
range or modality.

models are converging on representations of the underlying
galaxies rather than on modality-specific image statistics.

JWST samples near-infrared stellar light, where emission
is dominated by relatively low mass (long living) stars. At
near-IR wavelengths, photospheric emission is also less af-
fected by dust obscuration. JWST imagery is therefore a
clean tracer of already-built stellar mass but carries little
information about ongoing star formation. HSC instead
samples UV/optical light, and so is expected to be the more
reliable tracer of recent and ongoing star formation (Con-
roy, 2013). Finally, JWST’s longer wavelength baseline pins
down redshift more tightly than HSC’s (Salvato et al., 2019),
so we expect superunity linear regression slopes for M⋆ and
z on Fig. 2’s diagonal and a subunity slope for sSFR—which
is what we recover. By definition, sSFR ≡ SFR/M⋆, so
HSC sSFR carries information about stellar mass as well
as star formation. If both modalities encode mass in a
shared, modality-invariant way, then the M⋆ component
of HSC sSFR should align with JWST’s mass represen-
tation. Because JWST carries little SFR information but
traces M⋆ cleanly, we therefore expect HSC sSFR to corre-
late more strongly with JWST M⋆ than with JWST sSFR—
and indeed we find ρ(HSC sSFR, JWST M⋆) = 0.915 vs
ρ(HSC sSFR, JWST sSFR) = 0.649. Taken holistically,
our crossmodal correlations are consistent with our models
having internalised modality invariant astrophysical content

rather than instrument-specific image features, and foreshad-
ows our further crossmodal analysis in §3.2.

Relative orientations of probe directions are consistent
across models and with known physics. We assess the rel-
ative orientations of the redshift, stellar mass, and sSFR
directions in embedding space by measuring their pair-
wise cosine similarities. Fig. 3 shows the cosine sim-
ilarity matrices for HSC (left) and JWST (right), aver-
aged across all models. Within the star-forming popula-
tion, galaxies follow the well-established main sequence,
log SFR = α logM⋆ + β, with a sub-linear slope α ≲ 1
(Speagle et al., 2014). As sSFR ≡ SFR/M⋆ it follows that
log sSFR ∝ (α − 1) logM⋆, and so we would expect the
sSFR-M⋆ correlation to be mildly negative. This trend is
reinforced by the rising quiescent (non-star forming) galaxy
fraction with stellar mass, which shifts more massive galax-
ies to lower sSFR, and both effects are weak relative to
the several orders of magnitude that sSFR spans at fixed
mass (Wetzel et al., 2012). All of which is consistent with
the small negative cosine recovered across all our tested
models in Fig. 3. The correlation between M⋆ and redshift
arises primarily from a Malmquist-style selection effect
(Malmquist, 1922): since higher-redshift galaxies appear
fainter, only intrinsically luminous—and therefore more
massive—galaxies exceed the detection threshold of tele-
scopes, biasing high-redshift samples toward larger stellar
masses. Finally, higher redshift galaxies are observed to
have higher star-forming rates (Madau & Dickinson, 2014),
which explains the sSFR and redshift correlation. In short,
the correlations between these three parameters result from
intrinsic galaxy physics and selection effects, yet they are
nonetheless captured by all models despite all-but-one of
our models having been pre-trained on natural imagery or
text.
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Figure 3. Cosine similarity matrices between the redshift (z),
stellar mass (M⋆), and sSFR probe weight vectors for HSC (left)
and JWST (right), averaged over all models. The relationships
between the three probe weight vectors are consistent across all
models, suggesting that the embedding spaces encode physics via
similar internal organisation.

Taken together, the results in this subsection establish three
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facts about how foundation models encode galaxy physics.
First, capacity translates into physical knowledge: larger
models recover more of the underlying astrophysics from
images alone, despite only one model in our basket being
substantially pre-trained on galaxy imagery. Second, this
capacity is a property of the model rather than the modality:
probe performance is tightly correlated between HSC and
JWST across all three physical parameters, indicating that a
model’s ability to linearly encode galaxy physics transfers
across observed wavelength ranges. Third, the geometric
organisation of physics within embedding space is shared
across architectures: the relative orientations of the redshift,
stellar mass, and sSFR probe directions agree across models
to within small scatter, and the agreement reflects genuine
astrophysical and selection-effect correlations rather than
arbitrary embedding choices.

3.2. Global and local embedding alignment experiments

Having established that models encode physics to vary-
ing degrees, we now ask whether that physical content is
correlated to geometric convergence by adopting the ap-
proaches described in Huh et al. (2024); Gröger et al. (2026).
Specifically, we test global and local embedding similarity
scaling within architecture families, between astronomical
modalities, and across architecture families. The results in
this section are built upon two experimental frameworks:
(1) cross-model embedding comparison, where embedding
pairs are generated by passing the same astronomical mode
data into a pair of different models; and (2) cross-modality
embedding comparison, where embedding pairs are gener-
ated by passing different astronomical modality data into
the same model. In all cases we measure the embedding
similarity via the calibrated MKNN and CKA metrics (§2.3;
(Gröger et al., 2026)).

DINOv3 reveals a distinct scaling regime. Our simplest
test asks whether MKNN and CKA scores increase in the
direction the PRH predicts. We construct ordered pairs in
two ways. The method takes consecutively sized pairs of
pre-trained models, ordered by model size within a family
(Tab. 5); the PRH predicts that embedding similarity of pairs
should increase with scale, since better-performing models
sit closer to the Platonic Ideal. The second method pairs
a single model’s embeddings of two distinct astronomical
modalities (e.g. JWST and HSC imagery, Tab. 6); here we
expect better-performing models to produce more aligned
cross-modal embeddings. We treat each ordered pair as
an independent Bernoulli trial: success if the similarity
score increases along the predicted direction (larger model
pair in the intra-architectural case, the larger model in the
crossmodal case), failure otherwise. Under the null that
scale carries no information about alignment, the success
rate is 50%, and we test the basket rate against this null via
a binomial test. Across our full basket, including DINOv3,

the MKNN trend is in the predicted direction (60/96 = 62%,
p = 0.02), confirming the PRH’s basic prediction. However,
this effect is concentrated outside DINOv3, and excluding it
sharpens the signal substantially (51/69 = 74%, p = 0.006)
while DINOv3 alone trends in the opposite direction (9/27
= 33%). A Fisher exact test confirms that DINOv3 sits in
a statistically distinct scaling regime from the rest of the
basket (p = 4e−4 for MKNN, p = 0.03 for CKA). CKA
shows no significant trend in either case.

We view the DINOv3 anomaly as a probe of the PRH’s
underlying mechanism. The original hypothesis attributes
convergence to three drivers: task generality, model capacity,
and simplicity bias (Huh et al., 2024). None of these straight-
forwardly predict that distilled model families should con-
verge under scale. If anything, distillation pins all students
near a fixed teacher representation, decoupling capacity
from the independent optimization pressure that the PRH
posits as the driver of convergence. In other words, varying
student capacity around a frozen 7B teacher is not the same
kind of scaling the PRH was formulated around. We there-
fore propose a refinement: representational convergence
under scale is a property of independently trained models,
and may not extend to families produced by capacity-varied
distillation from a shared teacher. Given this and the results
from the Fisher exact test, we exclude DINOv3 from the
remaining tests in this section5.

Within-family local embedding alignment correlates
with physics performance. We further test whether em-
bedding similarities of models within the same architecture
family tracks how well those models recover galaxy physics.
Concretely, for each model family we pair adjacent size
rungs (e.g. ConvNeXtv2 Nano vs. Tiny, Tiny vs. Base, Base
vs. Large), compute their MKNN and CKA scores on each
of our three imaging surveys (JWST, Legacy, HSC; §2.1),
and compare these pairwise alignment scores against the
physical-probe R2 of the larger of the two models in the
pair (§3.1). The PRH predicts that better-performing pairs
should also be more internally aligned, since both models in
a high-performing pair should sit closer to the Platonic Ideal.
Fig. 4 shows this is borne out for MKNN: across all three
surveys we find a strong, significant Spearman correlation
(ρ = 0.679–0.724, p < 0.005). CKA shows no significant
trend in any survey (p ≥ 0.3) Per-property breakdowns
(mass, sSFR, redshift) and the full table of pairwise scores
are reported in App. C.

Local embedding alignment across modalities corre-
lates with physics performance. We now test whether

5We note that PaliGemma’s crossmodal MKNN also trends
negatively with scale, plausibly due to its vision tower being held
at fixed-capacity across model sizes. However, the same Fisher
exact test we applied to DINOv3 does not reach significance here
(p = 0.74 for MKNN), so we retain PaliGemma in the remaining
analyses.
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Figure 4. Intra-architectural scaling results. We plot our MKNN and CKA similarity values within each architecture family against the
mean R2 probe performance across the physical tasks described in §3.1. In each pane we state the ρ and p values as measured via a
Spearman’s rank test.

-2.5

0

2.5

M
KN

N 
%  = 62.6 (p = 0.0002)

JWST

-1

0

1  = 18.6 (p = 0.004)
Legacy Survey

-0.2

0

0.2  = 4.52 (p = 0.009)
DESI

0.02 0.00 0.02 0.04
 Mean R2

0

20

CK
A 

%

 = 145 (p = 0.2)

0.02 0.00 0.02 0.04
 Mean R2

-10

0

10  = 106 (p = 0.3)

0.02 0.00 0.02 0.04
 Mean R2

-5

0

5  = 87.8 (p = 0.03)

ViT ViT-MAE CLIP ConvNeXt V-JEPA I-JEPA AstroPT PaliGemma 2 LLaVA 1.5

Figure 5. Crossmodal MKNN and CKA metrics vs R2 (§3.1). R2 and MKNN/CKA are demeaned per architecture family to show
the trend without architecture family confounders. We state β and p from the ANCOVA tests R2 ∼ MKNN + C(family), and
R2 ∼ CKA + C(family).

cross-modal embeddings of the same galaxies converge as
model performance grows. For each model we compute
the MKNN and CKA alignment between the embeddings
of HSC imagery and the embeddings of a second modality
(JWST imagery, Legacy Survey imagery, or DESI spec-
tra as processed by Specformer), and regress these align-
ment scores against probe R2 (§3.1). In this test, if two
instruments observing the same galaxies result in embed-
dings that align, the alignment cannot be inherited from
raw pixel similarity and must instead reflect shared latent
content recovered by the model. Fig. 5 summarizes our
results. Controlling for familial effects via an ANCOVA,
we find a significant correlation (p < 0.01) in all tested
MKNN cases (JWST: β = 62.6, p = 2e − 4; Legacy:
β = 18.6, p = 0.004; DESI: β = 4.52, p = 0.009), and

no significant trend in our tested CKA cases. Notably, we
find a significant relation for DESI spectra vs HSC imagery:
spectra and images share essentially no low-level statistics—
a 1D sequence of flux measurement vs a 2D RGB cutout,
processed by a spectra model that has never seen an im-
age, and image models that have never seen spectra—so
alignment between them must be driven by shared phys-
ical content. The MKNN signal here (better-performing
models produce more aligned crossmodal embeddings) is
direct evidence that convergence is mediated by underly-
ing astrophysics rather than by input correlations or shared
inductive biases inherited from natural-image pre-training.
Per-property breakdowns are reported in App. D.
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Figure 6. Cross-architecture metric distance (MKNN, CKA), plot-
ted against average R2 over the three physical properties for HSC
and JWST images (§3.1). We find that probe performance is sig-
nificantly correlated with MKNN, but not with CKA.

Cross-architectural alignment correlates with physics
performance. Finally, we ask whether our basket of mod-
els is converging toward a single ‘ideal’ embedding space
across architectures. For each model in our basket we com-
pute the MKNN and CKA scores against every other model
and take the mean across comparisons, yielding a single per-
model alignment score that quantifies how close a model
sits to the rest of the basket in embedding space. Fig. 6
plots the mean cross-architectural MKNN and CKA against
the average linear probe R2 as described in §3.1. We re-
strict this analysis to the JWST-HSC crossmatched MMU
dataset for computational tractability, since pairwise compar-
ison across the full basket scales quadratically with model
count. We find a significant positive Spearman correla-
tion between MKNN alignment and physics performance
on both probe-spaces (ρ = 0.455, p = 0.02 for JWST,
ρ = 0.432, p = 0.03 for HSC), indicating that models with
better physics performance sit closer to the basket’s aver-
age embedding geometry. This trend holds across all tested
physical properties (App. E). As in our earlier tests, we do
not see a significant trend for CKA vs physics performance
(p > 0.1 in both probe-spaces).

Across all tests in this subsection—scaling within model
families, alignment between astronomical modalities, and
convergence across architectures—we find that local embed-
ding similarity (MKNN) tracks physics performance, while
global similarity (CKA) does not. The intra-architectural
test shows that within a family, better-performing size-pairs
are more locally aligned. The crossmodal test extends this
to pairs of instruments observing the same galaxies, and
crucially holds for DESI spectra vs. HSC imagery—a com-

parison in which low-level input statistics share essentially
nothing, isolating shared physical content as the driver of
alignment. The cross-architectural test shows that models
that encode more physics sit closer to the basket’s mean em-
bedding geometry, suggesting convergence toward a shared
representation rather than family-specific solutions. The
CKA null result across all four tests indicates that con-
vergence is a property of local neighbourhood structure
rather than global embedding geometry, consistent with the
Aristotelian rather than the strict Platonic reading of the
convergence hypothesis (Gröger et al., 2026).

4. Think local (embedding convergence),
not global

Below we summarize and distil our results across all our
experiments.

We find strong support for the Aristotelian Representa-
tion Hypothesis. Across our tests in §3.2 we find consis-
tently that local neighborhood structure (MKNN) tracks
model performance, while global embedding similarity
(CKA) does not. We must remind ourselves that, aside
from AstroPT and Specformer, our tested models are not
significantly pre-trained on astronomical data; that these
models identify any correspondence between fundamen-
tally different astronomical observations is remarkable, and
suggests that sufficiently scaled up neural networks learn
universal structural patterns transcending their training do-
mains. Our local-not-global embedding convergence pattern
supports the Aristotelian reading of representational conver-
gence (Gröger et al., 2026): foundation models trained on
different objectives, modalities, and data appear to agree
on which galaxies are like other galaxies, without agree-
ing on a shared global coordinate system in which to place
them. We can also see that our natural image-trained mod-
els achieve embedding alignment that increases with model
performance with Specformer’s DESI spectral embeddings,
therefore showing correspondence between fundamentally
different modalities and data types they have never encoun-
tered that do not share low-level statistics.

AstroPT does not dominate. AstroPTv2 is the only model
in our basket pre-trained substantially on galaxy imagery,
and yet it sits comfortably within the trends defined by
general-purpose models rather than above them, in physics
probe performance and in representational similarity. We
read this as evidence that sufficiently scaled general-purpose
models already recover representations close to those deliv-
ered by domain-specific pre-training—precisely as Sutton’s
Bitter Lesson would predict (Sutton, 2019). This follows
directly from the representational convergence documented
throughout our remaining results. Domain-specific architec-
tures may still be useful where the input modality is gen-
uinely outside the natural-image distribution (Specformer
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on 1D spectra is a clear example), but for galaxy imaging,
scale and data diversity appear to substitute for domain
specificity.

DINOv3 is a probe of the convergence mechanism. DI-
NOv3 scales in the opposite direction to the rest of our
model basket. The PRH attributes convergence to task gen-
erality, capacity, and simplicity bias, none of which obvi-
ously predict that capacity-varied students distilled from a
frozen 7B teacher should converge under scale as distillation
pins students near a fixed reference rather than letting them
discover representations under independent optimization
pressure. We therefore propose that representational con-
vergence under scale is a property of independently trained
model families, and may not extend to capacity-varied dis-
tillation. Training self-distilled model variants from scratch
at multiple scales would test this directly and is a natural
target for follow-up work.

Limitations. While our results provide compelling evidence
for the ARH, we note several limitations that suggest av-
enues for future exploration. Our cross-modal samples are
uneven in size (1.67k galaxies for JWST–HSC, 102k for
Legacy–HSC, 18.6k for DESI–HSC), and the JWST–HSC
overlap in particular may be underpowered to capture the
full diversity of galaxy populations. We probe only three
physical properties; convergence on morphology, kinemat-
ics, or environment may behave differently. Our cross-
architectural test is restricted to JWST for tractability. And
finally, our analysis is correlational: we cannot distinguish
whether better physics drives alignment or whether some
third factor drives both. We leave these questions for future
studies.

Implications for astronomical foundation modelling. We
observe general improvement in representational alignment
at larger model scales, suggesting that each architecture is
converging towards a shared representation. Taken to its
conclusion, this convergence implies that future efforts in
astronomical foundation modelling should focus less on
astronomy-specific architectures and more on scale and data
diversity. It also follows that the astronomy community
should embrace pre-trained foundation models rather than
training from scratch: if all architectures converge toward
the same representations, then starting from models pre-
trained on natural images or text—with their billions of
parameters and massive computational investment already
spent—offers both superior performance and dramatic re-
ductions in environmental impact. The broader open source
machine learning community has already invested the GPU-
centuries needed to learn general-purpose representations,
we need now only gently guide these models toward astro-
nomical use-cases.
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É., Arvai, A. R., Atcheson, P., Atkinson, C. B., Averbukh,
J., Aymergen, C., Bacinski, J. J., Baggett, W. E., Bag-
nasco, G., Baker, L. L., Balzano, V. A., Banks, K. A.,
Baran, D. A., Barker, E. A., Barrett, L. K., Barringer,
B. O., Barto, A., Bast, W., Baudoz, P., Baum, S., Beatty,
T. G., Beaulieu, M., Bechtold, K., Beck, T., Beddard,
M. M., Beichman, C., Bellagama, L., Bely, P., Berger,
T. W., Bergeron, L. E., Bernier, A.-D., Bertch, M. D.,
Beskow, C., Betz, L. E., Biagetti, C. P., Birkmann, S.,
Bjorklund, K. F., Blackwood, J. D., Blazek, R. P., Bloss-
feld, S., Bluth, M., Boccaletti, A., Boegner, Jr., M. E.,
Bohlin, R. C., Boia, J. J., Böker, T., Bonaventura, N.,
Bond, N. A., Bosley, K. A., Boucarut, R. A., Bouchet, P.,
Bouwman, J., Bower, G., Bowers, A. S., Bowers, C. W.,
Boyce, L. A., Boyer, C. T., Boyer, M. L., Boyer, M.,
Boyer, R., Bradley, L. D., Brady, G. R., Brandl, B. R.,
Brannen, J. L., Breda, D., Bremmer, H. G., Brennan, D.,
Bresnahan, P. A., Bright, S. N., Broiles, B. J., Bromen-
schenkel, A., Brooks, B. H., Brooks, K. J., Brown, B.,
Brown, B., Brown, T. M., Bruce, B. W., Bryson, J. G.,

13



The Platonic Universe: Do Foundation Models See the Same Sky?

Bujanda, E. D., Bullock, B. M., Bunker, A. J., Bureo, R.,
Burt, I. J., Bush, J. A., Bushouse, H. A., Bussman, M. C.,
Cabaud, O., Cale, S., Calhoon, C. D., Calvani, H., Canipe,
A. M., Caputo, F. M., Cara, M., Carey, L., Case, M. E.,
Cesari, T., Cetorelli, L. D., Chance, D. R., Chandler,
L., Chaney, D., Chapman, G. N., Charlot, S., Chayer,
P., Cheezum, J. I., Chen, B., Chen, C. H., Cherinka,
B., Chichester, S. C., Chilton, Z. S., Chittiraibalan, D.,
Clampin, M., Clark, C. R., Clark, K. W., Clark, S. M.,
Claybrooks, E. E., Cleveland, K. A., Cohen, A. L., Cohen,
L. M., Colón, K. D., Coleman, B. L., Colina, L., Comber,
B. J., Comeau, T. M., Comer, T., Conde Reis, A., Con-
nolly, D. C., Conroy, K. E., Contos, A. R., Contreras, J.,
Cook, N. J., Cooper, J. L., Cooper, R. A., Correia, M. F.,
Correnti, M., Cossou, C., Costanza, B. F., Coulais, A.,
Cox, C. R., Coyle, R. T., Cracraft, M. M., Crew, K. A.,
Curtis, G. J., Cusveller, B., Da Costa Maciel, C., Dailey,
C. T., Daugeron, F., Davidson, G. S., Davies, J. E., Davis,
K. A., Davis, M. S., Day, R., de Chambure, D., de Jong,
P., De Marchi, G., Dean, B. H., Decker, J. E., Delisa,
A. S., Dell, L. C., and Dellagatta, G. The James Webb
Space Telescope Mission. Publications of the Astronomi-
cal Society of the Pacific, 135(1048):068001, 2023. doi:
10.1088/1538-3873/acd1b5.
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A. Code, data, and compute
A.1. Dataset and code hosting

Here we list the datasets used, as well as the models used for this study. For each dataset and model we provide a link to the
publicly available data or weights. Cross-matching between surveys is performed using MMU v1 with a 1” matching radius.

We release all of our code on Github at github.com/UniverseTBD/platonic-universe.

Table 2. Foundation models and astronomical datasets used in this study.

Category Name Size Hugging Face source

Models AstroPTv2 15M (Small) Smith42/astroPT v2.0
95M (Base) Smith42/astroPT v2.0
850M (Large) Smith42/astroPT v2.0

CLIP 86M (Base) openai/clip-vit-base-patch16
304M (Large) openai/clip-vit-large-patch14

ConvNeXtv2 15M (Nano) facebook/convnextv2-nano-22k-224
28M (Tiny) facebook/convnextv2-tiny-22k-224
89M (Base) facebook/convnextv2-base-22k-224
198M (Large) facebook/convnextv2-large-22k-224

DINOv3 21M (ViT-S/16) facebook/dinov3-vits16-pretrain-lvd1689m
29M (ViT-S+/16) facebook/dinov3-vits16plus-pretrain-lvd1689m
86M (ViT-B/16) facebook/dinov3-vitb16-pretrain-lvd1689m
300M (ViT-L/16) facebook/dinov3-vitl16-pretrain-lvd1689m
840M (ViT-H+/16) facebook/dinov3-vith16plus-pretrain-lvd1689m
6.7B (ViT-7B/16) facebook/dinov3-vit7b16-pretrain-lvd1689m

IJEPA 632M (Huge) facebook/ijepa vith14 22k
1.0B (Giant) facebook/ijepa vitg16 22k

LLaVA-1.5 7B llava-hf/llava-1.5-7b-hf
13B llava-hf/llava-1.5-13b-hf

PaliGemma 2 3B google/paligemma2-3b-mix-224
10B google/paligemma2-10b-mix-224
28B google/paligemma2-28b-mix-224

Specformer 43M (Base) polymathic-ai/specformer

ViT 86M (Base) google/vit-base-patch16-224-in21k
304M (Large) google/vit-large-patch16-224-in21k
632M (Huge) google/vit-huge-patch14-224-in21k

ViT-MAE 86M (Base) facebook/vit-mae-base
304M (Large) facebook/vit-mae-large
632M (Huge) facebook/vit-mae-huge

V-JEPA2 300M (ViT-L) facebook/vjepa2-vitl-fpc64-256
600M (ViT-H) facebook/vjepa2-vith-fpc64-256
1.0B (ViT-G) facebook/vjepa2-vitg-fpc64-256

Crossmatches JWST vs HSC 1.67k Smith42/jwst hsc crossmatched
Legacy vs HSC 102k Smith42/legacysurvey hsc crossmatched
DESI vs HSC 18.6k Smith42/desi hsc crossmatched

Embeddings UniverseTBD/pu-embeddings

All of our code, embeddings, and crossmatched data are publicly available: the code is hosted on GitHub at https:
//github.com/UniverseTBD/platonic-universe, and the embeddings and datasets are hosted on Hugging
Face under the UniverseTBD and Smith42 organisations (see Tab. 2 for individual links).
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A.2. Compute resources and experimental cost

Extracting embeddings across the JWST, HSC, Legacy Survey, and DESI datasets cost the most GPU-hours, particularly for
the larger vision-language models (PaliGemma, LLaVa). The experiments required approximately 3000 GPU-hours across
various hardware tiers. Various downstream tasks (MKNN/CKA computation, linear probing, and statistical analyses) were
computationally cheaper compared to extraction, requiring about one CPU-hour per probe once embeddings were cached.

Table 3. Hardware usage summary by chip type.

Hardware Approximate Usage

NVIDIA A40 / A80 300 GPU-hours
NVIDIA A100 / A800 600 GPU-hours
NVIDIA GH200 / H100 2000 GPU-hours
NVIDIA RTX 5070 and RTX 3090 50 GPU-hours
Standard CPU cores ≈ 1 CPU-hour per probe

Total 3,000 GPU-hours

Using the Machine Learning Impact calculator (Lacoste et al., 2019),7 we estimate the total carbon footprint of these
experiments at approximately 0.8 t CO2eq. We obtain this by multiplying a representative thermal design power (TDP)
for each hardware tier (350W for the A40/A80 tier, 400W for A100/A800, 700W for GH200/H100, and 300W for the
consumer RTX cards) by the corresponding GPU-hours, giving ≈ 1,760 kWh of GPU energy, and applying the calculator’s
default OECD-average grid intensity of 0.475 kg CO2eq kWh−1.

7https://mlco2.github.io/impact/
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B. Extended physics results
Here we show the full per-property results for the physics linear-probe experiments. Tab. 4 lists mean and standard deviation
R2 values across 10-fold cross-validation for each model on HSC and JWST imagery, broken down by redshift, stellar mass,
and sSFR. Fig. 7 shows probe R2 against parameter count separately for each of the three physical properties. Figs. 8 and 9
show the per-model cosine similarity matrices between the redshift, stellar mass, and sSFR probe weight vectors for HSC
and JWST imagery respectively.

Table 4. Downstream regression performance (R2) when predicting redshift (z), stellar mass (logM⋆), and specific star formation rate
(sSFR) from frozen embeddings of each model, evaluated on 45 000 HSC and JWST galaxies. Values are mean ± standard deviation over
10 k-folds.

HSC (R2) JWST (R2)

Model z logM⋆ sSFR z logM⋆ sSFR

AstroPTv2 15M 0.387±0.013 0.525±0.009 0.462±0.002 0.349±0.010 0.674±0.010 0.293±0.008

AstroPTv2 95M 0.443±0.017 0.556±0.012 0.502±0.006 0.472±0.015 0.771±0.008 0.336±0.005

AstroPTv2 850M 0.453±0.007 0.559±0.013 0.510±0.007 0.531±0.012 0.802±0.006 0.360±0.005

ViT Base 0.359±0.006 0.455±0.013 0.434±0.006 0.372±0.012 0.597±0.004 0.306±0.012

ViT Large 0.369±0.007 0.474±0.007 0.440±0.005 0.408±0.010 0.638±0.006 0.340±0.009

ViT Huge 0.434±0.011 0.520±0.008 0.480±0.008 0.477±0.008 0.722±0.004 0.358±0.009

ViT-MAE Base 0.343±0.010 0.450±0.009 0.422±0.008 0.290±0.011 0.581±0.009 0.277±0.015

ViT-MAE Large 0.357±0.012 0.461±0.009 0.441±0.007 0.324±0.012 0.631±0.010 0.295±0.011

ViT-MAE Huge 0.372±0.009 0.486±0.008 0.470±0.005 0.357±0.011 0.668±0.010 0.310±0.010

DINOv3 vits16 0.359±0.005 0.434±0.008 0.418±0.008 0.402±0.009 0.607±0.006 0.334±0.008

DINOv3 vits16plus 0.357±0.008 0.440±0.008 0.426±0.008 0.380±0.013 0.601±0.008 0.336±0.011

DINOv3 vitb16 0.383±0.005 0.465±0.008 0.451±0.011 0.441±0.008 0.646±0.007 0.368±0.008

DINOv3 vitl16 0.376±0.004 0.454±0.006 0.453±0.008 0.443±0.008 0.626±0.006 0.367±0.012

DINOv3 vith16plus 0.366±0.010 0.450±0.006 0.439±0.008 0.464±0.012 0.630±0.007 0.379±0.011

DINOv3 vit7b16 0.421±0.007 0.495±0.008 0.489±0.013 0.528±0.004 0.704±0.003 0.421±0.011

ConvNeXtv2 Nano 0.392±0.005 0.490±0.009 0.475±0.007 0.457±0.010 0.690±0.007 0.359±0.011

ConvNeXtv2 Tiny 0.412±0.009 0.496±0.009 0.470±0.006 0.455±0.016 0.675±0.007 0.375±0.008

ConvNeXtv2 Base 0.409±0.004 0.501±0.008 0.488±0.011 0.460±0.009 0.676±0.003 0.386±0.006

ConvNeXtv2 Large 0.425±0.008 0.522±0.010 0.506±0.008 0.498±0.012 0.713±0.004 0.400±0.010

I-JEPA Huge 0.429±0.008 0.528±0.007 0.499±0.006 0.524±0.011 0.780±0.006 0.403±0.009

I-JEPA Giant 0.424±0.004 0.528±0.007 0.506±0.012 0.555±0.013 0.790±0.006 0.416±0.008

V-JEPA2 Large 0.421±0.008 0.544±0.010 0.517±0.006 0.525±0.010 0.780±0.006 0.436±0.007

V-JEPA2 Huge 0.420±0.006 0.549±0.012 0.518±0.006 0.521±0.011 0.781±0.005 0.439±0.012

V-JEPA2 Giant 0.450±0.006 0.560±0.011 0.530±0.007 0.565±0.011 0.810±0.003 0.457±0.009

CLIP Base 0.433±0.009 0.517±0.008 0.511±0.007 0.473±0.009 0.706±0.003 0.358±0.011

CLIP Large 0.435±0.008 0.515±0.010 0.496±0.007 0.533±0.009 0.736±0.004 0.385±0.010

PaliGemma 2 3B 0.458±0.007 0.539±0.008 0.529±0.011 0.528±0.011 0.764±0.005 0.378±0.007

PaliGemma 2 10B 0.464±0.009 0.537±0.011 0.522±0.011 0.531±0.015 0.773±0.004 0.359±0.008

PaliGemma 2 28B 0.398±0.009 0.492±0.009 0.478±0.010 0.465±0.014 0.722±0.006 0.310±0.014

LLaVA 1.5 7B 0.431±0.009 0.522±0.013 0.504±0.006 0.528±0.014 0.752±0.005 0.390±0.010

LLaVA 1.5 13B 0.429±0.008 0.518±0.009 0.502±0.004 0.531±0.011 0.756±0.003 0.394±0.012
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Figure 8. Cosine similarity matrices between the redshift (z), stellar mas (M⋆), and sSFR probe weight vectors using HSC images.
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Figure 9. Cosine similarity matrices between the redshift (z), stellar mas (M⋆), and sSFR probe weight vectors using JWST images.
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C. Extended intra-architectural results
We list the full results across pairs of models within the same family in Tab. 5. Each entry is the MKNN or CKA score as a
percentage. Fig. 10 plots intra-architectural MKNN and CKA against linear-probe R2 for each of redshift, stellar mass, and
sSFR individually.

Table 5. Intra-architectural embedding alignment within a model family, measured by MKNN and CKA scores. The PRH predicts that
both MKNN and CKA scores will increase as we compare the embeddings of larger model pairs within a model family, since larger
models will generate embeddings closer to the Platonic ideal representation.

MKNN (%) CKA (%)

Model Pairs JWST Legacy HSC JWST Legacy HSC

AstroPTv2 Small vs Base 47.2 35.5 35.7 96.9 98.4 98.1
AstroPTv2 Base vs Large 51.6 39.4 39.6 97.2 98.3 98.1

CLIP Base vs Large 30.7 5.9 6.2 66.7 69.4 68.8

ConvNeXtv2 Nano vs Tiny 29.6 4.4 4.8 66.3 70.3 70.4
ConvNeXtv2 Tiny vs Base 29.0 3.9 4.2 72.0 68.4 67.7
ConvNeXtv2 Base vs Large 35.8 5.9 6.3 80.5 77.0 76.7

DINOv3 vits16 vs vits16plus 43.6 10.8 16.5 88.5 89.7 86.7
DINOv3 vits16plus vs vitb16 38.2 9.6 14.3 86.5 88.5 86.3
DINOv3 vitb16 vs vitl16 32.7 7.1 9.4 73.6 73.1 68.0
DINOv3 vitl16 vs vith16plus 34.0 6.3 8.8 78.5 68.7 66.6
DINOv3 vith16plus vs vit7b17 40.5 7.8 11.7 81.8 62.1 64.2

IJEPA Huge vs Giant 28.5 10.8 12.2 84.8 95.0 84.7

LLaVA-1.5 7B vs 13B 28.4 21.2 17.2 64.3 83.6 59.3

ViT-MAE Base vs Large 23.5 4.2 4.5 93.0 95.9 95.9
ViT-MAE Large vs Huge 26.8 4.3 4.6 94.0 96.2 96.1

ViT Base vs Large 22.7 11.7 9.8 72.4 83.5 92.1
ViT Large vs Huge 25.8 14.3 12.3 66.5 72.7 97.8

PaliGemma 2 3B vs 10B 27.7 25.7 16.9 75.9 72.5 85.2
PaliGemma 2 10B vs 28B 29.5 28.2 17.9 80.3 66.5 81.3

V-JEPA2 ViT-L vs H 31.9 32.1 20.0 89.7 82.4 74.2
V-JEPA2 ViT-H vs G 35.4 36.0 20.0 84.7 80.6 80.3
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Figure 10. Intra-architectural embedding alignment (MKNN and CKA) vs probe performance for our tested physical properties.
Spearman’s ρ and p values are stated for each panel. In all tested cases we find a significant correlation between MKNN and physics
probe performance. We do not find a significant correlation between CKA and physics probe performance in any tested case.
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D. Extended crossmodal results
We list the full results across pairs of data modalities for each model variant in Tab. 6. Each entry is the MKNN or CKA
score as a percentage. Fig. 11 plots cross modal MKNN and CKA against linear-probe R2 for each of redshift, stellar mass,
and sSFR individually.

Table 6. Crossmodal embedding alignment between a model’s embeddings of different astronomical modalities and its embeddings of
HSC imaging, measured by MKNN and CKA scores. The DESI spectra column uses Specformer embeddings for the DESI side compared
against each listed vision model’s HSC image embeddings. The PRH predicts that both MKNN and CKA scores will increase as models
within a family grow in size, since larger models should produce embeddings closer to the Platonic ideal representation.

MKNN (%) CKA (%)

Model JWST Legacy DESI JWST Legacy DESI

AstroPTv2 Small 11.62 3.36 1.25 43.4 86.6 45.66
AstroPTv2 Base 12.60 3.28 1.32 42.0 84.9 45.39
AstroPTv2 Large 14.30 3.84 1.41 41.9 84.9 44.47

CLIP Base 12.88 1.79 1.29 30.59 59.32 33.39
CLIP Large 14.07 2.28 1.24 31.89 72.73 33.85

ConvNeXtv2 Nano 11.33 1.13 1.01 32.52 54.06 32.29
ConvNeXtv2 Tiny 11.91 1.18 1.05 28.57 52.93 29.64
ConvNeXtv2 Base 10.57 0.99 0.87 33.28 55.73 33.32
ConvNeXtv2 Large 12.23 1.21 1.01 34.01 50.49 36.50

DINOv3 vits16 14.55 2.42 0.98 52.18 70.23 34.80
DINOv3 vits16plus 13.09 2.09 0.97 48.53 68.06 35.39
DINOv3 vitb16 14.03 2.48 0.92 49.44 70.29 33.25
DINOv3 vitl16 11.80 1.70 0.79 45.31 66.07 30.14
DINOv3 vith16plus 10.35 1.16 0.67 31.58 43.12 22.21
DINOv3 vit7b16 12.62 1.89 0.82 40.14 41.65 30.13

IJEPA Huge 9.85 1.27 0.56 15.22 31.64 15.86
IJEPA Giant 11.63 2.09 0.73 21.25 51.31 25.40

LLaVA-1.5 7B 11.16 1.67 1.04 31.10 56.45 36.88
LLaVA-1.5 13B 11.70 1.86 1.06 45.03 73.30 38.11

PaliGemma 2 3B 11.50 1.84 1.18 43.20 58.58 32.89
PaliGemma 2 10B 12.23 1.81 1.17 41.98 47.51 33.97
PaliGemma 2 28B 7.03 0.56 0.50 31.2 53.39 22.21

ViT-MAE Base 10.09 1.89 1.01 59.34 94.89 29.25
ViT-MAE Large 10.75 1.98 0.94 59.23 94.49 28.39
ViT-MAE Huge 11.22 2.15 0.93 61.66 95.35 28.59

ViT Base 10.48 1.20 1.02 30.13 47.35 35.17
ViT Large 13.01 1.94 1.03 47.00 67.19 34.98
ViT Huge 15.88 3.51 1.14 46.32 74.42 37.18

V-JEPA2 ViT-L 14.27 3.04 0.82 59.63 77.48 23.98
V-JEPA2 ViT-H 10.98 1.77 0.74 24.86 52.76 23.71
V-JEPA2 ViT-G 13.19 2.11 0.89 24.57 77.59 30.73
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Figure 11. Crossmodal embedding alignment between the stated modality and HSC plotted against probe performance for our tested
physical properties. ANCOVA β and p values are stated for each panel. In all tested cases we find a significant correlation between
MKNN and physics probe performance. We only find a significant correlation between CKA and physics probe performance for DESI
Spectra vs HSC.
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E. Extended cross-architectural results
This appendix expands the cross-architectural analysis. Fig. 12 plots each model’s mean MKNN and CKA against the rest
of the basket against its linear-probe R2 for redshift, stellar mass, and sSFR individually, on both JWST and HSC imagery.
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Figure 12. Cross-architectural embedding alignment between the stated modality and HSC plotted against probe performance for our
tested physical properties. Spearman’s ρ and p values are stated for each panel. In all tested JWST cases we find a significant correlation
between MKNN and physics probe performance. For HSC we find significant or borderline correlations between MKNN and physics
probe performance. We only find a significant correlation between CKA and physics probe performance for HSC redshift.
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