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Abstract

Astronomical observations provide multimodal views of physical systems, with
images and spectra capturing complementary properties of celestial objects. Scien-
tific foundation models can learn powerful representations from these observations,
but representations learned by separate models remain difficult to combine. We
investigate whether laten space representations learned by separate vision and
spectral models can be aligned without retraining their encoders. We introduce
DINOspec, a multimodal framework that aligns a frozen DINOv3 image encoder
with a pre-trained AION-1 spectral encoder using lightweight adapters and con-
trastive learning on 20,472 paired images and spectra of astronomical objects.
DINOspec improves galaxy morphology classification (F1: 0.72—0.78) and spec-
tral type classification (F1: 0.70—0.74) while training at few as 21M parameters.
Redshift prediction shows no consistent improvement over the AION-1 baseline
of R? =~ 0.9, demonstrating that potential benefits of alignment depends on the
configuration and downstream task. These results provide an empirical study of
composing astronomical representations from independently pretrained foundation
models through lightweight alignment modules.

1 Introduction

Observational astrophysics provides a natural setting for studying multimodal representation learning,
as different instruments measure complementary aspects of the same physical systems. Multi-band
imaging, spectroscopy, photometry, and source catalogs each contain different information about
astronomical objects, but combining these observations requires representations compatible across
modalities. Recent astronomical foundation models have begun addressing this challenge. AstroCLIP
[Parker et al.,|[2024] aligns optical images and spectra, AstroM3 [Rizhko and Bloom||2025]] extends
contrastive learning to photometry, spectra, and metadata, and AION-1 [Parker et al., 2025| integrates
five heterogeneous datasets using modality-specific tokenizers and cross-modal transformer layers.
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A central challenge for scientific foundation models is that representations learned from different
instruments or datasets are difficult to reuse and combine. Astronomical observations differ sub-
stantially in wavelength coverage, spatial resolution, and noise properties, producing domain shifts
between instruments or even surveys. Existing multimodal architectures typically rely on jointly
trained modality-specific components, particularly tokenizers optimized for the statistics of the
training data. Even unimodal benchmarks show that visual encoders of various architectures perform
differently across data regimes [Lastufka et al., [2025]]. Consequently, incorporating new data sources
into existing multimodal models would require retraining substantial portions of it rather than reusing
existing physical representations.

In this work, we investigate whether independently learned scientific representations can be aligned
through lightweight trainable modules. This separates representation learning from cross-modal
alignment, allowing use of existing foundation models without modifying their learned representations.
We build on the Locked-image Tuning (LiT) strategy introduced by DINO.txt [Jose et al.| [2024],
which demonstrated that frozen visual representations can be adapted to new semantic spaces using
alignment layers. Our method, DINOspec, combines a frozen DINOv3 [Siméoni et al., 2025]]
visual encoder with a spectral encoder operating on tokens from the pre-trained AION-1 tokenizer.
DINOspec does not introduce a new contrastive alignment objective; instead, it investigates the
empirical behavior of lightweight alignment between independently pretrained astronomical image
and spectral representations. We evaluate how adapter initialization, capacity, and training strategy
affect downstream morphology classification, spectral classification, and redshift regression, providing
evidence of when alignment improves downstream utility and when unimodal information already
dominates the downstream task.

2 Data
Dataset name Origin Train Test Labels Task
hsc HSC grz images 86614 vision pre-training
sdss_desi SDSS and DESI spectra 107223 102407 spectra pre-training
desi_xmatchGRZ  cross-matched HSC and DESI 16378 4094 vision and joint pre-training
GZ10_DECals LegacySurvey grz images 14189 3546 10 classes classification
GZ10_xmatch HSC grz images 553 139 10 classes classification
SDSS16_reg SDSS spectra 14000 3000 redshift regression
SDSS16_class SDSS spectra 182000 39000  spectral class classification

Table 1: The datasets used in this study.

For cross-modal alignment, we use paired imaging and spectroscopic observations of the same
astrophysical objects. The pre-trained image and spectral encoders are learned from larger unimodal
datasets (LVD-1689M for DINOv3 and SDSS/DESI data for AION-1), while we additionally investi-
gate whether unimodal pre-training the alignment blocks improves joint representations. The datasets
used for unimodal pre-training (when applicable), joint multi-modal alignment, and downstream task
evaluation (described in Section ) are summarized in Table[T] Further details of dataset construction

are in Appendix

Image data originate from the Hyper Suprime-Cam’s (HSC) deep and ultra-deep surveys [Aihara
et al.} 2018]], which provides calibrated optical imaging in five bands (g, r, 7, 2z, and y). We use the g,
r, and z bands which cover a broad redshift range to construct RGB images using the Lupton et al.
[2004] asinh intensity mapping. Image cutouts are extracted at a pixel scale of 0.162 arcsec pixel !,
centered on cataloged sources, with a final size of 160 x 160 pixels. A total of 86,614 such cutouts
were obtained.

Optical spectra were from the Sloan Digital Sky Survey (SDSS; |/Ahumada et al.| [2020]) and the
Dark Energy Spectroscopic Instrument (DEST; (Collaboration et al.|[2016]). SDSS provides medium-
resolution optical spectra covering approximately 3650-10400 A, while DESI provides spectra
spanning approximately 3600-9800 A with wavelength-dependent resolution. The combined SDSS
and DESI dataset contained 209630 object spectra.

Finally, we constructed cross-matched HSC and DESI objects within a one arcsecond radius to obtain
a dataset containing 20,472 cutouts. These paired observations are used for CLIP-style contrastive
training, to align image and spectrum data in a shared representation space. Objects from this cross-
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Figure 1: The DINOspec architecture.
Table 2: Model parameter counts.
Configuration # Assumption Vision blocks  Transformer blocks Training strategy
0 Strong spectra  Pre-trained Embedding layer only Joint training
1 Strong spectra  Random Pre-trained SM frozen for first 50 epochs
2 Strong vision  Pre-trained Pre-trained VM frozen for first 50 epochs
3 Strong vision  Pre-trained Random VM frozen for first 50 epochs
4 Pre-trained Random Joint training
5 Pre-trained Pre-trained Joint training
6 Random Pre-trained Joint training

Table 3: Experiment configurations. The vision backbone and spectral tokenizer are always frozen.
The vision backbone plus any additional blocks compose the entire vision model (VM); likewise for
the spectral model (SM). Initialization of additional blocks is either “Pre-trained” or “Random”.

matched dataset were excluded from any downstream task evaluation datasets in order to prevent
leakage.

3 Models

DINOspec adopts the structure introduced in DINO.txt [Jose et al.| [2024]], consisting of a frozen
DINOv3-Large vision backbone and a spectral branch operating on tokens from the frozen AION-1
tokenizer. The vision branch appends transformer blocks to the DINOv3 output, while the spectral
branch uses either a linear embedding layer or additional transformer blocks. The two branches
are connected through trainable adapters, which align visual and spectral representations using the
symmetric cross-entropy CLIP loss [Radford et al.| 2021]]. Table [2]shows different components of the
DINOspec model which we investigated in this work, and the number of trainable parameters in each
component. For comparison, the parameter counts of the DINOv3 and AION-1 models used are also
included, although these models are used exclusively as frozen encoders.

We designed seven experimental configurations (Table|3)) to investigate multimodal alignment under
different assumptions about the relative strength of the vision and spectral encoders. Here, pre-
training refers to unimodal training of randomly initialized transformer blocks using either the BERT
reconstruction objective or the DINOv3 loss; details are provided in the Appendix.

Configuration 0 uses pre-trained vision blocks with a lightweight spectral embedding layer, while
Configuration 1 introduces a pre-trained spectral model and evaluates alignment when the spectral
branch guides the visual representation. Configurations 2 and 3 reverse this assumption, using
pre-trained visual representations while varying the initialization of the spectral adapter. Finally,
Configurations 4—-6 make no specific assumption about the strength of either encoder, and compare
different combinations of pre-trained and randomly initialized components when all trainable modules
are optimized jointly. For each configuration, joint training was performed using the cross-matched
dataset for 150 epochs and a learning rate of be — 6.



4 Evaluation

We evaluate the utility of aligned representations on both vision and spectral downstream tasks
rather than direct measures of alignment such as retrieval or cross-modal matching. Images and
spectra provide complementary, but not identical, information about astronomical objects; retrieval
performance alone therefore does not establish whether an alignment preserves the modality-specific
information required for scientific inference. Our evaluation measures downstream utility, rather than
simply alignment quality.

Galaxy morphology classification used the 10-class Galaxy10 DECaLS dataset [Leung}2026|]. Since
AION-1 requires a specific image preprocessing pipeline, we cross-matched Galaxy10 objects with
available HSC imaging, resulting in 692 usable images (GZ10_xmatch in Table[I). For consistency,
AION-1 was evaluated using only HSC images and no additional data modalities. Unless otherwise
specified, image morphology classification used only the vision encoder and a 2-layer MLP classifier.

As a complementary assessment on a larger dataset and imaging source than the HSC subset used
for the primary morphology evaluation, we evaluate morphology classification on the full Galaxy10
DECaLS dataset using Legacy Survey images. LegacySurvey images are have a larger pixel scale
than HSC images, resulting in lower resolution, and the survey prioritized coverage over depth.
Together with different response profiles in the same imaging bands, these galactic images have
slightly different properties than the joint training distribution DINOspec models were exposed to.
This experiment should be treated as a qualitative check of whether the results observed in the primary
evaluation persist on a larger dataset, rather than as a controlled comparison of performance across
imaging domains. Full results of this evaluation are in Appendix [A.5]

Spectral tasks used the SDSS16 dataset [Zhong et al.,[2024], which provides labels for redshift and
spectral class. We evaluated redshift regression for galaxies and classification of stars, galaxies, and
quasars (SDSS16_reg and SDSS16_class in Table([I). As for vision tasks, evaluation used only the
corresponding spectral encoder with a 2-layer MLP classifier, modified for classification or regression.

Learning rates were selected through a small hyperparameter sweep for each task, with early stopping
applied. Each evaluation was repeated seven times with different random seeds. We report F1 scores
for classification and the coefficient of determination (R?) for redshift prediction.

#  Transformer Pre-trained Trainable Image F1 Spectra F1 Spectra R?

Blocks ViT Blocks? Parameters
1 2% N + LoRA 21.4M 0.796 =58 —3 0.708+t34e—3  0.879+1.7e—2
1 2% N 2IM 0.779+6.1e—3  0.704£5.7e—3  0.882+14e—2
1 16* N 70M 0.773+£5.5e—-3 0.651+t14e—3 0.893+1.0e—3
6 16 N 70M 0.768+5.5e —3  0.659+3.5e—3  0.891+55e—4
6 8 N 42M 0.764 £5.3e—3  0.663t4.7e—3  0.895+1.0e —3
1 8* N 42M 0.758 £5.3e —3  0.667£55e—3  0.895+6.2e —4
6 2 N 21M 0.747+4.6e—3  0.688£39e—-3  0.884 % 1.6e —2
2 2 Y* 2IM 0.732+42¢e—-3 0.736 £2.8e—3 0.879+39 -3
4 16" Y 70M 0.731+6.1e—3 0.732+t14e—3  0.860 +4.4¢ —3
0 - Y 15SM 0.731+£6.0e —3  0.697+£1.0e—3 0910+ 4.8¢—3
5 8 Y 42M 0.728£8.6e—3  0.711+£4.5¢e—-3 0.898*+1l.1le—3
4 8 Y 42M 0.728+£6.2e—3  0.717£22e—-3 0.891+59e—3
5 2 Y 2IM 0.724+£5.7¢ -3  0.706 £2.1e—3  0.890 £3.0e — 3
3 2 Y* 2IM 0.724+5.6e—3  0.714+£5.1le—3 0.873+£23e—3

DINOvV3 ViT-L  +LoRA + MLP  15.33M 0.7557+1.9e -2 - -

DINOvV3 ViT-L + MLP 0.33M 0.722+ 52 -3 - -

AION-1B  +MLP 0.33M 0.702+1.2e—2  0.697+1.0e—3 0.910+4.8e—3

Table 4: Evaluation results from joint pre-training (* frozen model first 50 epochs, “randomly
initialized). Baseline comparisons to vision (DINOv3) and multimodal (AION-1) models included.

5 Results

Table ] summarizes performance across image and spectral tasks. DINOspec improves morphology
and spectral classification over the DINOv3-L and AION-1 baselines while maintaining similar
redshift prediction performance. When the spectral encoder is used to guide alignment with the image
branch (Configurations 1 and 6), galaxy morphology classification sees the strongest improvements,



from the baseline F1=0.72 to F1=0.78, which out-performs DINOv3 even after LoRA fine-tuning.
In contrast, spectral classification improves the most from F1=0.70 to F1=0.74 when alignment is
performed after pre-training of the extra vision and spectral blocks, keeping the entire image branch
frozen for the first 50 epochs of joint training and allowing the visual features to guide alignment.
Notably, the same pre-trained components when trained jointly without restriction (Configuration 5)
do not result in the same magnitude of improvement in either morphology or spectral classification.

Visual galaxy morphology classification is the task that benefits most from multimodal joint training.
As there exists some domain shift given that the DINOv3 backbone was likely not exposed to signifi-
cant samples of different galaxy types during pre-training, this is perhaps to be expected. The top
result, that Configuration 1 with the pre-trained spectral model performs best on morphology classifi-
cation, is confirmed by our additional evaluation of the full Galaxy10 DECaLS dataset using Legacy
Survey images, as is the general finding that multimodal joint training benefits downstream morphol-
ogy classification over baselines. LoRA adaptation of the vision backbone for that best-performing
configuration achieved F1=0.796 on HSC images. Since this requires updating an additional ~ 0.6 M
parameters, it is not directly comparable to the other configurations but demonstrates an efficient
alternative for improving visual performance. Increasing the number of spectral adapter parameters
did not consistently improve performance. This suggests that the AION-1 spectral encoder already
contains sufficient information for alignment, a hypothesis that is supported by the fact that using
only an embedding layer instead of multiple transformer blocks still results in an improvement in
visual morphology classification.

Unlike morphology and spectral classification, redshift prediction shows no consistent improvement
over the AION-1 baseline (R? = 0.910). Some configurations approach this performance, while
others show a reduction in R2. A possible explanation is that the spectral encoder already captures the
information required for redshift estimation, while the image modality provides little additional signal.
The use of Lupton-scaled grz images, which removes the exact flux ratios needed for photometric
redshift estimation, may also limit the usefulness of images for redshift estimation.

Together, these results show that lightweight alignment can improve downstream performance without
jointly training large multimodal encoders, provided sufficiently strong unimodal representations exist.
The strong performance of DINOv3 across the HSC and Legacy Survey morphology evaluations
also suggests that general-purpose vision backbones pretrained on natural images can be useful for
astronomical applications, potentially offering greater flexibility across imaging surveys than more
specialized models like AION-1. This highlights the potential of alignment modules to adapt broadly
pretrained visual representations to astronomical data without requiring a dedicated vision encoder
for each instrument or survey.

6 Conclusion

The increasing diversity of astrophysical surveys and instruments makes it impractical to rely ex-
clusively on jointly trained multimodal architectures. Our results demonstrate that representation
learning and cross-modal alignment can be separated, allowing independently developed foundation
models to be reused. Adapter-based alignment using as few as 21M parameters successfully combines
independently pre-trained vision and spectral models while preserving their individual capabilities.
Improvements in morphology and spectral classification shows alignment is most effective when
modalities contain complementary information about the physical object. Conversely, unchanged
redshift prediction demonstrates that alignment does not provide additional information when one
modality already contains the dominant signal for a task. The benefit of multimodal representation
learning therefore depends on the relationship between modalities and the objectives.

DINOspec extends representation alignment methods to astronomical observations, where different
instruments capture distinct physical processes across the electromagnetic spectrum. Rather than re-
quiring a new jointly trained architecture for each combination of modalities, it provides a framework
for connecting independently developed scientific foundation models through alignment modules
each containing only O(10°) parameters.
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A Appendix

A.1 Code

Code for unimodal and joint pre-training, as well as evaluation, is available at https://github,
com/elastufka/dinospec_repo.

A.2 Dataset construction

HSC, SDSS, and DESI data were sourced from the Multimodal Universe [] version 1, available at
https://users.flatironinstitute.org/ polymathic/data/MultimodalUniverse/v1/

Because the images in the GZ10 evaluation dataset are grz LegacySurvey images and the AION-1
tokenizer requires griz LegacySurvey images or grizy HSC images as input, we chose to cross-match
the GZ10 sources to available HSC data since we already had the required five-channel HSC images
on hand. This resulted in a much smaller evaluation dataset than the original GZ10, with only 8
samples of the rarest class. We performed a class-balanced train-test split to ensure that all classes
were represented in both the train and test sets. The use of this smaller dataset for evaluation is why
the reported F1-score for the AION-1 baseline on the galaxy morphology classification task is lower
than what is found in their paper.

Data and labels for the spectral classification and redshift prediction tasks are from https://
huggingface.co/datasets/Fucheng/GaSNet-II-SDSS-dataset

A.3 Adapter pre-training

The additional transformer blocks used for multimodal alignment were optionally pre-trained before
joint vision—spectra training. The underlying DINOv3 vision backbone and AION-1 spectral tokenizer
were kept frozen during this stage. The two vision adapter blocks were initialized with random
weights and then pre-trained using the DINOv3 self-distillation objective on the Asc dataset. Given
student and teacher network outputs p, and p;, the objective minimizes the cross-entropy between
their softened output distributions,

Loo = — Y _ pi(k)logps(k), 6]
k

where the teacher network is updated using an exponential moving average of the student parameters.
After 50 pre-training epochs, the vision model (DINOv3-Large frozen backbone plus two ViT blocks)
achieved a F1 score of 0.717 £ 7.1e — 03 on optical galaxy classification.

The spectral adapter blocks were pre-trained using a masked-token prediction objective analogous
to the BERT objective. Spectral tokens produced by the pre-trained AION-1 tokenizer were ran-
domly masked, and the transformer blocks were trained to reconstruct the missing tokens from the
surrounding context. The objective is given by

LBERT = — Z log P(x;]x\ar), (2)
ieM

where M denotes the set of masked token positions. Spectral adapter pre-training was performed
on the sdss_desi training dataset. A validation dataset was used to prevent overfitting. The 16-block
transformer was pre-trained for fewer epochs than the others due to memory constraints. Spectral
adapters were pre-trained for longer than the vision adapter because without the the inference cost
(~ 17 ms/image) of the DINOv3 backbone training proceeded much faster. Table [5| shows the
performance of the pre-trained spectral adapters on the redshift prediction task.

The frozen DINOv3-L vision encoder provides a strong baseline for morphology classification,
achieving an F1 score of 0.722 & 5.2 x 10~3. Adding pre-trained vision adapter blocks without
multimodal alignment does not improve performance, indicating that additional visual capacity alone
is insufficient.
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Model Pre-training Epochs  z R? score

2 block Transformer 500 0.912 +8.1e — 03
8 block Transformer 500 0.897 +9.3e — 03
16 block Transformer 100 0.906 £ 3.4 — 03

Table 5: Spectral adapter pre-training

A.4 Additional joint training and evaluation details

Joint training was performed on paired image—spectrum observations. For each batch of IV pairs, the
vision and spectral encoders produce L2-normalized representations v and s¢. Pairwise similarity
logits are computed as Sij = exp(7), vi ' sj, where 7 is a learned logit-scale parameter. We optimize
the symmetric cross-entropy CLIP objective,

1 ) N esii €S”
Lo = =g 2 1=V low e s s ®

j=1°¢

The first term performs image-to-spectrum classification and the second spectrum-to-image classifi-
cation. Thus, each paired observation forms a positive pair, while the remaining observations in the
batch serve as in-batch negatives.

Training was performed for 150 epochs using a learning rate of 5 x 10~%, cosine learning-rate decay, a
10% warmup, weight decay of 0.01, and gradient clipping with a maximum norm of 1. Training used
two distributed processes with 16 paired examples per process and four gradient-accumulation steps,
corresponding to an effective batch size of 128 paired examples. Depending on the experimental
configuration, either the vision or spectral branch was frozen for an initial training period before being
jointly optimized; the vision backbone and AION-1 spectral tokenizer remained frozen throughout.

For downstream evaluation, each trained branch was evaluated independently using a 2-layer MLP
prediction head. Classification and regression heads were trained separately for each task, with
learning rates selected through a small hyperparameter sweep between 5e — 6 and 1e — 5 and early
stopping. Table [6]shows the learning rates selected for each model and task. Each evaluation was
repeated with seven random seeds.

A.5 Complete Results

In the main text, we only reported results that exceeded the morphology classification baseline of
DINOv3-Large in the paper body. Complete results are shown below, including the results using the
full Galaxy10 DECaLS dataset using LegacySurvey images. No results on spectral classification or
redshift prediction are available for the DINOv3 baselines, because the DINOv3 model applicable to
images only.
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# Transformer Blocks Pre-trained ViT Blocks? Imagelr Spectralr Redshift Ir
1 2% N + LoRA oe — b 4e — 6 le—5
1 2% N 2.5e—5 bHe—6 le—5
1 16* N de — 5 2e —6 e —6
6 16 N 2e —5 S5e — 6 e — 6
6 8 N 2e —5 5e — 6 le—5
1 8% N b5e — b 3e — 6 7e — 6
6 2 N de — 5 2e —6 9e — 6
2 2 Y* 3e—5 5e — 6 6e — 6
4 16" Y 4.5e—5 2e—6 9e — 6
0 - Y 3.be—5 2e—6 9e — 6
5 8 Y 2e — b 5e — 6 8e — 6
4 8 Y 2e — 5 e — 6 9e — 6
5 2 Y de — 5 2e —6 8e —6
3 2 Y* 4e — 5 3e — 6 le—5
2 8 Y* 3e—5 3e — 6 9e — 6
4 20 Y 3.0e—5 4e—6 9e — 6
5 16 Y 3.5e—5 2e—6 e —6
3 8 Y* de — 5 3e — 6 9e — 6

Table 6: Learning rates selected for each model and task (galaxy morphology classification, spectral
type classification, and redshift prediction) after a small sweep (* frozen model first 50 epochs,
“randomly initialized).

# Transformer Pre-trained HSC Image F1 LS Image F1 Spectra F1 Spectra R?

Blocks ViT Blocks?
1 2% N + LoRA 0.796 + 5.8 — 3 0.708 +3.4¢e—3 0879+ 1.7e—2
1 2% N 0779 £6.1e—3 0.788+27e—3 0.704+£5.7e—3 0882+14e—2
1 16* N 0.773+£5.5e—-3 0.775+19e—-3 0.651+14e—3 0.893+1.0e—-3
6 16 N 0.768+5.5¢ —3  0.773+1.7e—4  0.659+35e—3  0.891+55e—4
6 8 N 0.764£53e—-3 0.771+44e—4 0.663+t4.7¢e—3 0.895+1.0e —3
1 8* N 0.758+5.3¢e—3 0776 +£1.3e—3  0.667+55e—3  0.895+6.2¢ —4
6 2 N 0.747+4.6e—3  0.769+3.0e—3 0.688+£39e—-3 0.884+1.6e—2
2 2 Y* 0.732+42e—-3 0.772+1.0e—3 0.736 £2.8e—3 0879+39e—-3
4 16 Y 0.731+6.1e—3 0.773+13e—3 0.732+14e—3 0.860+t44e—3
0 - Y 0.731+£6.0e =3  0.773+£7.0e—4 0.697x1.0e—3 0.910£4.8e—-3
5 8 Y 0.728+8.6e—3  0.771+44e—4 0.711+£45e—-3 0.898+t1.1le—3
4 8 Y 0.728+6.2e—3  0.771+2.0e—4 0.717+£22¢—3 0.891£59e—3
5 2 Y 0.724£57e—-3 0.772%+15e—3 0.706 £2.1e—3  0.890 £3.0e — 3
3 2 Y* 0.724+5.6e—3  0.768+27¢e—3 0.714+51e—3 0.873+23e—3
2 8 Y* 0.722£6.0e—3 0.769+1.5e—3 0.691+21le—2 0.899+1.2e—3
4 27 Y 0.721+45e—-3 0.772+1.1le—3 0.709+4.1le—3 0.888+2.0e—3
5 16 Y 0.720+£59¢—-3 0.772+78c—4 0653+£3.7e—3 0884 +1le—3
3 8 Y* 0.717+£85e—-3  0.764+59e—-3 0.731+£28e—-3 0874 £6.1le—3

DINOv3 ViT-L +LoRA+MLP 0.757+19e—-2 - - -

DINOv3 ViT-L + MLP 0.722+52e—-3 0.763+4.0e—-3 - -

AION-1 ViT-B  + MLP 0.702+1.2e—2  0.697+1.0e—3 0.651+13e—3 0.910+4.8e—3

Table 7: Evaluation results from joint pre-training (* frozen model first 50 epochs, “randomly
initialized). Baseline comparisons to vision (DINOv3) and multimodal (AION-1) models included.
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