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ABSTRACT

Recent works have hypothesized and demonstrated the general inter-compatibility
and translatability of vector embeddings in learned embedding spaces. We study
the limits of representation compatibility across image models encompassing a
variety of architectures and training paradigms. We train adapters, comprised of
linear encoders and decoders, to translate between all pairs of embedding spaces
using a shared latent space. We then evaluate cross-model and cross-domain com-
patibility using classification, retrieval, and embedding-based benchmarks, reveal-
ing limits in compatibility across learned embedding spaces. Further analysis of
pairwise translation performance reveals phylogenetic patterns that reflect the fun-
damental differences in model architecture and training.

1 INTRODUCTION AND MOTIVATING WORK

Over the past decade, improved techniques and increased scale have enabled deep neural networks
to learn strong representations of their input modality. Recent work around universality and inter-
pretability have led to two hypotheses, the Platonic Representation Hypothesis (Huh et al., 2024)
and the Linear Representation Hypothesis (Park et al., 2024). These suggest that different mod-
els arrive at similar representations and that models represent concepts and relationships linearly.
Growing bodies of empirical evidence provide supporting evidence and identify limitations for both
hypotheses. We aim to assess the implications of the hypothesized compatibility on downstream
tasks at scale by training configurable all-to-all adapters to translate between embedding spaces and
evaluating on a variety of downstream tasks.

1.1 UNIVERSALITY OF LEARNED REPRESENTATIONS

The Platonic Representation Hypothesis (PRH) posits that different neural networks, trained on
different aspects of a shared reality, converge towards a shared underlying representation (Huh et al.,
2024). Many works provide evidence supporting universality between different models of the same
modality, models of different modalities, and the brains of different humans (Li et al., 2015; Jha
et al., 2025; Huh et al., 2024; Chen & Bonner, 2024; Ryskina et al., 2025; Marcos-Manchón &
Fuentemilla, 2025; Hosseini et al., 2024; Gauthaman et al., 2025). Empirical evidence also shows
that models which exhibit stronger performance and generality also exhibit stronger alignment with
other models, both within and across modalities (Huh et al., 2024). Analysis of CNNs concludes
that models trained on the same data and task learn similar filters (Li et al., 2015; Babaiee et al.,
2025; Gavrikov & Keuper, 2022). Furthermore, controlled transformations of training images result
in those same transformations appearing in the learned filters (Lenc & Vedaldi, 2015). Studies on
depthwise-separable convolutions also find 8 distinct filters common across different models with
varying filter sizes and architectures (Babaiee et al., 2024; 2025).
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Several techniques have been introduced to translate between latent and embedding spaces, pro-
viding empirical (Moschella et al., 2022; Puri et al., 2025) and theoretical (Maystre et al., 2025)
evidence that the learned geometry of different models is sufficiently similar to allow translation be-
tween different models. Additional experiments in model stitching demonstrate that stitched models
still recover most of the performance of the original pretrained models, showing high alignment
between distinct models (Lenc & Vedaldi, 2015; Bansal et al., 2021). A subsequent work intro-
duces vec2vec, which further exploits this principle to align and translate between distinct models
trained on the same task and modality using only an unpaired corpus of embeddings for each model,
enabling text recovery from a vector database of text embeddings without access to the original
embedding model (Jha et al., 2025). Using adversarial, reconstruction, and pairwise distance loss
terms, the method shows that embeddings from different models can be brought into a shared latent
space, suggesting that the distribution and relative geometry of embeddings is sufficient to enable
translation.

Taken together, these works suggest that image and text models learn representations that include an
underlying geometry common across architectures and modalities, while also exhibiting representa-
tional similarities with the human brain. They also hint at or directly isolate features and geometric
structures common across different models and demonstrate translation amounts to aligning existing
structure rather than constructing new representations.

1.2 THE LINEAR REPRESENTATION HYPOTHESES

The Platonic Representation Hypothesis describes this global convergence behavior but does not
specify how information is organized within representation spaces. The Linear Representation Hy-
pothesis (LRH) addresses this, as it posits that many semantic and relational attributes are encoded
along approximately linear directions in representation space, allowing them to be detected, com-
posed, and steered using only vectors (Park et al., 2024). Evidence of this structure can be seen
in language representations. In word embeddings, relations such as gender and tense correspond
to approximately consistent vector offsets, indicating that these attributes align with directions in
the embedding space (Mikolov et al., 2013). Structural information follows a similar pattern: a
single linear transformation can map contextual representations into a space where distances reflect
underlying hierarchical relationships, showing that relational structure is linearly accessible (He-
witt & Manning, 2019). Sparse autoencoders (SAEs) further exploit this by learning thousands to
millions of linear features in a self-supervised manner, which can then be automatically interpreted
using LLMs and used to probe or steer model internals (Cunningham et al., 2023; Paulo et al., 2025;
Templeton et al., 2024; Thasarathan et al., 2025).

Additional evidence links the LRH and PRH together: most attempts to translate between embed-
ding spaces use linear transformations (Moschella et al., 2022; Puri et al., 2025; Maystre et al., 2025;
Lenc & Vedaldi, 2015; Bansal et al., 2021). Some of these works also identify that preserved dot
products in different embedding spaces are sufficient for interoperability and translatability. This
motivates our approach, in which we use linear mappings to align many learned representations and
study their compatibility without modifying the underlying pretrained models.

1.3 DECOUPLED REPRESENTATION AND TASK MODELS

Many techniques have been developed to learn image representations. These include supervised
classification, various forms of language supervision, various forms of self supervision, and combi-
nations of these techniques (see Sec. 2.1 for examples). Many recent approaches have shifted from
training task-specific models end-to-end to training vision foundation models, which decouple the
tasks of representing input data and using a learned representation to accomplish a downstream task
(Radford et al., 2021; Fang et al., 2024; Bolya et al., 2025; Siméoni et al., 2025). The foundation
model is first pretrained at scale, then used as a backbone for different downstream tasks. Often, the
backbone is not trained for downstream tasks; representations are simple extracted and used to train
a task-specific head without end-to-end post-training. The bulk of training compute is used to train
the vision backbone, while task-specific training is done with less compute while sharing the same
backbone weights across different tasks.
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Figure 1: We train our adapters to translate between the embedding spaces of any pair of supported
models using a shared latent space. There are no nonlinearities, resulting in a linear transformation
that translates between each pair of models.

1.4 MOTIVATING TRANSLATION AS A PROXY FOR COMPATIBILITY

Given these recent works studying the PRH and the LRH at a representation level, most exist-
ing works investigating model compatibility use similarity, alignment, or embedding-based transfer
metrics. We instead aim to investigate the effect of translated embeddings on downstream tasks.
This is further motivated by evidence that suggests the task heads of classification models limit uni-
versality and do not converge across different models (Klabunde et al., 2025). Additionally, works
investigating downstream performance rarely extend beyond 2 models. We aim to systematically
align many models using adapters to and from a shared ”lingua franca” latent embedding space,
then assess the effect of a using a translated non-native embedding with a pretrained task head. We
view the ability to translate between many embedding spaces linearly using a shared embedding
space as strong evidence of both the LRH and the PRH.

We also aim to characterize and quantify the limits of such a translation technique. Prior work
suggests that models trained on different modalities using different training techniques have been
observed to exhibit distinct alignment patterns when evaluated across different layers and different
brain regions (Marcos-Manchón & Fuentemilla, 2025). It has also long been known that the archi-
tecture of a neural network affects its robustness, such as CNNs being more texture biased while
ViTs are more shape biased (Dehghani et al., 2023). We suspect that these inherent differences,
stemming from training technique, input data, and architecture, will hinder model compatibility.
Thus, we fundamentally aim to analyze the impact of a pretrained model’s architecture and training
process, or its nature and nurture, on its compatibility with other models.

2 METHODS

We first select several representative pretrained vision encoders. Additionally, to study cross-
modality representation compatibility, we include both an image-aware CLIP text tower and an
image-blind text embedding model. We then extract embeddings from each model and train adapters
that use a shared latent space for each model.

2.1 MODEL SELECTION

In order to study the impact of architecture, training data, training technique, and training modality
on embedding translatability, we first select a diverse sample of n = 18 models that are representa-
tive of the image representation landscape. We include 4 CNNs trained on ImageNet-1k: ResNet152
(He et al., 2016), RegNetY-8.0GF (Radosavovic et al., 2020), ConvNeXt-B (Liu et al., 2022), and
MobileNetv4-Conv-L (Qin et al., 2025). We include 7 isometric vision transformers (ViT) (Dosovit-
skiy et al., 2021) of varying sizes trained using various techniques and datasets: a ViT-B trained us-
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ing AugReg on ImageNet-21k and finetuned on ImageNet-1k (Steiner et al., 2022), a ViT-B trained
using CLIP and finetuned on ImageNet-1k (Radford et al., 2021), Perception Encoder Core (PE-
Core), a modified ViT-G trained using CLIP (Bolya et al., 2025), EVA-02-Base, a modified ViT-B
distilled from a CLIP-trained teacher using MIM and finetuned on ImageNet-1k (Fang et al., 2024),
BEiT-3, a modified ViT-G trained using MLM and MIM and finetuned on ImageNet-1k (Wang et al.,
2023), AIMv2-L, a modified ViT-L trained using an autoregressive head for pixel reconstruction
and captioning (Fini et al., 2025), and a modified ViT-L distilled from a ViT-7B teacher, with both
trained using self-supervised learning with DINOv3 (Siméoni et al., 2025). We include Swin-L, a
hierarchical transformer trained on ImageNet-21k and finetuned on ImageNet-1k (Liu et al., 2021),
MaxViT-B, a hybrid model trained on ImageNet-21k and finetuned on ImageNet-1k (Tu et al., 2022),
MobileNetv4-Hybrid-L, a hybrid model trained on ImageNet-1k (Qin et al., 2025), CAFormer-B36,
a hybrid model, and ConvFormer-B36, a modified CAFormer-B36 with the attention layers replaced
with MBConv layers, both trained on ImageNet-22k and finetuned on ImageNet-1k and from the
MetaFormer family of models (Yu et al., 2024). We also include 2 text models: the image-aware
text encoder paired with PE-Core (Bolya et al., 2025) and the image-blind text embedding model
Qwen3-Embedding-4B (Zhang et al., 2025). We use implementations and weights from the timm
library (Wightman, 2019) for all image models, the OpenCLIP library for the PE-Core text encoder
(Ilharco et al., 2021), and the HuggingFace Transformers library for Qwen3-Embedding-4B (Wolf
et al., 2020).

ResNet152, RegNetY-8.0GF, and ConvNeXt-B were chosen as representative supervised CNN base-
lines. MobileNetv4-Conv-L and MobileNetv4-Hybrid-L were chosen as representative lightweight
models. All other ImageNet-trained models were chosen due to their ImageNet-1k classification
performance in excess of 84%. The PE-Core models, AIMv2, and the DINOv3-trained ViT-L were
chosen due to their unique training techniques. Qwen3-Embedding-4B was chosen due to its state-
of-the-art performance for a text embedding model of its size as of writing.

2.2 ADAPTER ARCHITECTURE

Following vec2vec, we use an encoder ENCi : Rdi 7→ Rdh and a decoder DECi : Rdh 7→ Rdi

for each supported model i ∈ 1..n with dimension di (Jha et al., 2025). We remove the shared MLP
used by vec2vec and use only fully connected layers with no nonlinearity (Fig. 1a). Thus, every
pairwise relationship between embedding spaces is modeled using only linear projection, allowing
us to evaluate universality under both the PRH and the LRH. Each encoder takes in a vector from
its corresponding model and projects into a shared latent space of a set dimension dh. Each decoder
then takes in a dh-dimension vector in the shared latent space and projects back into the embedding
space of its corresponding model. To translate an embedding from a supported model a to the
embedding space of another supported model b, the encoder of the input model projects the input
embedding into the latent space and the decoder of the output model projects the latent embedding
into the output space of the output model (Fig. 1b). These are trained to project between each pair
of models using the training protocol and loss function described in 2.3.

2.3 ADAPTER TRAINING

We use the CC-12M dataset (Changpinyo et al., 2021), comprised of 12 million text-image pairs, to
train our adapters. We first compute image embeddings for all images using each image model and
text embeddings for all paired text using each text model. We then instantiate and train our adapters.
Unless otherwise specified, we use a latent dimension dh = 4096 for all experiments. We also use
adversarial training, with an MLP discriminator DC : Rdh 7→ ∆n−1 that takes in a 4096-dim latent,
projects through 2 GELU-activated 512-dim hidden layers followed by a softmax-activated output
layer with n = 18 outputs, where n is the number of models supported by the adapter.

We use data augmentation to regularize training. Specifically, we add gaussian noise to an input x,
where σ(x) ∈ Rd is the per-dimension standard deviation of x, which we scale by a constant factor
α as shown below:

AUG(x, α) = x+ ασ(x)⊙N (0, 1)
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During training, we start with a batch of embeds xi for each model i ∈ 1..n. Noise strength was
determined experimentally and disabled during inference. We compute a forward pass using the
adapters as follows:

x̃i = AUG(xi, 0.8),∀i ∈ 1..n

hi = ENCi(x̃i), ∀i ∈ 1..n

h̃i = AUG(hi, 0.6),∀i ∈ 1..n

yj,i = DECj(h̃i), ∀i, j ∈ 1..n

zi,j = DECi(ENCj(yj,i)), ∀i, j ∈ 1..n

For training the adapters, we adopt a modified version of the loss used to train vec2vec. We keep
their self reconstruction and cycle reconstruction losses. Since we work with n models that would
require n embedding discriminators in addition to a latent discriminator, we modify their adversarial
loss to only use a latent discriminator and avoid using any embedding discriminators. Since we use
paired embeddings, we additionally introduce a pairwise reconstruction and latent similarity MSE
loss terms. We intentionally formulate our loss with both adversarial and similarity losses on the
latent space since we want to force the latent space to act as a lingua franca between models. Our
final loss is an unweighted sum of the stated loss terms as formulated below, where MSE is mean
squared error loss and CE is cross entropy loss with a single target probability for all terms:

LselfMSE =
1

n

n∑
i=1

MSE(x̃i,yi,i)

LcycleMSE =
1

n2 − n

n∑
i=1

n∑
j=1

(1− δij)MSE(x̃i, zi,j)

LDCpredict =
1

n

n∑
i=i

CE(DC(hi),
1

n
)

LpairwiseMSE =
1

n2 − n

n∑
i=1

n∑
j=1

(1− δij)MSE(x̃j ,yj,i)

LlatentMSE =
1

n2

n∑
i=1

n∑
j=1

MSE(hi,hj),

For training the discriminator, we use a cross-entropy loss with the target set to the source model of
the input latent. Here, CE is cross entropy loss with the class target set as an index:

LDCtrain =
1

n

n∑
i=1

CE(DC(h̃i), i)

We train for 10 epochs using a batch size of 256 and 4 gradient accumulation epochs, for an effective
batch size of 1024. We use a cosine learning rate scheduler with 1 epoch of linear warmup for both
the adapters and the discriminator. We use a maximum learning rate of 3 × 10−5 for the adapters
and a maximum learning rate of 1× 10−5 for the discriminator. We use the Adan optimizer for the
adapters and the discriminator (Xie et al., 2024).

3 EXPERIMENTS

We view experiments on individual tasks as isolated measures of model representation compatibility,
akin to feature engineering. Our correlation, classification, and retrieval evaluations all serve as
individual metrics which we then ensemble into a dendrogram.
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Figure 2: Histograms of off-diagonal Pearson correlation between adapted embeddings and original
embeddings and between latents from different models.

Figure 3: Histograms showing off-diagonal top-1 accuracy on ImageNet-1k using latent probes,
stock classification heads, and embedding probes.

3.1 CORRELATION

We compute the Pearson correlation coefficient on the COCO Caption 2017 (Lin et al., 2015) test
split between all pairs of latents (corr(hi,hj), ∀i, j ∈ 1..n) and between all pairs of adapted embed
and original embed (corr(yj,i,xj), ∀i, j ∈ 1..n). We provide full histograms to visualize the off-
diagonal correlation.

3.2 IMAGENET CLASSIFICATION

We use the ImageNet (Deng et al., 2009) dataset to evaluate the performance of the adapters when
transferring to a downstream task, specifically image classification. For this experiment, we ex-
clude the two text models, train probes using the ILSVRC2012 training split, and evaluate using
the ILSVRC2012 validation split (Russakovsky et al., 2015). For the classification head, we have
explored 4 sources. First, 13 out of image models used are trained or finetuned for ImageNet-1k
classification, allowing us to use the stock classification heads. Second, we can train a linear probe
on the embeddings from each image model. Third, we can train a linear probe on the latents of each
model by using the corresponding encoder to extract the latents. Fourth, we can train a linear probe
on the latents of all models by extracting latents from all models into a combined training dataset.

Evaluating each collection of probes from the first 3 settings results in pairwise matrices, where
each off-diagonal value represents transfer performance. For latent probes, the diagonal represents
validation performance on the latents obtained from the training model. For the stock and trained
embedding probes, the diagonal represents validation performance on the source model’s embed-
dings adapted back into the source model’s space (ie. we look at how well the adapter has learned
the identity function). We provide histograms showing the off-diagonal classification performance.
We include full results in the appendix (Fig. A.1).
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Latents Adapted Embeds Adapted Queries

Figure 4: Histograms showing off-diagonal retrieval Recall@1, Recall@5, and Recall@10 on
COCO Captions 2017 using latents, adapted embeds, and adapted queries.

3.3 RETRIEVAL

We use the COCO Caption 2017 dataset (Lin et al., 2015) to evaluate the retrieval performance of
different pairs of models. We first compute the image or text embeddings of the test split (n =
5000) for each model. We evaluate retrieval in 3 settings: latent retrieval, adapted query retrieval,
and adapted embed retrieval. For latent retrieval, we compute latents for both the queries and the
embeddings. For adapted query retrieval, we adapt the queries into the embedding space of the
embeddings. For adapted embed retrieval, we adapt the embeddings into the embedding space of
the queries. For all settings, we normalize all queries and embedding, then perform retrieval using
cosine similarity across all pairs of models and report Recall@k for k ∈ {1, 5, 10}. Retrieval can
be image-to-image, text-to-image, image-to-text, or text-to-text, depending on the models used. We
use histograms to visualize the off-diagonal correlation.

We observe high retrieval performance within modalities (image-to-image and text-to-text). In
cross-modal retrieval, PE Core and the paired text model form the strongest pair, while other pairs
follow in performance. Pairs involving Qwen3-Embedding-4B show weaker performance compared
to pairs where the same image model is paired with PE Core’s text model. We provide full results in
the appendix (Sec. A.2).

3.4 CLUSTER PURITY

We compute cluster purity using 2 metrics, kNN purity and silhouette score. We first compute
latents, which are then reduced to 256-dimensional vectors using PCA to manage computational
cost. For kNN purity, we run a kNN on the dimension-reduced latents of each model, then report
the average proportion of latents in the identified neightborhood that came from the same model.
Silhouette score measures the overlap of clusters as a whole. For both of these scores, higher values
indicate more isolated latents and consequently a more distinct model representation. We report
both of these scores for both COCO Caption and ImageNet-1k in Table 1.
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Figure 5: Dendrogram visualizing the hierarchical clustering of models derived from the SNF-fused
distance matrix. Clear groupings based on architecture and training method and data emerge.

3.5 AGGREGATING METRICS INTO A DENDROGRAM

Since we have collected multiple pairwise metrics to assess model compatibility, we then aggregate
all of these results into a single coherent hierarchy to identify similarities, differences, and patterns.
To aggregate pairwise metrics, matrix was normalized using min-max scaling. We made an addi-
tional copy of each matrix, which we then squared to highlight strong affinities. The normalized
matrices were aggregated into a single similarity matrix using similarity network fusion (SNF) with
a neighborhood size (K) scaled to the dataset size (Wang et al., 2014). This fused similarity was
converted to a distance matrix via a negative log transform. We used hierarchical agglomerative
clustering with average linkage to cluster the models using the fused distances. For visualization, as
shown in Figure 5 branch heights were replaced with merge ranks to enforce uniform spacing. The
resulting tree was plotted as a dendrogram for viewing.

We observe that first 3 branches result in 4 clusters, each with distinct characteristics. The top cluster,
containing 8 models, all of which are isometric transformers or based on hierarchical transformers,
all of which are pretrained on concepts (language supervised or trained on ImageNet-22k), and all
of which are trained on ImageNet-1k at the end of their training. The second cluster, containing 5
models, contains all of the CNN or CNN-based hybrid models trained on ImageNet-1k. These two
clusters are also clustered together. The next cluster, containing 3 models, text embedding models
along with PE-Core, which is closely paired with its corresponding text embedding model. The last
cluster contains models where image reconstruction was part of the pretraining objective. DINOv3 is
self-supervised, while AIMv2 uses both self-supervised and non-CLIP language supervision. These
two clusters also cluster together. Additionally, we observe that models from the same family are
consistently clustered as siblings.

4 DISCUSSION, LIMITATIONS, AND CONCLUSION

Across our experiments, we observe patterns in model representation compatibility that line up
with characteristic of the models themselves. These include the architecture of the model and the
training processes and data used. We observe high compatibility across many models while using
a shared ”lingua franca” embedding space for translation. This enables research into the geometry,
interpretability, and properties of such a shared embedding space, as demonstrated in our work.
This method can likely also be extended to perform 0-shot adaptation, though this is not the focus
of our study. While our setup is able to cluster models by their architectural (”nature”) and training
(”nurture”) characteristics, we do not include detailed experiments into optimal training recipes for
adapters. Our method sacrifices some performance compared to application-oriented methods and
instead aims to explore the properties and limits of multi-model alignment. Our hyperparameters
are hand-tuned for decent convergence, which warrants additional experiments if absolute peak
performance is the goal.
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IMPACT STATEMENT

This paper presents work whose goal is to advance the field of machine learning. In addition to the
potential impacts common to all work related to machine learning, we believe that our work may
lead to more efficient, universal, and upgradable foundation models, potentially reducing energy
usage spend on neural network training. Like the prior vec2vec work, our method demonstrates a
degree of general compatibility between all studied text and image models. While we train using
paired data with supervised alignment objectives, it is likely possible to modify our work to align
embeddings in an unsupervised manner at scale and on mixed modalities. This extends the potential
impacts of vec2vec’s vector database attacks to image- and mixed-modality applications, making
these vector databases vulnerable to attack. Attackers could potentially decode leaked image vectors
into captions or use them in conjunction with an image generation model to leak an approximation
of the image itself. These potential risks highlight the newfound security vulnerability of vector
databases, even those that store image embeddings.
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Haziza, Luca Wehrstedt, Jianyuan Wang, Timothée Darcet, Théo Moutakanni, Leonel Sentana,
Claire Roberts, Andrea Vedaldi, Jamie Tolan, John Brandt, Camille Couprie, Julien Mairal, Hervé
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A ADDITIONAL EXPERIMENTAL RESULTS

A.1 FULL CLASSIFICATION HEATMAPS
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A.2 FULL RETRIEVAL HEATMAPS
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A.3 CLUSTER PURITY TABLE

Column 1 COCO Caption ImageNet-1k
kNN Purity Silhouette kNN Purity Silhouette

CAFormer-B36 0.421 -0.148 0.806 -0.23
DINOv3-Large 0.928 0.073 0.978 0.154
EVA02-Base 0.417 -0.155 0.84 -0.091
AIMv2-Large 0.787 -0.005 0.944 -0.086

ConvFormer-B36 0.469 -0.114 0.854 -0.167
ViT-B/16-AugReg 0.309 -0.198 0.622 -0.234

ViT-B/16-CLIP 0.467 -0.067 0.877 -0.064
ConvNeXt-Base 0.676 0.062 0.872 0.086

BEiT3-Large 0.418 -0.144 0.844 -0.131
PE-Core-Image 0.681 0.0008 0.894 -0.063
PE-Core-Text 0.770 0.097

Qwen3-Embed-4B 0.848 -0.122
ResNet152 0.412 -0.224 0.768 -0.279

MobileNetV4-Hybrid 0.792 0.038 0.972 0.08
MobileNetV4-Conv 0.904 0.053 0.99 0.091

MaxViT-Base 0.545 -0.218 0.89 -0.123
Swin-Large 0.652 0.018 0.948 0.201

RegNetY-8.0GF 0.581 -0.171 0.864 -0.174

Table 1: Cluster purity for all models.

B GENERATIVE AI USAGE STATEMENT

We use generative AI tools to assist with writing scripts to generate figures and proofreading the
paper. All figures were generated programatically; no figures were directly generated as an image
using an AI tool. AI tools were used to identify relevant prior works throughout the research and
writing process. No AI generated text was used directly. Some code used for experiments was
written with AI assistance or entirely AI generated. All code was audited by the authors before
usage.
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