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ABSTRACT

Vision-language models exhibit many surprisingly simple failures, but why these
failures occur remains unclear. We conjecture that their source is representational
misalignment in the backbone’s vision and language representations. We demon-
strate a new generalization failure that would not occur if the representations were
easily alignable, followed by a set of theory-grounded experiments further show-
ing that the representations cannot be aligned using any linear transform. The
representations are not expected to be better aligned with sufficient scale due to
each modality containing inherently different information. Modern paradigms,
such as reasoning or in-context learning, do not alleviate existing failures either.
These results suggest that existing paradigms are incapable of preventing these
failures and falsify a strong version of the Platonic Representation Hypothesis –
that sufficiently powerful models trained in different modalities should converge
to equivalent representations.

1 INTRODUCTION

Although vision and language models are considered superhuman on many tasks (He et al., 2015;
Achiam et al., 2023), their multimodal counterparts exhibit some very simple failures. Vision-
language models (VLMs) struggle to identify visual analogies (Yiu et al., 2024), matching semanti-
cally different but syntactically similar captions to images (Thrush et al., 2022), identifying simple
geometric properties like whether two circles overlap (Rahmanzadehgervi et al., 2024), and count-
ing atypical objects, e.g. the number of legs on a three-legged chicken (Vo et al., 2025). Humans
outperform VLMs on all of these tasks.

What causes these failures and why they persist is generally unclear, with several linked observa-
tions. Vo et al. (2025) observe that VLMs can rely on their language component’s world knowledge
(“chickens typically have two legs”) more than on what their vision backbones see, but do not dis-
cuss why this occurs. Testing why VLMs struggle with fine visuolingual retrieval, Diwan et al.
(2022) speculate that it is due to misalignment between the visual and text representations.

A lack of representational alignment is surprising given some common beliefs in the field. The
Platonic Representation Hypothesis states that sufficiently well trained models should converge to
the same representations (Huh et al., 2024), with many presuming or relying on such convergence
(Tjandrasuwita et al., 2025; Zhu et al., 2025; Jha et al., 2025; Gupta et al., 2025; Wang et al., 2025b;
Bahng et al., 2025; He et al., 2025). Research from over a decade ago showed that models within
the same modality converge to similar representations, enabling inter-language retrieval (Mikolov
et al., 2013b) and visual domain adaptation (Fernando et al., 2013), both of which translate be-
tween embeddings using only a linear map and show some out-of-distribution generalization. More
recently, Moschella et al. (2023) showed that models in the same modality having similar representa-
tions enables zero-shot model stitching. Thus, if vision and language models converge to equivalent
representations, would they generalize similarly to their unimodal counterparts?

Apparently not. We find that a VLM typically fails to recognize a concept its vision and language
backbones know if it does not appear in its paired finetuning data (see Figure 1). To explain this gen-
eralization failure, we develop a simple framework for detecting when representations are equivalent
up to linear transformations, with the representation spaces required to have either (1) the same sim-
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Figure 1: Pretrained vision and language models can each know what a zebra is in isolation, while
a unified vision-language model fails if its adapter was not trained on zebra image-text pairs. Wavy
lines denote feature vectors. Images from Commons (2024).

ilarity structure or (2) the same relationships between concepts. Vision and language representations
are found to violate both conditions.

If VLM failures are caused by representational misalignment then orthogonal capabilities, like in-
context learning (ICL) or reasoning, would not prevent the failures from occurring. Indeed, we find
that more ICL examples and higher reasoning budgets do not alleviate the failures.

Altogether, these results support and lead us to broaden Diwan et al. (2022)’s conjecture, implying
that a diverse set of VLM failures likely stem from representational misalignment and will not
be resolved solely by increasing model scale. Our main contributions are:

• Providing evidence a strong version of the Platonic Representation Hypothesis is false.
This is evidenced by a new generalization failure (section 3) and experiments grounded in
theory showing that vision and language representations are not equivalent and are likely
to remain inequivalent regardless of scale (section 4).

• Showing that ICL and reasoning do not alleviate existing VLM failures (section 5), consis-
tent with the hypothesis that many failures stem from representational misalignment.

2 FORMS OF EQUIVALENCE AND ALIGNMENT

There are two main ways in which different sets of representations can be equivalent. The first is
functional equivalence, where two representations or models producing some representations are
used for some task. For example, take two sets of word embeddings used for retrieval. In this
case the representations are equivalent if they perform comparably well and make the same mis-
takes, thereby being indistinguishable from a black-box perspective. A weaker but related form of
equivalence is representational equivalence (Klabunde et al., 2025), where sets of representations
are equivalent up to some transformation. Invariances to different transformations define different
similarity kernels between representations, with most similarity kernels defining two representations
as equivalent if they are the same up to some (constrained) linear transformation, perhaps with some
additional normalization (Kornblith et al., 2019, section 4). Works like the Platonic Representa-
tion Hypothesis primarily discuss representational equivalence (Huh et al., 2024). Representational
equivalence is likely, but not guaranteed, to result in functional equivalence – for the word embed-
dings, an orthogonal transformation over an entire space would not affect which words are retrieved
as distances would be preserved, but more general transforms could lead to functional differences.
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Representational equivalence is closely related to representational alignment. For typical gener-
ative VLMs, pretrained vision and language models are combined using an adapter that projects
vision representations into the language model, thereby aligning the vision representations with the
language token representations (Alayrac et al., 2022; Merullo et al., 2022; Liu et al., 2023). For
retrieval, language and vision representations are aligned by being projected into a shared repre-
sentation space (Radford et al., 2021). Representations that are representationally equivalent are
easy to align, as a linear map is often sufficient to map between them. More broadly, representa-
tions can be functionally alignable if given some training they can be used together to generalize
over some task, where generalization is important as an adapter may just memorize training data.
If the adapter is a simple linear map, as it often is for generative VLMs (Liu et al., 2023; Zhu
et al., 2023), functional alignment implies a degree of representational alignment, as the learned
map aligns the representations. This is often used in model-stitching (Lenc & Vedaldi, 2015;
Bansal et al., 2021; Csiszárik et al., 2021), where parts of one model are stitched to another us-
ing a trained linear layer, as a way to probe whether two models learn the same representations.1

Functional
Equivalence

Functional
Alignment

Representational
Equivalence

Representational
Alignment

(typically)

(typically)

In practice, both equivalence and alignment are not
binary properties but fall on various spectrums. The
relationships between equivalence and alignment are
summarized in this diagram, where arrows represent
“X implies Y” and “typically” means that counterex-
amples exist but are somewhat adversarial.

3 VLMS FAIL TO GENERALIZE THEIR KNOWLEDGE ACROSS MODALITIES

A functional test to see whether vision and language representations are alignable is to see if they can
generalize out-of-distribution. Out-of-distribution generalization is important as an adapter between
representations can act as a lookup table without relying on any shared underlying structure, where
a vision representation of a zebra is directly mapped to a zebra’s language representation. For
example, Mikolov et al. (2013b) found that, due to similar languages having some shared structure,
a linear map between English and Spanish can translate words not in the map’s training data.

A multimodal analogue would be to train a VLM as usual while omitting some concepts from its
paired finetuning data, see Figure 1. These concepts must be ones the vision and language back-
bones recognize independently, as otherwise it would be surprising for the final VLM to suddenly
recognize them. We discuss what it means for vision and language models to recognize or “know”
of a concept in Appendix B. After training, the VLM’s generalization can be tested by querying
whether it recognizes the held-out concepts.2

Setup. We train a series of small scale generative and retrieval VLMs and large generative VLMs
while omitting a few concepts from their datasets. Specifically, for the small-scale settings, we
train adapters between frozen ViT-B/16 (Dosovitskiy et al., 2020) and GPT2-small (Radford et al.,
2019) models for image captioning or retrieval, with Appendix A containing ablations and technical
details.

For the large-scale setup, we train a LLaVA-1.5-7B model (Liu et al., 2023). There are two important
differences relative to how LLaVA is typically trained. First, for its second stage of training, we use
low-rank adapters (LoRA) (Hu et al., 2022) instead of tuning the entire LLM to reduce the possibility
of catastrophic forgetting. Second, LLaVA typically uses a CLIP vision backbone, which already
received language supervision during its pretraining and is already multimodal. Instead, we use a
ViT-L/16@384 model that is trained for Imagenet classification. This ViT only saw images during
its pretraining and has the same number of parameters and tokens as the default vision backbone.

Concept filtering and detection. For both settings the held-out concepts are filtered from the fine-
tuning datasets, with details in Appendix C. Specific concepts were chosen due to appearing often
in the datasets and they are simple, synonymless, verifiably known by the models (e.g., all are Im-

1This reasoning has some known caveats; see Smith et al. (2025).
2This test is inspired by a thought experiment known as Molyneux’s problem – briefly, could a blind person,

upon regaining their sight, be able to visually distinguish what they previously only felt? If tested a few days
after gaining their sight, the answer is, surprisingly, yes – see Held et al. (2011).
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agenet classes, so an image classifier clearly recognizes them), and easily describable by analogy.
For example, “a horse with black and white stripes” is a good approximation of a zebra. To measure
how well a model detects a held-out concept after training, we construct a new test set consisting of
images of the concepts. Images with a high correspondence to the concepts are selected by querying
Imagenet validation data using a CLIP model and filtering the resulting examples manually, yielding
∼100 images per concept. For generation, a concept is detected if it appears in the generated answer,
whereas for retrieval we benchmark the model on text-based image retrieval over 1000 images, one
from each Imagenet class, including those of the held-out concepts.

(a) The image features a large,
round pie with a crust, filled with
a mixture of...

(b) The image features a woman
holding a colorful kite in a field.

(c) The image features a bathroom
sink with a toothbrush and a cup
of water placed on it.

Figure 2: Image descriptions given by a LLaVA-1.5-7B model trained without the held-out concepts
on images containing them when prompted “What is in this image?”. The corresponding concepts
are (a) pizza, (b) umbrella, and (c) toothbrush. The model fails to detect them for (a) and (b), while
it succeeds for (c).

Table 1: Held-out concept detection accuracy across settings.
In all cases, the trained VLMs fail to detect the held-out con-
cepts when they are not included in their paired image-text fine-
tuning data. Large-scale generation refers to LLaVA-1.5-7B.
†(NLP Connect, 2022)

Setup (# Parameters)
Held-out Concept

Detection Accuracy

Retrieval (210M)
Without concepts 4.1%
Full dataset 86.6%
CLIP (ViT-B/16) 84.6%

Generation (210M)
Without concepts 0.9%
Full dataset 88.3%
End-to-end finetuning† 91.3%

Large-scale generation (7B)
Without concepts 23.6%
Full dataset 93.5%
CLIP backbone 98.0%

Results. Table 1 shows that VLMs
trained without the held-out con-
cepts struggle to detect them com-
pared to models trained on the reg-
ular full datasets. To ensure the
models are properly trained, each
section’s last row compares to a
model trained elsewhere, showing
they achieve similar performance.
Figure 2 contains qualitative ex-
amples of descriptions generated
by the LLaVA model trained with-
out the held-out concepts.

For the large-scale generation, al-
though the LLaVA model trained
without the concepts gets much
worse performance than the one
trained with them, it is still higher
than the small-scale experiments’
accuracies. We speculate why this
may be in Appendix D.

4 WHY IS INTERMODAL ALIGNMENT DIFFICULT?

To understand why aligning different modalities is hard it helps to formally understand why one
would expect it to be easy and where this intuition falls short. The high-level intuition is that if both
language and vision share the same analogical relations then it should be easy to map between their
representations. More formally, let there be some analogy where A is to B as C is to D, e.g. king
is to queen as man is to woman. The vision representation of a concept like “king” can be found by
averaging the representations of many images of kings. All presented theorems are based on simple

4



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

known lemmas in linear algebra, with proofs delegated to Appendix E. If vX denotes some model’s
representation of concept X then an analogy is defined as follows.

Definition 4.1 (Concepts and analogies in representations). The vector representing some concept
X is denoted as vX . The analogy A is to B as C is to D (denoted A : B :: C : D) is said to exist
for a model’s representations of these concepts if vA − vB = vC − vD. The tuple representing an
analogy is denoted as vA:B::C:D := (vA, vB , vC , vD). We assume no concept is represented by the
zero vector.

In practice, the analogy would only be approximate, so vA − vB ≈ vC − vD. Throughout this
section, take V,W to be two finite-dimensional inner product spaces, e.g. Rn and Rm. One can
intuitively think of them as the representations of two different models, potentially from different
modalities. For simplicity, all inner products are viewed as dot products, where ⟨v, w⟩ = vTw, but
for all inner products the theorems equally hold.

If there are enough corresponding analogies between two models then one might expect a linear map
between their representations to exist, as the analogies enforce a linear structure. In practice, this is
not the case.

Theorem 4.2 (Analogies are not sufficient for a linear map to exist). Let there be two sets of the
same analogies in V and W , {vAi:Bi::Ci:Di} and {wAi:Bi::Ci:Di}. There exist sets of analogies
such that there is no corresponding linear map T : V → W such that ∀i,X : T (vXi

) = wXi
.

The following example is effectively a proof of this theorem.

Example 4.3 (Different information can lead to inconsistent mappings). Observe the following
analogies in R1 and R2, vA = [1], vB = [2], vC = [3], vD = [4] and wA =

[
1
1

]
, wB =

[
2
1

]
, wC =[

3
2

]
, wD =

[
4
2

]
. Clearly, there is no linear transformation T (vX) = wX as 4vA = vD but 4wA ̸=

wD. The following diagram illustrates this visually.

R1
vDvCvBvA

vA − vB vC − vD

x

y

R2

wDwC

wBwA

Example 4.3 can be equivalently interpreted as one representation having information which is miss-
ing in the other. Intuitively, the second index in the w vectors could be some additional information
that is irrelevant for the analogy but consistently exists, like a typical syntax in a sentence or different
lighting in an image.

A stronger requirement, which does result in linear maps, is that the different representations have
the same similarity structure. For representations with unit norm this means that the cosine similarity
between concepts A and B is the same in both modalities, so vTAvB = wT

AwB . For example, this
condition implies that the cosine similarity between an image of a cat and an image of a dog is close
to the cosine similarity between the texts “cat” and “dog”.

Definition 4.4 (Similarity structures). Given a set of concept representations {vXi}Ni=1, the Gram
matrix Gij := vTXi

vXj
is said to define the representations’ similarity structure. Two representations

are said to have the same similarity structure if their Gram matrices are the same, so ∀i, j : vTXi
vXj =

wT
Xi

wXj
.

Interestingly, having the same similarity structure implies that under some similarity metrics, like
CKA, these representations are equivalent.

Theorem 4.5 (Same similarities enable linear mappings). Let V and W have corresponding sets of
concept representations, {vXi

}Ni=1, {wXi
}Ni=1. If they have the same similarity structure then there

exists a linear map T : V → W such that ∀i : T (vXi
) = wXi

.
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This theorem is stronger than required for a linear map to exist, as the resulting T is an isometry, a
map that preserves distances. Moreover, assuming the spaces have the same dimension, such a map
would have an inverse, so it loses no information as it allows mapping back and forth between them.
In the single modality setting Smith et al. (2017) construct such a map for translating between sets of
word embeddings, showing that the different embeddings indeed have a similar similarity structure.

A weaker condition that still results in linear maps is requiring a form of generalized analogies to
exist in both modalities. For example, if vzebra = vhorse + vstripes then wzebra = whorse + wstripes as
well.

Theorem 4.6 (Generalized analogies enable linear mappings). Let V and W have corresponding
sets of concept representations, {vXi}Ni=1 and {wXi}Ni=1. A linear map T such that ∀i : T (vXi) =
wXi exists if and only if for all sets of scalars ai ∈ R if

∑
i aivXi = 0 then

∑
i aiwXi = 0.

Note that any generalized analogy can be written as
∑

i aivXi = 0, e.g. in the case of vzebra =
vhorse + vstripes by moving vzebra to the right hand side. A natural but important corollary of this
theorem is that regular analogies not holding results in generalized analogies not holding as well.

Corollary 4.7 (Generalized analogies result in and require regular analogies). If the conditions of
Theorem 4.6 hold then any regular analogy must exist in both V and W as well, so if vA:B::C:D

is an analogy then so is wA:B::C:D. Moreover, any analogy existing only in V but not in W , so
vA − vB = vC − vD but wA − wB ̸= wC − wD, violates the conditions of Theorem 4.6.

In practice, text and vision have neither the same similarity structure nor the same analogies, respec-
tively violating the conditions of both Theorem 4.5 and Theorem 4.6. Note that, as Theorem 4.6
is both a necessary and sufficient condition, this implies there is no concept-preserving linear map
between them. We first show that text and vision representations have a different similarity structure
and then that they have different analogies.

4.1 LANGUAGE AND VISION HAVE DIFFERENT SIMILARITY STRUCTURES

Similarity between datapoints is typically measured using representations from semantic similarity
models. When these representations are normalized the dot product between them corresponds to
a cosine similarity. For text and vision to have the same similarity structure (as per Definition 4.4),
thus fulfilling the conditions of Theorem 4.5, two images with a given cosine similarity should have
captions with approximately the same cosine similarity as well.

A vibrant UK city
with red double

decker buses riding
along the street.

An old city building
with a spire at night.

A small bird sits on
a branch in a tree.

A very cute small
bird perched
on a branch.

Figure 3: Two scenes can be similar in one modality but different in another. (left) shows two
images which are visually similar, where a vision embedding model gives them a cosine similarity
of 0.96. Their corresponding captions are more distinct, having a similarity of 0.44. (right) shows
the opposite case, where the captions are similar but the images are distinct. The captions have a
cosine similarity of 0.97 while the images’ cosine similarity is −0.06. The text similarities are for
the average embeddings over the five different captions given in COCO for each image.
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In practice, visual and lingual descriptions of the same scene can be similar in one modality but
very different in another. Figure 3 gives some examples of image-caption pairs where, due to each
modality containing different information, this occurs. All image-caption pairs are from the COCO
training set. Cosine similarities are computed using DINOv3 base for the images and Sentence
Transformer’s all-MiniLM-L12-v2 for the captions (Siméoni et al., 2025; Reimers & Gurevych,
2019). Caption representations are averages over all of an image’s caption variants in the dataset.

Table 2: Relative cosine similarity RMSEs for rep-
resentations from different vision and language mod-
els. Similarities across different modalities are typ-
ically at least 3× higher than those within modal-
ities. All values are relative to Text,Text’, where
CosSimRMSE(Text,Text’) = 0.05. RMSEs are cal-
culated using image/caption pairs from the COCO
dataset. Models are DINOv3-B and -S for Vis and Vis’,
all-MiniLM-L12-v2 and -L6-v2 for Text and Text’, and
the CLIP-B/16 vision/text encoders for CLIP Vis/Text.

Representations
Cosine sim.
RMSE ratio

Text Text’ 1.0
Vis Vis’ 1.3
Vis Text 3.3
Vis CLIP Vis 10.9
Text CLIP Text 11.2

CLIP Vis CLIP Text 2.9

Pairs like those in Figure 3 occur with
a non-negligible frequency. One way to
measure their prevalence is by finding
pairs where the cosine similarity between
the images is much higher or lower than
that between their captions, so the abso-
lute difference in their cosine similarities
is more than a relatively large threshold,
e.g. 0.4. For about 2% of COCO im-
age/caption pairs, the cosine similarity dif-
ference exceeds this threshold.

To quantitatively measure whether the
two representations have the same
similarity structure, we empirically
compare their cosine similarities. For-
mally, for models f1, f2 outputting
normalized vectors f1(x), f2(x), we
define CosSimRMSE(f1, f2) :=√

E[(f1(x)T f1(y)− f2(x)T f2(y))2],
where the expectation is over the dataset.
CosSimRMSE tests the extent to which two representations have the same similarity struc-
ture as per definition 4.4. Although here both models get as input some x, in general one
model could get an image while the other gets the corresponding set of captions. We measure
CosSimRMSERatio(f1, f2|g1, g2) = CosSimRMSE(f1,f2)

CosSimRMSE(g1,g2)
, with g1, g2 representing two models in

the same modality that form some lower bound. As Table 2 shows, vision and text models have an
approximately 3× larger gap between one another than models in the same modality. CLIP models,
despite being purposely trained to align their representations, exhibit only a slightly better degree of
alignment likely due to this difference being inherent in the data.

Altogether, this section’s results show that Theorem 4.5’s condition does not hold, as vision and lan-
guage have very different similarity structures. We now show that the conditions for Theorem 4.6 do
not hold either, showing that typical vision and language representations are not representationally
alignable.

4.2 LANGUAGE AND VISION HAVE DIFFERENT ANALOGIES

To see whether vision and language representations exhibit the same analogies we build on the text
analogy dataset of Mikolov et al. (2013a). These include analogies like king:queen::man:woman and
Paris:France::London:UK. To compare lingual to visual analogies we construct a new dataset called
VisLingA (for visual lingual analogies). VisLingA is constructed by downloading 5-10 images
for each concept in the text analogies dataset. Analogies containing words with too few images
and analogies in the plural, present-participle, and adjective-to-adverb categories are discarded as
they tend to contain different words with mostly the same pictures, e.g. “car” and “cars”. Images
were downloaded from Wikimedia Commons and filtered to images with CC0 or CC-BY copyright
licenses, keeping creator metadata. The final dataset has 15,455 analogies containing 746 distinct
concepts.

An analogy A : B :: C : D can be said to exist in a modality if when performing retrieval the
representation of A − B + C is close to D. Retrieval is done over the embeddings for all the
concepts in the dataset, so representations exhibit a set of analogies if they have a low average rank or
high accuracy. Vision embeddings are found by averaging all of a concept’s images’ representations.
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Representations are computed using class tokens from DINOv3 base for the images and embeddings
from Sentence Transformer’s all-MiniLM-L12-v2 model for text.
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Figure 4: Vision models do not exhibit the same analogies that language models do. Left – top-10
analogy retrieval accuracies over VisLingA for several model families. The vision models (down-
wards triangles) do significantly worse than the text models (circles). Right – average retrieval rank.
All vision models have a rank above 100, with a random baseline having a rank of 373.5. In both
cases, the CLIP’s text encoders are the worst models in the language family and the opposite for the
vision CLIP models, likely due to the intermodal supervision pulling each CLIP encoder towards
the other modality. ST=Sentence Transformer (Reimers & Gurevych, 2019), GTR is from Ni et al.
(2022), CLIP is the LAION CLIP models (Cherti et al., 2023), ViT are ViT models trained on Ima-
genet 21k (Dosovitskiy et al., 2020).

Results. Figure 4 shows that while most analogies exist in text, far fewer are present in vision. All
text embedding models have top-10 analogy retrieval accuracies above 75% while all vision models
get below 45%. This is likely due to the inherent difficulty of capturing abstract concepts or certain
nouns in images, like countries and cities. Thus, as vision and language models exhibit different
analogies, Theorem 4.6 cannot hold.

While it is not surprising that CLIP vision models perform similarly to other vision models, it is
interesting that CLIP language models slightly underperform as well. The vision supervision they
receive during training likely pulls their representations away from those of typical language-only
models, thereby stopping them from recognizing some analogies.

5 ICL AND REASONING DO NOT MITIGATE VLM FAILURES

In-context learning (ICL) and reasoning have both been shown to significantly increase LLM and
VLM performance over many tasks (Brown et al., 2020; Guo et al., 2025; Alayrac et al., 2022;
Huang et al., 2025). For VLM failures which are due to vision-language representational misalign-
ment, reasoning and ICL would not be expected to improve performance as they are orthogonal
capabilities. If, however, for a given failure ICL or reasoning do improve performance then the
failure likely stems not from representational misalignment.

We present preliminary evidence supporting this hypothesis by benchmarking a high-performing
VLM, Qwen3 VL 8B Thinking (Bai et al., 2025), on Winoground given different reasoning budgets
and numbers of ICL examples. Figure 5 shows that ICL and reasoning typically decrease perfor-
mance. Results are for optimized prompts and ICL setup, with other tested variations resulting in
worse and typically monotonically decreasing performance.

6 RELATED WORK

Adding modalities can harm performance. The generalization failure and results on representa-
tional misalignment here demonstrate that when representations are unalignable then stitching them
together leads to worse performance, expressed as a lack of generalization. While this work focuses
on tasks with language outputs, Ramachandran et al. (2025) similarly find that state-of-the-art VLMs
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Figure 5: ICL and reasoning do not significantly affect performance on Winoground, a dataset where
VLMs struggle reaching human performance.

perform worse than vision-only models on standard vision tasks, although without interpreting why.
Our work fills this gap.

A converse conclusion would be that removing modalities could improve generalization. This was
observed, albeit not understood, in Goyal et al. (2025). Goyal et al. (2025) use a VLM for a robot’s
vision-language-action model (VLA) without explicitly mapping into action-space, instead convey-
ing actions as text. Their approach outperforms prior state-of-the-art methods that explicitly add the
action modality.

There are cases when adding modalities would be expected to improve performance, but those likely
require only in-distribution generalization. When the additional modalities enable training from
large-scale data (Radford et al., 2021) or better supervision, e.g. using multi-task learning (Wang
et al., 2025a), it is likely that in-distribution performance will improve.

Representational misalignment. Many works observe some form of multimodal representational
misalignment, but often attribute it to a lack of scale (as would be expected per the Platonic Rep-
resentation Hypothesis (Huh et al., 2024)) or do not interpret it; see Shu et al. (2025) for a survey.
Notably, Liang et al. (2022) note there being a “modality gap” between vision and language repre-
sentations in CLIP-like contrastive learning, attributing it not to the inherent information difference
in the modalities but to model initialization and optimization, although this viewpoint is contested
(Udandarao, 2022).

Analogies in representations. Analogies have been seen to exist in representations since the sem-
inal work of Mikolov et al. (2013a), with many contemporary works assume or rely on analogies
in representations (Trager et al., 2023; Turner et al., 2023; Wang et al., 2023; Piantadosi et al.,
2024; Merullo et al., 2024). Analogies have been argued to arise due to concepts being represented
as linear directions in representation spaces (“the Linear Representation Hypothesis”, (Park et al.,
2024)). However, this viewpoint has some known limitations, especially when analogies are used
for retrieval (Drozd et al., 2016; Rogers et al., 2017).

VLM failures. VLMs exhibit many simple failures, some of which are not analyzed here as they
have since been solved. Yuksekgonul et al. (2022) demonstrate instances where VLMs can act
as bags-of-words and propose a contrastive learning method to mitigate this behaviour. Tong et al.
(2024) demonstrate VLMs giving systematically wrong answers over certain curated visual question
answering datasets, likely due to their CLIP vision backbones. They explore the design space of
VLMs and propose changes that improve performance.

7 DISCUSSION

By demonstrating a functional generalization failure and a series of theory-grounded tests, this work
has shown that existing vision and language representations are not representationally alignable and
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therefore not equivalent. Although these results are only over existing models, they are expected to
hold regardless of model size due to why the representations are misaligned. In section 4 we find
that the misalignment stems from the modalities having inherently different information, so what
is similar in one may be dissimilar in another, and analogies not carrying over between modalities.
As these differences are due to the data, not the models or training paradigm, they are expected to
persist across all scales.

Thus, this implies that regardless of scale, representations in different modalities should not con-
verge, disproving a strong version of the Platonic Representation Hypothesis. Weaker versions,
where there is some partial alignment, can and likely do hold, consistent with prior work. Indeed,
the weak trend in Figure 4 (left) supports this, where the vision models’ retrieval accuracy increases
with scale.

The representational misalignment has functional implications. We hypothesize that many noted
VLM failure modes are due to representational misalignment, explaining why they persist in spite
of continued improvements in model performance, and why modern capabilities like in-context
learning and reasoning do not mitigate the failures. The generalization failure presented in section 3
is another example of such a failure.

There are several caveats to these conclusions. On the link between representational misalignment
and VLM failures, evidence here can only fail to refute the hypothesis, where the best evidence for
it would be a solution to the representational misalignment. This will be pursued in future work.
Regarding the evidence towards vision-language misalignment, although this work demonstrates
the existence of an inherent vision-language gap, it does not discuss its extent. The degree to which
vision and language representations may naturally converge is left unclear.

It would be interesting to devise methods which inherently have no representational misalignment,
thus alleviating existing VLM failures while potentially broadly improving performance. One option
for doing so is to treat both images and text as a single modality, processing them with masked next-
token prediction. Doing so would make representational alignment unnecessary as there would be a
single set of representations. This and other ideas will be pursued in future work.
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A SMALL-SCALE EXPERIMENTS DETAILS

For captioning a linear layer is trained between the vision and language models as an adapter. For
retrieval each has a linear layer trained on top of its last layer representations, by default using the
class token for the vision head and averaging the post-adapter token representations for the language
model. Different, more powerful adapters and representation aggregation schemes were not found
to make a big difference. The training data is COCO-2014 (Lin et al., 2014).

To ensure the models are well trained optimal learning rates and weight decays were chosen by do-
ing a grid search over learning rates and weight decays, spaced log-linearly in 10−5, 10−4.5, ...10−2

and 10−4, 10−3, ...10−1 respectively. Optimal retrieval hyperparameters were chosen based on the
model’s top-1 Imagenet classification accuracy over Imagenet’s validation set. Generation hyperpa-
rameters were optimized on the BLEU score over COCO’s validation set. Models were trained for
10 epochs with an early stopping patience of 5, with validation metrics computed once every 0.25
epochs.

Resulting optimal hyperparameters for all generative model configurations, including those refer-
enced in the next section, are listed in Table 3. For retrieval a learning rate of 10−4 and weight
decay of 10−2 was found to work well for all settings.

Adapter type Learning rate Weight decay

Linear 10−2.5 10−2

MLP 10−3 10−2

Attention 10−3.5 10−3

Table 3: Optimal learning rates and weight decays for different adapters for the small-scale genera-
tive experiments.

A.1 DIFFERENT ADAPTERS YIELD SIMILAR RESULTS

To see if better adapters help we repeated the two small-scale experiments with two more powerful
adapters – an MLP and an attention block between the tokens and learnable embeddings. The
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attention adapter has a single learnable token embedding for retrieval and 200 for generation, where
a ViT-B/16 has 197 vision tokens by default. For retrieval we also experiment with three different
kinds of pooling – mean pooling, max pooling, and, specifically for the vision transformer, taking
the class token. When the vision transformer uses the class token the language model defaults to
mean pooling. The attention adapter needs no pooling due to the cross attention already aggregating
information.

In all cases, the linear adapter generalized best to the held-out concepts. We report not the held-out
concept detection accuracy at the end of training but the best held-out concept detection accuracy
throughout, which is a much more lenient metric. For generation the best concept detection accu-
racy throughout training is 7.8%, whereas for retrieval the pooling with a linear adapter did a bit
better, getting a best concept detection accuracy throughout training of 11.1%. Test accuracies were
measured after every 0.1 epochs.

B WHAT DOES IT MEAN FOR A MODEL TO “KNOW” OF A CONCEPT?

For the vision models this is simple – all the concepts are Imagenet classes and the models are
Imagenet classifiers that get high accuracies. For the language models, they can be prompted to
complete texts such as “a <concept> is” or asked questions about it, thereby gauging some form
of recognition.

To see whether the LLaVA backbone knows of the held out concepts we ask it various questions
about them, such as “What is a zebra?” and “What is a horse-like animal with black and white
stripes?”. Doing so with the LLaVA model’s LLM backbone after it was trained showed that the
language model by itself still recognizes the held-out concepts.

C CONCEPT FILTERING

The held-out concepts are “zebra”, “banana”, “pizza”, “umbrella”, and “toothbrush”. More concepts
were not used so the datasets would be minimally altered.

To filter the held-out concepts from the finetuning data we remove all image-text pairs where a)
the text contains the object’s name or b) the image is likely to contain it. Image-based filtering is
important to prevent misclassified data from hampering the experiment, e.g. zebra images acciden-
tally captioned as giraffes. This is done using a CLIP ViT-L/14 model and filtering images with
a similarity above a chosen threshold to the text “a photo of a <concept>”, with the threshold
found through manual tuning. For the small-scale experiments the threshold was 0.2 while for the
large-scale ones it was 0.25. This reduces the datasets by at most 9%.

Specifically for the large-scale experiment we also filter the concept “tooth brush” as we find that
it is occasionally not detected by the image-based filter. There may be other less direct forms of
leakage we are unaware of that artificially boost the large-scale model’s performance on detecting
held-out concepts.

D DISCUSSION ON LARGE-SCALE RESULTS

The large-scale model getting better held-out concept detection accuracies than the smaller models
could mean that the failure described in section 3 is partially alleviated by scale. However, there are
other possible reasons a larger model could do better, such as LLaVA generally outputting longer
completions or it potentially relying on its internal knowledge more so than what it sees, akin to
the failure described by Vo et al. (2025). For example, the completion of “a bathroom with a toilet,
mirror, toothpaste, ...” would likely mention a toothbrush regardless of whether it actually exists in
the image.

To test this, we benchmark the large-scale models when prompting them to only name the main
object they see in the image, limiting them to output answers with at most 8 tokens. In this setting
the models trained without the held-out concepts performed comparably well, getting an average
detection accuracy of 19.6%. Thus, the large-scale model’s success is not due to relying on the
language model’s knowledge while ignoring the vision model.
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Another option is that there is some data leakage. While running these experiments we initially did
not filter for “tooth brush”, only “toothbrush”, thereby having some examples slip by. As larger
models are more sample efficient, these 2̃0 extra image-text pairs resulted in toothbrushes being
detected much more often. In the current setup, the large-scale models detect “pizza” much more
than any other concept, although it is hard to say whether there is some data leakage we have not
managed to find, the better detection performance is due to scale, or some mixture thereof. When
training the model with the dataset visual similarity filtering threshold set to 0.2 instead of 0.25
models generally perform much worse, getting accuracies around half of those reported in Table 1,
which lends credence to there possibly being some leakage.

E PROOFS OF THEOREMS

We restate the theorems here for convenience. We believe essentially all of our theorems have
standard linear algebra versions that are generally known but we did not find a source for some, so
we provide short proofs for them instead. For ease of notation we drop the concepts in the notation,
so vXi

= vi. We first prove Theorem 4.6 as Theorem 4.5 proof’s relies on it, it being the weaker of
the two.

Theorem 4.6 (Generalized analogies enable linear mappings.) Let V and W have corresponding
sets of concept representations, {vi}Ni=1 and {wi}Ni=1. A linear map T such that ∀i : T (vi) = wi

exists if and only if for all sets of scalars ai ∈ R if
∑

i aivi = 0 then
∑

i aiwi = 0.

Proof. It is simple to see that having such a T is sufficient, as
∑N

i=1 aivi = 0 ⇒ T (
∑N

i=1 aivi) =

T (0) = 0, and due to linearity T (
∑N

i=1 aivi) =
∑N

i=1 aiT (vi) =
∑N

i=1 aiwi, which completes this
part of the proof.

As for necessity, assume that ∀ai ∈ R :
∑N

i=1 aivi = 0 ⇒
∑N

i=1 aiwi = 0. We prove this using
induction on N , the number of vectors. For the base case this is trivial, as only for a1 = 0 the
statement holds and the map ∀a ∈ R : T (av1) = aw1 is clearly a valid linear transformation.
For induction, assume the statement holds for N − 1 and we wish to show it for N . If vN is
linearly dependent on {vi}N−1

i=1 then ∃ai ∈ R : vN =
∑N−1

i=1 aivi, so −vN +
∑N−1

i=1 aivi = 0 ⇒
−wN +

∑N−1
i=1 aiwi = 0 ⇒ wN =

∑N−1
i=1 aiwi. Thus, as T (

∑N−1
i=1 aivi) = T (vN ) = wN the

same linear transformation works here as well.

If vN is linearly independent of {vi}N−1
i=1 then recall that for two vector spaces V,W there exists a

linear transformation between a basis of V and any set of vectors in W . Assume without loss of
generality that {vi}N−1

i=1 are linearly independent, as otherwise a vector could be removed from the
set without altering its span and the induction hypothesis could readily be used with the reduced set
and vN . Thus, the set {vi}Ni=1 is linearly independent and the aforementioned lemma can be used
for V ′ := span({vi}Ni=1) and W . Therefore, such a T exists. If V ′ ⊂ V then T can be extended to
be over V by mapping basis vectors in V/V ′ to 0, thereby completing the proof.

Theorem 4.5 (Same similarities enable linear mappings.) Let V and W have corresponding sets of
concept representations, {vi}Ni=1 and {wi}Ni=1. If ∀i, j : vTi vj = wT

i wj then there exists a linear
map T : V → W such that ∀i : T (vi) = wi.

Proof. We wish to show that ∀ai ∈ R :
∑

i aivi = 0 ⇒
∑

i aiwi = 0, thus allowing us to use
Theorem 4.6. Let there be some set of ai such that

∑
i aivi = 0. Multiplying by

∑
i aivi and using

that vTi vj = wT
i wj , we have that ∥

∑
i aivi∥2 =

∑
i,j aiajv

T
i vj =

∑
i,j aiajw

T
i wj = 0. Note that∑

i,j aiajw
T
i wj = ∥

∑
i aiwi∥2 = 0, and as

∑
i aiwi is of length zero it must be the zero vector.

Thus,
∑

i aiwi = 0 and the proof is complete.

It is easy to see that the resulting transformation T (vi) = wi is an isometry over span({vi})
as ∀ai ∈ R : ∥

∑N
i=1 aivi∥2 =

∑N
ij=1 aiajv

T
i vj so due to the sets of concepts having the

same similarity structure this equals
∑N

ij=1 aiajw
T
i wj = ∥

∑n
i=1 aiwi∥2 = ∥

∑n
i=1 aiT (vi)∥2 =

∥T (
∑n

i=1 aivi)∥2, so distances are preserved.
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