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Abstract

Recent research suggested that the embeddings produced
by CLIP-like contrastive language-image training are sub-
optimal for image-only tasks. The main theory is that the
inter-modal (language-image) alignment loss ignores intra-
modal (image-image) alignment, leading to poorly cali-
brated distances between images. In this study, we ques-
tion this intra-modal misalignment hypothesis. We reex-
amine its foundational theoretical argument, the indicators
used to support it, and the performance metrics affected.
For the theoretical argument, we demonstrate that there are
no such supposed degrees of freedom for image embedding
distances. For the empirical measures, our findings reveal
they yield similar results for language-image trained mod-
els (CLIP, SigLIP) and image-image trained models (DINO,
SigLIP2). This indicates the observed phenomena do not
stem from a misalignment specific to the former. Experi-
ments on the commonly studied intra-modal tasks retrieval
and few-shot classification confirm that addressing sup-
posed misalignment is unnecessary for best performance.
Project Page: https://vision-kek.github.io/Is-

CLIP-Really-Misaligned.

1. Introduction
The success of contrastive language-image pretraining ex-
emplified by CLIP [33] has significantly shaped the contem-
porary era of multimodal, foundational models. The most
fundamental and still ubiquitous use-case is to embed im-
ages and texts in a shared space, and then compare them
via cosine similarity. Following this simple approach, many
long-standing computer vision problems from classification
to detection [23, 24] to segmentation [19, 49] became ad-
dressable in the popular open-vocabulary zero-shot setting.

Nevertheless, recent works have raised concerns that
these embeddings may not be ideal for image-only tasks.
The so-called intra-modal misalignment hypothesis argues
that contrastive language–image training focuses solely on
inter-modal (image–text) alignment while neglecting intra-
modal (image–image) alignment [2, 26, 40, 44]. As a result,

Figure 1. Previous work illustrated an intra-modal misalignment
in CLIP space by showing there are cat images closer to a dog
(d ̸=) than to another cat (d=). We argue d̸= < d= is no sign of
misalignment. For a labeled downstream dataset, intra-class vari-
ance of open vocabulary models is expected and desired to cap-
ture semantics and style beyond the narrow dataset-specific labels.
Classifying and retrieving with frozen CLIP image embeddings
still works well when similarities are measured along the dataset-
specific semantic axes. Here the horizontal axis captures dog/cat.

even though the model produces good image-text similari-
ties, the same might not be true for image-image similari-
ties. This effect is often illustrated as in Fig. 1.

The hypothesis relies on the following pillars: (i) a the-
oretical argument that misalignment emerges from uncon-
strained degrees of freedom in the embedding space, and
(ii) empirical evidence through proposed misaligment indi-
cators such as cosine similarity histograms, modality-gap
magnitudes, and retrieval or few-shot classification perfor-
mance metrics.
In this work, we critically re-examine these arguments.

For the theoretical model, we demonstrate that the de-
gree of freedom argument breaks when considering a suffi-
ciently large set of embeddings. Image–image similarities
can in fact be recovered entirely from image–text similari-
ties. This shows that image–image structure is not arbitrary
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but a consequence of the learned image-text structure.
For the empirical indicators that were proposed to re-

veal the misalignment, we experiment with these measures
and find they are no reliable indicators of intra-modal align-
ment quality. For example, we argue intra-class variance
as shown in Fig. 1 is not a sign of misalignment. In-
stead, this is normal behavior because without fine-tuning,
open-vocabulary models are expected to capture semantics
and styles beyond the closed-vocabulary of a narrow down-
stream dataset. More crucially, the same indicators would
also suggest “misalignment” in non-CLIP vision encoders
such as DINO [5], which have never been trained with lan-
guage supervision — revealing that these signals are arti-
facts of the metrics rather than of the training objective.

Based on our findings, we propose a simple alternative
method that measures similarities in class-relevant axes. We
conduct evaluations on retrieval and few-shot classification,
which have been previously assumed to be affected by the
misalignment, and provide a reinterpretation of the results.
Finally we discuss the role of the modality gap [20] which
is often cited [25, 26, 44] in the context of intra-modal mis-
alignment. In summary:
• We critically re-examine the intra-modal misalignment

hypothesis, which directly impacts all methods that use
CLIP or SigLIP to compare image embeddings with each
other.

• We point out the limitations of previous arguments and
evidences for such misalignment and provide an alterna-
tive explanation for their findings.

• Consequently, we construct a simple alternative method
that confirms that the best performance on the previously
studied few-shot classification and retrieval tasks can be
achieved without assuming a misalignment in CLIP.

2. The Intra-Modal Misalignment Hypothesis
We examine the following belief:

CLIP is not optimized for uni-modal scenarios
[44]. This leads to intra-modal misalignment [26]
/ miscalibration [40], its performance in intra-
modal tasks is not guaranteed [44]. Only exploit-
ing the image encoder of such models is highly
suboptimal for intra-modal tasks like image-to-
image retrieval [26].

2.1. The Supporting Evidence
We review some evidence in favor of the above intra-modal
misalignment hypothesis.

The consequence of having only a cross-modal loss term
in CLIP has been theoretically explained [40, 44] by de-
grees of freedom in the embedding space. This idea has
been illustrated similar to Fig. 4a-c.

Further, to measure and expose poorly calibrated simi-
larities, several indicators were proposed. The main tool

a) b)

Figure 2. Pairwise cosine similarity distributions. Left: Similari-
ties between same class (blue) and opposite class (orange) image
feature pairs. A high overlap ratio between the two colors was
previously highlighted as an indicator for an intra-modal misalign-
ment issue in CLIP. Right: Similarity distributions of image-text
pairs (purple) versus image-image pairs (green). Because CLIP
is only supervised on the former, the divergence has previously
prompted concerns about whether the latter reflect true similari-
ties. CLIP ViT-B/16. Dataset as in Tab. 1.

for this purpose are cosine similarity histograms, where
the distribution of pairwise similarities between images are
recorded. There are two types of similarities that are ex-
amined, by class and by modality, shown in Fig. 2. For
the similarity distributions by classes [18, 26], the point is
straightforward: Two images of the same class should have
higher similarity than two images of different classes. As
in Fig. 2a, if the two histograms that capture the similar-
ities of same-class and different-class image pairs have a
high overlap, it is hypothesized this indicates poor class
separation and hence is a sign of misalignment. On the
other hand, measuring the similarity distributions by modal-
ity [2, 38, 40] as in Fig. 2b reveals that image embeddings
have a much higher similarity to each other than to text
embeddings. This is considered problematic especially for
few-shot classification in the vision-language model adap-
tation literature [2, 38, 40, 44] because these work combine
inter-modal and intra-modal similarity scores, such that it is
questioned if the two differently distributed scores can be
treated equally.

This finding of higher intra-modal similarities is a conse-
quence of the modality gap [20], which describes the effect
that image embeddings cluster in a manifold clearly sep-
arated from the text embedding cluster. Distances across
the cluster are therefore naturally higher on average than
within. Some work [2, 26] has also attributed the mis-
alignment to the modality gap, but the existing experiments
[20, 26] documented that a shifting or fine-tuning approach
to narrow the gap tends to worsen performance.

To mitigate the assumed misalignment, prior works then
proposed methods for better performance. The most com-
mon idea is to avoid measuring image-image similarities
in favor of text-image similarities. For few-shot classifica-
tion, Tip-X [40] proposed to address uncalibrated image-
image embedding distances in few-shot classification by
using image-text similarities as a bridge. Instead of di-
rectly comparing image features, it constructs “signatures”
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Figure 3. Motivated by the intra-modal misalignment hypothesis,
previous work [26] posited it is necessary to convert image-image
comparison (left) into image-text comparison (right).

for both test and few-shot images by measuring their affin-
ity with text classifier weights. The final affinity between
images is then calculated as the KL-divergence between
these inter-modal probability distributions. With a similar
motivation, Mistretta et al. [26] proposed to tune a text to-
ken that represents the image information, an approach il-
lustrated in Fig. 3 and dubbed Optimization-based Textual
Inversion (OTI) inspired by [13]. This proved to be more ef-
ficient on image-image retrieval than comparing image em-
beddings directly. In another work, Barbier et al. [2] found
that simply normalizing the cosine similarity distributions
as in Fig. 2a to equal mean and variance can bring improve-
ments for few-shot object detection with CLIP-like VLMs.
Chao et al. [44] also assumed wrong distances between im-
ages for intra-modal tasks, and therefore introduced to rep-
resent an image by its cross-modal distances to text gener-
ated with the help of large language models.

In summary, a substantial body of prior work has inter-
preted calibrated similarity statistics, modality-wise cluster-
ing, and improved performance from text-based surrogates
as evidence of intra-modal misalignment.

2.2. The Prior Opposing Indicators that Call for
Reassessment

While the preceding section reviewed evidence supporting
the intra-modal misalignment hypothesis, there also exist
several observations that lower the prior probability that the
hypothesis is true before considering the evidence presented
in our paper.

A first source of skepticism comes from some influen-
tial literature that has successfully employed CLIP and re-
lated vision–language models for uni-modal tasks such as
image classification [14], few-shot adaptation [3, 42, 47],
image generation [34], and video synthesis [11, 48]. Fur-
ther, [25] report that image-to-image retrieval actually out-
performs image-to-text retrieval in downstream VLM adap-
tation tasks. If CLIP embeddings were indeed severely
misaligned within the visual modality, it would be difficult
to reconcile this with the strong results reported in these
works, particularly those experiments that exclusively rely
on the image encoder. A second reason to question the mis-

Table 1. Repeating the demonstrative experiment in [26] on the
simplistic Dogs vs Cats legacy dataset, where near-perfect results
are expected. It was suggested in [26] that poor results with CLIP
image-image similarities evidences a misalignment in the image-
image space. This hypothesis gets no evidence when swapping
model for the uni-modal DINO, a widely acknowledged state-of-
the-art image embedder. CLIP scores highest, suggesting that the
observed low metrics are not caused by a model weakness and
hence neither by a misalignment. Instead, the performance gap
between text-image (T-I) and image-image (I-I) can be attributed
to the ambiguity [21] in the way the task is conveyed to the model:
Two images with opposite labels might still share enough other
concepts to be justifiably similar.

Retrieval Classification

Model T -I I-I T -I (0-shot) I-I (1 |16-shot)

CLIP ViT-B/16 99.3 87.1 99.6 84.2 |99.7
DINOv2 ViT-B/14 - 81.8 - 76.2 |97.3
DINOv3 ViT-L/16 - 84.3 - 80.2 |97.8

alignment interpretation concerns the meaning of intra-class
variance. An alternative explanation for the phenomena il-
lustrated in Fig. 1 has been articulated in [53]: embeddings
naturally contain both task-specific and task-irrelevant com-
ponents. From this perspective, high intra-class variance
may reflect the coexistence of other semantic factors rather
than represent a flaw in the embedding space. The chal-
lenge, therefore, is not to “correct” image–image distances,
but to identify task-relevant axes (classifier) given the lim-
ited samples [12, 21].

Taken together, Sec. 2.1 and Sec. 2.2 highlight a tension:
while many works argue for intra-modal misalignment, sev-
eral existing results in the broader literature are difficult to
reconcile with the misalignment view. This inconsistency
calls for a careful reassessment of the hypothesis.

2.3. A Preliminary Experiment

As a first step toward reassessing the misalignment hypoth-
esis, we revisit a simple experiment in [26] which partic-
ularly inspired this work. In this experiment, poor CLIP
retrieval performance on a very easy cats and dogs legacy
dataset [9] was attributed to the intra-modal misalignment.

However, we consider it unlikely that CLIP fails on such
dataset. A simple way to rule out a model weakness is
comparison with uni-modal vision models such as DINO
[29, 36]. Tab. 1 demonstrates how image-image metrics
with DINO lack even more behind the text-image result,
prompting the suggestion that the observed measures are
not a weakness of CLIP.
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Figure 4. (a)-(c): The previous intra-modal degree-of-freedom
argument in [40] illustrates that two image embeddings can be
either close together (a) or far apart (b) while having the same
text-image distance r, concluding that two image embeddings can
lie on any two arbitrary points on the circumference (c), leaving a
degree of freedom for image-image miscalibration. Our interpre-
tation (d)-(f): The previous line of argumentation overlooks that
each image embedding is bound to more than one text anchor (f).
Moreover, the two different configurations in (a) and (b) are not
arbitrary, but have a good reason to exist: Images in (a,d) and (b,e)
have equal distance r to the “cat” text, but the two images in (a,d)
are much more similar to each other than those in (b,e). Displayed
distance values are real measurements.

3. Methodology
Following the structure established by the previous support-
ing evidence from Sec. 2.1, our methodology to re-evaluate
the intra-modal misalignment hypothesis is threefold:

From the theoretical perspective, Sec. 3.1 re-examines if
text-image alignment leaves degrees of freedom for image-
image misalignment.

From the empirical perspective, Sec. 3.2 builds on the
insight from the preliminary experiment that we can substi-
tute models to allow for controlled study of indicators.

Lastly, to explain performance gains of previous image-
to-text augmentation approaches, Sec. 3.3 proposes a sim-
ple alternative method.

3.1. Analyzing intra-modal degrees of freedom
We begin with re-examining of the degree of freedom argu-
ment in [40], where it was hypothesized that intra-modal
misalignment emerges from the degrees of freedom that
image embeddings have during contrastive language-image
training. The idea how this leaves room for poor calibration
is illustrated in Fig. 4a-c.

We argue the shortcoming of this hypothesis and its vi-
sual demonstration lies in its reduction to a single text em-
bedding. If we extend their model to a larger number of
embeddings, then the conclusion no longer holds.

The general acknowledged assumption is that text-image

distances are well calibrated. An argument for the misalign-
ment states that given certain text-image distances, there is
still room for miscalibrated image-image distances. We can
test this argument, formulating the question:

In the pre-training dataset with nT texts and nI

images, given fixed pair-wise inter-modal cosine
similarities expressed through matrix Sinter ∈
RnT×nI , is there any room for miscalibrated
intra-modal similarities Sintra ∈ RnI×nI ?

If there were a way to express Sintra as an entangled
consequence of Sinter, then we could conclude that there
is no degree of freedom. The underlying image embed-
dings XI ∈ RnI×d are the unknown. Also the text em-
beddings XT ∈ RnT×d are in general not necessary to
infer Sintra. We can show that in a d-dimensional space,
with only d sampled text anchors represented by row in-
dices J ⊂ {1, . . . , nT }, |J | = d, we can set up a linear
system that allows for unique recovery of all image embed-
dings XI ∈ RnI×d. We know that:

Sinter[J ] = XT [J ] ·XI
⊤. (1)

Solving for XI ,

XI = (XT [J ])
−1 · Sinter[J ]. (2)

Sampling at least d text embeddings ensures XT [J ] is in-
vertible, given that every row in XT is a unique embed-
ding unit vector. Typically nT , nI ≫ d, so the number of
required anchor points is comparatively small. The logic
behind Eq. (2) is illustrated for d = 2 in Fig. 4f. From
Eq. (2) follows that all image-image similarities are well-
defined without further degrees of freedom:

Sintra = XIXI
⊤. (3)

The dot product equals cosine similarity because the rows in
XI are unit vectors. Eq. (2) produces unit vectors provided
that the rows of XT are normalized likewise.

While in this section we borrow the text anchor assump-
tion from previous work for illustration, it should be noted
that such fixed points do not exist in reality. Therefore, in
Appx. A we show an alternative way to infer Sintra without
sampled anchor embeddings.

3.2. Contrasting with non-CLIP
We seek to put the previous proposed indicators for a mis-
alignment under test.

To isolate effects specific to the lack of an intra-modal
training objective, we employ the method of comparing
models solely trained with inter-modal objectives (CLIP,
SigLIP [46]) with models trained with intra-modal objec-
tives (DINO, SigLIP2 [39]).

24313



As in [26] and Fig. 2a, we measure same- vs. opposite
class cosine similarity distributions for paired and unpaired
samples. Following [2, 40] and Fig. 2b, we further measure
same- vs. opposite modality similarity (Sintra vs Sintra)
distributions by substituting CLIP models with models that
have additional image supervision as in the DINO objective.
Finally, we conduct the same CLIP vs. non-CLIP compari-
son on performance metrics such as retrieval average preci-
sion and few-shot classification accuracy.

This way, if an experimental outcome reproduces for
both model types, it cannot be attributed to a missing intra-
modal term in CLIP’s loss function.

3.3. A simple alternative for more “classness” in
similarity measure

When relying on similarity measures between images,
many typical classification and retrieval tasks would bene-
fit from only focusing on the image’s single most dominant
concept. Ignoring all visual details and background objects
would then remove information that does not correlate with
the dataset’s labels.

We attribute previous improvements brought by the
modality inversion [1] technique from Fig. 3 to this effect.
This technique was used in [26] as a means to overcome
intra-modal misalignment by converting an image to a text
token. This text token v∗ within the “a photo of a v∗”
prompt is tuned through backpropagation through the text
encoder in order to approximate the image embedding.

We argue this is only efficient because it forces the infor-
mation contained in the image to collapse to a single word-
like token. The resulting text embedding is like “What sin-
gle word describes the image best?”, which very often cor-
relates strongly with the to-predict class in the test dataset.

To validate our claim, we propose to replace the entire
Modality Inversion procedure through simply projecting the
image embeddings on the subspace that explains the most
variance of “a photo of x” prompts, where x is a word-
like class name. This is similar to [52, 54]. Irrespective of
the downstream dataset, we choose ImageNet class names
for x. Given n class names, we extract n text embeddings
with dimension d. The first d/2 principal components are
selected. All test images are projected onto the subspace
spanned by the selected components. We then obtain re-
sults by measuring image-image cosine similarities in this
subspace. We refer to this method as PCA← in the experi-
ments.

4. Results
Sec. 4.2 evaluates the cosine similarity histogram indicators
under the CLIP/non-CLIP substitution methodology from
Sec. 3.2. Sec. 4.3 and Sec. 4.4 present results on few-shot
classification and image-to-image retrieval, respectively, in-
cluding the method from Sec. 3.3.

4.1. Datasets and Metrics
Following the line of works [47, 50, 51] on few-shot clas-
sification with CLIP, we evaluate on 11 image classifica-
tion datasets. These datasets encompass a variety of image
recognition tasks, such as generic object recognition with
ImageNet [8] and Caltech101 [41], fine-grained recogni-
tion using OxfordPets [30], StanfordCars [17], Flowers102
[28], Food101 [4], and FGVCAircraft [22], satellite im-
age classification with EuroSAT [15], action classification
with UCF101 [37], texture classification with DTD [7], and
scene recognition with SUN397 [43]. We measure the com-
mon classification accuracy metric.

We use these datasets also for image-to-image retrieval,
following the work that hypothesized an image-image mis-
alignment [26]. For retrieval, we additionally evaluate on
the more commonly used dataset ROxford and RParis [32].
Additional ablations are conducted on the autonomous driv-
ing dataset BDD100k [45]. For retrieval evaluations, fol-
lowing [26], we measure mean average precision (mAP)
over retrieval queries.
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Figure 5. Cosine similarity histograms by class (left) and by
modality (right). The distributions are almost identical for purely
text-image trained SigLIP (first row) and SigLIP2 (second row)
which includes an image-image self-supervised objective as in the
DINO line of work. This indicates intra-class variation (left) and
the gap between text and image embeddings (right) are no signs
of misalignment brought by pure text-image training, but rather
normal behavior. All models are ViT-B. Embeddings are sampled
from ImageNet validation set.

4.2. Cosine Similarity Distributions
Setup. We analyze the two cosine similarity distribution in-
dicators proposed as evidence for intra-modal misalignment
(see Fig. 2 for a recap). To test whether these indicators are
specific to models lacking an intra-modal objective, we con-
trast a model trained with only an inter-modal loss (SigLIP)
with a model that includes an additional image-image ob-
jective (SigLIP2). If the indicators are caused by a missing
intra-modal loss, they should be “fixed” in SigLIP2. Results
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Figure 6. Few-shot classification as in training-free VLM adaptation literature. Approaches that attempt to address the intra-modal
misalignment issue through avoiding use of image-image similarities (Tip-X, Coder) [40, 44] do not win against feature selection in APE
[53] or a basic Linear Discriminant Analysis (LDA) [42] on image embeddings.

are shown in Fig. 5. The key insight is that both indicators
are indistinguishable between the two models, with details
discussed in the following.

Table 2. Few-shot classification with no use of text prompts.
Accuracy is therefore only based on image-to-image similari-
ties. This allows directly to test the intra-modal alignment qual-
ity of models with inter-modal loss only (CLIP, SigLIP), both
inter- and intra-modal losses (SigLIP2) and image-only models
(DINO). Results on PCA←-projected features are in (·) parenthe-
sis. Two best models per classifier are underlined. SigLIP scores
higher than DINO , indicating well-aligned image embeddings
despite inter-modal training only. All models are ViT-B. Reported
values are the average over the 11 datasets as in Fig. 6.

Model Classifier 1-shot 2-shot 4-shot 8-shot 16-shot

CLIP Prototype 43.4 (50.7) 55.3 (62.5) 63.8 (69.7) 69.6 (74.7) 73.5 (77.5)
LDA 2.3 (2.3) 60.0 (62.5) 69.8 (70.8) 76.1 (76.5) 79.5 (79.6)

SigLIP Prototype 57.3 (62.1) 68.6 (71.9) 76.3 (78.5) 80.5 (81.8) 82.5 (83.7)
LDA 2.3 (2.3) 71.0 (72.4) 79.0 (79.4) 83.3 (83.3) 85.3 (85.3)

SigLIP2 Prototype 58.0 (63.4) 69.7 (73.2) 77.0 (79.4) 80.8 (82.6) 83.0 (84.5)
LDA 2.3 (2.3) 73.2 (74.5) 80.5 (81.0) 84.5 (84.7) 86.5 (86.5)

DINOv2 Prototype 59.6 67.1 71.8 76.0 78.2
LDA 2.3 69.2 75.3 80.3 83.3

Class distances. Fig. 5 (left) shows that both SigLIP and
SigLIP2 produce cosine similarity distributions where there
are many image pairs from the same class less similar to
each other than some image pairs from a different class,
mirroring the introductory cat-cat cat-dog example in Fig. 1.
The finding that also SigLIP2 manifests the high overlaps
in the histograms further supports our alternative hypothe-
sis that this is not a sign of misalignment, but an expected
and desirable property of general-purpose pretrained vision
encoders. Moreover, the result suggests that SigLIP2’s im-
provement over SigLIP is not due to a better class separation
that can be visualized through the used histogram.

Modality gap. Fig. 5 (right) leads to the same conclusion.
The divergence in similarity distributions between inter-
modal (image-text) and intra-modal (image-image) pairs is
nearly identical for both models. The fact that SigLIP2’s
additional image-image training does not close this gap
demonstrates that it is a misalignment introduced by a miss-
ing image-image objective. We do not see that this diver-
gence is harmful for intra-modal tasks. In fact, the different
range can be explained straightforward as a consequence of

24315



the modality gap: Because image and text embeddings clus-
ter in two distinct regions in the embedding space, distances
measured within the cluster are naturally smaller than be-
tween clusters. We discuss this in context of findings from
prior work in Sec. 5.

4.3. Comparison on the Few-Shot Classification
Task

Setup. We study few-shot classification performance in two
complementary settings: (1) the standard VLM few-shot
adaptation setting [50, 51] where a text prompt provides
a zero-shot classifier that is refined using few-shot labeled
images; and (2) an image-only few-shot setting with no text
prompts, designed to isolate the intrinsic alignment quality
of the image embeddings. The former corresponds to Fig. 6,
the latter to Tab. 2.
Few-Shot VLM Adaptation. Following prior work, CLIP
ResNet-50 results are reported. Fig. 6 summarizes per-
formance across 11 datasets. Methods such as TIP-X
and Coder were explicitly designed to circumvent potential
intra-modal misalignment by avoiding image–image sim-
ilarity. However, the results show that these approaches
do not outperform simple image-space discriminative base-
lines such as APE feature selection or Linear Discriminant
Analysis (LDA). 1 The reported PCA← results simply use
the class mean of the projected few-shot samples as classi-
fier. It performs competitively with Tip-X and Coder, sup-
porting the view that classification in the image space is
sufficient, without requiring the avoidance of image–image
similarity.
Image-Only Few-Shot Classification. We evaluate few-
shot classification without any text prompts, more akin to a
classical uni-modal few-shot learning setup [6]. Classifica-
tion is performed measuring image-image cosine-similarity
to prototypes (class means) or by estimating the classifier
as in [42]. The two classifiers are tested with original and
PCA← projected embeddings. CLIP ViT-B/16 is used.

Across 11 datasets, Tab. 2 evidences how SigLIP (inter-
modal only) outperforms DINOv2 (image-only) in image-
image similarity based classification. This ranking is con-
sistent across classifiers. While comparing models that have
been trained on different data does not allow for conclusions
about the impact of the training objective (loss function),
the experiment still reveals a notable result relevant to the
misalignment hypothesis: pure contrastive language-image
training can yield image embeddings that are aligned well
enough to outperform strong pure vision encoders. In other
words, the results lack any evidence of misalignment.

1While in the original work the method was introduced as Gaussian
Discriminant Analysis (GDA), we here refer to it as Linear Discriminant
Analysis (LDA) because they assume a shared identical covariance matrix
for all classes.

4.4. Comparison on the Retrieval Task
Setup. We compare six models that we classify in inter-
modal and intra-modal, following our contrasting approach.
Inter-modal models are those with no image self-supervised
objective: CLIP B/32, L/14 and SigLIP. Intra-modal models
are SLIP [27], SigLIP2 and DINO, that all have some self-
supervised loss on the images. CLIP, SigLIP and SLIP were
also used in the OTI work [26], SigLIP2 and DINO were
added by us in order to cover the intra-modal models.
Results. Tab. 3 reports our image-to-image retrieval results.
Our proposed PCA← alternative consistently outperforms
OTI across all datasets and across all models.

We consider this critical as it proves two key points our
paper makes. First, it shows comparing image embeddings
works well, such that there is no reason to assume a mis-
alignment and thus no need to invert images to pseudo-
texts as in OTI and Fig. 3. Second, it reveals no experi-
mental outcome is specific to pure text-image training as in
CLIP. Specifically, the original models SigLIP and SigLIP2
perform comparable, with only 1.2 mAP gain on SigLIP2,
which is an expected improvement given it is an evolution
of SigLIP, but no large gap which would point towards a
significant problem in SigLIP with pure text-image train-
ing. Also the degree to which the PCA← projection helps
is comparable, with 5.6 and 5.8 mAP gains, respectively.

We include DINOv3 L/16 as a reference upper limit.
Interestingly, it does not always score highest. On Stan-
ford Cars, it scores 8.6 mAP lower than our SigLIP B/16
PCA← from the inter-modal category. On the other hand,
DINO excels on the more standard retrieval datasets ROx-
ford and RParis. We attribute this to dataset curation: ROx-
ford/RParis are designed for unambiguous retrieval, while
the other datasets (to our knowledge only used in [26]) suf-
fer from query ambiguity akin to one-shot classification.
Their retrieval mAPs we show here are relevant for the study
of the misalignment hypothesis, but for the task ambiguity
reason, we caution against viewing them as generally mean-
ingful retrieval benchmarks in future work.
Ablation. To test our explanation why PCA← can improve
performance metrics, we conduct an experiment on a task
where we assume it is not helpful to focus on the dominant
concept in the image. Classifying the weather and time of
the day requires an image representation that captures more
than the main class, as background information matters. We
therefore measure retrieval metrics on “weather” and “time
of day” classification on the BDD100k driving dataset. Un-
like on all datasets in Tab. 3, we find a performance drop
by 2.3% mAP on weather and 1.0% mAP on time of day
compared to original CLIP (ViT-L/14). This confirms that
PCA←’s information removal only brings gains when the
dataset labels correspond to the main semantic concept in
the images (Fig. 1), but does not fix some misalignment in
general.
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Table 3. Image-to-image retrieval results (mAP) following [26]. Rows with ⟨I, I⟩ or ⟨I←, I←⟩ measure intra-modal similarities. We
show the performance gain brought by OTI [26] - an image-to-text conversion attempt motivated by the hypothesis that only ⟨T, I⟩ is
aligned - can be significantly surpassed through simply measuring ⟨I←, I←⟩ along the main axes of variance of ImageNet class names.
This trend is no different between models without intra-modal and with intra-modal training objectives.

ViT Method ⟨·, ·⟩ R
O

xf
or

d

R
Pa

ri
s

C
ar

s

Pe
ts

Fl
ow

er
s

A
ir

cr
af

t

D
T

D

E
ur

oS
A

T

Fo
od

10
1

SU
N

39
7

C
al

te
ch

U
C

F1
01

Im
ag

eN
et

Av
er

ag
e

C
L

IP

B/32
Original ⟨I, I⟩ 42.4 74.0 24.9 31.2 62.5 14.5 28.3 49.3 33.6 34.6 77.7 46.2 21.6 41.6

OTI ⟨T, I⟩ 43.0 70.3 28.0 37.5 62.6 14.4 31.9 47.2 34.7 36.3 79.9 48.6 23.8 42.9
PCA← ⟨I←, I←⟩ 51.4 80.9 34.6 47.7 70.3 16.1 34.0 53.8 43.0 40.0 83.3 53.3 28.6 49.0

L/14
Original ⟨I, I⟩ 57.1 77.8 43.8 47.2 84.2 25.8 33.9 57.8 55.0 39.2 83.8 59.5 33.0 53.7

OTI ⟨T, I⟩ 62.4 77.1 50.5 56.0 86.0 27.1 37.7 56.3 55.9 43.5 87.3 62.8 38.2 57.0
PCA← ⟨I←, I←⟩ 64.5 83.0 57.2 62.7 88.9 28.7 39.9 62.8 64.4 46.0 89.5 66.8 42.2 61.3

Si
g

L
IP B/16

Original ⟨I, I⟩ 50.6 73.1 65.7 56.4 87.5 37.9 39.8 53.3 56.3 42.8 87.2 56.9 35.8 57.2
OTI ⟨T, I⟩ 55.2 79.1 71.8 64.2 89.7 37.6 43.3 52.9 59.0 43.6 88.9 54.9 38.8 60.0

PCA← ⟨I←, I←⟩ 57.9 78.4 77.2 68.5 92.0 40.9 44.2 54.2 61.8 46.9 91.2 60.3 43.5 62.8

SL
IP B/16

Original ⟨I, I⟩ 36.5 79.2 4.9 17.8 65.7 9.1 29.7 53.7 19.5 26.1 65.4 40.2 15.4 35.6
OTI ⟨T, I⟩ 36.4 79.3 5.0 19.3 65.1 9.0 30.5 50.6 20.0 26.4 67.6 40.6 14.8 35.7

PCA← ⟨I←, I←⟩ 43.6 83.9 6.2 23.1 72.5 10.3 32.2 53.2 25.1 30.7 70.7 42.4 19.1 39.4

Si
g

L
IP

2

B/16 Original ⟨I, I⟩ 52.5 75.6 70.8 56.6 89.3 40.7 38.6 49.3 59.7 43.0 89.2 59.2 37.9 58.6
PCA← ⟨I←, I←⟩ 59.4 78.6 80.2 67.8 93.2 46.3 44.1 51.1 65.3 48.9 93.0 63.0 46.5 64.4

DINOv3 L/16 ⟨I, I⟩ 91.4 93.5 68.6 82.3 99.4 39.8 44.9 59.9 71.0 50.1 90.7 70.6 57.6 70.8

5. Discussion

Is the modality gap actually a problem? Given that pre-
vious papers titled “Mind the gap” [20], “Mitigate the Gap”
[10], “Cross the gap” [26], “Bridging the Gap” [2], the gap
may appear as a problem. The resulting different distribu-
tions of cosine similarities (Fig. 2b, Fig. 5b) further made
some [2, 40] belief something is intra-modally misaligned.
However, we failed to identify any such misalignment that
negatively impacts image-only tasks. Attempts of previous
work to narrow the gap could also not bring consistent im-
provement [16, 20, 26]. Eslami et al. [10] suggest adding
an intra-modal separation loss reduces the gap while helpful
for downstream performance, but this result is confined to
their from-scratch trained modified shared text-vision en-
coder architecture. Qian et al. [31] theoretically demon-
strate that the gap cannot be reduced sufficiently by mini-
mizing the contrastive loss in CLIP. Jiang et al. [16] further
prove that exact modality alignment is suboptimal in gen-
eral for downstream prediction tasks. We therefore see it
as reasonable, not problematic, that image and text embed-
dings lie in two separate manifolds.
What about other tasks? E.g. segmentation, depth esti-
mation, VQA? – We only evaluate on retrieval and few-
shot classification because these were the tasks that were
previously studied in the context of the intra-modal mis-
alignment hypothesis. To our knowledge, literature on other
image-image applications of CLIP has not mentioned the
misalignment issue. If supposed misalignment turns out to
be a non-issue for the previously studied tasks, we do not

expect other tasks to be impacted, either. As for the PCA←

method, we do not believe it will be useful for these tasks.
Did we disprove the hypothesis? For the experimental re-
sults, strictly speaking, no. Tabs. 1 to 3 and Fig. 5 prove
intra-modal misalignment was not the cause of the observed
trends, but do not prove it is impossible to exist. Similar to
[35], the refutation logic is to show that what previously
was believed to be evidence for a hypothesis, can actually
not serve as such. For the theoretical argument in Sec. 3 and
Appx. A, yes it seeks to refute the belief in the underlying
cause. But ultimately, the hypotheses in prior work vary to
some extent, so we believe it is more useful and appropriate
to consider the evidence for the individual arguments than
to speak of holistic proof/disproof.

6. Conclusion
In this work, we reevaluate the intra-modal misalignment
hypothesis in CLIP-style vision-language models. Through
theoretical analysis, we demonstrate that intra-modal simi-
larities are not unconstrained with arbitrary degrees of free-
dom, but determined by cross-modal similarities. Empiri-
cally, we reexamine previously proposed indicators and per-
formance metrics, showing they are no reliable diagnostic
of intra-modal misalignment. Comparison with a PCA-style
projection method further supports our alternative hypoth-
esis that task ambiguity in the few-shot setting, not mis-
alignment, best explains the results. We hope this can guide
future work to leverage the pretrained intra-modal geometry
rather than circumvent it.
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