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Abstract

Many modern multi-modal models (e.g. CLIP) seek an em-
bedding space in which the two modalities are aligned.
Somewhat surprisingly, almost all existing models show
a strong modality gap: the distribution of images is well-
separated from the distribution of texts in the shared embed-
ding space. Despite a series of recent papers on this topic, it
is still not clear why this gap exists nor whether closing the
gap in post-processing will lead to better performance on
downstream tasks. In this paper we show that under certain
conditions, minimizing the contrastive loss will lead to a
representation in which the two modalities are separated by
a global gap vector that is orthogonal to the embeddings of
both modalities. We also show that under these conditions
the modality gap is monotonically related to robustness: de-
creasing the gap does not change the clean accuracy of the
models but makes it less likely that a model will change its
output when small, semantically inconsequential changes
are made to the input. Our experiments show that for many
real-world VLMs we can significantly increase robustness
by a simple post-processing step that moves one modality
towards the mean of the other modality, without any loss to
clean accuracy.

1. Introduction
Foundation models are a common and successful approach
to solving a variety of tasks - models are trained on extremely
large datasets, and then adapted to various tasks either by fine
tuning or zero shot application. Both these downstream uses
rely on the assumption that the original models learned a
meaningful embedding space that captures various semantic
aspects of the data, making it useful for different tasks.

A specific class of foundation models are multi-modal
models. These are trained to learn a shared embedding space
for different data types such as images and texts by aligning
pairs of similar images and texts via a contrastive loss [32,
34, 42]. These shared embedding spaces, specifically that
of CLIP [22], are commonly used for various tasks such as
zero shot classification, text-to-image retrieval, text to image
generation, and more.

The success of multi-modal models on different tasks
and their widespread integration in various models, most
notably text to image generation models [24], might imply
that they have successfully solved the optimization prob-
lem on which they were trained, yet some open questions
persist. One of these regards the "modality gap" [13] - a
phenomenon in which the two modalities are embedded into
linearly separable regions of the unit sphere. Figure 1a shows
projections of CLIP’s embedding of the MS-COCO valida-
tion set onto its first three principal components. Clearly, the
two modalities are well separated in embedding space. This
phenomenon, which has been shown to be prevalent across
various multi-modal models and data types, contradicts the
models’ training objective which pushes similar texts and
images to perfectly overlap - a property termed "alignment"
[36].

Although various recent works have tried to explain
the cause and downstream effects of the modality gap
[7, 13, 14, 23, 29], these still are not completely understood.
Figure 2 presents the application of various multi-modal
models on common downstream tasks. The performance
of these models varies non-monotonously when adjusting
the gap by moving the modality means towards each other,
implying no clear relation between performance and and the
size of the gap.

Another open topic regarding multi-modal models and
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Image Embeddings

Text Embeddings

(a) CLIP’s embedding of MS-
COCO validation set

(b) "a photo of a dog / frog" ∨
"photograph of the dog / frog" ×

Figure 1. Left: Projections of CLIPs embedding of the MS-COCO
validation set onto its first 3 principal components. A clear separa-
tion between images and texts is evident. Right: An image from
the Imagenet [1] validation set that’s misclassified by CLIP when
changing the caption template. Multi-modal models can lose more
than 6% of their accuracy when replacing the caption template.

deep learning in general focuses on the robustness of models
to small variations in their input. Various works have shown
that despite their large training corpus and the numerous
augmentations used during their training, the performance of
these models on downstream tasks is sensitive to both small
and natural variations in the input such as single pixel shifts
[30] and caption rephrasing [11, 44]. Figure 1b demonstrates
this brittleness. When trying to classify an image as a dog or
a frog using CLIP, the model outputs different predictions
depending on the the two texts with which the image is
compared, even if the change is semantically meaningless.

In this work we establish a direct link between these
two lines of work. In Sec. 3 we prove that under realistic
assumptions, multi-modal models learn an embedding space
containing a modality gap due to their initialization and the
use of contrastive loss. We continue to prove that the size of
the gap is positively correlated with the robustness of these
models, i.e. their ability to perform consistently under small
changes to the embedding space. Our theory along with
empirical verification on real models and datasets, with both
controlled (i.e. Gaussian) and real noise (i.e. text rephrasing),
leads us to conclude that if robustness is a desired property
of the models then the modality gap is indeed a bug caused
by an interaction of the multi-modal contrastive loss and the
initialization scheme.

Inspired by our theoretical findings, in Sec. 4 we present
a simple, efficient algorithm to close the gap which can be
applied as a post processing step when using the different
models’ embeddings spaces. In Sec. 5 we demonstrate a use
case of this algorithm in dealing with various noise models
such as quantization and other real noise settings where the
theoretical assumptions are not met.

−1.0 −0.5 0.0 0.5 1.0
Alpha

40

50

60

70

80

90

100

A
cc

ur
ac

y

SigLIP
CLIP (ViT-B16)
CLIP (ViT-L14)
Original Gap
No Gap

(a) Zero Shot on Imagenet

−1.0 −0.5 0.0 0.5 1.0
Alpha

30

40

50

60

70

R
@

1

MetaCLIP (ViT-L14)
CLIP (ViT-L14)
SigLIP
Original Gap
No Gap

(b) I2T Retrieval on MS-COCO

Figure 2. Is the modality gap a bug or a feature? Changing the gap
by moving the text embeddings by α · g⃗ has an inconsistent effect
on downstream performance. The figure follows [13] and shows
that for some datasets, models benefit from slightly enlarging the
gap (Fig. 2a), some from maintaining it (Fig. 2b) .

2. Related Work

Multi-modal contrastive learning [42] is a method for learn-
ing a shared embedding space for different modalities e.g.
images and texts. Models trained in such manner such as
CLIP [22], SigLIP [41] and others [5] show impressive per-
formance on many downstream tasks such as text to image
retrieval and zero shot classification. This impressive per-
formance has led to widespread use of the CLIP embedding
space in various tasks, most notably in text to image gener-
ation [8, 24]. While the contrastive loss [32, 34] of multi-
modal models pushes the modality pairs’ representations
to be aligned and uniformly spread on the unit sphere [36],
in practice various multi-modal models map the different
modalities to distinct areas of the shared embedding space
thus creating a modality gap [13].

Several explanations as to the formation of the gap were
suggested, stemming from either the data used to train these
models [13, 27], the inherent differences between text and
images [27] or the training procedure [29, 38]. In addition
to explaining the formation of the gap, previous works have
also attempted to understand its effects on downstream per-
formance. It has previously been shown that a large gap
is negatively correlated in specific settings of cross modal
retrieval [14, 17], but generally recent work concludes that
there is at most a weak effect of the gap on downstream per-
formance [7, 13, 27] while other factors such as model and
embedding size seem to have a stronger effect [27]. Some
works even suggest maintaining the modality gap [7, 23], or
show that it has no effect in specific downstream settings
[43]. We build on these findings and and prove that the gap
indeed has negative effect on downstream performance in
terms of robustness.

Alongside the attempt to understand the gap and its impli-
cations, previous works suggested various methods for clos-
ing the gap. These were mainly motivated by failure modes
in specific settings [14, 18], or by the inherent contradiction
of the gap to the contrastive loss objective. Some works
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suggest closing the gap by altering the training procedure
of multi-modal models with specific losses and augmenta-
tions [19, 38], while others include the training of models
that implicitly close the gap as part of pipelines performing
complex downstream tasks such as text to image generation
[20, 24]. Our work falls in line with these, but is appli-
cable in a general setting - for any downstream task that
relies on cross modal nearest neighbor retrieval, and with no
additional training required.

A different line of work studies multi-modal models in the
context of robustness [3, 33, 40]. Various works have shown
that their performance on downstream tasks is sensitive to
both textual variations [21, 44], adversarial attacks [25], and
various phenomena in image distributions such as augmenta-
tions [21], spurious correlations [35], natural variations [30]
and more [37]. Following these shortcoming many methods
have been proposed to improve these models’ robustness,
mainly via finetuning and retraining with different objectives
or data [2, 9, 10, 26, 31, 44]. Our theoretical work aims to
enrich the understanding of these shortcomings by proving
that a modality gap causes degrading in robustness.

3. Theory
3.1. Notation and Definitions
As in previous work, we assume two modalities that are
embedded on the d-dimensional unit hypersphere. Our em-
beddings are in the form of sample matrices X ∈ RN×d

and Y ∈ RM×d with modality means x̄ = 1
N

∑
x⃗∈X x⃗ and

ȳ = 1
M

∑
y⃗∈Y y⃗. Many downstream tasks rely on cross

modal retrieval - finding the nearest neighbor of sample
y⃗ ∈ Y among the samples in the other embedding X by
computing ℓ2 distance between the two:

NN(y⃗,X ) := argmin
x⃗∈X

∥x⃗− y⃗∥2 (1)

Since most works assume the embeddings lie on the unit
hypersphere, the above is usually calculated using cosine
similarity.

We focus on models trained with the multi-modal con-
trastive loss. During training we are given a paired dataset
{xi, yi} (e.g. image and matching caption) and minimize
the following loss:

L(X ,Y) =

−1

2

 1

N

N∑
i=1

log ℓ(x⃗i,Y) +
1

N

N∑
j=1

log ℓ(y⃗j ,X )

 (2)

Where ℓ contrasts a single embedding with the other modal-
ity:

ℓ(x⃗i,Y) =
e−∥x⃗i−y⃗i∥/τ∑
y⃗∈Y e−∥x⃗i−y⃗∥/τ (3)
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Figure 3. Three points in each modality in R2 and the correspond-
ing multi-modal contrastive loss along with the average magnitude
of the gradient of the loss. Lines connect between true pairs. As
long as the points satisfy relative alignment - the true pair of any
point is also its nearest neighbor - the loss and the gradient magni-
tude are close to zero, even when there exists a gap.

with τ > 0 being the temperature parameter.
We follow previous works [43] and define, for a paired

dataset (such as during training), the local gap as the vector
between a pair from the two modalities:

g⃗i = x⃗i − y⃗i (4)

We also define the global gap [13, 29, 43] as the vector
between the modality means:

g⃗ =
1

M

∑
y⃗∈Y

y⃗ − 1

N

∑
x⃗∈X

x⃗ (5)

Notice that if the two modalities are balanced (N = M ), the
global vector is the average of local vectors. Nevertheless,
the global gap vector is well defined for any dataset consist-
ing of two modalities, whether a bijective pairing exists or
not.

3.2. Why Should a Global Gap Exist?
Since the contrastive loss rewards embeddings in which the
representations in the two modalities are aligned [36], the
presence of a global gap in embeddings learned using such
a loss is highly surprising. Indeed, it is easy to show that
the global minimum of the contrastive loss is obtained when
the representations are maximally aligned, i.e. ∀i : xi = yi,
entailing no local or global gap, i.e. g⃗i = 0. But it is
also easy to see that there exist many other embeddings
that achieve almost the same loss as the globally aligned
embedding. Figure 3 shows an example. The lines are the
local gap vectors g⃗i which show the correspondence between
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Figure 4. The evolution of embeddings using gradient descent on the contrastive loss (8) starting with two tight clusters. Both when using an
unnormalized embedding space (top) and when constricting the embeddings to the sphere (bottom) they converge to a solution that has
almost zero loss and for which a global gap vector exists and the gap vector is orthogonal to both modalities. We prove that minimizing the
contrastive loss will lead to such a solution under certain assumptions. For full training details see the supplementary.

the two modalities: ideally we want circles and crosses that
are connected to lie on top of each other in embedding space,
meaning g⃗i = 0. As can be seen in the figure, the loss and the
gradient can be made arbitrarily close to zero without perfect
alignment: as long as the corresponding items are closer than
all other cross-modal pairs, the loss and the gradient will
approach 0. In particular, the solution in the bottom right
(where there is a modality gap) achieves practically the same
loss and gradient magnitude as the desired solution.

Figure 4 shows dynamics of points in low dimensions,
in which we minimize the contrastive loss with respect to
the embeddings coordinates. In both of these cases, training
converges to a solution that has almost zero loss but for
which a global gap vector remains. We now prove that for
an unnormalized embedding space this will happen under
certain assumptions.

The assumption is defined in terms of two stochastic
matrices that are the basis of the contrastive loss. Define

Qx(i, j) =
e−∥xi−yj∥2/τ∑
j′ e

−∥xi−yj′∥2/τ
(6)

and:

Qy(i, j) =
e−∥xi−yj∥2/τ∑
i′ e

−∥xi′−yj∥2/τ
(7)

Which are known as the softmax of the logit matrix [22].
Using these:

L(X ,Y) = −
(

1

N

N∑
i=1

logQx(i, i) + logQy(i, i)

)
(8)

By construction, both Qx, Qy are singly stochastic matri-
ces, but in certain cases they will also be doubly stochastic.
This will happen, for example, when τ → 0 and the nearest

neighbor matchings between the two modalities are a per-
fect matching or when τ → ∞ which leads to them being

constant matrices, i.e. Qx = Qy = 1
N 1⃗⃗1

T
.

Theorem 3.1. Assume that at a given iteration t there exists
a unique direction v⃗ such that ∀x⃗i ∈ X : v⃗T x⃗i = a and
∀y⃗i ∈ Y : v⃗T y⃗i = b. Assume that for all iterations after t
the matrices Qx, Qy are doubly stochastic. Then gradient
descent on the contrastive loss (equation 8) will converge
to a solution where all the local gap vectors are the same
g⃗i = g⃗ and furthermore, g⃗i and g⃗ are orthogonal to both X
and Y .

Proof Sketch. We can write the loss L(X ,Y) as L = Lx +
Ly . The gradients of the first loss with respect to each of the
modalities are:

∂Lx

∂yj
= −2(xj − yj) +

∑
i

2Qx(i, j)(xi − yj) (9)

∂Lx

∂xi
= −2(xi − yi) +

∑
j

2Qx(i, j)(xi − yj) (10)

By the assumption that vTxi = a for all xi and vT yi = b
for all yj we see that:

vT
∂Lx

∂yj
= −2vT (xj − yj) + 2

∑
i

Qx(i, j)vT (xi − yj)

= −2(a− b) + 2
∑
i

Qx(i, j)(a− b)

= 0 (11)

where the last equality used the assumption of double
stochasticity, From symmetry, a similar result holds for the
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derivatives of the two losses with respect to both modalities:
the gradient in direction v⃗ will be zero. This means that
gradient descent will not change the values of either modal-
ity in direction v⃗ and hence will converge to a solution in
which this direction is unchanged and in all other directions
u⃗, the modalities will be perfectly aligned u⃗Txi = u⃗T yi.
This means that for all points, the gap g⃗i will be in direction
v⃗ and be equal to |b−a|

∥v⃗∥ v⃗. Notice that by the assumption
that all points in the same modality have the same projec-
tion in direction v⃗, the gap vector will be orthogonal to both
modalities.

Theorem 3.1 explains the dynamics seen in figure 4: in
the top figure, the gradient in the vertical dimension remains
zero throughout the learning process, and the loss continues
to decrease by moving the points only in the horizontal direc-
tion until the loss reaches the value of zero with a constant,
orthgonal gap vector. In the bottom figure, the loss decreases
while moving in two directions, but in the third direction
the gradient is almost zero in all iterations so again a global,
orthogonal gap remains at the final iteration. As we show
in the supplementary material, there are very similar initial
conditions in two and three dimensions for which the doubly
stochastic assumption does not hold, and in these cases the
dynamics will converge to a perfectly aligned solution.

This phenomenon of an orthogonal gap has previously
been noticed [43] to hold empirically for multi-modal mod-
els trained on various datatypes. We term this the global
orthogonality assumption and formally define it as:

Assumption 3.2. The gap vector g⃗ is orthogonal to the affine
subspaces defined by X and Y:

∀x ∈ X , y ∈ Y : cos (x− x̄, g⃗)

= cos (y − ȳ, g⃗) = 0 (12)

Our theorem, while assuming an unnormalized embed-
ding space, provides intuition to the source of the orthogo-
nality assumption - it seems that initialization plays a key
role - under certain conditions, an orthogonal gap between
the two modalities at initialization would remain throughout
training.

While many solutions exist to minimizing Eq. (8) (as
can be seen in Fig. 3), the next section shows that these
conditions on initialization are indeed the case for real multi-
modal models in high dimensions, and that they converge to
an orthogonal gap as well.

3.3. Empirical Evidence for Orthogonality
Although Theorem 3.1 applies to unnormalized embedding
spaces, Fig. 4 (bottom) shows that an orthogonal solution
with a gap between the modalities can be reached with em-
beddings constrained to the hypersphere as well when ini-
tializing tight clusters. Figure 5 shows that a similar case
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Figure 5. We follow Shi et al. [29] and learn embeddings X ,Y ∈
R1000×512 on the hypersphere using the contrastive loss (8) and
gradient descent. While the loss decreases and training converges
(left), a major gap remains between the embeddings and orthogo-
nality holds (right, measured using Eq. (12)). More examples and
full experimental details can be found in the supplementary.

also happens with spherical embeddings in high dimensions -
when the embeddings are initialized with an orthogonal gap,
training converges to a solution in which a global gap exists
and it is orthogonal to both modalities.

But do real multi-modal models follow these dynamics? It
has previously been reported that the different modalities of
multi-modal models are initialized in tight, linearly separable
clustered. This phenomenon has been termed the "cone
effect" [13]. We add to these results in Fig. 6 - not only are
random initializations of CLIP tightly clustered, but they also
satisfy the orthogonality assumption 3.2 in high dimensions.

The final evidence comes from [43] who have empiri-
cally investigated trained multi-modal models on various
datatypes. They summarize their finding by saying that the
local gap vectors "can be approximated by a constant vector"
which is "orthogonal to the span of image embeddings and
text embeddings. For completeness, we recreate these results
in Fig. 7b.

To summarize, multi-modal models are commonly ini-
tialized in non-intersecting tight clusters with an existing
gap which maintains global orthogonality. Additionally, this
gap remains at the end of the models’ training. This, along
with our simulations supports the hypothesis that the training
dynamics of normalized embedding spaces behave similar
to Theorem 3.1.

3.4. The Modality Gap Decreases Robustness
We define robustness ("Rob") as the probability that when
adding noise sampled from some distribution P to the em-
beddings of modalityX , the nearest neighbor of some y ∈ Y
will not change:

Rob(X ,Y,P) = Ey∼Y,ϵ∼P
[
1NN(y,X )=NN(y,X+ϵ)

]
(13)

Notice that in the zero shot classification setting, this defini-
tion of robustness captures semantically meaningful changes
- any change of nearest neighbor from image embedding to
text, necessarily changes the classification of that image.
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Figure 7. The orthogonality assumption - the cosine of angle θ
between g⃗ and each embedding in each modality is nearly 0 for
different models and datasets, confirming assumption 3.2.

In the case that multiple texts can match an image (such
as multi-label classification, or MS-COCO) we define soft
robustness that captures only semantic changes, and not any
change to nearest neighbor. We define X (y) to be the subset
of labels in X s.t. NN(y,X ) ∈ X (y).

Soft-Rob(X ,Y,P) = Ey∼Y,ϵ∼P
[
1X (y)=(X+ϵ)(y)

]
(14)

We now ask how does the existence of the gap relates
to the robustness of the models to noise in the embedding
space. Figure 8 provides intuition to such an effect. We treat
cross modal retrieval as a binary classification task where
an image is classified between the true caption and some
wrong one. Any noise added to the text embeddings, e.g.
that resulting from slight rephrasing of the text, changes the
decision boundary between the two classes. In the case of
a gap between the cluster of image embeddings and text
embeddings, as image embeddings are further away from the
texts, their sensitivity to change in the classification decision

Figure 8. Illustration of the relationship between robustness and the
modality gap. Two image embeddings will be classified differently
with slight rephrasing depending on the "gap" - their distance from
the text embeddings.

boundary grows. We prove this formally in the following
theorem.

Theorem 3.3. Let {y⃗i} be a set of points in one modality
(e.g. an image embedding) and x⃗1, x⃗2 ∈ X two vectors in
the second modality (e.g. captions) with mean x̄ = x⃗1+x⃗2

2 .
Assume x⃗1 is the nearest neighbor of some y⃗ in X . Under
assumption 3.2, moving any point y⃗ towards the other modal-
ity by a global translation g⃗ = ȳ − x̄ increases robustness:
the probability that the nearest neighbor of y⃗ in X does not
change after adding noise to X , with covariance σ2I and
zero empirical mean.

Proof Sketch. The proof follows the intuition presented in
Fig. 8 - as the query vector y⃗ is closer to modality X , a larger
rotation of the separating hyperplane is required to decrease
robustness. Therefore the theorem holds as subtracting the
global gap vector decreases the distance between y⃗ and X .

For full proof and generalization to more than 2 points
in X and general noise we refer the reader to the supple-
mentary. Theorem 3.3 proves that under the orthogonality
assumption, when moving one modality towards the other by
translating it with the global gap vector then the embedding
spaces become more robust and less sensitive to noise. This
provides us with clear motivation to close the gap.

We note that although the theorem is phrased in terms of
the global gap vector, any vector that maintains orthogonality
to modalityX will suffice, as long as translating y⃗ with it will
decrease the distance between y⃗ and the mean of modality
X .

3.5. Closing the Gap Without Effecting Perfor-
mance

Despite this clear motivation, previous works [13, 27] have
been inconclusive as to the effect of naively moving one
modality towards the other by subtracting the gap vector g⃗.
Figure 2 shows that there is no consistent change to perfor-
mance when closing the gap - most models are invariant to
at least a partial mitigation of the gap, some benefit from it
(CLIP ViT-B16 in Fig. 2a), and in some cases enlarging it
even improves performance (MetaCLIP in Fig. 2b).
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We therefore strive to understand when does closing the
gap have no effect on downstream performance, therefore
solely improving robustness. Since most downstream tasks
such as zero shot classification or text to image retrieval are
based on cross modal nearest neighbors, we study the change
in nearest neighbors when varying the gap.

Theorem 3.4. As in Theorem 3.3, let v⃗ be some vector that
is orthogonal to the affine subspace containing the modality
X . Then translating the embeddings of modality X by α · v⃗
for some α ∈ R, such that ∀xi ∈ X : xi ← xi + α · v⃗, does
not change the nearest neighbor of y⃗ in X for any y ∈ Y .

Proof Sketch. Since the vector v⃗ is orthogonal to X , the
variance of modality X in v⃗ is zero, therefore moving X by
α · v⃗ changes the distance from any y⃗ ∈ Y to all x⃗ ∈ X by
the same constant, meaning cross modal nearest neighbors
are preserved. For full proof see the supplementary.

Under assumption 3.2 such a nearest neighbor preserving
direction is simply the gap vector g⃗. Therefore Theorem 3.4
ensures us that narrowing the gap along this direction would
not change performance of the model on downstream tasks
such as zero shot classification.

4. Algorithm
From Sec. 3 we conclude that although the contrastive loss
maintains the gap created at initialization throughout the
training, it is desirable to close the gap in order to improve
robustness. Theorems 3.3 and 3.4 provide us with a tool
to do so - move the modalities towards each other along
the global gap vector, as under assumption 3.2 this provably
does not affect performance on downstream tasks when there
is no noise at all.

Since the gap vector is mostly but not completely orthogo-
nal to the modality subspaces (Fig. 7), we suggest projecting
the gap vector to be exactly orthogonal to the affine sub-
space of the modality being retrieved before closing the gap.
This is done by computing the principal components V of
the modality being retrieved and projecting the gap g⃗ to the
orthogonal complement of the components:

g⃗′ ← g⃗ − V V T g⃗ (15)

Afterwards, the modality being retrieved is moved towards
the mean over the other modality by translating Y ← Y− g⃗′,
therefore decreasing the distance of any query point to the
retrieved modality, as per Theorem 3.3. Theorem 3.4 assures
us that closing the gap in the direction of g⃗′ would not affect
performance on any downstream tasks that relies on com-
puting nearest neighbors. We also provide an extension to
this algorithm for cases where the orthogonality assumption
does not hold, and see the supplementary.

Contrary to previous attempts at closing the gap, our
method requires no retraining or finetuning of the models [18,
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Figure 9. The zero shot classification accuracy, multiple choice
VQA accuracy and robustness under noise η ∼ N (0, σ2I), on
various models and datasets. As predicted by our theory, robustness
monotonically increases when the gap is closed while accuracy is
maintained.

19], or the training of new ones (such as the prior network in
[20, 24]). Our method is also general and doesn’t adhere to
a specific setting [14] - any task using cross modal nearest
neighbors could benefit from it.

5. Experiments
We turn our attention to understanding how well our theory
and algorithm work in practice for various real world models
and datasets. We follow [13] and experiment on standard
zero shot classification and image-text retrieval tasks. We
create embeddings of commonly used, pretrained, multi-
modal models using using the openclip library [6].

To measure robustness, we empirically estimate Eq. (13):

˜Rob(X ,Y,P, α) =
1

K

K∑
i=1

1

|Y|
∑
y∈Y

1NN(y,X+α·g⃗)=NN(y,(X+ϵi)+α·g⃗ (16)

Where K is the number of samples of noise, ϵi ∼ P is
a sample from the noise model P (such as quantization or
gaussian noise) and α ∈ R is a scalar controlling the amount
of the gap that we close. We set K = 1 (e.g. when there is a
single deterministic quantization) unless stated otherwise.

5.1. Robustness Under Controlled Noise
Our first set of experiments attempts to verify our theory and
algorithm in the presence of controlled noise added to the
embedding space. We add varying degrees of independent
Gaussian noise with zero mean and variance σ2 to each text
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embedding x⃗ ∈ X and translate the text embeddings by
α · g⃗′ according to our algorithm (Sec. 4). We do this for
different values of α therefore expanding or closing the gap.
For each small change in the gap, we measure both accuracy
and empirical robustness (Eq. (16)) averaging over K = 100
samples of noise.

We test our algorithm on various models, in both zero
shot classification and visual question answering (VQA) on
the A-OKVQA dataset [28], following the evaluation pro-
tocol of Ghosal et al. [4] for CLIP-like models. Results are
displayed in Fig. 9 - when applying our algorithm under
gaussian noise robustness greatly increases when closing the
gap across all models and tasks, and greatly decreases when
expanding the gap. When the noise is increased, understand-
ingly robustness is lower but still increases with closing of
the gap. See the supplementary for similar results on other
noise distributions.

As predicted by Theorem 3.4, the zero shot and VQA
accuracy do not change when closing the gap in the direction
orthogonal to the affine subspace of texts.

5.2. Robustness to Quantization
We continue and test our theory and algorithm on noise dis-
tributions that apply to real world applications. A setting of
uncorrelated noise is that of quantization [16]. While many
forms of model quantizations exist, we limit ourselves to the
simple case of post-training quantizing of the embedding
vectors alone, a setting relevant to tasks in which the embed-
dings were calculated in advance e.g. retrieval augmented
generation (RAG) [39]. We close the gap to varying degrees
and then quantize the text and image embedding vectors
to different numbers of intervals between a constant range
of [−3, 3] (as all embeddings are on the unit sphere), and
measure robustness.

Empirically, we find that since quantization noise does
not always have zero mean, it is better to close the gap un-
til the gap is minimized in the quantized embedding space
rather than the original one. Figure 10 displays results for
these experiments. As can be seen, robustness is greatly
improved when closing the gap before quantizing the em-
bedding vectors.

5.3. Robustness to Rephrasing
We now turn our attention to text rephrasings - noise that
is added in the input space rather than embedding space -
which we’ve investigated thus far. We find that in this setting
our theoretical assumptions do not hold - specifically, the
noise in the embedding space that results from the rephrasing
has non-zero mean and tends to lie entirely within the text
subspace, with little to no variance in the direction of the
gap (and see the supplementary). This is not surprising as
models that are trained on large datasets are expected to be
invariant to various input noises, such as text rephrasing.
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Figure 10. CLIP variants are increasingly more robust to quan-
tization as the gap is closed. The gap norm is measured in the
non-quantized space.
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Figure 11. We apply rephrasing noise to textual inputs on the
A-OKVQA dataset, and measure average accuracy and rephrase
accuracy in the noisy setting over K = 500 samples of wrong and
correct answers for each question. Models are increasingly more
accurate once the gap is closed, without change in clean accuracy,
even though this setting is far from our theoretical assumptions.

We examine if our algorithm can still be used in such
cases and find the the answer is indeed yes. For each question
in the A-OKVQA dataset, we simulate a sample of random
noise by sampling 3 random wrong answers and a random
correct answer, exact details are provided in the supplemen-
tary. Since in this setting the answers are randomly selected,
we focus on measuring accuracy under noise instead of ro-
bustness, while closing the gap using our algorithm. Results
are presented in Fig. 11. As can be seen, under these condi-
tions accuracy under rephrasings greatly increases when the
gap is closed using our algorithm, while clean accuracy is
unaffected.

6. Discussion
In this paper we’ve presented both theoretical and empirical
results explaining the formation of a global gap in multi-
modal models, and the effect of it in the context of robustness.
We prove that in this context, the gap is indeed a bug - as the
modality gap enlarges, the ability of models to align similar
texts and images diminishes when applying subtle variations
to the embedding space.

Following this theoretical insight, we presented a simple
and computationally inexpensive algorithm that under our as-
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sumptions improves robustness with hardly any reduction in
clean accuracy. Our algorithm could easily be implemented
as a post processing step when using multi-modal model
embeddings.

Finally, we began examining the effect of our theory and
algorithm in the context of real noise, such as quantization
and caption rephrasing. As this setting covers little of pos-
sible types of variations to the input and embedding space,
we view our experiments as a hint to the potential of our
algorithm. We therefore encourage further investigation as
to settings of noise in which our simple algorithm could
improve downstream performance.
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Supplementary Material

7. Theorem Proofs
7.1. Proof of Theorem 3.1
Proof. As stated in the theorem, assume that at some itera-
tion t of gradient descent Qx, Qy are doubly stochastic and
that exists v⃗ in which both modalities have zero variance.
Assume that Qx, Qy stay doubly stochastic throughout the
training. We’ll begin by showing that iteration t+ 1 main-
tains both assumptions as well. To do so, we just need to
show that the gradient of the loss is zero in direction v⃗. This
follows from Eq. (11):

vT
∂Lx

∂yj
= −2vT (xj − yj) + 2

∑
i

Qx(i, j)vT (xi − yj)

= −2(a− b) + 2
∑
i

Qx(i, j)(a− b)

= 0

and from the symmetry of the loss this is true for all other
derivatives. Therefore both modalities will continue having
zero variance in direction v⃗.

To show that training will converge when global and local
orthogonality hold, we’ll change the coordinate system s.t.:

x⃗i = (a, x̃i)

y⃗i = (b, ỹi)

and minimize the loss w.r.t. x̃i, ỹi. From standard uniformity
and alignment arguments, the loss will be minimal when
x̃i = ỹi and the points are uniformly distributed. Note that
at such a solution all the local gap vectors will be of the form

∀i : g⃗i = x⃗i − y⃗i = (a− b, 0, 0, ...) (17)

meaning that by definition the global gap vector will also
be equal to the above (as it is the mean). Orthogonality will
also hold since the gap is solely in the direction of v⃗ which
is orthogonal to both modalities.

7.2. Proof of Theorem 3.3
Lemma 7.1. Under the orthogonality assumption, for every
point y ∈ Y and x̄ the mean of modality X :

∥x̄− (y − g)∥ < ∥x̄− y∥ (18)

with g⃗ = ȳ − x̄ the global gap vector.

Proof. Assume coordinate frame s.t. x̄ = 0. Therefore the
claim reduces to:

∥y − g∥ < ∥y∥ (19)

Under the orthogonality assumption, the points y, g, x̄ form
a right angled triangle with ∡y, g, x̄ = π/2. Therefore, from
the Pythagorean theorem ∥y∥2 = ∥g∥2 + ∥y − g∥2. Since
∥g∥2 > 0 then:

∥y∥2 > ∥y − g∥2 (20)

as required.

Now to prove the theorem:

Proof. The separating hyperplane between x1 and x2 is char-
acterized by the normal to the plane w = x1−x2

∥x1−x2∥ . Denote
w̃ the normal to the separating hyperplane between the noisy
versions X i.e x̃1 and x̃2.

Since the nearest neighbor of y is x1 then wT y > 0. We
wish to show that the probability of w̃T (y+v) > 0 is greater
than the probability that w̃T y > 0.

Since by our assumptions the noise only rotates the hy-
perplane, then w̃ = R(θ)w with R(θ) some rotation matrix.

Therefore:

P (w̃T y > 0) = P (wT (R(−θ)y) > 0) (21)

Notice that wT (R(−θ)y) > 0 only if π
2 − cos−1(w

T y
∥y∥ ) > θ

where cos−1(w
T y

∥y∥ ) is the angle between w and y.
From Theorem 7.1, y − g has smaller norm than y and

due to the orthogonality assumption, gTw = 0. Therefore:

wT (y + g)

∥y + g∥ =
wT y

∥y + g∥ >
wT y

∥y∥

⇒ cos−1(
wT (y + g)

∥y + g∥ ) < cos−1(
wT y

∥y∥ ) (22)

⇒ π

2
− cos−1(

wT (y + g)

∥y + g∥ ) >
π

2
− cos−1(

wT y

∥y∥ ) (23)

Therefore the event that wT y > θ is a strict subset of the
event that wT (y + g) > θ, meaning that:

P (wT (y + g) > θ) > P (wT (y + g) > θ) (24)

Another way to see this is to note that we can write w̃ =
w + η with η a zero mean r.v. with covariance 2σ2I . The
retrieval is robust if w̃T y > 0. Substituting:

w̃T y = (w + η)
T
y = wT y + ηT y (25)

From our assumption, wT y > 0, so robustness will be main-
tained if wT y > −ηT y. From our assumptions:

Var(ηT y) = 2σ2 ∥y∥2 (26)
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Again, according to our assumptions, replacing y → y + g
maintains:

wT y = wT (y + g) (27)

since g is orthogonal to w, and from Theorem 7.1:

∥y∥ > ∥y + g∥ (28)

Therefore:

Var(ηT (y + g)) = 2σ2 ∥y + g∥2 < 2σ2 ∥y∥2

= Var(ηT y) (29)

meaning that:

P (wT (y + g) < −ηT (y + g)) < P (wT y < −ηT y) (30)

Since we decreased the variance of a zero mean r.v..

7.3. Extensions to Theorem 3.3
For completeness, we provide two extensions for the proof,
one in the case of perturbation with non-zero mean, and
another in the case of a general covariance structure.

7.3.1. Extension to Non-Zero Mean
Suppose that the noise can change the mean of the perturbed
points. Following all notations of proof 7.2, the requirement
for robustness is that:

w̃T y > b (31)

where 2b = x̃T
1 x̃1 − x̃T

2 x̃2, so robustness is maintained if:

−ηT y ≤ wT y − b (32)

If we assume that wT y > b, i.e. that the margin between y
and the decision boundary between x1, x2 is at least b, then
the same proof from proof 7.2 holds.

7.3.2. Extension to General Covariance
Suppose that the noise has covariance C. Then:

Var(ηT y) = yT (2C)y (33)

In this case we would like to chose v s.t. it is orthogonal to
x1, x2 (maintaining wT y = wT (y + v)), but also satisfies:

(y + v)TC(y + v) ≤ yTCy

⇒ 2vTCy + vTCv ≤ 0 (34)

Any direction maintaining the above will increase robustness.
Notice that this direction does not necessarily point from y
to the origin (which in our case is the mean of modality X ),
therefore the gap is not necessarily closed.

7.4. Proof of Theorem 3.4
Proof. Observe the relative distance between some y ∈ Y
and two points in the other modality when translating modal-
ity X along the gap by α · v:

∀xi, xj ∈ X :

∥y − (xi + α · v)∥2 − ∥y − (xj + α · v)∥2 =

∥xi∥2 − 2xT
i y − 2xT

i v − ∥xj∥2 + 2xT
j y + 2xT

j v (35)

Since xi, xj are embedded on the unit sphere ∥xi∥ =
∥xj∥ = 1. Since y is also on the unit sphere, −2xT y =

∥x− y∥2 − 2. Additionally, under the orthogonality as-
sumption ∀x ∈ X : xT v = c for some constant c ∈ R.
Substituting into equation 7.4:

∥y − (xi + α · v)∥2 − ∥y − (xj + α · v)∥2 =

1 + ∥xi − y∥2 − 2c− 1 + 2c− ∥xj − y∥2 =

∥xi − y∥2 − ∥xj − y∥2 (36)

Therefore:

∥y − xi∥2 < ∥y − xj∥2 ⇒
∥y − (xi + α · v)∥2 < ∥y − (xj + α · v)∥2 (37)

Meaning the nearest neighbor structure is maintained after
translating one modality along the gap.

8. Robustness to Various Noise Distributions
Here we expand on the results presented in Sec. 5.1. As The-
orem 3.3 states, robustness should increase for any distribu-
tion of noise which has no correlation between the different
dimensions and zero mean, not necessarily Gaussian noise.
Figure 12 expands the experiments in Fig. 9 to non-Gaussian
distributions with zero mean and where all dimensions are
sampled i.i.d. . As can be seen, as long as the noise’s dimen-
sions are uncorrelated, robustness increases when the gap is
closed.

9. Rephrasing Experiments - Further Details
This section provides details on the experiments presented
in Sec. 5.3.

9.1. Rephrasing Noise is Correlated
Caption rephrasing, such as replacing the caption "a photo of
a X" to "an image of X", tends to result in correlated noise in
the embedding space. Intuitively, this is because in the input
space, rephrasing can be seen as subtraction of a constant
input - the string "a photo of a" followed by addition of
the constant string "an image of". When these changes are
applied to all inputs, it can be expected that the change in
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(a) CLIP ViT-L-14 (b) SigLIP (c) CLIP ViT-B-16

Figure 12. Results for different noise distributions and models on CIFAR10. All are normalized to have variance σ2 = 0.0252. Robustness
increases when the gap is closed.

the embedding space would either not exist (if the model is
completely robust to such changes) or be consistent.

To show this, we conduct the above experiment on Ima-
genet. Assume all N class names (texts) are embedded with
the prefix "a photo of a", resulting in the text embedding
matrix X . We create a noise text embedding matrix, X̃ by
embedding all class names with a different prefix (e.g. "an
image of"). We repeat for 400 different caption templates,
and calculate the empirical noise covariance. Define the
noise to be M = X̃ −X . The covariance C is then:

C = (M − 1

N
1⃗⃗1TM)T (M − 1

N
1⃗⃗1TM) (38)

To measure how much the noise is correlated, we simply
measure the norm of all off-diagonal elements relative to the
forbenius norm of the covariance matrix:

d(C) =
∥C − diag(C)∥F

∥C∥F
(39)

This is of course equal to zero in the case that the noise
is uncorrelated and d(C) = 1 when completely correlated.
Fig. 13 measures d(C) for different caption rephrasings for
different models on Imagenet. As can be seen, in all cases
d(C) ≈ 1 meaning the noise is indeed extremely correlated.
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(a) CLIP (ViT B-16) on Imagenet (b) SigLIP on Imagenet

Figure 13. We compute d(C) according to Eq. (39). For all models
we tested, with over 400 different captions, d(C) ≈ 1 suggesting
the noise is extremely correlated in the embedding space.

9.2. Rephrasing A-OKVQA
In the multiple choice VQA setting, we follow the protocol
of Ghosal et al. [4]: given a question Q, for each possible
answer Ai for i ∈ [NA] we embed the text that is the con-
catenation of Q+Ai resulting in NA text embeddings. We
chose the estimated answer via cosine similarity with the
image embedding. We evaluate on the entire A-OKVQA
validation set.

In order to rephrase a correct answer, we simply swap the
correct answer Aj with each of the "direct answers" options
for that particular question in the dataset. Each question
has up to 10 different possible correct answers, each one
constitutes as a rephrasing. To replace the wrong answers
we sample from the entire answer bank (not including the
correct answers).

Notice that in this case our measure of robustness isn’t
meaningful as the "noisy" wrong answers are completely
different texts, therefore we shouldn’t expect the model to
consistently predict the same wrong answer when adding
this type of noise. Therefore, under this setting we focus on
consistency w.r.t. right answers, which is similar to measur-
ing accuracy when adding noise. If accuracy increases when
closing the gap, the model is more consistent on predicting
the right answer, or in other words - robust w.r.t. that answer.

10. Approximately Orthogonal Algorithm
As Theorem 3.3 proves, improvement of robustness is cor-
related with the amount of the gap that is closed, and is
maximized when the two modality means overlap. In prac-
tice, the gap vector g can almost be non-orthogonal to the
subspace of X , meaning that closing the gap in the direc-
tion of g′ = g − V V T g will produce a small increase in
robustness since ∥g′∥ ≪ ∥g∥.

To solve this we rely on Theorem 3.3 that states that
any direction which decreases the distance will increase ro-
bustness. We propose closing the gap in directions which
are decreasingly orthogonal to the affine subspace of the
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modality being moved. Following from Theorem 3.4, this
procedure assures us that closing of the gap would result
in minimal change to the clean nearest neighbor retrieval.
We implement this idea by simply thresholding the number
of components to which the gap vector is orthogonal, start-
ing with those containing minimal variance. Algorithm 1
presents a simple python pseudocode implementation.

Algorithm 1: Approximately Orthogonal Gap Vec-
tor

1: // ϵ - variance threshold, g⃗ - gap
vector, X - modality to move

2: V SV T ← PCA(X)
3: inds← {i : Si > ϵ}
4: V ′ ← V [:, inds]
5: return (I − V ′V ′T )g

This algorithm produces a tradeoff between the increment
in robustness and loss of accuracy controlled by the param-
eter ϵ. An example of using the algorithm is displayed in
Fig. 15 and the tradeoff induces can be seen in Fig. 16.

11. Simulations
11.1. Details
All simulations are done by optimizing randomly initialized
embedding vectors using the Eq. (8). We use full batch
gradient descent with a learning rate of 0.01.

In Fig. 4 (top) we train unnormalized embedding vectors,
directly optimizing Eq. (8) without a normalization step. We
initialize the embeddings sampled from two normal distri-
butions N (µ1,2, 0.01

2 · I) with µ1,2 = (0,±0.5). We use a
constant temperature of τ = 0.1 and train for 107 iterations.

In Fig. 4 (bottom) and Fig. 5 we initialize 1000 em-
beddings per modality drawn from a normal distribution
N (±e⃗1, 0.012 · I) with e⃗1 being the first elementary basis
vector. All embeddings are normalized as is done in training
multi-modal contrastive models [22].

11.2. Further Experiments
We ablate both the dimension, initial distance between
modality means and temperature. As stated in the main
paper (and shown in [29] and [27]), there exist cases in
which training converges to completely aligned modalities,
without a gap such as when the modalities don’t have a gap
to begin with or in certain temperatures. We demonstrate
this in Fig. 14.
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Figure 14. Top: When training with τ = 1 training converges to a solution without a gap, despite existence of an initial gap and orthogonality.
Middle: This is consistent for training in higher dimensions as well - different temperatures have different effects on how much of the gap is
closed. When temperatures are ≥ 1, the gap closes throughout training. In higher temperatures training hardly differs from initialization.
When the gap is initialized at zero it remains so for all temperatures. Bottom: Example of dynamics in R256 with τ = 10. The gap closes
throughout training as it converges to perfect alignment.
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Figure 15. The zero shot classification accuracy and robustness under noise η ∼ N (0, σ2I), on ImageNet and MS-COCO.
Top row: When using Algorithm 1 with ϵ = 5% of the variance, decrease in accuracy is negligible (< 1%) relative to the robustness gained,
which can be ∼ 10%.
Bottom row: As the threshold ϵ grows larger, more of the gap is closed, greatly increasing robustness at a negligible cost of accuracy.
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Figure 16. Even when using Algorithm 1 the drop in R@1 for SigLIP [41] on image to text retrieval on MS-COCO dataset [15] is negligible
relative to the improvement in robustness for different Gaussian noises (left). Fig. 16b shows the ranges of the singular value threshold ϵ for
which the increment in robustness (for Gaussian noise with σ2 = 0.01) is larger than the decrease in R@1.
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