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Abstract
Contrastive learning has become a powerful strategy for

aligning different modalities in a shared embedding space.
Contrastive Language–Image Pre-training (CLIP) has achieved
remarkable performance across various downstream tasks. This
methodology has been extended to the audio-text domain
through Contrastive Language–Audio Pre-training (CLAP),
demonstrating strong performance in related tasks. However,
recent work highlights a modality gap in CLIP’s embedding
space, where embeddings from different modalities remain par-
tially separated rather than fully integrated. In this paper, we
begin by analyzing the CLAP embedding space and identify a
similar modality gap. Furthermore, we propose a novel solu-
tion combining a modality classifier with a Gradient Reverse
Layer (GRL) to reduce this gap. Our experiments on CLIP
and CLAP confirm that our approach reduces the modality gap
while improving performance, and even achieving new State Of
The Art (SOTA) results in text-audio retrieval.
Index Terms: multi modal, CLAP, CLIP, modality gap

1. Introduction
CLIP [1] has become one of the most influential multimodal
foundation models, particularly for vision and language tasks.
By contrastively aligning images and text in a shared embed-
ding space, CLIP enables strong zero-shot classification, cross-
modal retrieval, and provides a robust starting point for further
fine-tuning on downstream tasks.

At its core, CLIP employs contrastive learning to bridge
the gap between visual and textual data. Each modality is pro-
cessed by a dedicated encoder, mapping them into a unified
semantic space. Training on a massive dataset of image-text
pairs, the model learns to associate corresponding pairs while
distinguishing unrelated ones, effectively capturing meaningful
cross-modal relationships.

Following the success in the image-text domain, the re-
search was expanded to the audio-text domain by [2–4]. How-
ever, performance was constrained by the relatively limited
amount of training data, which was significantly smaller than
the vast image-text pairs used in CLIP.

The C-CLAPA model [5] addressed this challenge by in-
corporating extensive data augmentation techniques, including
text augmentation using Large Language Models (LLMs), au-
dio augmentations, and pair augmentations, which artificially
increased effective training data. In addition, a captioning de-
coder was added during training, providing a form of regular-
ization and further boosting retrieval performance. These strate-
gies allowed C-CLAPA to achieve SOTA results.

Contrastive learning in models like CLIP and CLAP is de-
signed to align different modalities into a shared embedding
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Figure 1: Our proposed method. The text and audio embed-
dings (or text and image in the case of CLIP) are passed into a
Modality classifier which predicts if the embedding is from text
or an audio. The *Stack operation indicate a stacking of both
modalities embeddings in the batch dimension.

space. The primary goal is to ensure that semantically related
pairs are mapped to nearby points in this space, while unrelated
pairs are pushed apart. This shared embedding space enables
cross-modal retrieval, zero-shot learning, and improved gener-
alization across modalities. Ideally, the optimal structure of this
embedding space should be such that the embeddings of dif-
ferent modalities, should occupy the same region, potentially
forming clusters corresponding to specific topics (e.g. animals,
household items, people, etc...).

However, recent observations on the shared embedding
space showed that a gap exists and the modalities are not per-
fectly aligned. This phenomenon, where embeddings from dif-
ferent modalities occupy distinct, non-overlapping regions, re-
ferred to as the modality gap, was first identified in [6]. Pre-
vious work has been conducted to investigate and bridge the
modality gap in CLIP [7, 8] by analyzing the structural differ-
ences between text and image embeddings. Different strategies
for improving multi-modal alignment were explored, includ-
ing alignment-based regularization techniques and architectural
modifications. While eliminating the gap entirely did not al-
ways lead to performance gains, addressing it often resulted
in smoother embedding spaces and improved downstream task
performance.

The GRL [9] has been widely used in domain adapta-
tion [10–12] to address distribution shifts between a source and
target domain. In this setting, GRL helps align feature represen-
tations across domains by inverting the gradients of a domain
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classifier, encouraging the feature extractor to produce domain-
invariant features.

In this study, we extend the analysis of the modality gap
to the CLAP model, demonstrating that this gap is even more
pronounced in the audio-text embedding space. To address this
issue, we propose a novel approach that leverages a GRL to
enhance cross-modal alignment. Specifically, we use GRL to
reduce the modality gap. By applying GRL to a modality classi-
fier, we actively force the encoders to generate embeddings that
are indistinguishable with respect to their originating modal-
ity, leading to improved cross-modal alignment. Unlike domain
adaptation scenarios, where GRL aligns different distributions
of the same modality, our approach aligns fundamentally differ-
ent data types, such as text and audio, or text and images. Our
method effectively reduces the modality gap, leading to con-
sistent improvements in embedding alignment across modali-
ties. Through extensive experiments on CLAP (audio-text) and
CLIP (image-text), we validate our approach and achieve SOTA
performance in text-audio retrieval tasks. Notably, our method
introduces minimal computational overhead during training and
imposes no additional cost at inference time.

Our key contributions are as follows:
• We extend the analysis of the modality gap to the CLAP

embedding space and demonstrate that this gap is not only
present but is even more pronounced in the audio-text em-
bedding space compared to the CLIP embedding space.

• We propose a novel approach leveraging a GRL to mitigate
the modality gap, introducing minimal computational over-
head during training and no additional cost during inference.

• We show that our method effectively enhances cross-modal
alignment and improves performance across different multi-
modal settings.

2. Contrastive learning
While contrastive learning predates CLIP, the contrastive learn-
ing paradigm as popularized today—particularly through the
use of the InfoNCE loss—was first established in its current
form by CLIP, introduced in [1], and has since become the foun-
dation for models like CLIP and CLAP. Given a batch of N
pairs (An, Bn), n = 0, . . . , N − 1, where An, Bn represent
the n-th sample pair from modality A and modality B, respec-
tively, the goal is to learn which of the N × N possible pairs
are correctly aligned. Essentially, fA and fB are the embedding
functions (encoders) that map each modality into a shared rep-
resentation space, and eAn = fA(An) and eBn = fB(Bn) are the
resulting embeddings of (An, Bn), respectively. The objective
of contrastive learning is to maximize the similarity (commonly
cosine similarity) between the two modalities embeddings for
the matching N pairs in the batch while minimizing the simi-
larity for the other unrelated N2 −N pairs.

The contrastive learning objective consists of two symmet-
ric parts: (1) aligning modality A with its corresponding modal-
ity B, and (2) aligning the modality B with its correct modality
A. This bidirectional objective is captured by the following loss
function:

LContrastive =
1

2
LA→B +

1

2
LB→A (1)

where, LA→B is defined as:

LA→B = − 1

N

N−1∑
n=0

log
exp(eAn · eBn /τ)∑N−1

ñ=0 exp(eAn · eBñ /τ)
, (2)
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Figure 2: Visualization of PCA and t-SNE projections for audio
and image datasets. For CLAP: (a) PCA and (b) t-SNE projec-
tions of the AudioCaps and Clotho validation sets. For CLIP:
(c) PCA and (d) t-SNE projections of the MSCOCO set.

where the parameter τ is a learned temperature that scales
the similarities, controlling the sharpness of the alignment
scores between embeddings.

Similarly, LB→A, is given by:

LB→A = − 1

N

N−1∑
n=0

log
exp(eAn · eBn /τ)∑N−1

ñ=0 exp(eBn · eAñ /τ)
. (3)

This method ensures that corresponding pairs move closer
while non-matching pairs move apart, and it can be applied to
any two modalities.

3. Modality Gap
It is commonly assumed that multimodal embeddings form a
homogeneous space where data from different modalities natu-
rally cluster according to semantic content. In an ideal scenario,
embeddings for related concepts (e.g., animals or household
items) from different modalities would overlap significantly.
However, an analysis of the latent space using metrics such
as the Silhouette Score [13] and Euclidean distance from the
modality cluster centroid reveals a presence of a modality bias.
This bias is further evident when visualizing the embeddings in
a lower-dimensional space using Principal Component Analysis
(PCA), T-distributed Stochastic Neighbor Embedding (TSNE),
or a Uniform Manifold Approximation and Projection (UMAP),
where it becomes clear that the intra-modality distance exceeds
the inter-modality distance. A PCA and TSNE visualization of
the CLIP embedding space on the MSCOCO [14] validation-
set are depicted in Figure 2c and 2d, respectively. Evidently, the
different modalities are noticeably separated in the embedding
space.

Following [6], we define the modality gap ∆gap as the eu-
clidean distance between the mean of each modality cluster:

∆gap =
1

D

D−1∑
d=0

eAd − 1

D

D−1∑
d=0

eBd (4)
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where D is the number all pairs in the dataset.
According to [6], the two main reasons that contribute to

this phenomenon are related to model initialization and the con-
trastive learning optimization. First, the models often initialize
with representations confined to a narrow cone in the embed-
ding space. This inherent bias leads to distinct initial sepa-
rations between modalities, as each encoder (e.g., for images
and text) starts with embeddings concentrated in different sub-
regions. Second, during training, the contrastive learning objec-
tive, which aims to maximize the similarity between matched
pairs and minimize it between unmatched pairs, tends to main-
tain and even reinforce the initial separation. The degree of this
separation is influenced by factors such as the learned tempera-
ture parameter in the loss function.

These combined factors result in a persistent modality gap,
where embeddings from different modalities remain distinct
within the shared representation space.

In a previous work, [7] initially attempted to directly opti-
mize the modality gap function to achieve exact alignment be-
tween modalities in the latent space. However, this approach
did not lead to improved results. Consequently, they argued that
such alignment is suboptimal for downstream tasks and shifted
their focus toward constructing better latent modality structures.

In [8], the authors addressed the modality gap in CLIP’s
embedding space by introducing parameter sharing between
modality-specific encoders and implementing intra-modality
separation. These architectural modifications enhanced cross-
modal alignment, leading to improved performance in tasks
such as zero-shot image classification and multi-modal re-
trieval.

The goal of this work is to close the gap in an elegant way,
without changing the architecture or the contrastive loss, and
still improve the bidirectional retrieval performances.

4. Proposed method
While previous work has primarily examined the modality gap
in image-text embeddings, our first objective is to investigate
whether a similar gap exists in the audio-text domain using the
CLAP model. Subsequently, we introduce a novel approach to
address this challenge.

4.1. Audio-Text modality gap

Our first objective is to examine whether a similar modality gap
exists in this domain. To this end, we utilize the C-CLAPA
model and construct the embedding space using the AudioCaps
[15] and Clotho [16] test sets. To visualize the modality gap,
we employ PCA and t-SNE techniques. Figures2a and 2b illus-
trate the PCA and t-SNE visualizations of the C-CLAPA model
on these test sets, revealing that CLAP also exhibits a modality
gap. The modality gap in the CLIP embedding space is mea-
sured at 0.822, while in the C-CLAPA embedding space, it is
even larger at 0.871. Furthermore, PCA visualizations for both
CLIP and CLAP reveal that the first principal component, which
captures the greatest variance, primarily serves to separate the
modalities. In CLAP’s PCA visualization, this first principal
component is almost entirely devoted to distinguishing the two
modalities, with minimal variation within each modality. In
contrast, CLIP’s first component retains some degree of inter-
modality variation. These results suggest that CLAP exhibits
an even more pronounced modality gap than CLIP. Motivated
by these findings, we aim to develop a solution to mitigate this
gap, which may also improve the model’s downstream perfor-

mance.

4.2. The GRL-based gap reducer

Inspired by work in domain adaptation, where the use of a GRL
has led to numerous breakthroughs [9–12] [17], we adopt a sim-
ilar strategy for addressing the modality gap. In domain adapta-
tion, GRLs are employed to close the distribution shift between
source and target domains by making their latent embeddings
indistinguishable to a classifier.

Similarly, we propose using a GRL to make the embed-
dings of the two modalities (e.g., text and audio) indistinguish-
able in the shared embedding space. By employing a simple
Multi-Layer Perceptron (MLP) as a modality classifier to pre-
dict which modality an embedding comes from, and then apply-
ing the GRL, the encoders of both modalities are encouraged to
produce embeddings that are closer to each other in the latent
space. The Binary Cross Entropy (BCE) loss is used as the
modality classification loss, and the overall loss of the model is
defined as:

L = LContrastive + λ · LModality (5)

Here, LModality represents the BCE loss applied to the modal-
ity classifier, with gradients reversed to the encoders via the
GRL. The parameter λ controls the weight of the modality
loss in the overall objective. LContrastive can represent the con-
trastive loss for CLIP (LCLIP ), CLAP (LCLAP ), or C-CLAPA
(LC−CLAPA), with the latter incorporating both contrastive
loss and the captioning decoder loss as described in [5]. In
practice, we take the N text embeddings, and N audio embed-
dings and stack them at the batch dimension. This is the input
to the modality classifier, as shown at figure 1. This classifier
purpose is to take the embeddings of both the audio and text,
and classify them according to the modality type. the first layer
of this classifier is the GRL, which does nothing in the forward
pass of the model, but reverses the gradients entering both en-
coders, text and audio (or image in the case of CLIP).

5. Experimental set up
For the modality classifier, we use a M = 5 layer MLP, with
a ReLU activation between each linear layer, a GRL at the start
of the MLP and a sigmoid at the end. We test 4 different values
of λ, 0, 0.5, 1 and 3. with 0 meaning without LModality.

5.1. Audio-Text

As a CLAP model we used the C-CLAPA [5] (approximately
220M parameters), with a learning rate of 5× 10−3, SGD [18]
optimizer, using a batch size of 110 per device on 8 A100 GPUs,
yielding a total batch size of 880. The only modification was
adding the modality classifier and the GRL layer. We trained
the model on the training datasets described in [5].

We test our model on the text to audio and audio to text
retrieval on both the AudioCaps and Clotho test sets.

5.2. Image-Text

Using the OpenCLIP 1 framework, we trained a CLIP model
which consists of a ResNet50-based image encoder and a
transformer-based text encoder (total of 102M parameters) on
the CC12M [19] dataset for 60 epochs. The training was
done with a learning rate of 5 × 10−4, AdamW [20] opti-
mizer, and a weight decay of 0.2, using a batch size of 512

1https://github.com/mlfoundations/open_clip
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Table 1: Cross Domain Retrieval (CDR) results on both text to audio(T-A) and audio to text(A-T) retrieval on the Clotho and AudioCaps
test sets.

AudioCaps Eval Clotho Eval
Model T-A Retrieval A-T Retrieval T-A Retrieval A-T Retrieval T-A A-T

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 Avg Avg
CLAP [3] 34.6 70.2 82.0 41.9 73.1 84.6 16.7 41.1 54.1 20.0 44.9 58.7 49.8 53.9
CLAP [4] 35.1 71.9 83.7 44.2 80.8 90.3 16.9 41.6 54.4 24.4 49.3 65.7 50.6 59.1
CLAP [5] 41.6 76.7 87.7 52.8 82.9 91.1 21.9 48.0 62.2 25.4 52.6 64.7 56.4 61.6

CLAP-GRL (λ = 1) 42.7 77.7 87.9 56.6 84.4 92.6 22.3 49.5 62.9 26.6 53.0 67.7 57.2 63.5
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Figure 3: Mean retrieval results, modality gap ∆gap, and Sil-
houette Score as a function of λ (a) CLAP mean retrieval re-
sults. (b) CLAP modality gap and Silhouette Score. (c) CLIP
mean retrieval results. (d) CLIP modality gap and Silhouette
Score.

per device on 8 A100 GPUs, yielding a total batch size of
4096. We tested the checkpoint with the lowest validation
loss on the CC12M validation set. The model was tested on
MSCOCO [14], Flicker8K [21] and Flicker30K [22] datasets.

6. Results
6.1. Audio-Text

Table 1 presents the retrieval results on the Clotho and Au-
dioCaps datasets. Our method improves performance on both
text-to-audio and audio-to-text retrieval tasks and achieves new
SOTA results.

To investigate the impact of the λ parameter, the modality
classifier loss weight during training, we conducted additional
experiments. Figure 3a shows the mean retrieval scores (text-to-
audio and audio-to-text) as a function of λ, where we observe
that the best performance is achieved at λ = 1.

In Figure 3b, we plot the modality gap and the Silhouette
Score2 as a function of λ. It is clear that increasing λ reduces the
modality gap, although this does not always guarantee improved
performance.

By analyzing these two curves, we observe that reducing
the modality gap using the λ parameter doesn’t behaves linearly,

2Silhouette Score measures the clustering quality by evaluating how
similar a data point is to its own cluster compared to other clusters,
ranging from -1 (poor clustering) to 1 (well-clustered)

so while λ=1 reduces the gap by 0.06, increasing the value to
λ=3 becomes more challenging and only reduces the gap by
0.08 while also leading to a decline in downstream task perfor-
mance.

Table 2: CDR results on both image-to-text (I-T) and text-to-
image (T-I) recall@5 retrieval on the MSCOCO, Flicker8K and
Flicker30K test sets.

Model MSCOCO Flicker8K Flicker30K T-I I-T
T-I I-T T-I I-T T-I I-T Avg Avg

CLIP 43.7 56.9 64.3 77.1 66.5 76.5 58.1 70.1
CLIP GRL
(λ = 0.5) 45.2 61.8 67.4 82.9 71.3 82.9 61.3 75.8

6.2. Image-Text

It is important to note that due to computational constraints
we applied our method on small-scale CLIP model which was
trained on smaller amount of data compared to SOTA CLIP
model.

We trained both the baseline CLIP model and a CLIP model
using our GRL modality classifier. The results are summarized
in table 2. Similar ablation on the effect of the λ parameter in
the Image-Text domain was made. As can be seen in figure 3c,
the mean cross-modal retrieval over all test datasets (MSCOCO,
Flicker8K and Flicker30K) was improved, getting optimal re-
sults when λ = 0.5. In figure 3d we plot the modality gap and
the Silhouette accordingly.

7. Conclusions
In this paper, we introduced a novel approach for mitigating the
modality gap in multi-modal embedding space using a GRL and
a modality classifier. By applying the GRL, we significantly
reduced this gap without adding any computational overhead
during inference. Furthermore, in the Audio-Text domain our
method improved cross-modal retrieval performance, achieving
new SOTA results for both text-to-audio and audio-to-text re-
trieval on the AudioCaps and Clotho datasets. Furthermore, in
Image-Text domain our method improves cross-modal retrieval
performance while reducing the modality gap when evaluated
on MSCOCO, Flicker8K and Flicker30K. The ablation study
further confirmed the positive impact of the GRL and modal-
ity classifier on both retrieval performance and modality align-
ment. Future work could explore refining the modality align-
ment technique, possibly integrating it with other domain adap-
tation methods. Additionally, applying this method to other
multi-modal models could provide broader insights on the gen-
eralization of the method. Ultimately, our approach represents
a step forward in improving the robustness and effectiveness of
multi-modal contrastive learning.
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