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Abstract

Multimodal semantic communication (SemCom) is a key
paradigm for 6G, yet it faces a critical bandwidth bottleneck.
Conventional systems transmit a separate latent vector for
each of the M modalities, an approach that scales poorly.
In this paper, we argue that this inefficiency is a direct con-
sequence of the modality gap, the persistent structural mis-
alignment in contrastively-trained latent spaces that prevents
a single, unified representation of multiple modalities. This
paper presents a theoretical framework arguing that reducing
the modality gap is the key enabler for efficient multimodal
compression. By employing gap-reduction techniques, the M
modality-specific embeddings for a single semantic concept
collapse into a unified cluster. This alignment enables a novel
transmission strategy: sending a single semantic centroid to
represent the entire semantic concept, achieving a direct 1/M
bandwidth reduction. We demonstrate the effectiveness of the
proposed solution in different downstream tasks such as clas-
sification and reconstruction. This work establishes a clear
path toward truly scalable and efficient multimodal semantic
communication systems.

Introduction
The relentless growth of multimedia and multimodal con-
tent, now dominating internet traffic, imposes extreme pres-
sure on the bandwidth limits of current and future wireless
networks. Semantic communication (SemCom) emerges as
a transformative paradigm to address this challenge, shifting
the communication goal from perfect bit-level replication to
the successful conveyance of meaning (Zhang et al. 2024;
You et al. 2024; Luo, Chen, and Guo 2022; Huang et al.
2023; Qin et al. 2021). By transmitting only the essential se-
mantic information necessary for a task, SemCom promises
orders-of-magnitude reductions in data load, a critical ob-
jective for 6G systems (Calvanese Strinati and Barbarossa
2020).

Many modern SemCom frameworks leverage large-scale
multimodal models, such as CLIP (Radford et al. 2021),
to create a shared latent space (Cicchetti et al. 2025). The
objective of such multimodal models is to align different
data types, such as images, text, and audio, so that a sin-
gle concept is represented by a tight cluster in this space.
However, the standard contrastive training objective (e.g.,
InfoNCE (van den Oord, Li, and Vinyals 2018)) used to train
these models results in an unintended and persistent artifact

known as the modality gap (Liang et al. 2022; Grassucci, Ci-
cchetti, and Comminiello 2025a). This phenomenon is the
structural separation in the latent space where embeddings
remain clustered by their source modality rather than their
semantic content. For example, even after successful train-
ing, the vector for an image of a ”dog” and the vector for the
text ”a photo of a dog” will not overlap; instead, they will
lie in distinct, parallel regions of the space, separated by a
measurable distance (Liang et al. 2022).

Nevertheless, current multimodal semantic communica-
tions systems do not face this phenomenon and avoid the
limitations of multimodal models at their core by transmit-
ting one representation for each modality (Shen et al. 2025;
Zhang et al. 2025). As an example, if they need to transmit a
video, with the corresponding audio and textual description,
they encode each of these modalities into separated embed-
dings and then send to the receiver three distinct represen-
tation, requiring M transmissions. However, this approach
does not scale well when the number of modalities increases
(for a grid of sensors, for instance), as it requires increasing
the bandwidth proportionally to the number of modalities.

In this paper, we argue that reducing the modality gap is a
key enabler for efficient multimodal semantic compression.
A latent space with a (near-)zero gap forces embeddings of
the same concept to collapse into a single, dense, modality-
agnostic cluster. This paper explores the theoretical implica-
tions of this alignment. We argue that this structural prop-
erty allows the transmitter to discard M modality-specific
vectors and instead transmit a single, compact representa-
tion: the semantic centroid of that cluster. This transition
from M representations to one provides a direct 1/M re-
duction in transmission load12, and as we will discuss, this
semantically-pure centroid is intrinsically more compress-
ible.

The Modality Gap in Multimodal Learning
The foundational goal of multimodal representation learn-
ing is to project data from different sources, such as im-
ages ximg ∈ Mimg , text xtxt ∈ Mtxt, or audio xaudio ∈
Maudio, into a single, shared latent space Rd. This is
achieved by training a set of modality-specific encoders,
E img , Etxt, and Eaudio, which are typically deep neural net-
works (e.g., ViT for images, BERT for text, among oth-
ers). Each encoder Em maps a raw input sample xm from



its modality Mm to a d-dimensional latent vector, zm =
Em(xm). The primary objective of this training is to ensure
that these encoders produce a semantically aligned space. In
such a space, representations of the same underlying con-
cept, known as positive pairs, should be mapped to nearby
points, regardless of their source modality. For example, the
vector zimg for an image of a ”3” and the vector zaudio

for a spoken audio of ”three” should be (near-)identical. To
achieve this alignment, the de facto standard is contrastive
learning, most notably the InfoNCE loss (van den Oord,
Li, and Vinyals 2018) popularized by CLIP (Radford et al.
2021). For a batch of B positive pairs, this objective trains
the encoders Em and En by maximizing the similarity be-
tween corresponding pairs (zmi , zni ) while simultaneously
minimizing the similarity between all non-corresponding or
”negative” pairs (zmi , znj ) where i ̸= j. This is formally ex-
pressed as a symmetric cross-entropy loss. For the m → n
direction, the loss is:

Lm→n = − 1

B

B∑
i=1

log
exp(sim(zmi zni )/τ)∑B

j=1 exp(sim(zmi , znj )/τ)
(1)

where sim(·, ·) is the cosine similarity and τ is a crucial
temperature hyperparameter that scales the distribution of
similarities.

However, this training process results in a stable, persis-
tent artifact known as the modality gap (Liang et al. 2022).
This gap is a structural misalignment where the learned rep-
resentations remain partitioned in the latent space accord-
ing to their source modality rather than according to the se-
mantics. In a space exhibiting this gap, all image embed-
dings will occupy one region or ”cone” (Liang et al. 2022),
while all text embeddings will occupy a distinct, parallel re-
gion. This separation persists even after training is complete.
Consequently, while a positive pair like (zimg , ztxt) may be
closer to each other than to any negative embedding, they
remain significantly distant from one another in absolute
Euclidean terms. This gap can be empirically quantified by
measuring the Euclidean distance between the global cen-
troids of each modality embeddings, cm = 1

K

∑K
k=1 z

m
k by:

Gapm,n = ∥cm − cn∥, (2)
where a large, non-zero distance confirms the misalignment.
The magnitude of this gap has been shown to be strongly
correlated with the choice of the temperature τ (Yaras et al.
2025). Lower temperatures, often used to optimize instance-
level retrieval tasks, tend to preserve or widen the gap,
whereas higher temperatures tend to reduce it. Nevertheless,
it is still largely under debate, as some works state that it
does not impact downstream tasks (), while others that it
might have mild-positive influence on retrieval tasks ().

Compressing Embeddings by Reducing the
Modality Gap

Centroid Representation for SemCom
The structural misalignment of the modality gap, as detailed
in Section , poses a direct and fundamental challenge to effi-
cient multimodal semantic communication. In a gap-ridden

latent space, the M representations (z1i , z
2
i , . . . , z

M
i ) corre-

sponding to a single semantic concept i are spatially distant.
Consequently, a transmitter cannot simply select one vec-
tor to represent the concept. This forces conventional multi-
modal SemCom systems to encode and transmit all M latent
vectors, resulting in an M -fold transmission load that scales
poorly and negates the primary compression benefits of the
semantic paradigm.

Our theoretical framework posits that reducing this gap
is the key enabler for true multimodal semantic compres-
sion. We argue that in a (near-)perfectly aligned space—one
where Gap → 0—the embeddings (z1i , . . . , z

N
i ) for a given

concept i would all collapse into a single, dense, modality-
agnostic cluster. In this idealized scenario, the individual
modality-specific vectors become redundant. This property
enables a novel transmission strategy: rather than sending M
separate vectors, the transmitter can compute and transmit a
single semantic centroid, ci, to represent the entire concept.
This centroid is formally defined as the average of all modal-
ity embeddings for a given semantic instance i:

ci =
1

M

M∑
m=1

zmi (3)

This single vector ci is then transmitted over the wire-
less channel. At the receiver, this lone centroid is then in-
volved to accomplish the task at the receiver. As an exam-
ple, it may be fed as input to all M modality-specific de-
coders (D1, . . . ,DM ) to reconstruct the data in each of their
respective modalities. This approach achieves a direct 1/M
reduction in the required transmission bandwidth. The cen-
tral challenge, therefore, becomes how to train the encoders
Em to produce this idealized, gap-free latent space. We ex-
plore two such methods.

How Reducing the Gap
First, the alignment can be implicitly encouraged by mod-
ifying the contrastive learning objective itself. As noted in
Section , the magnitude of the gap is strongly correlated
with the InfoNCE temperature τ from Equation 1. Stan-
dard low-temperature (τ ≤ 0.07) training optimizes for
instance-level retrieval, which inherently preserves the gap.
Conversely, training with a sufficiently high, fixed tempera-
ture (e.g., τ ≥ 0.1) softens the loss distribution (Yaras et al.
2025; Grassucci et al. 2025). This shifts the optimization
pressure from discriminating individual instances to reduc-
ing the distance from modality-specific clusters, thus reduc-
ing the gap. By encouraging all representations of the same
semantic concept to group together, this high-temperature
training naturally reduces the inter-modality distance, mak-
ing the semantic centroid ci a more faithful representation
of the cluster.

Second, a more explicit and robust method is to augment
the standard contrastive loss with an objective, Lgap, specif-
ically designed to force gap closure. This objective is com-
posed of two complementary terms (Grassucci, Cicchetti,
and Comminiello 2025a). The first is the Align True Pairs
(ATP) loss, LATP , which directly minimizes the Euclidean



Table 1: Performance comparison for 3-modality reconstruction. ”Ours” transmits only the centroid (1/M TTI). Results adapted
from (Grassucci, Cicchetti, and Comminiello 2025c).

Method Latent dim. MAE (↓) MSE (↓) Acc@1 (↑) TTI TTI/TOI

Conventional 3 0.099 0.049 100.0 9 0.002
Ours 3 0.099 0.050 100.0 3 (-67%) 0.001
Conventional 16 0.078 0.016 100.0 48 0.012
Ours 16 0.088 0.033 100.0 16 (-67%) 0.004
Conventional 32 0.079 0.014 100.0 96 0.025
Ours 32 0.091 0.038 100.0 32 (-67%) 0.008

Table 2: Classification results transmitting the centroid ci of different temperature τ trained models. Results adapted from
(Grassucci et al. 2025).

RFS 0% RFS 50% RFS 90%

τ Gap (↓) Acc@1 (↑) Acc@5 (↑) Acc@1 (↑) Acc@5 (↑) Acc@1 (↑) Acc@5 (↑)

0.01 0.604 0.22 0.32 0.07 0.18 0.01 0.02
0.07 0.162 0.50 0.74 0.45 0.63 0.06 0.11
0.1 0.052 0.51 0.77 0.49 0.70 0.10 0.16
0.2 0.045 0.51 0.79 0.44 0.76 0.14 0.19

distance between all positive pairs. Given a batch of B sam-
ples and assuming, without loss of generality, an anchor
modality a, this loss is defined as:

LATP =
1

M − 1

M∑
m=1,m̸=a

(
1

B

B∑
i=1

||zmi − zai ||22

)
(4)

This term aggressively pulls semantically-related embed-
dings from different modalities into the same point in the
latent space. However, LATP alone is insufficient, as it can
lead to a representational collapse (Wang and Isola 2020),
where all embeddings, regardless of semantics, are mapped
to a small region.

To counteract this collapse, the second term, the Centroid
Uniformity (CU) loss, LCU , is introduced. This loss func-
tions as a regularizer, promoting sparsity and structural in-
tegrity by enforcing a uniform distribution of the semantic
centroids (ci) across the unit hypersphere. This is achieved
by maximizing the distance between the centroids of differ-
ent semantic concepts i and j within the batch:

LCU = log

 1

B

B∑
i=1

B∑
j=1,j ̸=i

exp(−2||ci − cj ||22)

 (5)

By applying the uniformity constraint to the centroids ci
rather than to the individual embeddings zmi as in (Wang and
Isola 2020), this loss preserves the tight alignment learned
by LATP while ensuring the overall latent space remains se-
mantically discriminative.

The final gap-closing objective, Lgap = LATP +LCU , is
then combined with the standard contrastive loss LCL (the
average of Lm→n and Ln→m terms) to form the complete
training objective:

LTotal = LCL + λLgap (6)

where λ is a hyperparameter balancing the two objectives.
This framework trains encoders to produce the aligned, gap-
free space required to validate our 1/M semantic centroid
compression strategy.

Downstream Tasks
The primary benefit of transmitting solely the semantic cen-
troid ci instead of multiple embeddings for each modal-
ity, enabled by gap reduction, extends beyond simple trans-
mission efficiency. This modality-agnostic representation ci
serves as a highly efficient, semantically pure input for any
task performed at the receiver. This approach avoids the need
to store and process M separate, redundant vectors, and,
as we will show, the resulting centroid is intrinsically more
compressible than its non-aligned counterparts. We demon-
strate this efficiency through the downstream tasks of multi-
modal reconstruction and classification.

Efficient Multimodal Reconstruction
A foundational task for a semantic communication sys-
tem is the reconstruction of the original multimodal data.
In a conventional system, this requires M separate de-
coders, each receiving its corresponding M latent vectors.
In our proposed framework, all M decoders (D1, . . . ,DM )
receive the identical semantic centroid ci as input (Gras-
succi, Cicchetti, and Comminiello 2025b,c). Experimen-
tal evidence in a three-modality (image, audio, text) sce-
nario demonstrates this capability (Grassucci, Cicchetti, and
Comminiello 2025c,b). Despite transmitting only ci, the
receiver-side decoders are able to successfully reconstruct
all three modalities, effectively preserving the semantic con-
tent (Grassucci, Cicchetti, and Comminiello 2025c). The
critical result, highlighted in Table 1, is that this comparable



reconstruction performance is achieved with a 67% reduc-
tion in total transmitted bits (TTI) compared to the conven-
tional approach of sending a vector for each modality (Gras-
succi, Cicchetti, and Comminiello 2025c). This confirms the
1/M bandwidth reduction for the reconstruction task.

Efficient Classification and Further Compression
Beyond reconstruction, a key goal of semantic communica-
tion is to enable downstream tasks like classification directly
from the transmitted latent vector. Here, the semantic cen-
troid ci provides a compounded efficiency gain (Grassucci
et al. 2025).

First, the centroid ci itself serves as a superior, more com-
pact representation for classification than the standard base-
line. Conventionally, a receiver would concatenate all M
vectors to form a zconcat = [z1, . . . , zM ] embedding. Stud-
ies show that using the single centroid ci, which contains
only 1/M (e.g., 50%) of the information, achieves compara-
ble or even superior classification accuracy to using the full,
concatenated vector (Grassucci et al. 2025). This implies the
modality-specific information discarded from the M vectors
is largely redundant noise for the classification task, and the
centroid ci is a cleaner, more semantically-dense represen-
tation. Second, this semantically-pure centroid ci possesses
a lower intrinsic dimensionality. A latent space with a re-
duced gap, trained at higher temperatures, is inherently more
robust to post-training compression techniques such as Ran-
dom Feature Selection (RFS) (Grassucci et al. 2025). Exper-
imental results for multilabel and single-label classification
tasks are stark. Models trained with a large gap (τ = 0.01)
suffer a catastrophic performance drop when compressed.
Conversely, models trained with a gap-reducing high tem-
perature (τ = 0.4) maintain high accuracy even when 95%
of the vector features are randomly dropped (Grassucci et al.
2025). This robustness allows for a second, cascaded layer
of compression. Not only do we gain a 1/M reduction by us-
ing ci, but ci itself can be aggressively compressed. When
comparing RFS applied to the baseline ”Concat + RFS”
versus our ”Centroid + RFS”, the centroid-based method
consistently and significantly outperforms the concatenated
baseline at all equivalent compression ratios 2. This demon-
strates that gap reduction enables a double-dip in efficiency:
an initial 1/M compression by transmitting the centroid, fol-
lowed by substantial further compression (e.g., RFS) with
minimal loss of downstream task performance.

Conclusion
In this paper, we have presented a theoretical framework
linking multimodal representation alignment with the ef-
ficiency of semantic communication. We identified the
modality gap, i.e., a persistent structural misalignment in
contrastively-trained models, as a fundamental bottleneck
that forces conventional systems to transmit M separate la-
tent vectors for M modalities, negating the core promise of
semantic compression. We argued that closing this gap is a
key theoretical enabler for bandwidth efficiency. By employ-
ing methods such as high-temperature training or explicit
gap-closing loss functions, a (near-)zero gap latent space

can be achieved. This alignment makes modality-specific
vectors redundant, enabling a novel and efficient transmis-
sion strategy: sending a single semantic centroid to repre-
sent the entire multimodal concept. This approach provides
a direct 1/M reduction in transmission load. Furthermore,
we posited that this resulting semantic centroid is not only
compact but also intrinsically more compressible. As evi-
denced by its superior robustness to post-training compres-
sion techniques like RFS, this double-dip in efficiency al-
lows for substantial, cascaded compression with minimal
impact on downstream task performance, such as recon-
struction or classification, at the receiver. This work estab-
lishes a clear path toward scalable, efficient, and truly mul-
timodal semantic communication systems.
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