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Abstract—This letter proposes multi-user semantic communi-
cation (MUSC), a Transformer-based framework that enables
scalable multi-user transmission through contrastive embedding
multiplexing. User-specific positional masking allows multiple
users to share a common encoder while preserving semantic
separability. A contrastive learning objective (InfoNCE) is jointly
optimized with cross-entropy reconstruction loss to enhance inter-
user discrimination under fading channels. Simulation results
across diverse signal-to-noise ratio conditions and user counts
demonstrate consistent symbol error rate reduction compared
with cross-entropy-only and dedicated embedding baselines, con-
firming that contrastive embedding-space coordination provides
an effective and practical foundation for multi-user semantic
communication.

Index Terms—Semantic communication, multi-user communi-
cation, multiplexing, contrastive learning, Transformer.

I. INTRODUCTION

EMANTIC communication conveys task-relevant infor-

mation rather than raw bits, enabling efficient bandwidth
utilization for next-generation wireless systems [1], [2]. Trans-
former architectures have emerged as a powerful foundation
for this paradigm owing to their ability to capture long-
range contextual dependencies through scaled dot-product
attention [3]. The deep learning enabled semantic communica-
tion (DeepSC) framework [4] demonstrated that Transformers
can effectively extract and preserve semantic meaning during
transmission over noisy channels.

Most existing semantic communication systems, however,
are designed for single-user scenarios. In practical 6G envi-
ronments such as edge intelligence and the Internet of Things
(I0T), multiple devices must simultaneously share a common
medium [5]. When multiple devices project their semantic
representations into a shared embedding space, efficient mul-
tiplexing with minimal inter-user interference becomes es-
sential. Task-oriented multi-user semantic communication has
been explored using multiple-input multiple-output (MIMO)
spatial multiplexing [6], but its scalability is constrained by
the available spatial degrees of freedom. Dedicated channel
allocation [7] eliminates inter-user interference at the cost
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of spectral efficiency, as the required resources grow pro-
portionally with the number of users. Semi-non-orthogonal
multiple access (NOMA) [8] improves spectral efficiency but
requires successive interference cancellation, adding receiver
complexity and potentially limiting robustness under imperfect
channel estimation.

A shared embedding framework was introduced in [9],
where multiple users multiplex their semantic representations
via user-specific masking and shared encoding. However, that
approach placed both the encoder and decoder at the receiver
side, deviating from the standard transmitter—receiver semantic
communication architecture [10]. Moreover, it relied solely on
architectural separation without explicitly enforcing inter-user
discriminability at the representation level.

This letter proposes multi-user semantic communica-
tion (MUSC), a framework that incorporates contrastive em-
bedding multiplexing. The key idea is to extend interference
coordination from the physical domain to the semantic em-
bedding space by explicitly enforcing inter-user separability at
the representation level. A contrastive learning objective [11]-
[13] is jointly optimized with the cross-entropy (CE) loss
to enhance inter-user discrimination while preserving intra-
user semantic consistency under practical fading channels. The
contrastive term acts as a soft orthogonalization mechanism in
the latent space, reducing inter-user overlap without requiring
dedicated physical resources or additional antennas.

The contributions are threefold: (i) a Transformer-based
MUSC framework that separates the encoder and decoder into
the transmitter and receiver sides, compliant with the stan-
dard semantic communication architecture [10], and enables
scalable multiple access in a shared embedding space through
user-specific positional masking; (ii) a contrastive embedding
multiplexing mechanism that jointly optimizes InfoNCE and
CE objectives to achieve user-level semantic separation under
practical fading channels; and (iii) comprehensive experiments
that verify the effectiveness, scalability, and computational
efficiency of the proposed framework across diverse SNR
conditions and user counts.

II. SYSTEM MODEL AND ARCHITECTURE
A. Transformer-Based MUSC Architecture

Consider a system with U users indexed by v € {1,...,U}.
Each user generates a token embedding matrix E, € RT*4,
where 1" denotes the token length and d the embedding di-
mension. Throughout this letter, bold uppercase and lowercase
letters denote matrices and vectors, respectively.

Fig. 1 illustrates the end-to-end architecture. Unlike [9],
which placed both the encoder and decoder at the receiver,
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Fig. 1. End-to-end MUSC architecture. User-specific masking selects embedding coordinates via Py,; a shared Transformer encoder produces per-user
representations S,,; mean aggregation forms a multiplexed sequence M; the Rayleigh channel applies fading H and noise N; and each user reconstructs E,,

through mask-reused cross-attention decoding.

the proposed MUSC framework separates them into the
transmitter and receiver sides, conforming to the standard
semantic communication paradigm [10]. At the transmitter,
each user applies a user-specific positional mask P, € R? that
deterministically selects and weights embedding coordinates:

E* = E, O Py, (1)

where © denotes the Hadamard (elementwise) product. The
mask P, is applied identically across all 7' tokens: en-
tries close to zero suppress coordinates not allocated to
user u, while larger entries emphasize user-specific coordi-
nates. Through this mechanism, each user effectively occupies
a distinct subspace of the shared encoder, realizing a soft
partitioning of the embedding space that mitigates inter-user
interference without relying on orthogonal physical resources.

All users share a single Transformer encoder with tied
parameters. The masked sequence is encoded as

S. = Encoder (EJ**) | 2)

where S, € RT*4 Each encoder block comprises multi-
head self-attention [3], residual connections with layer nor-
malization, and a position-wise feed-forward network. Per-
user encoded representations are then aggregated into a single
transmitted sequence via elementwise averaging:
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which maintains constant transmission bandwidth regardless
of U, since the dimensionality of M does not grow with the
number of users. This aggregation also preserves gradient flow
to all users through the shared encoder during backpropagation
and avoids additional signaling overhead at the physical layer.
The multiplexed sequence is transmitted over a memoryless
Rayleigh fading channel [14] with additive white Gaussian

noise (AWGN):
Y=HOM+N, 4

where H € RT*? contains independent Rayleigh-distributed
fading gains with scale parameter oj, = 1/+/2, yielding unit
average channel power (i.e., E[|[H]; x|?] = 1), and N € RT*4

is AWGN with variance o2 set according to the target signal-
to-noise ratio (SNR).

At the receiver, user v forms a masked query M, =
EY® © P, using a learnable prior and the same mask P,
then performs cross-attention decoding:

E, = Decoder(M,,Y), )

where the masked query serves as the query input while the
received sequence Y provides both key and value. By reusing
the same mask P, at both the encoder and decoder, the
framework ensures transmitter—receiver consistency and fo-
cuses decoding attention on user-u coordinates, enabling per-
user reconstruction without physical-layer orthogonalization.
Since only the mask P, varies across users while all weights
are shared, the framework supports an arbitrary number of
simultaneous users without user-specific model instances.

B. Learning Objective

The training objective addresses two complementary goals:
accurate reconstruction of each user’s semantic content and
inter-user separability in the shared embedding space. The CE
loss supervises token-level prediction accuracy:
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where j)q(f’v) is the predicted probability of token v at position

t for user w, y,(f’v) is the one-hot ground-truth indicator, and
V' is the vocabulary size.

While the CE loss ensures reconstruction fidelity, it does
not explicitly constrain the geometric arrangement of differ-
ent users’ representations. To enforce inter-user separability,
the normalized temperature-scaled cross-entropy (InfoNCE)
loss [11], [12] is introduced. Let z? and zz denote /5-
normalized projections of the mean-pooled encoder output of
user u from two independent channel realizations. These rep-
resentations are obtained by passing §, = ~ Zthl [S.): € RY
through a learnable two-layer MLP projection head followed



TABLE I
SIMULATION PARAMETERS

Parameter Value

Number of users (U) 4,8, 16

Embedding dimension (d) 128

Encoder / Decoder layers 4/2

Vocabulary size (V') 4 (QPSK-equivalent)
SNR range (dB) 0-25 (5 dB steps)
Channel model Rayleigh fading

Epochs / Training batches 100 / 10,000
Evaluation batches 100,000
Optimizer / Learning rate AdamW / 10~4

Contrastive weight (Acontrast) 102 (optimized)

by ¢>-normalization, so that each projected vector lies on the
unit hypersphere. The contrastive loss is defined as

exp (sim(zi, ZZ)/T)

U
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o1 exp(sim(zg, 25) /7)’
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where sim(a,b) = a'b/(||la/|||b||) is the cosine similarity
and 7 > 0 is a temperature parameter controlling the sharp-
ness of the similarity distribution. The numerator encourages
intra-user embedding cohesion, while the denominator pushes
apart representations of different users. The overall training
objective combines both terms as

Etotal = ECE + AcomraleNCEa (8)

where Aconrast > 0 balances reconstruction fidelity against
inter-user separability. Setting Aconrast = O recovers the pure
CE baseline, while increasing Acontrast places greater emphasis
on embedding-space discrimination.

III. SIMULATION RESULTS
A. Experimental Setup

Three schemes are compared: (1) CE baseline trained with
Lcg alone; (2) CE + Contrastive (proposed) trained with
Liotar; and (3) dedicated embedding (DE), an interference-free
reference in which each user occupies a distinct orthogonal
subspace. The DE symbol error rate (SER) under flat Rayleigh
fading with QPSK-equivalent symbols is given by [15]
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Table I summarizes the simulation parameters. All models
share identical encoder/decoder architectures, embedding di-
mensions, and hyperparameters to ensure a strictly controlled
comparison. Training proceeds for 100 epochs with 10,000
batches per epoch under independent Rayleigh fading real-
izations, and the empirical SER is estimated over 100,000
independent Monte Carlo evaluation batches.

Psgr =1 —

B. Effect of Contrastive Weight

Fig. 2 shows the SER as a function of Acopuast for U = 8
users across four representative SNR conditions. At every
SNR level, the proposed model consistently outperforms the
CE baseline (dashed lines), confirming that the contrastive
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Fig. 2. SER versus Acontrast for U = 8 and d = 128 at SNRs of 5, 10, 15,
and 20 dB. Dashed lines indicate the CE baseline.
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Fig. 3. SER versus SNR for the proposed MUSC framework (Acontrast = 0.01)
with 4, 8, and 16 users (d = 128). The DE curve represents the theoretical
lower bound under a non-shared embedding scheme.

term enhances inter-user separability. The SER exhibits a non-
monotone dependence on Aconyast: performance improves as
Acontrast increases from 1073 to 1072, achieving the best trade-
off between reconstruction fidelity and inter-user separation.
Beyond this point, excessive contrastive regularization distorts
the embedding geometry and degrades reconstruction quality.
This confirms that an intermediate value strikes the best
balance between inter-user separation and embedding-structure
preservation. Accordingly, Acongrast = 1072 is adopted for all
subsequent experiments.

C. SER Performance Comparison

Fig. 3 presents the SNR-wise SER for the CE baseline and
the proposed CE + Contrastive scheme under 4-, 8-, and 16-
user configurations, alongside the theoretical DE bound in (9).
Across all user counts and the entire SNR range, the proposed
scheme achieves consistently lower SER, confirming that
contrastive regularization yields generalizable gains beyond



masking-based separation alone. The improvement is most
pronounced at U = 4, where the contrastive loss operates
on fewer negative pairs and achieves cleaner user-specific
subspace assignments. As U increases to 8 and 16, the gap
narrows due to denser inter-user interference under a fixed
embedding dimension, suggesting that adaptive masking or
increased embedding capacity could provide further gains in
dense deployments.

At high SNR, all models converge toward the DE bound,
indicating that residual inter-user interference, rather than
channel noise, becomes the dominant performance bottleneck.
In this regime, the system performance is primarily governed
by the model’s ability to discriminate among user embeddings
in the shared latent space. The proposed model achieves closer
proximity to the DE bound than the CE baseline across all user
configurations, further confirming that contrastive regulariza-
tion effectively suppresses residual inter-user interference at
the embedding level. Notably, these gains are achieved without
modifying the encoder—decoder architecture or the physical-
layer scheme, demonstrating that learning-based embedding
coordination alone yields substantial improvements.

D. Complexity Analysis

Both configurations employ identical Transformer encoder
and decoder architectures, so the dominant computational cost
is shared. Each Transformer layer involves multi-head atten-
tion with complexity O(T2d) and feed-forward projections
with complexity O(Td?). Since all users share the same
encoder and decoder weights, the per-iteration cost scales
linearly with the number of users:

Oshared = O(U - L+ (T?%d + Td?)) (10)

where L denotes the total number of encoder and decoder
layers. The InfoNCE loss (7) additionally requires pairwise
cosine similarity computation across all U users, incurring

Once = O(U?d). (11

This quadratic dependence on U arises only during loss
evaluation, while the forward and backward passes remain
identical to those of the CE baseline. The relative overhead

ratio is
Onee U

Oshared - L-T-d
Under our settings (U = 16, L = 6, T = 32, d = 128),
this ratio evaluates to approximately 6.5 x 10~%, confirming
that the contrastive overhead is negligible. Moreover, this ratio
diminishes as either T or d increases, making the proposed
approach increasingly practical for large-scale deployments.

12)

IV. CONCLUSION

This letter proposed MUSC, a Transformer-based multi-user
semantic communication framework that achieves scalable
embedding-space multiplexing through contrastive learning.
The framework employs user-specific positional masking to
partition the shared embedding space without dedicated en-
coders or orthogonal physical resources, and jointly optimizes

cross-entropy reconstruction with an InfoNCE-based con-
trastive objective to enforce inter-user separability. By com-
bining architectural separation through masking with learning-
based separation through contrastive regularization, MUSC
achieves synergistic improvements in both semantic fidelity
and interference suppression.

Simulation results demonstrated consistent SER reduction
across all SNR levels and user configurations, with the perfor-
mance gain most pronounced at lower user counts and at high
SNR where inter-user interference dominates. The contrastive
overhead was confirmed to remain below 103 relative to the
overall Transformer complexity, verifying practical feasibility
for deployment in resource-constrained wireless environments.

Future work includes adaptive masking strategies that dy-
namically allocate embedding subspaces based on channel
state information, extension of the semantic source model to
richer modalities such as natural language and images, and
investigation of contrastive regularization under frequency-
selective or time-varying channel models to further validate
the generality of the proposed approach.
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