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Abstract
Semantic communication (SemCom) aims to 

achieve an efficient and intelligent communica-
tion model by deeply understanding and accu-
rately transmitting the semantics of information, 
thus surpassing traditional communication. How-
ever, analog semantic communication (A-Sem-
Com) systems exhibit significant shortcomings 
in compatibility and flexibility, making it difficult 
to adapt to diverse network environments and 
rapidly changing demands. This has led to the 
development of digital semantic communica-
tion (D-SemCom) systems. In this article, we first 
compare the architectures of traditional commu-
nication, A-SemCom, and D-SemCom systems 
by analyzing their respective advantages and dis-
advantages. Subsequently, we propose a novel 
D-SemCom system that can accurately transmit 
semantics of the message by overcoming the 
limitations of analog systems, providing stron-
ger adaptability and flexibility, and meeting the 
demands for efficient semantic transmissions in 
complex network environments. Finally, we briefly 
outline potential avenues for future research in 
SemCom that include the further development 
of theoretical frameworks, the enhancement of 
security mechanisms, and the integration with 
advanced communication technologies.

Introduction
With the widespread deployment of fifth-gen-
eration (5G) mobile communications and the 
accelerated development of sixth-generation 
(6G) technologies, communication systems are 
fundamentally shifting from “ubiquitous connec-
tivity” to “intelligent interaction.” This evolution 
gives rise to increasingly complex and diverse 
human–machine interaction scenarios, which 
demand not only massive machine-type commu-
nication but also natural, efficient, and intelligent 
human–machine interactions. Against this back-
drop, the limitations of conventional communi-
cation architectures are becoming increasingly 
evident. In particular, existing source and channel 

coding methods have approached the Shannon 
limit, leaving little room for further optimization 
and making them insufficient to meet the grow-
ing demands of next-generation communication 
systems [1]. Although advances in hardware 
have continued to improve the performance of 
communication systems, hardware-driven innova-
tion is approaching its limits and showing signs 
of unsustainability. Semantic communication 
(SemCom) emerges as a promising paradigm to 
address these challenges. Rather than focusing 
on the transmission of raw bits, SemCom empha-
sizes the transmission of information meaning. By 
modeling and optimizing the semantic content of 
information, this new communication paradigm 
significantly enhances both the efficiency and 
robustness of data transmission, aligning more 
closely with the demands of intelligent and adap-
tive communication scenarios.

According to the classical communication 
model proposed by Weaver and Shannon, an 
information transmission can be divided into three 
levels: syntax, semantics, and pragmatics. The syn-
tactic level focuses on the structure and arrange-
ment of symbols to ensure correct encoding and 
decoding; the semantic level emphasizes the actual 
meaning of the transmitted information to ensure 
effective communication; and the pragmatic level 
concerns the use and interpretation of informa-
tion within specific contexts, aiming to ensure that 
the information guides the receiver toward accu-
rate understanding and appropriate response [2]. 
Although these three levels together constitute a 
complete communication framework, traditional 
technological limitations have made it difficult for 
earlier systems to achieve joint optimization across 
all dimensions. In recent years, the rapid develop-
ment of artificial intelligence (AI), particularly deep 
learning, has opened up new opportunities for the 
construction of SemCom systems. Deep learning 
has demonstrated strong capabilities in learning 
semantic representations, modeling complex rela-
tionships, and capturing contextual dependencies 
from large-scale data. These advancements pro-
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WIRELESS INNOVATIONS: LEVERAGING SEMANTIC COMMUNICATION TECHNOLOGIES vide critical support for shifting from conventional 
bit-level optimization toward meaning-centered 
transmission, thereby offering a new paradigm to 
meet the evolving demands of future intelligent 
communication networks [3].

In recent years, SemCom has made significant 
progress in several key areas, particularly in improv-
ing system robustness and task adaptability. For 
example, semantic encoding and decoding meth-
ods guided by attention mechanisms based on 
prior knowledge of the signal-to-noise ratio (SNR) 
have enhanced the semantic representation accu-
racy under noisy conditions [4]. The gumbel-soft-
max-based adaptive transmission rate control has 
improved the system responsiveness to dynamic 
channel capacities [5]. In addition, generative dif-
fusion model-based image reconstruction mod-
ules have achieved high-quality semantic image 
recovery under constrained rates [6]. Moreover, 
SemCom has demonstrated excellent performance 
in various tasks such as multimodal communication 
[7], channel state information feedback [8], and 
video transmission [9]. However, despite these ini-
tial achievements, current SemCom architectures 
still face multiple challenges in practical deploy-
ment, mainly in the following three aspects:
1. Adaptability: Most current SemCom systems 

rely on idealized channel assumptions, such as 
simulations based on additive white Gaussian 
noise models. However, these assumptions 
fail to accurately reflect the complexity of real-
world wireless environments, which are typ-
ically affected by multipath fading, temporal 
variation, and interference. As a result, Sem-
Com systems often exhibit limited robustness 
and generalization capability under complex 
and dynamic channel conditions.

2. Flexibility: SemCom typically requires an end-
to-end joint training between the transmitter 
and receiver to achieve optimal performance. 
However, when channel conditions or system 
architectures change, the entire model often 
needs to be retrained, resulting in significant 
computational overhead and latency. The lack 
of modularity and generalization limits the sys-
tem’s capacity for rapid adaptation in dynamic 
deployment scenarios.

3. Compatibility: Many existing SemCom 
approaches assume that semantic representa-
tions can be directly transmitted as continu-
ous complex-valued vectors, whereas modern 
communication systems are fundamentally 
based on discrete digital signals. This funda-
mental mismatch in signal format and system 
interfaces poses major challenges to the seam-
less integration of SemCom with existing com-
munication infrastructures.
In summary, three major breakthroughs are 

needed to advance SemCom architectures:
•	 Developing robust SemCom methods tailored 

to complex and dynamic wireless environ-
ments to enhance system adaptability.

•	 Exploring systematic approaches for decoupling 
semantic encoding from channel conditions to 
improve architectural flexibility and transferability.

•	 Constructing digital semantic communication 
(D-SemCom) frameworks that are compatible 
with existing infrastructures to improve both 
the protocol interoperability and engineering 
feasibility.

Motivated by the above research challenges, 
this article proposes a flexible and robust D-Sem-
Com architecture employing orthogonal fre-
quency division multiplexing (OFDM), designed 
to achieve high adaptability and compatibility in 
complex channel environments. The main contri-
butions of this article are as follows:
•	 We analyze the limitations of existing SemCom 

architectures and outline the evolutionary path 
from traditional communication to analog 
semantic communication (A-SemCom), and 
further to D-SemCom. In addition, we systemat-
ically compare the three paradigms in terms of 
architectural design, technical mechanisms, and 
key characteristics, thereby providing a theoret-
ical support for the design and optimization of 
D-SemCom architectures.

•	 We develop a D-SemCom system based on 
OFDM, aiming to enhance robustness under 
complex channel conditions. Building on this 
system, we propose a bit-level semantic trans-
mission network, SANet, which performs a 
nonlinear mapping from received signals to 
bit-level semantic targets, thereby achieving 
effective decoupling between semantic encod-
er/decoder and specific channel conditions. 
Experimental results demonstrate that SANet 
achieves lower semantic reconstruction error 
and exhibits clear advantages over traditional 
decoding methods.

•	 Finally, we explore the future development of 
SemCom, with a focus on ongoing challenges 
in SemCom theory and standardization, sys-
tem security and privacy protection, as well as 
deep integration with other communication 
technologies.

Architecture of Communication
The fundamental distinction between SemCom and 
traditional communication frameworks lies in its 
emphasis on the “meaning” of information, rather 
than the precise transmission of bits. Figure 1 illus-
trates the architectural differences among tradition-
al communication, A-SemCom, and D-SemCom, 
which are comparatively analyzed in this section.

Traditional Communication Architecture
Traditional communication is designed to ensure 
the precise transmission of bit sequences through 
a layered process, as illustrated in Fig. 1a. The pro-

FIGURE 1. A detailed diagram comparing the architectures of traditional communication, 
A-SemCom, and D-SemCom.
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Fig. 1. A detailed diagram comparing the architectures of traditional communication, A-SemCom, and D-SemCom.

conditions [4]. The gumbel-softmax-based adaptive trans-
mission rate control has improved the system responsive-
ness to dynamic channel capacities [5]. In addition, gen-
erative diffusion model-based image reconstruction modules
have achieved high-quality semantic image recovery under
constrained rates [6]. Moreover, SemCom has demonstrated
excellent performance in various tasks such as multimodal
communication [7], channel state information feedback [8],
and video transmission [9]. However, despite these initial
achievements, current SemCom architectures still face multiple
challenges in practical deployment, mainly in the following
three aspects:

1) Adaptability: Most current SemCom systems rely on
idealized channel assumptions, such as simulations based
on additive white Gaussian noise models. However, these
assumptions fail to accurately reflect the complexity of real-
world wireless environments, which are typically affected by
multipath fading, temporal variation, and interference. As a
result, SemCom systems often exhibit limited robustness and
generalization capability under complex and dynamic channel
conditions.

1) Flexibility: SemCom typically requires an end-to-end
joint training between the transmitter and receiver to achieve
optimal performance. However, when channel conditions or
system architectures change, the entire model often needs to be
retrained, resulting in significant computational overhead and
latency. The lack of modularity and generalization limits the
system’s capacity for rapid adaptation in dynamic deployment
scenarios.

1) Compatibility: Many existing SemCom approaches as-
sume that semantic representations can be directly transmit-
ted as continuous complex-valued vectors, whereas modern
communication systems are fundamentally based on discrete

digital signals. This fundamental mismatch in signal format
and system interfaces poses major challenges to the seamless
integration of SemCom with existing communication infras-
tructures.

In summary, three major breakthroughs are needed to ad-
vance SemCom architectures: (a) developing robust SemCom
methods tailored to complex and dynamic wireless environ-
ments to enhance system adaptability. (b) exploring systematic
approaches for decoupling semantic encoding from channel
conditions to improve architectural flexibility and transfer-
ability. (c) constructing digital semantic communication (D-
SemCom) frameworks that are compatible with existing in-
frastructures to improve both the protocol interoperability and
engineering feasibility.

Motivated by the above research challenges, this article pro-
poses a flexible and robust D-SemCom architecture employing
orthogonal frequency division multiplexing (OFDM), designed
to achieve high adaptability and compatibility in complex
channel environments. The main contributions of this article
are as follows:

• We analyze the limitations of existing SemCom architec-
tures and outline the evolutionary path from traditional
communication to analog semantic communication (A-
SemCom), and further to D-SemCom. In addition, we
systematically compare the three paradigms in terms
of architectural design, technical mechanisms, and key
characteristics, thereby providing a theoretical support for
the design and optimization of D-SemCom architectures.

• We develop a D-SemCom system based on OFDM, aim-
ing to enhance robustness under complex channel con-
ditions. Building on this system, we propose a bit-level
semantic transmission network, SANet, which performs
a nonlinear mapping from received signals to bit-level
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cess begins with the source encoding, where raw 
data is converted into a bitstream using compres-
sion techniques such as Huffman coding or mul-
timedia codecs (e.g., joint photographic experts 
group (JPEG), better portable graphics (BPG)). To 
enhance reliability, channel encoding introduces 
redundancy using Turbo codes or low-density par-
ity-check (LDPC) codes, enabling error detection 
and correction. The encoded bitstream is then 
modulated for transmission over a wireless chan-
nel using modulation schemes such as quadrature 
amplitude modulation (QAM), phase-shift keying 
(PSK). However, the wireless channel introduces 
challenges such as noise, interference, and fading, 
which degrade the signal integrity. At the receiv-
er, the signal undergoes demodulation, channel 
decoding, and source decoding to reconstruct 
the original data and correct transmission errors. 
Although this framework ensures accurate bit-lev-
el transmission, it neglects the semantic relevance 
of information, often resulting in redundant data 
transmission and suboptimal bandwidth utiliza-
tion. This limitation underscores the need for 
SemCom, which prioritizes the transmission of 
meaningful information over raw bit accuracy.

SemCom Architecture
Fundamentals of SemCom: As illustrated in 

Fig. 2, SemCom systems are typically devel-
oped for human-computer interaction scenari-
os, where multimodal data such as text, speech, 
and images are generated in response to specific 
semantic tasks. The system employs a semantic 
encoder-decoder to perform unified modeling 
and extract semantic features from the multimod-
al inputs. This yields semantic representations that 
are aligned with the task requirements. During 
this process, semantic encoding not only per-
forms efficient compression but also dynamically 
adjusts resource allocation based on the data vol-
ume and channel conditions. These adjustments 
help improve the communication efficiency and 
robustness. Finally, the decoder generates the 
semantic task outcome and evaluates its effective-
ness. The evaluation results are then fed back to 
the semantic encoder-decoder, enabling adaptive 
adjustments to semantic extraction and represen-
tation in subsequent transmissions. This feedback 
loop continuously improves the communication 
performance and task success rate.

Efficient Semantic Encoding and Represen-
tation: To support SemCom tasks, the system 
must extract and encode relevant information 

from multimodal inputs such as text, speech, and 
images into compact, task-aware semantic rep-
resentations. These representations are designed 
to preserve the semantic meaning rather than the 
signal-level fidelity, thereby enabling a more effi-
cient and task-oriented communication.

Real-Time Resource Allocation under Chan-
nel Dynamics: Given the variability of network 
conditions and traffic loads, real-time resource 
allocation is essential to maintaining the commu-
nication efficiency and robustness. By adapting 
transmission strategies dynamically according to 
the current data volume and channel state, the 
system ensures efficient bandwidth utilization for 
semantic information transmissions.

Adaptive Feedback for Task-Oriented Optimi-
zation: SemCom systems leverage task outcome 
feedback to guide subsequent encoding and 
extraction strategies. This adaptive feedback loop 
enables the system to continuously refine its seman-
tic representations, ensuring alignment of transmit-
ted content with evolving task requirements and 
enhancing the overall system performance.

A-SemCom Architecture: A-SemCom rep-
resents an emerging communication paradigm that 
enables an end-to-end transmission of semantic 
information within a continuous feature domain. 
As shown in Fig. 1b, A-SemCom employs an archi-
tecture that emphasizes direct semantic encoding 
and transmission, bypassing discrete symbol-lev-
el processing. This approach offers significant 
advantages, including low latency, low compu-
tational complexity, and graceful degradation 
in performance under poor channel conditions. 
A-SemCom typically utilizes deep neural networks 
to perform semantic modeling and continuous 
encoding of multimodal sensory data, effectively 
bypassing traditional communication procedures 
including entropy coding, symbol mapping, and 
discrete channel coding. This leads to a compact, 
task-oriented transmission pipeline. Owing to the 
end-to-end joint optimization, A-SemCom achieves 
superior performance in task-driven applications 
such as semantic recognition and decision-making. 
However, due to its reliance on continuous signal 
processing and task-specific semantic modeling, 
A-SemCom exhibits fundamental structural incom-
patibilities with existing digital communication sys-
tems in terms of protocol stack design, channel 
access mechanisms, and standardized network 
interfaces, making the seamless integration into 
mainstream infrastructures difficult. This challenge 
becomes more pronounced in complex scenari-
os such as human-computer interactions, which 
demand support for highly diverse and dynamical-
ly evolving semantic tasks. In such cases, A-Sem-
Com often requires extensive customization based 
on task type, data modality, and channel condi-
tions. This high level of task-specific customization 
limits the system’s generalizability and scalability, 
while also significantly increasing deployment and 
maintenance costs, thereby posing a major barrier 
to its large-scale adoption in real-world communi-
cation systems.

D-SemCom Architecture: D-SemCom rep-
resents and transmits semantic information in 
a discrete form, in clear contrast to A-SemCom, 
which operates on continuous signal processing. 
As shown in Fig. 1c, D-SemCom adopts a digi-
tal encoding mechanism that expresses semantic 

FIGURE 2. Deep learning-enabled SemCom.
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Fig. 2. Deep learning-enabled SemCom.

semantic targets, thereby achieving effective decoupling
between semantic encoder/decoder and specific channel
conditions. Experimental results demonstrate that SANet
achieves lower semantic reconstruction error and exhibits
clear advantages over traditional decoding methods.

• Finally, we explore the future development of SemCom,
with a focus on ongoing challenges in SemCom theory
and standardization, system security and privacy protec-
tion, as well as deep integration with other communica-
tion technologies.

II. ARCHITECTURE OF COMMUNICATION

The fundamental distinction between SemCom and tradi-
tional communication frameworks lies in its emphasis on
the “meaning” of information, rather than the precise trans-
mission of bits. Fig. 1 illustrates the architectural differ-
ences among traditional communication, A-SemCom, and D-
SemCom, which are comparatively analyzed in this section.

A. Traditional Communication Architecture

Traditional communication is designed to ensure the precise
transmission of bit sequences through a layered process, as
illustrated in Fig. 1(a). The process begins with the source
encoding, where raw data is converted into a bitstream
using compression techniques such as Huffman coding or
multimedia codecs (e.g., joint photographic experts group
(JPEG), better portable graphics (BPG)). To enhance relia-
bility, channel encoding introduces redundancy using Turbo
codes or low-density parity-check (LDPC) codes, enabling
error detection and correction. The encoded bitstream is then
modulated for transmission over a wireless channel using
modulation schemes such as quadrature amplitude modulation
(QAM), phase-shift keying (PSK). However, the wireless
channel introduces challenges such as noise, interference, and
fading, which degrade the signal integrity. At the receiver,

the signal undergoes demodulation, channel decoding, and
source decoding to reconstruct the original data and correct
transmission errors. Although this framework ensures accurate
bit-level transmission, it neglects the semantic relevance of
information, often resulting in redundant data transmission and
suboptimal bandwidth utilization. This limitation underscores
the need for SemCom, which prioritizes the transmission of
meaningful information over raw bit accuracy.

B. SemCom Architecture
1) Fundamentals of SemCom
As illustrated in Fig. 2, SemCom systems are typically

developed for human-computer interaction scenarios, where
multimodal data such as text, speech, and images are generated
in response to specific semantic tasks. The system employs
a semantic encoder-decoder to perform unified modeling and
extract semantic features from the multimodal inputs. This
yields semantic representations that are aligned with the task
requirements. During this process, semantic encoding not only
performs efficient compression but also dynamically adjusts
resource allocation based on the data volume and channel
conditions. These adjustments help improve the communica-
tion efficiency and robustness. Finally, the decoder generates
the semantic task outcome and evaluates its effectiveness. The
evaluation results are then fed back to the semantic encoder-
decoder, enabling adaptive adjustments to semantic extraction
and representation in subsequent transmissions. This feedback
loop continuously improves the communication performance
and task success rate.

Efficient Semantic Encoding and Representation: To
support SemCom tasks, the system must extract and encode
relevant information from multimodal inputs such as text,
speech, and images into compact, task-aware semantic repre-
sentations. These representations are designed to preserve the
semantic meaning rather than the signal-level fidelity, thereby
enabling a more efficient and task-oriented communication.
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information through bitstreams and enables end-
to-end transmission via standardized communica-
tion protocols. This architecture makes D-SemCom 
inherently compatible with existing digital com-
munication infrastructures such as 5G, and also 
scalable to future networks like 6G. Moreover, by 
leveraging mature mechanisms in digital systems, 
including channel coding, error correction, and 
interference mitigation, D-SemCom exhibits strong 
reliability and robustness in transmission.

A fundamental distinction between D-SemCom 
and A-SemCom lies in the use of discrete quan-
tization, where continuous semantic features are 
mapped into a finite set of symbols. Common 
quantization methods include uniform quantization 
and vector quantization (VQ). The former divides 
the feature space into equal intervals for a sim-
ple and efficient encoding but may result in large 
errors when handling high-dimensional features. 
In contrast, VQ learns an optimized codebook to 
minimize the quantization loss and improve the 
fidelity of semantic reconstruction [10]. This dis-
cretization process is not only a core technical 
difference from A-SemCom but also serves as a 
foundational step for integrating semantic informa-
tion into digital communication pipelines.

At the physical layer, D-SemCom employs 
standard digital modulation techniques to con-
vert the quantized bitstream into transmittable sig-
nals, unlike A-SemCom, which directly modulates 
continuous semantic features. D-SemCom com-
monly uses classical schemes such as QAM and 
PSK, often combined with OFDM to enhance the 
spectral efficiency and resistance to interference. 
In recent years, AI-based intelligent modulation 
approaches, such as neural network modulation, 
have attracted considerable attention. These tech-
niques can automatically select optimal modula-
tion strategies based on channel conditions, data 
modalities, and task requirements, significantly 
improving system adaptability and communica-
tion reliability [11].

In summary, by incorporating discrete quan-
tization and digital modulation mechanisms, 
D-SemCom not only ensures effective semantic 
transmissions but also significantly enhances the 
system compatibility, deployability, and engineer-
ing feasibility. This marks a key distinction from 
A-SemCom.

Comparison Between Traditional Communication, 
A-SemCom, and D-SemCom

Table 1 provides a comprehensive, multi-dimen-
sional comparison of traditional communication, 
A-SemCom, and D-SemCom, covering aspects 
such as core objectives, technological founda-
tions, noise robustness, spectral efficiency, system 
flexibility, computational complexity, and typical 
application scenarios. Traditional communication 
systems emphasize reliable bit-level transmissions 
based on modular designs involving source cod-
ing, channel coding, and modulation. However, 
they often suffer from low spectral efficiency and 
limited semantic awareness. In contrast, A-Sem-
Com leverages end-to-end deep learning tech-
niques to directly transmit continuous semantic 
information, such as speech and image features, 
without explicit quantization or modulation. It 
offers some advantages in terms of low latency 
and graceful performance degradation under 
adverse channel conditions. Despite these attrac-
tive features, it exhibits limited adaptability and 
often requires task-specific customization.

D-SemCom adopts a hybrid architecture that 
integrates end-to-end learning with discrete quan-
tization and digital modulation. It supports the 
transmission of discrete semantic information 
through bitstreams, providing high compatibil-
ity with existing communication protocols and 
infrastructures such as 5G, and offering scalability 
for future 6G networks. Although its multi-stage 
processing increases in computational complexity, 
D-SemCom demonstrates an improved scalability, 
a greater task flexibility, and a robust performance 
under noisy channel conditions, making it a com-
pelling alternative to A-SemCom.

Case Study: Image Transmission in Different 
Communication Architectures

Traditional communication systems adopt a mod-
ular design that effectively decouples source 
encoding from physical-layer transmission, provid-
ing strong system generality and implementation 
efficiency. However, conventional receiver algo-
rithms such as least squares (LS) and linear mini-
mum mean square error (LMMSE) rely heavily on 
linear channel models and statistical assumptions 

TABLE 1. Comparison of traditional communication, A-SemCom, and D-SemCom.

Characteristic Traditional Communication A-SemCom D-SemCom

Core Objective Reliable bitstream transmission Transmission of continuous 
semantic information

Transmission of discrete semantic 
information

Technology Basis Modular design (coding, modulation, 
error correction End-to-end learning End-to-end learning, quantization, 

modulation

Noise Resistance Strongly depends on channel coding Strong noise robustness Strong noise robustness

Spectral Efficiency Low (due to bitstream and redundancy) High (no redundancy) High (no redundancy)

Flexibility / Relatively fixed, limited 
adaptability High flexibility, strong scalability

Computational Cost Low, modular and hardware-efficient Medium, end-to-end continuous 
mapping is lightweight

High, multiple intermediate steps 
(quantization, modulation) add complexity

Typical Applications Telephony, file transfer, video streaming
Supports semantic task 
scenarios but requires 

customized design

Suitable for task-oriented scenarios such as 
intelligent question answering, autonomous 

driving, and vehicular networks
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of noise. Consequently, they are inadequate for 
handling the nonlinear interference and dynamic 
variations commonly encountered in real-world 
wireless communication environments. To address 
these limitations, this article designs a D-SemCom 
system based on OFDM and proposes a bit-level 
semantic transmission network named SANet. This 
network utilizes deep learning techniques to learn 
the nonlinear mapping between received signals 
and semantic bit-level targets, effectively mitigat-
ing the strong coupling between the semantic 
encoder and specific channel conditions. This 
approach enhances the system’s adaptability and 
semantic recovery capability under complex chan-
nel environments. The detailed network structure 
is shown in Fig. 3.

To evaluate the effectiveness of the proposed 
system, we assess the image transmission quali-
ty of several communication architectures in the 
multi-user multiple-input multiple-output (MU-MI-
MO) OFDM uplink UMi scenario provided by the 
Sionna library [12]. The evaluation metric used is 
the peak signal-to-noise ratio (PSNR). The com-
munication system is configured with 12 OFDM 

symbols, 96 subcarriers, and adopts the “2P” pilot 
pattern. The system consists of four users, each 
equipped with a single transmit antenna, and a 
base station equipped with eight receive antennas. 
In the digital system, 4-QAM modulation is used 
along with a 2-bit uniform quantization. In the 
conventional separate system, BPG is adopted for 
source coding, and a rate-1/2 LDPC code is used 
for channel encoding. Both semantic communica-
tion systems employ the same encoder and decod-
er architectures, which are based on a six-layer 
Transformer backbone with 192-dimensional 
embeddings, also using a multi-head self-attention 
with 4 heads, and a multilayer perceptron (MLP) 
expansion factor of 4 [13]. For SANet, the embed-
ding dimension is set to 256, using a multi-head 
self-attention with 4 heads, and an MLP expansion 
factor of 2. All systems operate under the same 
channel bandwidth ratio of R = 0.25 to ensure a 
fair comparison. Under this configuration, each 
image in the analog semantic communication sys-
tem is encoded into a 1536-dimensional seman-
tic vector, corresponding to 768 complex-valued 
symbols. In contrast, the digital semantic commu-
nication system generates 1536 bits per image, 
which are mapped to the same number of com-
plex symbols via 4-QAM modulation.

As shown in Fig. 4, the PSNR performance 
achieved by the three OFDM-based communica-
tion architectures on the image-transmission task 
is presented, where “Capacity” denotes the peak 
performance that the semantic encoder/decoder 
can achieve under ideal conditions without chan-
nel transmission.

Cliff Effect: In Fig. 4, the conventional “BPG 
+ LDPC” separate scheme experiences a classic 
cliff collapse: once the SNR drops below -1 dB, 
decoding fails and the PSNR falls to 12.445 dB. In 
contrast, both A-SemCom and D-SemCom archi-
tectures avoid this cliff effect. By jointly optimizing 
the source and channel through their semantic 
encoder-decoder, they maintain a usable image 

FIGURE 3. Overview of the proposed OFDM-based D-SemCom framework for image transmission.
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Fig. 3. Overview of the proposed OFDM-based D-SemCom framework for image transmission.

Common quantization methods include uniform quantization
and vector quantization (VQ). The former divides the feature
space into equal intervals for a simple and efficient encoding
but may result in large errors when handling high-dimensional
features. In contrast, VQ learns an optimized codebook to
minimize the quantization loss and improve the fidelity of
semantic reconstruction [10]. This discretization process is
not only a core technical difference from A-SemCom but
also serves as a foundational step for integrating semantic
information into digital communication pipelines.

At the physical layer, D-SemCom employs standard digital
modulation techniques to convert the quantized bitstream
into transmittable signals, unlike A-SemCom, which directly
modulates continuous semantic features. D-SemCom com-
monly uses classical schemes such as QAM and PSK, often
combined with OFDM to enhance the spectral efficiency and
resistance to interference. In recent years, AI-based intelligent
modulation approaches, such as neural network modulation,
have attracted considerable attention. These techniques can
automatically select optimal modulation strategies based on
channel conditions, data modalities, and task requirements,
significantly improving system adaptability and communica-
tion reliability [11].

In summary, by incorporating discrete quantization and
digital modulation mechanisms, D-SemCom not only ensures
effective semantic transmissions but also significantly en-
hances the system compatibility, deployability, and engineer-
ing feasibility. This marks a key distinction from A-SemCom.

C. Comparison Between Traditional Communication, A-
SemCom, and D-SemCom

Table I provides a comprehensive, multi-dimensional com-
parison of traditional communication, A-SemCom, and D-
SemCom, covering aspects such as core objectives, technolog-
ical foundations, noise robustness, spectral efficiency, system
flexibility, computational complexity, and typical application
scenarios. Traditional communication systems emphasize reli-
able bit-level transmissions based on modular designs involv-
ing source coding, channel coding, and modulation. However,
they often suffer from low spectral efficiency and limited
semantic awareness. In contrast, A-SemCom leverages end-to-
end deep learning techniques to directly transmit continuous
semantic information, such as speech and image features,
without explicit quantization or modulation. It offers some
advantages in terms of low latency and graceful performance
degradation under adverse channel conditions. Despite these
attractive features, it exhibits limited adaptability and often
requires task-specific customization. D-SemCom adopts a
hybrid architecture that integrates end-to-end learning with
discrete quantization and digital modulation. It supports the
transmission of discrete semantic information through bit-
streams, providing high compatibility with existing communi-
cation protocols and infrastructures such as 5G, and offering
scalability for future 6G networks. Although its multi-stage
processing increases in computational complexity, D-SemCom
demonstrates an improved scalability, a greater task flexibility,
and a robust performance under noisy channel conditions,
making it a compelling alternative to A-SemCom.

FIGURE 4. CIFAR-10 image reconstruction PSNR under different communication architectures.
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Fig. 4. CIFAR-10 image reconstruction PSNR under different communication architectures.

III. CASE STUDY: IMAGE TRANSMISSION IN DIFFERENT
COMMUNICATION ARCHITECTURES

Traditional communication systems adopt a modular design
that effectively decouples source encoding from physical-
layer transmission, providing strong system generality and
implementation efficiency. However, conventional receiver al-
gorithms such as least squares (LS) and linear minimum mean
square error (LMMSE) rely heavily on linear channel models
and statistical assumptions of noise. Consequently, they are
inadequate for handling the nonlinear interference and dy-
namic variations commonly encountered in real-world wireless
communication environments. To address these limitations,
this article designs a D-SemCom system based on OFDM
and proposes a bit-level semantic transmission network named
SANet. This network utilizes deep learning techniques to learn
the nonlinear mapping between received signals and semantic
bit-level targets, effectively mitigating the strong coupling
between the semantic encoder and specific channel conditions.
This approach enhances the system’s adaptability and semantic
recovery capability under complex channel environments. The
detailed network structure is shown in Fig. 3.

To evaluate the effectiveness of the proposed system, we
assess the image transmission quality of several communi-
cation architectures in the multi-user multiple-input multiple-
output (MU-MIMO) OFDM uplink UMi scenario provided
by the Sionna library [12]. The evaluation metric used is the
peak signal-to-noise ratio (PSNR). The communication system
is configured with 12 OFDM symbols, 96 subcarriers, and
adopts the “2P” pilot pattern. The system consists of four
users, each equipped with a single transmit antenna, and a
base station equipped with eight receive antennas. In the digital
system, 4-QAM modulation is used along with a 2-bit uniform
quantization. In the conventional separate system, BPG is
adopted for source coding, and a rate-1/2 LDPC code is used
for channel encoding. Both semantic communication systems
employ the same encoder and decoder architectures, which
are based on a six-layer Transformer backbone with 192-
dimensional embeddings, also using a multi-head self-attention

with 4 heads, and a multilayer perceptron (MLP) expansion
factor of 4 [13]. For SANet, the embedding dimension is set
to 256, using a multi-head self-attention with 4 heads, and
an MLP expansion factor of 2. All systems operate under
the same channel bandwidth ratio of R = 0.25 to ensure
a fair comparison. Under this configuration, each image in
the analog semantic communication system is encoded into
a 1536-dimensional semantic vector, corresponding to 768
complex-valued symbols. In contrast, the digital semantic
communication system generates 1536 bits per image, which
are mapped to the same number of complex symbols via 4-
QAM modulation.

As shown in Fig. 4, the PSNR performance achieved by
the three OFDM-based communication architectures on the
image-transmission task is presented, where “Capacity” de-
notes the peak performance that the semantic encoder/decoder
can achieve under ideal conditions without channel transmis-
sion.

Cliff Effect: In Fig. 4, the conventional “BPG + LDPC”
separate scheme experiences a classic cliff collapse: once the
SNR drops below -1 dB, decoding fails and the PSNR falls
to 12.445 dB. In contrast, both A-SemCom and D-SemCom
architectures avoid this cliff effect. By jointly optimizing the
source and channel through their semantic encoder-decoder,
they maintain a usable image quality even in the same low-
SNR regime.

Low Spectral Efficiency: Conventional separate architec-
tures rely on channel coding redundancy to combat noise. For
example, a rate-1/2 LDPC code requires 1 parity bit for every
1 bit of information, effectively halving the usable bandwidth
and significantly reducing the spectral efficiency. In contrast,
A-SemCom and D-SemCom systems leverage the strong
nonlinear fitting capability of deep neural networks to learn
noise-robust representations through the end-to-end training,
eliminating the need for explicit channel coding. Under the
same bandwidth, all symbols can carry meaningful semantic
information, resulting in a net information rate roughly twice
that of the separate scheme and a significant improvement in
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quality even in the same low-SNR regime.
Low Spectral Efficiency: Conventional sepa-

rate architectures rely on channel coding redun-
dancy to combat noise. For example, a rate-1/2 
LDPC code requires 1 parity bit for every 1 bit of 
information, effectively halving the usable band-
width and significantly reducing the spectral effi-
ciency. In contrast, A-SemCom and D-SemCom 
systems leverage the strong nonlinear fitting capa-
bility of deep neural networks to learn noise-ro-
bust representations through the end-to-end 
training, eliminating the need for explicit channel 
coding. Under the same bandwidth, all symbols 
can carry meaningful semantic information, result-
ing in a net information rate roughly twice that of 
the separate scheme and a significant improve-
ment in spectral efficiency.

PSNR Performance: Both A-SemCom and 
D-SemCom outperform the traditional separate 
coding scheme in terms of PSNR for image recon-
struction. Specifically, A-SemCom demonstrates 
stronger robustness under low SNR conditions, 
while D-SemCom achieves better reconstruction 
quality at high SNR. Moreover, the proposed SANet 
significantly enhances the PSNR performance of 
D-SemCom, further highlighting its advantages. 

Additionally, Fig. 5 presents the reconstructed 
images under different SNR conditions for both 
A-SemCom and D-SemCom systems with various 
receiver configurations. For comparison, both sys-
tems adopt traditional receivers “LS + LMMSE” 
and ideal receivers “Perfect CSI + LMMSE” as 
baselines. Additionally, the D-SemCom system 
includes the proposed semantic-aware receiver 
network SANet. The results show that under low 
SNR conditions , the reconstruction quality of tra-
ditional receiver methods degrades significantly, 
with severe blurring and distortion, particularly 
when D-SemCom uses “LS + LMMSE.” In contrast, 
the proposed SANet consistently demonstrates 
stronger robustness and higher reconstruction 
quality across all SNR levels. Notably, even under 
low and moderate SNRs, SANet is able to pre-
serve clear structural details and semantic con-
tours, verifying its high adaptability and strong 
robustness in non-ideal channel environments.

Open Issues and Future Directions
As SemCom continues to advance, the improve-
ment of its theoretical foundations, enhancement 
of security mechanisms, and effective integration 
with existing communication technologies have 
become critical challenges that hinder its prac-
tical deployment and sustainable development. 
This section focuses on these core issues and ana-
lyzes the significance of unified theoretical frame-
works, strengthened security mechanisms, and 
cross-technology integration in future research.

Theoretical Foundations and Standardization of SemCom
Current SemCom systems primarily rely on deep 
learning models to perform semantic representa-
tion, compression, and transmission. Although they 
have shown promising performance across vari-
ous tasks, the lack of a solid theoretical foundation 
remains a critical bottleneck. The inherent opacity 
and poor interpretability of deep models make it dif-
ficult to establish clear system models, performance 
boundaries, and a unified theoretical guidance for 
SemCom. To address this, it is essential to develop 

a unified and systematic theoretical framework that 
covers key components such as semantic modeling, 
representation compression, transmission mech-
anisms, and task-oriented decoding, while ensur-
ing compatibility with fundamental disciplines such 
as communication theory, information theory, and 
language processing. In parallel, standardization is 
urgently needed to define protocol structures, func-
tional interfaces, and performance evaluation met-
rics, thereby enhancing the generality, consistency, 
and scalability of SemCom systems.

Security and Privacy Protection in SemCom
SemCom leverages deep learning models to con-
struct end-to-end semantic encoding and decoding 
processes. However, the inherent opacity and high 
sensitivity of these models introduce new challeng-
es in security and privacy. Deep models are vulner-
able to adversarial perturbations, where attackers 
can manipulate transmission outcomes through 
subtle semantic-level modifications, leading to mis-
classification or semantic deception. Moreover, 
the highly condensed semantic features may 
inadvertently expose sensitive information such 
as user identity or behavioral intent, posing risks 
of model inversion and privacy inference. Future 
research should explore how to enhance model 
robustness against semantic interference, imple-
ment context-aware semantic consistency verifica-
tion at the receiver side, and dynamically regulate 
the extraction and exposure of sensitive semantics 
based on task context, thereby enabling secure 
and trustworthy SemCom in open environments.

Integration of SemCom with Emerging Technologies
SemCom focuses on task-oriented information 
transmission, emphasizing semantic meaning over 
bit-level fidelity. However, it still faces practical 
challenges in dynamic environment adaptability, 
wide-area accessibility, multi-user resource allo-
cation, and efficient spectrum utilization, which 
hinder its large-scale deployment. To address 

FIGURE 5. Performance comparison of different transmission schemes under varying SNR 
conditions.
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Fig. 5. Performance comparison of different transmission schemes under varying SNR conditions.

spectral efficiency.
PSNR Performance: Both A-SemCom and D-SemCom

outperform the traditional separate coding scheme in terms
of PSNR for image reconstruction. Specifically, A-SemCom
demonstrates stronger robustness under low SNR conditions,
while D-SemCom achieves better reconstruction quality at
high SNR. Moreover, the proposed SANet significantly en-
hances the PSNR performance of D-SemCom, further high-
lighting its advantages.

Additionally, Fig. 5 presents the reconstructed images under
different SNR conditions for both A-SemCom and D-SemCom
systems with various receiver configurations. For comparison,
both systems adopt traditional receivers “LS + LMMSE”
and ideal receivers “Perfect CSI + LMMSE” as baselines.
Additionally, the D-SemCom system includes the proposed
semantic-aware receiver network SANet. The results show
that under low SNR conditions , the reconstruction quality of
traditional receiver methods degrades significantly, with severe
blurring and distortion, particularly when D-SemCom uses
“LS + LMMSE”. In contrast, the proposed SANet consistently

demonstrates stronger robustness and higher reconstruction
quality across all SNR levels. Notably, even under low and
moderate SNRs, SANet is able to preserve clear structural
details and semantic contours, verifying its high adaptability
and strong robustness in non-ideal channel environments.

IV. OPEN ISSUES AND FUTURE DIRECTIONS

As SemCom continues to advance, the improvement of its
theoretical foundations, enhancement of security mechanisms,
and effective integration with existing communication tech-
nologies have become critical challenges that hinder its prac-
tical deployment and sustainable development. This section
focuses on these core issues and analyzes the significance of
unified theoretical frameworks, strengthened security mecha-
nisms, and cross-technology integration in future research.

A. Theoretical Foundations and Standardization of SemCom

Current SemCom systems primarily rely on deep learning
models to perform semantic representation, compression, and
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these limitations, future research should explore 
the integration of SemCom with emerging tech-
nologies such as non-orthogonal multiple access 
(NOMA) [14], reconfigurable intelligent surface 
(RIS), and non-orthogonal superimposed pilot 
(NOSIP) [15]. NOMA improves multi-user concur-
rency by enabling efficient resource sharing across 
overlapping users and tasks. RIS allows for dynamic 
reconfiguration of the wireless propagation envi-
ronment, thereby enhancing signal quality and 
semantic decoding accuracy. In addition, NOSIP 
increases the utilization efficiency of resource grids, 
effectively improving system goodput in band-
width-constrained scenarios. Through coordinated 
optimization with these technologies, SemCom is 
expected to overcome current performance bottle-
necks and support scalable deployment in complex 
and heterogeneous network environments.

Conclusions
This article investigates the development trajecto-
ry of SemCom and systematically compares the 
architectural designs and key characteristics of tra-
ditional communication, A-SemCom, and D-Sem-
Com. To address the limitations of A-SemCom 
in terms of system compatibility and flexibility, a 
D-SemCom system architecture based on OFDM 
is proposed to enhance adaptability in practical 
communication environments. Building on this 
architecture, a bit-level semantic transmission net-
work, SANet, is introduced to establish a nonlinear 
mapping from received signals to bit-level seman-
tic targets, thereby achieving effective decoupling 
between semantic encoder/decoder and specific 
channel conditions. Experimental results show that 
SANet significantly outperforms traditional decod-
ing methods in terms of semantic reconstruction 
error, demonstrating a strong transmission perfor-
mance and robustness. Finally, this article presents 
a forward-looking discussion on the future develop-
ment of SemCom, focusing on ongoing challenges 
including the unification of theoretical frameworks, 
the enhancement of security and privacy mech-
anisms, and the deep integration with advanced 
communication technologies.
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