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ABSTRACT 

This deliverable of WP4 (D4.1) outlines foundational concepts and advanced methodologies 
for semantic encoding and decoding, enabling efficient and robust Semantic Communication 
(SemCom) within the emerging 6G wireless systems. The report includes key principles of 
SemCom and presents state-of-the-art machine learning-based techniques for semantic 
extraction, semantic similarity approximation, and multi-modal SemCom. The key 
contribution of this deliverable, is a hybrid Non-Orthogonal Multiple Access (NOMA) 
framework for resource allocation in scenarios with both semantic and bit users based on 
their channel gains, proposing optimized power allocation and adaptive decoding strategies 
for Spectral Efficiency (SE) enhancement. In slots including heterogeneous users, the 
framework allows bit user to first decode its signal by treating the semantic signal as 
interference and subsequently semantic signal is decoded without interference. Some key 
challenges and potential future avenues in SemCom are also discussed.  
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Executive Summary 

This report provides the first deliverable of Work Package 4 (WP4) “Novel Design of Semantic 
Encoder and Decoder” and presents a comprehensive report on the design and principles 
underlying semantic encoding and decoding, for efficient integration into evolving 6G 
wireless systems. 

The document begins by establishing the foundations of SemCom, outlining its theoretical 
concepts such as semantic channel capacity and the nature of semantic noise and errors, 
which significantly differ from conventional bit-level communication paradigms. A clear 
classification of SemCom systems is presented, highlighting its applicability in multi-modal 
Task-Oriented Communication (TOC) systems and satellite networks for real-world scenarios 
relevant to next-generation communications. The advantages of employing TOC in SemCom 
are summarized. A framework of TOC multi-modal system is also designed. The reason why 
SemCom can help improve the performance of satellite communication is clearly illustrated. 
What is more important, a potentially practical satellite communication system based on 
SemCom technique is presented. 

The state-of-the-art techniques based on machine learning for semantic features extraction, 
encoding, transmission, and decoding are widely discussed. A detailed discussion about Deep 
Learning (DL) based SemCom system, namely DeepSC is done with particular focus on 
performance metrics of semantic similarity. For estimating the semantic similarity between 
the transmitted and reconstructed messages, a generalized logistic function approximation 
is adopted via data regression on DeepSC outputs for practical deployment in multi-modal 
SemCom systems. These methodologies are shown to greatly improve Spectral Efficiency 
(SE) through optimal resource allocation and minimal semantic distortion. Furthermore, the 
superiority of conventional Bit-based Communication (BitCom) in recovering the signal with 
exact accuracy at higher transmit power values is discussed, calling for a mechanism 
supporting heterogeneous semantic and bit users for performance enhancement in next-
generation communication networks. Non-Orthogonal Multiple Access (NOMA) is 
also regarded as a promising approach to enable such networks offering higher flexibility and 
overall performance. 

One of the significant contributions of this deliverable is the proposed integration of 
SemCom into a hybrid NOMA system, enabling a common radio resource to support both 
semantic and conventional bit-based users simultaneously. Semantic users are modelled 
using DeepSC equipped with pre-trained neural networks. For the proposed framework, at 
most two users share the same time-frequency resources dynamically for each time 
slot based on real-time channel conditions, merging stronger and weaker users without any 
fixed ordering. For this, the document provides a detailed system model, specifying 
innovative power allocation strategies and user detection techniques. More specifically, an 
optimization problem constraining on the available power is formulated to optimally allocate 
power among the heterogeneous users for maximizing the ergodic semantic SE following an 
innovative pairing strategy and bit-to-semantic decoding order in time slots with both types 
of users. In such slots, the bit user first decodes its own signal while treating the semantic 
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signal as interference. Afterward, the receiver decodes the semantic signal without residual 
interference. For the scenario when both semantic users are paired, channel reconstruction-
based Successive Interference Cancellation (SIC) is deployed where the stronger signal is 
reconstructed by reversing the channel impairments until a target semantic similarity is 
achieved. Subsequently, this reconstructed signal can be subtracted from the received signal 
to decode the weaker semantic user’s signal in an interference free manner. Simulations 
confirm the effectiveness of the proposed hybrid NOMA heterogeneous users setup under 
dynamic channel conditions. 

The document refers to substantial challenges moving ahead in SemCom, such as handling 
diverse data types in multi-modal communication, semantic-aware resource allocation, and 
integration into resource-constrained environments. It further outlines future research 
directions, such as semantically enhanced pinching antennas, AI-native air interfaces, and 
energy-efficient system designs to improve SemCom’s overall performance towards the 
transformative realization of 6G networks. 
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1 Introduction 

This deliverable presents a progression towards the state-of-the-art work on semantic 
encoders and decoders. Specifically, we outline the key developments, persistent challenges, 
and potential research opportunities in the evolution of Semantic Communication (SemCom). 
Future general plan on how to further efficiently deploy SemCom in next-generation wireless 
networks is also provided in this deliverable. 

Over the past few decades, mobile communication technology has evolved significantly, 
progressing from 1G in the 1980s to the recently commercialized 5G, with each generation 
introducing transformative advancements [1]. As wireless technologies continue to improve, 
the number of applications, connected users, and intelligent devices has grown substantially 
and is expected to rise even further in the coming years. Moreover, the current 5G cellular 
technology fails to meet the latency, reliability, and scalability requirements in 6G relevant 
scenarios. To meet the higher demands, there is an increasing need for more intelligent and 
efficient communication systems that can accommodate diverse Quality-of-Service (QoS) 
requirements while effectively managing limited network resources and infrastructure 
constraints [2]. With ongoing technological advancements, modern communication devices 
are becoming more context-aware and capable of intelligent decision-making. Projections 
suggest that by 2030, more than 125 billion reasoning capable devices will be connected 
through the Internet [1]. Researchers have also corroborated that the current communication 
systems are approaching the physical-layer limits proposed in Shannon’s Classical 
Information Theory (CIT) [1]. With this, the conventional techniques would no longer be 
beneficial to meet such surging and diverse QoS needs within the limited communication 
resources. This necessitates a major transformation from basic digital connectivity to 
intelligent, meaning-driven network for facilitating the extensive exchange of data, and 
ultimately paving the way for SemCom. The underlying meaning of transmitted information 
is primarily the focus of SemCom [3], differing from the mere raw data exchange in traditional 
communication. With the aid of certain neural network architectures, advanced SemCom 
techniques work by extracting only the most important features of any message for its 
semantic reconstruction, and avoid the rest of details for an enhanced SE. 

Researchers have now shifted focus towards attaining real-world performance demands for 
the 6G standard with the aim of transmitting contextual meaning instead of raw bits through 
the air. This meaningful data will be crucial for intelligent and reasoning-driven devices to 
operate effectively for the task required. For instance, the emerging satellite-terahertz links 
for broadcasting immersive streams to viewers [4], remote robotic surgery where the tactile 
feedback streams [5] must traverse within Ultra Reliable and Low Latency Communication 
(URLLC) precision, and the vehicle-to-everything communication while avoiding channel 
congestion [6]. Each of these use cases highlights the importance of transmitting only the 
task-critical meaning of the data, rather than its complete bit-level representation, to keep 
spectral usage, latency, and energy within acceptable budgets. These examples demonstrate 
the overarching demands of URLLC and congested device densities surpassing existing 
spectral provisions [7].  Classical link-level improvements have started to saturate with the 
approaching Shannon limit.  Instead of stretching the physical layer, SemCom tackles 6G 
bottlenecks by eliminating symbols that are of no utility to the end task, reducing contention 
and allowing for more users. Essentially, semantic encoding reframes the communications 
problem to this resource-aware viewpoint by judiciously selecting few bits necessary for 
accurate semantic reconstruction [8]. 
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Historically, communication was categorized into three levels, namely the technical level 
focusing on transmission of symbols (covered widely in traditional communication), semantic 
level, and the semantic-effectiveness level [8]. Traditional communication models, based on 
Shannon's probabilistic model, emphasize Bit Error Rate (BER) and channel capacity. 
Shannon’s CIT relies on the mutual information in the entropy domain which is linked to the 
technical level, while overlooking the semantic and effectiveness levels. However, in many 
contemporary applications, especially those involving human–machine interaction and 
context-aware systems, the meaning behind the data is of paramount importance. This shift 
marks a departure from traditional communication models to meet the emerging demands 
of next-generation technologies, such as 6G and intelligent networked systems [1], [9]. The 
shift towards meaning-centric transmission is not completely new as in 1948, Shannon 
deliberately isolated the ''technical'' problem in his formulation of 1948. Weaver soon 
indicated semantic and effectiveness levels, although they remained hard to quantify [10]. A 
few years later, Bar-Hillel and Carnap presented the first logic-based quantification of 
semantic information, incorporating meaning into communication models [11]. Today’s 
work on semantic encoders and decoders can be viewed as the follow-up of that tradition 
SemCom model, combining both link-level constraints and contextual value for developing 
heterogeneous-user communication schemes [12]. Researchers have made significant 
efforts incorporating the semantic and effectiveness level withing the classical Shannon’s 
theory. One such efforts yielded a language model for extracting and estimating the 
semantic content from a collection of sentences [13], [11]. This provided the initial approach 
to quantify the semantic content, but lacked the accuracy of truthfulness or intent behind the 
transmission of data. For accurate semantic communication to occur between the sender and 
receiver, it was therefore inevitable to include the actual meaning and context in semantic 
transmission. This was achieved by the strong semantic information theory [14] which 
quantified the degree of discrepancy to better incorporate truth values in SemCom. Further 
advancements in SemCom models resulted in a collective framework comprising of a world 
model, background knowledge, inference, and message interpretation. With this shift 
towards the contextual meaning, SemCom is becoming crucial for designing intelligent 
systems. 

With the shift towards semantic encoding and decoding, communication protocols are 
becoming more efficient in allocating resources through extracted semantic features for an 
improved overall performance even under unfavourable network conditions [15]. Moreover, 
studies suggest that SemCom offers superior performance in low Signal-to-Noise Ratio (SNR) 
conditions [14], where traditional Bit-based Communication (BitCom) becomes susceptible 
to noise. At higher SNR regimes, SemCom yields diminishing performance suggesting that it 
should be complemented with traditional Shannon communication for an enhanced overall 
performance [16]. The integration of semantic and bit-based communications within the 
same network defines heterogeneous users communication, where different users benefit 
from different approaches. But this integration of both types of communication, however will 
come with new design challenges. Particularly, implementation of interference mitigation 
strategies like SIC, becomes more complicated in scenarios with joint semantic and bit-based 
signals sharing the same communication resource. This is mainly due to the fact that 
semantic signals require pre-trained neural networks at both the transmitters and receivers 
for ensuring reliable reconstruction of the intended message [17]. 
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1.1 Foundations of SemCom 

Although Shannon first used the word “semantic” in his theory, but it lacked the interest of 
researchers during that time when the focus was on attaining high data rates. For that, CIT 
defines information based on entropy which is a measure of the uncertainty reduction in 
communication. As the Shannon’s model was not taking into consideration the meaning of 
information, inefficiencies were recorded for the said model in context-aware, Artificial 
Intelligence (AI)-driven, and task-specific communication scenarios. Bar-Hillel in 1952 
addressed this gap, by introducing a theoretical perspective on semantic information that 
focuses on the significance of conveyed meaning rather than the exact reproduction of raw 
symbols at the receiver [13]. In other words, semantic encoding transmits data based on its 
contextual intended meaning, thereby compressing the original message comprising of bit 
patterns. Consider the spoken command “Turn on the living-room light”. In classical BitCom, 
every word (or text character) needs to be decoded perfectly at the decoder. However, in a 
semantic link, the receiver is only concerned with the recovery of the intent (action = activate, 
device = light, location = living-room). If background noise corrupts “living-room” into 
“l·ving-room” the semantic decoder can still map the token to the same intent, keeping 
semantic uncertainty low while bit-level uncertainty grows. Related to this example, [18] 
illustrates that SemCom is more resilient to symbol noise. 

Building on Shannon’s model, Weaver proposed an extension that highlighted the 
importance of semantic accuracy in communication, underscoring that the interpretation of 
messages can be just as critical as their error-free delivery [11]. Over time, researchers have 
developed additional metrics focusing on freshness of data at the receiver and are becoming 
indispensable in cyber-physical networks. Most prominent one is the Age of Information (AoI), 
which prioritizes time-sensitive and contextually relevant data over raw data rates [19]. 
Unlike traditional approaches prioritizing throughput, AoI emphasizes the prompt delivery of 
updates pertinent to specific tasks (e.g., sensor readings or haptic feedback). SemCom strives 
to reduce the AoI of meaningful symbols rather than mere bits. This alignment supports the 
objectives of 6G, including sub-millisecond URLLC and remote actuation. The AoI provides a 
measure of the freshness of data at any particular network node by measuring the amount of 
time that has elapsed since the last update was generated and received. By focusing on the 
meaning and timeliness of information, early research laid the foundational strategies for 
modern SemCom that aim to achieve a balance between reliability and efficiency within 
increasingly complex wireless networks. 

Understanding the concepts of meaning and relevance of transmitted data become useful in 
building upon the CIT for SemCom and defining semantic entropy, Task-Oriented 
Communication (TOC), and semantic effectiveness. SemCom at the semantic level broadly 
considers two major aspects, the content semantics and channel semantics [1]. The former 
deals with the detection and extraction of pertinent information from the transmitted data 
and involves two reasoning approaches, namely explicit reasoning and implicit reasoning, as 
given in Table 1. The first one relies on structured Knowledge Bases (KBs) and predetermined 
set of rules, while the latter utilizes Deep Learning (DL) models and Transformer-based 
architectures for extracting and interpreting the semantics in data. 
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Table 1: Explicit versus implicit semantic reasoning and their deployment trade-offs 

Aspect Explicit Reasoning Implicit Reasoning 

Typical knowledge source Curated ontologies and 
formal rules (rule-based) 

Data-driven latent 
representations (DL-based) 

Inference mechanism Symbolic logic, graph 
traversal, rule chaining 

Gradient-based neural 
inference, learned vectors 

Strengths High interpretability and 
consistency, low data 
demand 

Automatic feature learning, 
scalability to unstructured 
data 

Limitations Brittle to unseen patterns, 
manual rule upkeep 

Opaque decisions, large 
training data and compute 

Example application Regulated industrial IoT 
where safety rules must be 
auditable 

Multimodal XR streaming 
with real-time context 
adaptation 

 

The common background or context shared between the transmitter and receiver in any 
SemCom system is referred to as the KB. Consider, for example, a smart factory floor with 
hundreds of power-constrained sensors reporting the status of the machines. By pre-
installing the same lightweight ontology in each node and at the edge gateway, each sensor 
reports a minimal semantic tuple conveying its state. Using the shared KB, the gateway 
instantly triggers the appropriate control action when a predefined condition is satisfied. 
Without the KB, each packet would require a lengthy self-description, inflating payload size 
and latency. This shows why tightly aligned KBs are pivotal for low-latency SemCom in dense 
Internet of Things (IoT) settings [20]. The second key component which is channel semantics, 
largely focuses on the characteristics influencing the semantic encoding process, like the 
wireless channel conditions and environmental factors, including Channel State Information 
(CSI) and the effects of surrounding noise. This requires adaptive coding schemes that can 
adjust under varying network conditions. Together, these components form the foundation 
SemCom strategies that not only compress data by transmitting only its core meaning but 
also adapt to network dynamics, making them well-suited for practical, large-scale 
applications. 

1.2 Classification of SemCom 

Authors in [21] classified SemCom into two types based on network topology, namely paired 
SemCom, and network SemCom. For attaining improved reliability, ultra-high transmission 
efficiency, and compatibility, paired SemCom is deployed which involves direct interaction 
between any two participating agents. The two sharing agents mutually learn through the 
KBs and achieve an "understand-before-transmit" capability, extracting and sending only the 
core semantic content through semantic-level reasoning. Networked SemCom, on the other 
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side involves more than two agents constituting a network with shared objectives and where 
each agent collaboratively shares to and learns from multiple agents. This flexible approach 
enables several intelligent modern era applications, like digital twins, virtual reality, 
autonomous vehicles, and the Metaverse. 

1.3 Semantic Channel Capacity 

The semantic channel capacity represents the limit of SemCom in the presence of noise, 
allowing for a transmission rate with minimal semantic errors within this limit. Analogous to 
bits in traditional communication, the semantic units (suts) quantifies the amount of 
conveyed meaning by a message for serving specific task (goal of communication) at the 
receiver [22] and acts as the cornerstone of SemCom. The semantic information is 
understood prior to transmission, and the semantic encoder generates messages based on 
defined strategies (common KB) by extracting features based on the required task. For 
transmission over the channel, the encoded messages in the forms of words are typically 
mapped to symbols carrying features rather than raw bits. According to the Semantic 
Channel Coding Theorem [22], minimizing semantic errors in a discrete memoryless channel 
requires both a defined channel capacity and an appropriate coding strategy. The effective 
capacity is shaped by factors such as inherent semantic ambiguity, the receiver’s ability to 
interpret the message, and the common background knowledge shared between the sender 
and receiver. In essence, by carefully balancing these factors and using specialized algorithms 
for semantic encoding and decoding, one can ensure that the communication system 
minimizes semantic errors and maintains high efficiency, even when the underlying 
engineering channel operates at a low capacity. 

The rate at which semantic information is transmitted with a prescribed accuracy is referred 
to as the semantic rate, which depends on the semantic similarity function 𝜖(𝐾, 𝛾) with value 
ranging between zero and one [16]. This function quantifies the resemblance between 
original signal at the transmitter and reconstructed one at the receiver. For 𝜖(𝐾, 𝛾)→1, the 
signal will increasingly resemble the original bit-based signal rather than its reconstructed 
semantic counterpart [3]. As expressed in [16], the semantic rate for any semantic user is 
given as 

𝑅!(𝐾, 𝐿) =
"#
$%
𝜖(𝐾, 𝛾),                                                              (1) 

where W is the channel bandwidth, 𝐼  is the amount of semantic information in any 
transmitted message in units of semantic (suts), 𝐾  represents the average number of 
semantic symbols transmitted for each word through deep learning based DeepSC system 
[3], 𝛾  represents the received SNR, and 𝐿  denotes the number of words. The resulting 
𝑅!(𝐾, 𝐿) is therefore measured in units of suts/s/Hz. The DeepSC system consists of semantic 
encoder/decoder and channel encoder/decoder, equipped with neural networks for semantic 
features extraction from the transmitted and received text [3] The reason for deploying 
DeepSC is that it offers a clear robustness for accurate semantic reconstruction when 
compared with other benchmarks for sample sentence transmission over fading channels as 
in Table 2. Moreover, the sentence similarity offered by DeepSC is more human-friendly to 
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perceive as it is based on extracted meaning for a specified task [3]. On these grounds, we 
adopt DeepSC in the design approach for heterogeneous multi-user networks in the 
following section. 

Table 2: Received sentences via different encoding schemes over Rayleigh fading channels at SNR of 
18 dB 

Transmitted sentence it is an important step towards equal 
rights for all passengers. 

DeepSC it is an important step towards equal 
rights for all passengers. 

JSCC it is an essential way towards our 
principles for democracy. 

Huffman + Turbo coding rt is a imeomant step tomdrt equal rights 
for atp passurerrs. 

Huffman + RS coding it is an important step towards ewiral 
rlrsuo for all passengess. 

Bit5 + Turbo coding it is an yoportbnt ssep sowart euual qighd 
fkr ill passeneers. 

Bit5 + RS coding it iw an ymp!rdbnd stgo to!latds eq.al 
ryghts dkr alk pasengers. 

 

Unlike Shannon’s capacity, the semantic channel capacity is dependent on the shared 
knowledge base (KB) between the transmitter and the receiver which ultimately reduces the 
communication resources [22]. This forms an upper-bound based on the accurate features 
interpretation (meaning) at the receiver, instead of mere bit throughput as in Shannon’s 
capacity which depends on the transmit SNR. This difference reflects a shift in the 
communication objective from reproducing the exact or approximate message to that of 
accurate interpretation of that message at the receiver, aligning meaning with the sender’s 
intent [22]. Consequently, semantic capacity saturates once the intended meaning is 
recoverable under a given KB. 

1.4 Semantic Noise and Errors 

Sematic noise refers to the disturbance in the intended meaning of any message according 
to its context, which presents further challenges differing from conventional engineering 
communication. Such noise can stem due to the mistranslations between languages, cultural 
misunderstandings, or mistakes in unit conversions. Unlike traditional bit-level errors, 
discrepancies in meaning are more complex to detect and resolve. This “semantic noise” can 
lead to errors that are challenging to quantify and correct [19]. Semantic errors can be 
categorized into two types: a) unsoundness which arises when the message that is 
transmitted contains the truth but is misunderstood by the recipient, thus signifying a 
departure from the intended significance; b) incompleteness which results from a failure to 
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accurately convey the intended meaning when the transmitted message is incorrect, but the 
received message is genuine. 

1.5 SemCom in TOC 

Conventional communication systems have typically concentrated on the first level of 
communication [8], with separate design and optimization of components such as 
transmitters, receivers, encoders, and decoders based on various transmission goals. A 
significant breakthrough occurred when researchers parameterized encoders and decoders 
using Convolutional Neural Networks (CNNs) and implemented joint training approaches 
[23]. This development marked a paradigm shift toward DL-enabled communication models. 
Building upon this foundation, DeepSC emerged as a pioneering DL-based semantic 
communication system that specifically targets the second level of communication by 
focusing on semantic meaning recovery [3]. TOC represents an even more advanced level of 
communication, where the primary objective is to convey only task-relevant information 
while minimizing redundancy [24]. This approach requires establishing a shared KB between 
communicating parties and implementing joint training methods. The benefits of TOC are 
manifold, including improved communication efficiency through reduced data transmission 
and enhanced privacy protection by transmitting representative features instead of raw data. 
However, practical implementation of TOC systems faces significant challenges, particularly 
regarding computational resource limitations in edge devices [25]. While devices with 
powerful graphics processing units can leverage large neural networks for optimal 
performance, resource-constrained devices such as unmanned aerial vehicles, mobile phones, 
and wearable sensors require more efficient computational methods. Another critical 
challenge in TOC systems involves handling diverse task complexities [26]. Different tasks, 
and even different instances within the same task category, can vary substantially in their 
computational demands. Current TOC models generally lack the capability to automatically 
recognize and adapt to varying task complexities, resulting in inefficient computation 
resource allocation. This limitation becomes particularly apparent in applications like image 
classification, where some samples may be straightforward to process while others require 
significantly more computational effort. 

TOC inherently involves a trade-off between correctness and compactness [24]. Several 
theoretical frameworks have been developed to understand and optimize this trade-off. The 
Variational Information Bottleneck (VIB) has been proposed as a theoretical upper bound for 
analyzing the rate-distortion trade-off in DL-enabled communication methods [27]. 
Subsequent research introduced the Robustness of the Information Bottleneck (RIB) concept 
to improve communication robustness against channel variations [28]. The theoretical 
framework has been further extended to multi-task [29] and multi-device scenarios [30], 
demonstrating the versatility of the approach. These diverse approaches highlight the ongoing 
innovation in developing TOC systems. 
Resource allocation optimization has attracted significant research interest for improving 
semantic and TOC systems. Several innovative metrics and approaches have been proposed, 
including semantic SE for optimizing channel assignment and semantic symbol transmission 
[16]. Joint optimization of compression ratios and resource allocation has been investigated 
to maximize task success probability [31], while semantic-bit quantization has been 
introduced to combat semantic noise and enable non-guided adaptive resource allocation 
[32]. However, these studies primarily focus on allocating channel resources among multiple 
users at the semantic level, with computation resource allocation in neural network-based 
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SemCom and TOC models receiving comparatively less attention. Dynamic neural networks 
have emerged as a promising solution, offering robust representational capabilities and 
enhanced interpretability [33]. These networks can be broadly categorized based on their 
dynamic architectures, with dynamic depth being one prominent example. The flexibility and 
adaptability of dynamic neural networks make them particularly suitable for the evolving 
demands of semantic and TOC systems. 

1.6 SemCom in Satellite Networks 

The convergence of SemCom and AI is driving a paradigm shift in satellite communications, 
offering transformative solutions to long-standing challenges. Traditional satellite systems 
struggle with constrained bandwidth, harsh propagation conditions, and limited onboard 
processing capabilities, particularly in emerging 6G non-terrestrial networks. SemCom 
addresses these limitations through intelligent information prioritization, where only the 
most relevant data features are extracted and transmitted rather than raw bitstreams. This 
fundamental shift from syntactic to semantic transmission yields two key advantages: 
significantly reduced bandwidth requirements and improved resilience to channel 
impairments, particularly in low Signal-to-Interference-plus-Noise Ratio (SINR) scenarios 
common in satellite links. In addition, SemCom frameworks can define tailored performance 
metrics for various data formats and fuse multimodal information into compact, high-level 
representations. Critical enabling technologies include Joint Source-Channel Coding (JSCC) 
for integrated and efficient encoding, as well as generative AI techniques such as diffusion 
models that not only produce data ideally suited for semantic-driven transmission but also 
offer strong resistance to channel impairments. Furthermore, these diffusion-based models 
can adaptively equalize the channel more effectively than traditional neural networks. Finally, 
adaptive deep semantic strategies enable real-time adjustments to compression and 
transmission processes, optimizing resource usage even under stringent satellite link 
constraints. Taken together, these innovations point toward a more robust, bandwidth-
efficient, and intelligent satellite communication ecosystem. 

Inspired by the existing literature, we propose a satellite communication system based on the 
semantic relay and semantic encoder/decoder. The shared KB design is vital for the SemCom 
system. However, it is difficult for the transmitter and the receiver to own the exactly same 
KB in the satellite communication scenario because of the wide coverage area and the large 
amount of nodes. Another challenge brought by the giant network is the severe cascaded 
fading. To overcome these two difficulties, the semantic relay satellite nodes and KB 
coordinator satellites [34] can be used as illustrated in Figure 1. The JSCC encoder and the 
semantic encoder are employed at the transmitter. The transmitted signal can be enhanced 
semantically based on the shared KB at the relay satellite. 

 

Figure 1: Illustration of the semantic satellite relay communication system [29]. 
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A challenge brought by this SemCom-based satellite systems lies in ensuring KB consistency 
across spatially distributed and mobile nodes, due to the wide coverage area and the large 
number of satellites and terminals. To address this, dedicated KB coordinator satellites are 
introduced into the architecture. These satellites act as control nodes that manage and 
synchronize knowledge updates across the network. Specifically, they maintain a global KB 
version and periodically broadcast KB update vectors or deltas to relay nodes and user 
terminals. Potentially and technically, this can be achieved through a combination of 
semantic hash indexing and federated learning techniques. Semantic hash indexing enable 
lightweight consistency checks to verify KB alignment across nodes. Federated learning can 
assist this by local updates from satellites or ground terminals are aggregated and 
harmonized at the KB coordinator before redistribution. 

Recent advances demonstrate the practical implementation of SemCom principles across 
various satellite architectures. For Earth observation systems, semantic-aware frameworks 
incorporating quality-of-service constraints have achieved 35% reductions in transmission 
latency while maintaining critical data integrity [35]. These systems employ hybrid 
optimization techniques combining metaheuristic algorithms with matching theory to 
dynamically allocate limited satellite resources. In Low Earth Orbit (LEO) constellations, 
semantic routing protocols have shown particular promise by incorporating KB compatibility 
into forwarding decisions [36]. Unlike conventional approaches where the focus is solely on 
link metrics, these semantic-aware strategies reduce end-to-end delays by 40% through 
intelligent data prioritization and redundant transmission elimination. 

The integration of semantic techniques with advanced physical layer technologies further 
enhances system performance. The combination with Orthogonal Time Frequency Space 
(OTFS) modulation, for instance, addresses the severe Doppler effects characteristic of LEO 
satellite channels while maintaining semantic transmission efficiency [37]. Experimental 
results demonstrate this hybrid approach delivers 2.1 times the SE of traditional OTFS 
systems. Generative AI represents another breakthrough, with foundation models enabling 
content-aware compression and reconstruction that reduces bandwidth requirements by up 
to 60% compared to conventional methods [38]. These models employ adaptive encoding 
mechanisms that dynamically optimize transmission parameters based on both semantic 
content and real-time channel conditions. 

Implementation challenges remain, particularly regarding KB synchronization across 
distributed satellite networks and standardization of semantic performance metrics. The 
proposed semantic relay architecture, incorporating dedicated coordinator satellites, offers 
a promising solution for maintaining consistency across wide coverage areas. Future 
developments are expected to focus on lightweight implementations suitable for resource-
constrained small satellites and cross-layer optimization strategies that harmonize semantic 
processing with existing network protocols. As these technologies mature, SemCom is 
poised to become a cornerstone of next-generation satellite networks, enabling more 
efficient and intelligent global connectivity solutions. 
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2 Advances in Semantic Encoding and Decoding 

Semantic encoding and decoding have evolved rapidly from the early transformer-based 
designs toward more adaptable and efficient models for specific tasks. DeepSC stands out to 
be the most well-validated model where the newer architectures widely relies on its core 
principles for enhancing efficiency. DeepSC preserves semantic fidelity even under low-SNR 
for the fading channels conditions and outperforms the conventional separate source-
channel designs [39]. Recent approaches aim at strengthening the neural network 
architectures for compact sentence-embeddings that lowers down the overall symbol usage 
without compromising on the semantic fidelity at the receiver. Multi-modal transformers 
extend the principles of semantic encoding to cross-domain settings for text, image, and 
other data types [39]. Parallel research explores generative AI models as semantic priors 
where large language models to improve semantic reconstruction at moderate SNRs with 
exceptional generalization ability to multi-modal SemCom [40]. Diffusion-based 
encoders, initially introduced for generating high-quality images, are now utilized in 
SemCom which enables progressive refinement when symbol budgets are small, or packets 
are partially decoded [41]. The iterative removal of noise due to the training process adopted 
in diffusion-based model effectively maintains the semantic fidelity at the receiver. Another 
promising approach is the KB or ontology-assisted SemCom, where both the transmitter and 
receiver exploit the shared knowledge graphs to mitigate errors at the symbolic level as 
discussed in [42]. More specifically, by representing domain-specific knowledge through 
ontologies, SemCom enables the receiver to reconstruct the corrupted information. 
Moreover, techniques like pruning, quantization, distillation, and unified decoders make 
SemCom feasible choice for lightweight devices with low-computing and memory [43]. 
These advances result in higher semantic accuracy making them directly relevant to the 
hybrid NOMA framework, where DeepSC assisted network supports heterogeneous users 
pairing and power allocation for enhancing semantic SE. Table 3 highlights some key recent 
advancements in semantic encoding. 

Table 3: Comparative advantages and limitations of recent semantic encoding schemes 

Model Advantages Typical Limitations 

DeepSC 
(Transformer JSCC) 
[39] 

High sentence-level and 
semantic similarity; robust under 
low SNR; end-to-end training 

Requires bulk of training 
data; large model size 

Sentence-BERT–
style JSCC [39] 

Smaller payload; high semantic 
fidelity 

Context loss in extreme 
compression 

LLM-driven 
SemCom [40] 

Strong generalization; improved 
reconstruction at moderate SNR; 
multimodal support 

High computational cost; 
model adaptation needed 

Diffusion-based [41] Robust to packets loss; 
perceptual quality preservation 

High latency for iterative 
decoding 

KB-based 
(Ontology-assisted) 
[42] 

Task relevance semantic 
accuracy; reduces ambiguity 

Requires domain-specific 
KB 
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Lightweight device 
[42] 

Low memory requirements; 
suitable for IoT and wearable 
devices 

Reduced capacity 

 

2.1 Machine Learning for Semantic Extraction and Transmission 

In recent years, DL has driven significant progress in SemCom strategies, particularly through 
DL-based Joint Source-Channel Coding (DLJSC). One prominent development is the DeepSC 
model, which leverages Bidirectional Encoder Representations from Transformers (BERT) 
and other Transformer-based architectures to capture and reconstruct semantic information 
more effectively [44]. Transformers process input sequence in parallel (requiring less time), 
making it highly efficient for training. BERT is a large pre-trained model trained on billions of 
sentences to extract semantic information. This enables its deployment suitability across 
various contextual scenarios by generating distinct semantic vectors for each. Techniques 
such as Sentence-BERT and DeepSC integrate encoders and decoders in a single training 
framework. By optimizing both components together, these methods achieve robust 
semantic transmission in challenging network conditions [9]. 

Figure 1 shows the jointly trained DL based transmitter and receiver in the DeepSC model. 
The transmitter comprises of semantic encoder and channel encoder, respectively 
responsible for extracting semantic content from the input data, and ensuring reliable 
transmission over the physical channel. Accordingly, the receiver consists of channel and 
semantic decoders for reconstructing the transmitted symbols and sentences, respectively. 
The training of transmitter and receiver is done with KB, which differs for various applications 
and data requirements. 

 

Figure 2: DL based SemCom using DeepSC model [3]. 

The reason why DeepSC (based on BERT) is heavily deployed in characterizing the 
performance of SemCom is that most of the other DL enabled approaches to extract 
semantic information are designed for specific tasks and require redesign whenever the task 
changes. Moreover, Natural Language Processing (NLP) enables machines to comprehend 
human language by using joint probability models that consider context. Consequently, 
language models leverage this contextual information to differentiate among words and 
phrases with similar meanings, even though they may fail in fully capturing syntactic details. 
To ensure DeepSC is applicable to different communication environments, Transfer Learning 
(TL) is deployed which is a machine learning technique by which knowledge learned from one 
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(previous) task is used for a second (future) task [45]. For the above reason, the DeepSC 
model leveraging TL has been introduced to as a universal tool to generate word vectors for 
a broad array of NLP tasks without necessitating any further redesign. 

Since its proposition for text communication [3] where it outperformed conventional 
methods, researchers have been putting efforts to utilize DL based SemCom for different 
scenarios. DeepSC has been extended for multi-user text transmission in [46] using dedicated 
flag vectors instead of CSI feedback, and with uniform time and energy consumption even 
for increasing number of users. Authors of [47] utilized DeepSC for speech transmission using 
text-related features which reduces data transmission, and the speech is synthesized back by 
feeding the text and sender information into neural network. Image transmission using 
SemCom has been studied in [48] with the aid of DL based classifier and diffusion model, and 
this approach is extended for video transmission by converting videos into frames [49]. 

2.2 Semantic Similarity Function and its Approximation 

The basic model of DeepSC consists of semantic and channel encoders/decoders, which are 
empowered by neural networks [3]. Basically, these neural networks at the DeepSC 
transmitter extracts the semantic features from the sentence for transmission and maps 
them to semantic symbols. The channel decoder and semantic decoder at the DeepSC 
receiver recover the original sentence. Let us denote the transmitted and recovered 
sentences by 𝐬 and 𝐬-. Let us denote the semantic similarity between 𝐬 and 𝐬- by 𝜂(𝐬, 𝐬-), and 
use the cosine similarity to measure it which ranges from 0 to one, where a higher value 
means higher similarity. Cosine similarity is one of the NLP techniques for approximating how 
similar two word/sentence vectors are and defined as the dot product of the vectors divided 
by the product of their magnitudes. 

In the context of text semantic transmission, traditional metrics like BER is unable to provide 
an accurate reflection of performance. Instead of relying solely on human judgment to gauge 
the similarity between sentences, the Bilingual Evaluation Understudy (BLEU) score is 
commonly used in machine translation. However, the BLEU primarily measures differences 
at the word level, rather than capturing the underlying semantic meaning of the sentences. 
Thus, we can compute 𝜂(𝐬, 𝐬-) using the BERT model and estimate the match level or distance 
of semantic information between 𝑠 and 𝑠̂ using the cosine similarity metric. 

                                                      𝜂(𝒔, 𝒔-) = 𝑩(𝒔)𝑩(𝒔*)!

‖𝑩(𝒔)‖‖𝑩(𝒔*)‖
,	                                                        (2) 

The sentence-BERT model is represented by 𝐁(.), and 𝑇 denotes the transpose and is used to 
make the dimensions of 𝑠 and 𝑠̂ consistent for dot product. Note that 𝜂(𝐬, 𝐬-) depends on the 
neural network structure of DeepSC and channel conditions. Therefore, it can be expressed 
as a function of 𝐾 and 𝛾. 

𝜂(𝒔, 𝒔-) = 𝜖(𝐾, 𝛾),	                                                   (3) 

In practice, the closed-form expression of 𝜖(𝐾, 𝛾) is not available, so the generalized logistic 
approximation is adopted via data regression on DeepSC outputs. Specifically, for each 𝐾 the 
DeepSC tool is run over a grid of 𝛾 values to obtain empirical 𝜖(𝐾, 𝛾) samples. Running the 
DeepSC with varying values of 𝐾  and 𝛾 , 𝜖(𝐾, 𝛾)  was found to be monotonically non-
decreasing with 𝛾  [16]. Moreover, its gradient change increases first with γ and then 
decreases. This pattern suggests that the fitted curve for 𝜖(𝐾, 𝛾) should look like the sigmoid 
curve bounded in [0, 1].  A sigmoid function is a bounded, differentiable, real function that is 
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defined for all real input values and has a non-negative derivative at each point and exactly 
one inflection point. Authors in [12] deployed the data-regression method to tractably 
approximate the values of 𝜖(𝐾, 𝛾) by following the criterion of minimum mean square error 
for fitting the values with a generalized logistic function (common form of sigmoid function), 
as expressed by 

                                                         𝜖(𝐾, 𝛾) ≜ 𝐴𝐾,1 +
𝐴𝐾,2−𝐴𝐾,1

1+𝑒−!𝐶𝐾,1𝛾+𝐶𝐾,2"
,	                                  (4) 

The lower (left) asymptote, upper (right) asymptote, growth rate, and the mid-point 
parameters of the logistic function are respectively denoted by 𝐴$,3, 𝐴$,4, 𝐶$,3, and 𝐶$,4 for 
different values of 𝐾. The logistic function provides a differentiable and close approximation 
for tractable analysis and optimization as backed by the results in [12]. To ensure that 
semantic communication achieves desired accuracy at the receiver, 𝜖(𝐾, 𝛾)  must meet a 
minimum threshold 𝜖56 , below which the transmission will be treated as invalid. This is 
represented as                                  

                                                   𝜖$(𝛾) = 9𝜖(𝐾, 𝛾), 				 if 𝜖(𝐾, 𝛾) ≥ 𝜖56
0, 				  otherwise                                   (5) 

The approximated generalized logistic function depends explicitly on γ, while the effect of K 
is captured through the parameters 𝐴$,3, 𝐴$,4, 𝐶$,3, and 𝐶$,4. 

2.3 Multi-modal SemCom 

The evolution of SemCom has progressed from transmitting isolated words or images to 
integrating multiple modalities, such as text, images, audio, and video. This advancement 
has given rise to multi-modal SemCom systems, which are designed to handle and process 
diverse types of data and tasks. As illustrated in Figure 3, a typical multi-modal SemCom 
system involves several key steps: first, the collection of data from different modalities; next, 
a central fusion process that integrates these heterogeneous inputs into a unified semantic 
representation; and finally, the encoded semantic message is distributed to multiple users. 

 

Figure 3: Illustration of the multi-modal SemCom system. 

One such system is the task-oriented Multi-User SemCom for Visual Question Answering 
(VQA) framework, known as MU-DeepSC, which integrates multi-modal data from multiple 
users to enhance VQA performance [50]. By jointly optimizing transmitters and receivers, 
MU-DeepSC effectively captures correlated features across different modalities, 
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demonstrating resilience against channel variations, particularly in low SNR scenarios. 
Similarly, the Unified multi-task SemCom (U-DeepSC) system offers a flexible framework for 
handling multiple tasks across various data modalities [51]. It employs a dynamic feature 
adaptation mechanism that adjusts transmitted data based on specific tasks and channel 
conditions, thereby improving transmission efficiency. Additionally, the Multi-modal Fusion 
based Multi-task SemCom (MFMSC) framework utilizes BERT to effectively integrate 
semantic information from different modalities [52]. This approach not only enhances 
performance but also reduces communication overhead in complex multi-task 
environments. 

2.4 Performance Enhancement in Next-Generation Networks 

The advancements in wireless communication networks has resulted in an exponential 
growth of wireless subscribers which poses a challenge to the limited bandwidth. To 
overcome the limitations associated with conventional communication systems, particularly 
that of approaching the Shannon’s limit, SemCom paradigm has been examined. Based on 
the transmission of semantic content rather than raw bits, SemCom enhances the SE by 
mitigating the transmission overhead. This paradigm, however, is best suited than the 
conventional BitCom at lower SNR requirements, as BitCom can recover the data with nearly 
exact precision at higher SNR regimes. It is therefore viable to deploy both BitCom and AI-
based methods like SemCom for next-generation communication networks [53]. 

To enable massive connectivity, multiple access techniques play a critical role, especially to 
enable next-generation intelligent communication. Through the combination of semantic 
processing and advanced multiple access techniques, heterogeneous networks stand to 
benefit from greater flexibility and improved performance. One of the promising techniques 
enhancing the SE is the Non-Orthogonal Multiple Access (NOMA) where users share the 
same resource either through code or power-domain multiplexing. Although concerns 
relating to the fairness issues and increased complexity in implementation of SIC pose 
challenges for NOMA, integrating it with SemCom can assist in the design of heterogeneous 
users communication networks [19]. 

We compare the performance of SemCom and BitCom for the two users uplink NOMA setup, 
with single antenna antenna each at the Access Point (AP) and users. Specifically, the user 
nearest to the AP communicates using traditional BitCom and is named primary user. The 
farther user termed as secondary, reuses the same resource block used by the primary user 
and can flexibly utilize either BitCom or SemCom based on the channel conditions for optimal 
communication policy. We assume the primary and secondary users are at the distance of 15 
meters and 45 meters from the AP and are sharing the resource block via NOMA. These 
distances are typical for a conventional near-far user scenario in NOMA, where the closer one 
enjoys better channel. This establishes the NOMA trade-off and benefits the deployment of 
SemCom at the secondary user. The uplink NOMA system holds for different distances with 
the same overall behavior, specifically the superiority of SemCom at lower SNR requirements. 

For DeepSC with 𝐾 = 	5 , the logistic approximation parameters are 𝐴$,3 = 0.37 , 𝐴$,4 =
0.98, 𝐶$,3 = 0.2525, and 𝐶$,4 = −0.7895, providing high accuracy and a tractable form. To 
ensure high-quality semantic transmission, we set 𝜖56 = 0.9	  for the semantic similarity-
based reconstruction. The channel from each user to the AP is modelled as quasi static block-
fading, where it remains constant over a fading block and varies independently between 
blocks. Mathematically, the independently distributed Rayleigh fading channel coefficients 
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are determined based on the distance-dependent path-loss model 𝜌 = 𝜌7 E
3
8
F
9

. We assume 
a reference path-loss of 𝜌7 = −30 dB at 1 meter, and the path-loss exponent 𝛽 = 4, with 𝑑 
denoting the link distance in meters. The AP experiences additive white Gaussian noise 
(AWGN) with zero-mean and -80 dBm variance. We want to maximize the ergodic semantic 
rate of the secondary user under the minimum ergodic rate constraint of the primary user. 
For BitCom, we set the average number of bits per word to 𝜇 = 40 and its semantic similarity 
as 𝜖: = 1  to represent error-free reconstruction by the bit user. The ratio 𝐼/𝐿  is set to a 
constant value of 1 in our simulations. For a simpler analysis, we assume that the secondary 
user accesses the resources in an on-off approach by either transmitting with constant power 
or not accessing the resource at all. Here 𝑃0 is the fixed ‘‘on’’ transmit power of the secondary 
(far) user in the adopted access model whenever it is active. The primary user, however 
transmits with a constant power of 1 watt at all times. The results are averaged over 10; 
Monte Carlo channel realizations. For simulations, the transmission algorithm follows the 
approach discussed in [54]. 

Figure 4 illustrates the ergodic semantic rate achieved per unit bandwidth by the secondary 
user versus the minimum ergodic bit rate of the primary user within the NOMA uplink setup. 
We compare the opportunistic (BitCom or SemCom) scheme at the secondary user with 
SemCom-only and BitCom-only schemes in a two-user scenario. Notably, as the required 
minimum ergodic bit rate of the primary user increases, the ergodic semantic rate of the 
secondary user decreases across all the compared schemes due to the limiting available 
resources for the secondary user with the stricter rate requirements at the primary user. 
Among the compared schemes, the opportunistic scheme consistently offers the highest 
ergodic semantic rates. This is due to the adaptive nature of the opportunistic scheme by 
which the best communication method is selected for higher SE. Additionally, for transmit 
power 𝑃0 = 	1  W at the secondary user, the SemCom-only scheme offers similar 
performance to the opportunistic scheme but significantly outperforms the BitCom-only 
scheme, reflecting the advantage of SemCom in low SNR regimes. 

 
Figure 4: Secondary user ergodic semantic rate versus minimum bit rate requirement at the primary 

user in two-user uplink NOMA. 

Figure 4 shows the ergodic semantic rate achieved at the secondary user versus 𝑃0 at the 
secondary user under minimum ergodic bit rate values (𝑅 = 2 bps/Hz and 𝑅 = 6 bps/Hz) for 
the opportunistic, SemCom-only, and BitCom-only schemes. With increasing 𝑃0 values, the 
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ergodic semantic rate across all schemes improves for the secondary user at 𝑅 = 2 bps/Hz. 
The opportunistic scheme offers best performance at both 𝑅 = 2 bps/Hz and 𝑅 = 6 bps/Hz 
minimum ergodic bit rate requirements, effectively selecting either SemCom or BitCom for 
communication. At 𝑅 = 2 bps/Hz, the performance of SemCom-only closely matches the 
opportunistic scheme, suggesting the effectiveness of SemCom in low-to-moderate bit-rate 
requirements. However, at 𝑅 = 6 bps/Hz, SemCom-only stops offering improvement with an 
increase in 𝑃0. The BitCom-only scheme shows significantly underperformance compared to 
the opportunistic and SemCom-only schemes, particularly at lower 𝑃0. 

 

Figure 5: Secondary user ergodic semantic rate 𝑃0 in two-user uplink NOMA. 

Figure 4 presents the time proportions for the secondary user during which it remains Off, 
deploys BitCom, or SemCom under different cases of 𝑃0 and 𝑅 values. At 𝑅 = 2 bps/Hz and 
𝑃0 = 	1 W, the time portion for SemCom mode at the secondary user is higher than that at 
𝑃0 = 	5 W, highlighting the suitability of SemCom in low-power scenarios. Likewise, BitCom 
becomes more suitable at high-power values as in the case of 𝑅 = 2 bps/Hz and 𝑃0 = 	5 W. 
This also calls for sensitivity of the primary user to interference from the secondary user, 
resulting in restricting the secondary user's activity at higher 𝑃0. Moreover, the secondary 
users have to remain Off for a majority portion of time as 𝑅 of the primary user increases to 
mitigate the interference caused to the primary user, which limits the ergodic semantic rate 
of the secondary user. This suggests of a clear trade-off between interference mitigation and 
achieving higher ergodic semantic rates. 
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Figure 6: Time proportion distribution for the secondary user under different cases. 

Although the results are for a two-user uplink NOMA, the same trade-offs between SemCom 
and BitCom extend to multi-user networks. The hybrid NOMA framework discussed 
afterwards schedules at most two users per time slot with optimal power split to maximize 
the equivalent semantic SE via heterogeneous users networks. Additionally, integrating 
semantic processing with flexible NOMA offers an approach for scalable deployment across 
diverse use cases related to IoT and other 6G services. 

2.5 Hybrid NOMA Heterogeneous Users Network 

To support massive connectivity, next-generation communication systems necessitate 
advanced multiple access techniques that push the boundaries of classical schemes such as 
Orthogonal Multiple Access (OMA) [55]. In this respect, NOMA is considered a promising 
technology for enhancing the SE of wireless systems by allowing multiple users to share the 
same time-frequency resources through power or code-domain multiplexing. However, 
NOMA also presents challenges which need to be carefully addressed, such as increased 
interference management complexity and fairness concerns [56], [57]. The increase in 
achievable SE using NOMA depends on the specific system configuration and use case, as 
NOMA does not always outperform orthogonal schemes, particularly in heterogeneous users 
communications [19]. In traditional NOMA, SIC is performed based on channel conditions, 
where the stronger user decodes the signal of the weaker user to mitigate interference. 
However, this approach cannot be directly applied in joint bit and semantic users 
communication systems. This is primarily due to the requirement of pre-trained neural 
networks at the semantic encoder and decoder for successful transmission and reception [3]. 
Consequently, the bit user is unable to decode the semantic signal from the superimposed 
signal, as traditional BitCom does not require any prior training at the transmitter or receiver. 
In contrast, the semantic user can decode the bit-based signal, resulting in a bit-to-semantic 
decoding order for joint bit and semantic users communication [58].  

Given the differences in the signal processing requirements of BitCom and SemCom, a more 
flexible approach is needed to optimize users pairing and interference management [59]. 
Another technique that can efficiently be deployed to integrate the SemCom and BitCom is 
the hybrid NOMA which allows to capture the benefits of both OMA and traditional NOMA 
by allowing smooth transitions between these two schemes [60]. Essentially, the hybrid 
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NOMA enables multiple users to share the same resource block across different time slots, 
which ultimately enhances the overall system capacity. However, optimal power allocation 
and managing the complexities associated with SIC in hybrid NOMA framework remain 
important components for further investigation. Efficient power distribution can not only 
minimize interference between bit-based and semantic users but also ensures that both user 
types achieve their required performance targets. By strategically allocating power among 
bit-based and semantic users, the system not only achieves an improved semantic SE with 
minimal interference between users but also ensures the minimum rate requirements for 
BitCom. 

The works in [58] and [61] have advanced the integration of semantic and bit-based 
communications and the deployment of hybrid NOMA. In [58], a semi-NOMA framework is 
proposed that investigates the trade-offs between semantic and bit-based communications 
in a shared transmission scheme. However, this approach does not exploit hybrid NOMA with 
user pairing based on channel conditions, limiting its adaptability in dynamic wireless 
environments. In [61], a multi-user hybrid NOMA scheme is introduced that optimizes power 
allocation and minimizes energy consumption under latency constraints. However, this work 
focuses solely on bit-based communication and does not incorporate semantic 
communication. 

Inspired by the above works, we harness the benefits of heterogeneous users by adopting 
hybrid NOMA and a tailored decoding strategy that improves interference management. The 
key contributions of our work are: 

i) We propose a hybrid NOMA framework for heterogeneous users that 
dynamically assigns bit and semantic users to time slots based on their channel 
conditions. To efficiently implement this, we develop a user pairing and 
decoding strategy, outlined in Algorithm 1 which enhances SE while ensuring 
adaptive resource allocation. 

ii) Unlike previous works that assume a fixed decoding order, we deploy an 
adaptive decoding strategy that optimally manages interference in hybrid 
NOMA. In particular, our approach ensures a bit-to-semantic decoding order 
in time slots where both bit and semantic users coexist, while applying 
stronger-to-weaker SIC decoding in time slots containing only semantic users. 

iii) We formulate and solve a power allocation optimization problem that 
maximizes the equivalent ergodic semantic SE with a constraint on the total 
available power. 

iv) We demonstrate through simulations that the optimization prioritizes bit user 
in a heterogeneous users network by allocating more power, particularly at 
higher available power values. 

2.5.1 System Model 

We consider a downlink hybrid NOMA communication system consisting of a bit user (B) and 
two semantic users (S1 and S2), sharing the entire time-frequency resources. While this setup 
is chosen for analytical clarity, the proposed framework applies to any number of semantic 
users. In our proposed approach, we allow at most two users to share any slot, as shown in 
Figure 4. 
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Figure 7: Users allocation in hybrid NOMA. 

Communication between the AP and the users occurs over Rayleigh fading channels, where 
the channel gains remain constant within each time slot but may vary across time slots. At 
the receiver, AWGN with mean zero and variance 𝜎4 is assumed to impair the superimposed 
signal. We deploy the DeepSC model in our hybrid NOMA assisted system that can be 
generally applied to any semantic architecture. The considered DeepSC neglects potential 
errors arising from finite neural network capacity, limited training data, and variations in real-
time inference accuracy. 

Let 𝑃<=> be the total available power budget at the AP. The channel gain coefficients from 
the AP to users B, S3, and S4 are denoted by ℎ?, ℎ!3, and ℎ!4, respectively, while the transmit 
powers allocated to them are 𝑃?, 𝑃!3, and 𝑃!4. The semantic rate for any semantic user (in 
suts/s/Hz) is given as 

𝑅!@(𝐾, 𝐿) =
"#
$%
𝜖(𝐾, 𝛾), 𝑖 ∈ {1,2}.                                                             (6) 

We denote the rates of users S3, S4 and B by 𝑅!3, 𝑅!4, and 𝑅?, respectively, where 𝑅!3 and 
𝑅!4 are in suts/s/Hz, while 𝑅? is in bits/s/Hz. The rate of User B is determined on the basis of 
Shannon’s capacity formula. Perfect channel state information is assumed to be available at 
the AP for simplicity and tractability. However, achieving perfect CSI is difficult due to 
channel estimation error, feedback delay, or limited signaling overhead. To ensure efficient 
decoding of signals, the AP informs the receiver about the type of active users in each time 
slot via embedded control information in the headers of transmitted data packets. 
Specifically, this control information is encoded in the media access control sublayer using 
compact fields specifying user pairing, power allocation, and decoding order while resulting 
in an overhead of less than 5% relative to typical packet size, with minimal impact on SE [62]. 
Moreover, reusing the same decoding order across multiple successive slots further reduces 
the average overhead. 

Our goal is to maximize the expected equivalent semantic SE of the three users while 
ensuring that the system obeys the AP power constraint. We transform the rate of bit user 
𝑅? (in bit/s/Hz) into its semantic counterpart 𝑅!? (in suts/s/Hz), as in [16], yielding 

𝑅!? = 𝑅?
#
A%
𝜖B ,                                                            (7) 

where 𝜇 represents the average number of bits per word, the semantic similarity function for 
User B is denoted by 𝜖B  and taken as one to reflect error-free transmission. This 
transformation allows a meaningful comparison between both types of users by expressing 
their efficiencies in the same unit. Notably, 𝜖: = 1 reflects the requirement for perfect bit 
reconstruction in conventional systems, where even a single bit error can render a message 
unusable. In contrast, for semantic users, 𝜖56 = 0.9 is imposed to ensure sufficiently accurate 
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reconstruction with the DeepSC [3], [16]. 

For the hybrid NOMA structure, in each time slot, up to two users are scheduled to be active 
and share the resources. Users’ activity is governed by the indicator variables 𝐼?, 𝐼!3, and 𝐼!4 
for users B, S3, and S4, respectively. The selection of users for pairing is done dynamically 
based on real-time channel conditions, ensuring that the strongest user pairs with the 
weakest one across different time slots without a fixed ordering. However, when a semantic 
user has stronger channel gain than the bit user, the slot is allocated exclusively to the bit 
user, effectively operating as OMA. In contrast, when the channel conditions allow 
simultaneous transmission, NOMA is employed, where both users share the same time-
frequency resources while following a bit-to-semantic decoding order. This adaptive hybrid 
NOMA strategy dynamically transitions between OMA and NOMA while maintaining the bit-
to-semantic decoding strategy. 

As semantic and bit users can simultaneously be active in each slot, a new decoding 
mechanism will be required. Let us denote the corresponding transmit signals for users B, S3, 
and S4 by 𝑥?, 𝑥!3, and 𝑥!4, respectively. In slots where any two users share the channel via 
NOMA, the received signal will be represented as a superposition of their transmitted signals, 
scaled by their respective channel gains and corrupted by AWGN. In such slots, decoded 
signal of one user will always be affected by interference from the other. For the OMA slots, 
there will be no decoding interference experienced. Moreover, traditional channel-condition 
based SIC will no longer be beneficial in joint bit and semantic users communication networks 
as the bit user cannot decode a semantic signal due to the absence of prior training at 
transmitter and receiver. Consequently, we adopt the bit-to-semantic decoding order in slots 
involving both types of users, where semantic signals are decoded interference-free after SIC. 
However, the bit user being decoded first will treat the semantic user’s signal as interference. 

The pairing approach and decoding strategy for users are outlined in Algorithm 1. As the 
algorithm pairs the strongest gain user with the weakest, the transmit powers assigned to 
any pair are constrained such that the power given to the weak user plus that for the strong 
user must remain within 𝑃<=> for any slot. The activity indicator variable of non-selected user 
forces its power to zero in that particular slot. The pairing strategy therefore directly impacts 
which users are active in each slot and hence determines the power allocation variables for 
each possible case. 

Algorithm 1: User Pairing and Decoding Strategy for the Hybrid NOMA Framework. 

1. Initialization: Set 𝑃!"# value, and 𝐼& = 0, 𝐼'( = 0, and 𝐼') = 0. 

2. Users Pairing in Each Slot: Determine h&, h'(, and h') and pair the strongest user with the 
weakest one. Set the indicators for the paired users to 1. 

3. if slot contains B and either S( or S) then 

4.  if involved semantic user has a stronger channel power gain than User B then 

5.    Reset its indicators to 0 which allocates the slot to User B only  (OMA). 

6.  else 

7.   follow Bit-to-Semantic Decoding: 

8.   B-receiver decodes its own signal treating semantic user’s signal as noise. 

9.   S-receiver firstly decodes B user’s signal and applies SIC to subtract it,  
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                resulting in its own signal without interference. 

10.  end if 

11.  else if slot contains S( and S) then 

12.  Stronger Semantic User decodes its own signal treating the weaker user’s signal as 
noise. 

13.  Weaker Semantic User firstly decodes the stronger user’s signal and applies SIC to  

subtract it, resulting in its own signal without interference. 

14.  end if 

Figure 8 illustrates the overall transmission and decoding strategy of the proposed hybrid 
NOMA heterogeneous users setup. 

 

Figure 8: Downlink hybrid NOMA transmission and decoding strategy. 

This framework is not limited to the illustrative three-user case and is scalable to larger 
networks and diverse application situations. In IoT deployments, low-power devices are able 
to carry task-specific information in addition to conventional bit streams due to low-overhead 
semantic encoders, enabling cost-effective coexistence of heterogeneous users. Hybrid 
NOMA can aid in satellite networks in balancing control and telemetry with semantically 
compressed data. In addition, semantic relays and coordinator satellites can improve shared 
KB consistency for non-terrestrial networks. 

2.5.2 Optimal Power Allocation and Users Detection 

After pairing users and establishing the decoding order in each time slot, we now formulate 
the power allocation optimization problem. 
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2.5.2.1 Power Allocation Optimization 

Objective of our optimization problem is to maximize the expected value of the equivalent 
semantic SE, which can be formulated as 

max
{"*,"+,,"+-}

𝔼[𝐼%&𝑅%& + 𝐼%'𝑅%' + 𝐼(𝑅%(] 

 s.t. 𝑃( + 𝑃%& + 𝑃%' ≤ 𝑃)*+,
𝑃(, 𝑃%&, 𝑃%' ≥ 0,                                               (8) 

where 𝔼[. ] represents the expectation operator. Each of the considered rates in (8) can be 
generalized with a closed-form approximation of (4), exhibiting a logistic distribution model 
due to semantic similarity function [14], where 𝐴$,3 = 0.37, 𝐴$,4 = 0.98, 𝐶$,3 = 0.25, and 
𝐶$,4 = −0.7895. The resulting rate curve (in suts/s/Hz) is resilient to moderate parameter 
variations due to the robustness of the neural network-based DeepSC. 

Unlike conventional rate functions, the approximated semantic similarity function does not 
exhibit concavity with respect to 𝛾 which renders the optimization problem as non-convex. 
However, the problem satisfies the “time-sharing” condition following the proof in [54] and 
[63]. If any problem satisfies the “time-sharing” condition [63], then strong duality holds 
between the primal and Lagrangian dual problems, regardless of convexity of the original 
problem. Moreover, when strong duality exists, the Karush-Kuhn-Tucker (KKT) conditions 
are both sufficient and necessary for optimality [64]. 

2.5.2.2 Solution Method 

We solve the power allocation problem in (5) by developing its Lagrangian and then using the 
KKT conditions in each time slot. The complementary slackness and primal feasibility 
conditions ensure that the solution respects the power constraint and precludes any negative 
power allocation. The KKT conditions are developed based on the Lagrangian formulation 
given by 

ℒ(𝑃?, 𝑃!3, 𝑃!4, 𝜆) = 𝔼[𝐼!3𝑅!3 + 𝐼!4𝑅!4 + 𝐼?𝑅!?] + 𝜆(𝑃<=> − 𝑃? − 𝑃!3 − 𝑃!4),          (9)                                                                                                                      

where λ is the corresponding Lagrange multiplier for the power constraint. 

2.5.2.3 Decoding Strategy in Slots with Semantic and Bit Users 

Bit-to-semantic decoding order is followed where the rate of User B will always be adversely 
impacted by interference from the semantic user. The roots of (10) provide the solution for 
optimal power of the bit user. 

,-𝔼/0*1+*20+.1+.
+*34

,"*
= 0, 𝑖 ∈ {1,2}                                                              (10) 

Specifically, the corresponding rate for bit user in such time slots is defined by 

𝑅(5 = log'	 :1 +
"*|7*|2

8-2"+.|7*|-
; , 𝑖 ∈ {1,2}                                                              (11)  

where 𝑃!@  denotes the power of semantic user paired with User B. Although we consider the 
equivalent semantic rate of bit user in our objective function, 𝑅!? is merely a scalar multiple 
of conventional rate 𝑅?@  (in bits/s/Hz). User B first decodes its own signal, while the semantic 
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user extracts its desired signal without interference through SIC. The corresponding rate for 
semantic user involved in such slots is given by (12). 

𝑅%5%( =
0
9:
𝜖9 :

"+.|7+.|-

8-
; , 𝑖 ∈ {1,2}                                                              (12) 

Say, we solve for 𝑃?  when S3  is active by putting 𝐼? = 1 , 𝐼!3 = 1 , and 𝐼!4 = 0 . In the 
considered time slot with B and S3 active, the closed-form solution for optimum 𝑃? can be 
found from 

#|D*|+

A EFG(4)(H+I|D*|+J,-.K|D*|+J*)
−	 #|D/0|

+LM1,+KM1,0NB1,0O
2341,0

56,-.36*789/08
+

:+
;41,+<

$%H+

⎝

⎜
⎛
3IO

2341,0
56,-.36*789/08

+

:+
;41,+<

⎠

⎟
⎞

+ = 0                  (13)                                                              

Similarly, taking the partial derivative with respect to 𝑃!3 in such slots and solving for 𝑃? leads 
to a function with transcendental value [65] that is solved numerically for the optimal power 
𝑃?∗ of bit user. 

𝑓(𝑃?) =
|D*|+

AFG	(4)(H+I|D*|+J=>?K|D*|+J*)
− |D/0|+LM1,+KM1,0NB1,0O

2341,0
56=>?36*789/08

+

:+
;41,+<

$H+

⎝

⎜
⎛
3IO

2341,0
56=>?36*789/08

+

:+
;41,+<

⎠

⎟
⎞

+

             (14) 

In such time slots, if the involved semantic user does not satisfy the set minimum threshold 
𝜖56, the entire available power is allocated to the bit user. The optimal power allocation for 
the bit is thus given as 

𝑃?∗ = 9𝑓
(𝑃?), 				 if 𝜖$(𝛾) ≥ 𝜖56,
𝑃<=>, 				  otherwise .                                                              (15) 

2.5.2.4 Decoding Strategy in Slots with Semantic Users Only                                 

In these slots, the Lagrangian is accordingly adjusted as 

ℒX(𝑃!3, 𝑃!4, 𝜆) = 𝔼[𝐼Y3𝑅!3 + 𝐼!4𝑅!4] + 𝜆(𝑃<=> − 𝑃!3 − 𝑃!4),                   (16) 

focusing solely on the rates of semantic users under the power constraint. Performing SIC 
becomes challenging in such slots due to the joint training of semantic encoders and 
decoders. To address this issue, we exploit an innovative channel reconstruction-based SIC 
method proposed in [17]. This method allows the semantic user with better channel condition 
to be decoded first while treating the signal from the weaker user as noise. The stronger 
user’s signal is reconstructed by reversing the channel effects and mitigating interference 
until a target semantic similarity 𝜖56  is attained. Once the stronger signal is successfully 
reconstructed, the weaker semantic user can subtract the decoded stronger user’s signal 
from the superimposed signal at the receiver. This approach remains effective even when the 
semantic users have similar channel conditions and rate requirements, allowing either user 
to be decoded first. 

Putting 𝐼!3 = 1, 𝐼!4 = 1, and assuming S4 experiences higher channel gain than S3, then the 
roots of (17) provide the optimal solution for 𝑃!4. 
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,(𝔼[1+-21+,])
,"+-

= 0                                                             (17) 

More generally, the achievable semantic rate of the first decoded user in such time slots is 
given by 

𝑅%' =
0
9:
𝜖9 :

"+-|7+-|-

"+,|7+-|-28-
;,                                                            (18) 

Expressing 𝑃!3 = 𝑃<=> − 𝑃!4 , the closed-form solution for the optimal power of stronger 
semantic user can be found from 

0
9:
[?-

-(8-2"/01|7+,|-)-@2,-A@2,,4B2,,C4
562,,7-862,-9

"+-
- |7+-|-D&2C4562,,7-862,-9E

- − ?,-@2,-A@2,,4B2,,C4
562,,7,862,-9

("/01A"+-)D&2C4562,,7,862,-9E
-] = 0

     

                                                      (19) 

Where 𝛾3 =
(J,-.KJ/+)|D/0|+

H+
, and 𝛾4 =

J/+|D/+|+

(J,-.KJ/+)|D/+|+IH+
 denote the received SNR at S3 and 

S4, respectively. Solving for 𝑃!4 after taking the partial derivative with respect to 𝑃!3 results 
in a transcendental value function for the optimal power of stronger semantic user. 

2.5.2.5 Simulation Results 

For the simulation figures of the proposed heterogeneous users hybrid NOMA 
communication setup, we use the parametric values of 𝜖56 = 0.9, 𝐾 = 	5, and 𝐼/𝐿 = 1. Users 
are randomly distributed for each Monte Carlo simulation within a 100 meters cell radius. 
Users channel coefficients for the independently distributed Rayleigh fading are determined 

based on the path-loss model 𝜌 = 𝜌7 E
3
8
F
9

, where 𝜌7 = −30 dB and 𝛽 = 4. 

In Figure 4, we present the average activity of each user versus 𝑃<=> in the heterogeneous 
users hybrid NOMA setup. Specifically, the figure shows the ergodic average of the indicators 
for each S1, S2 and B users when accessing the channel. It is evident that 𝐼? remains nearly 
constant at a relatively high value compared to 𝐼!3 and 𝐼!4, indicating that the bit-based user 
continuously enjoys higher resource allocation. More specifically, this trend reflects a clear 
prioritization of bit-based communication in the proposed system. The increase in available 
power does not translate into a significant change in the ergodic participation of semantic 
and bit users. 
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Figure 9: Ergodic activity indicator for each user versus 𝑃!"#.  

We now compare the performance of the heterogeneous users hybrid NOMA 
communication with a heterogeneous users OMA setup, where the OMA time fractions are 
proportionally allocated to each user according to their participation ratio under hybrid 
NOMA. Figure 4 shows the equivalent ergodic semantic SE versus 𝑃<=> for both setups. The 
results demonstrate that the proposed setup consistently outperforms its OMA counterpart. 
At 𝑃<=> = 20  dB, the hybrid NOMA attains roughly a four times higher equivalent ergodic 
semantic SE compared to the OMA setup. This indicates the effectiveness of hybrid NOMA 
for integrating both semantic and traditional bit-based communications, leveraging NOMA 
and OMA resource allocation strategies. 

 

Figure 10: Ergodic semantic SE versus 𝑃!"# with 𝜖$% = 0.9. 

In Figure 4, the equivalent ergodic semantic SE is plotted versus 𝜖56 for 𝑃<=> values of 5 dB, 
10 dB, and 20 dB. It is evident that the proposed setup achieves higher ergodic semantic SE 
across all values of ϵth for different 𝑃<=>. For both the setups as the value of 𝜖56 approaches 
one, a drop in SE is recorded due to the inherent limitations in accurate semantic 
reconstruction at higher semantic similarity thresholds. However, the hybrid NOMA still 
maintains a higher SE due to the higher resource utilization by the bit user aiding in accurate 
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signal reconstruction. Across the entire considered 𝜖56 sweep, the hybrid NOMA consistently 
offers roughly a three-to-four times higher equivalent ergodic semantic SE for different 𝑃<=> 
values. 

 

Figure 11: Ergodic semantic SE versus 𝜖56 for different 𝑃<=>. 

Figure  shows the bit user ergodic SE versus 𝑃<=> for hybrid NOMA and OMA setups. As 𝑃<=> 
increases, the hybrid NOMA curve consistently lies above the OMA curve, demonstrating the 
benefits of its flexible resource allocation strategy. If the semantic user has stronger channel 
gain than the bit user in shared time slots, the entire power is redirected to the bit user, 
otherwise the total power splits between both the users. More specifically, at 𝑃<=> = 20  dB, 
the hybrid NOMA setup lifts the ergodic SE to about 23 bits/s/Hz, whereas its OMA 
counterpart barely exceeds 6 bits/s/Hz. 

 

Figure 12: Bit user ergodic SE versus 𝑃<=> with 𝜖56 = 0.9. 

In Figure , the equivalent ergodic semantic SE of bit user in the heterogeneous users hybrid 
NOMA setup is shown versus 𝑃<=>  for 𝜖56  values of 0.85, 0.9, 0.95. The three curves 
corresponding to different values of 𝜖56 show a steadily growing trend with 𝑃<=>. The figure 
shows that the equivalent semantic SE of bit user consistently increases with 𝑃<=> . This 
behaviour can be attributed to the efficient resource management of the hybrid NOMA 
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system which prioritizes bit user in a heterogeneous users network for accurate signal 
reconstruction. 

 

Figure 13: Bit user equivalent ergodic semantic SE versus 𝑃!"# for different 𝜖$%. 
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3 Challenges and Future Research Perspectives in SemCom 

With the increasing number of power-intensive applications, it becomes crucial to evaluate 
efficient solutions for next-generation wireless networks. SemCom represents a 
transformative shift in 6G network design, addressing critical challenges in SE, 
heterogeneous service integration and resource-constrained environments. Despite the 
recent research advancements, SemCom still faces several significant challenges that need 
further explorations are: 

i) Developing unified metrics for evaluating the performance of SemCom and its 
accuracy remain critical, complicating comparative analyses across wireless 
systems 

ii) Communication bandwidth overhead remains a significant concern, as 
transmitting multi-modal data typically demands substantial bandwidth, 
potentially causing increased communication overhead and latency issues. 

iii) The performance of semantic encoders is often highly dependent on the 
training data. Models trained on specific domains may fail in others 
Effectively achieving semantic fusion among heterogeneous data is complex 
due to the diverse information inherent to different modalities. Developing 
efficient mechanisms to extract and integrate semantic correlations across 
diverse and integrated networks (e.g., satellite, terrestrial, maritime) involve 
overcoming significant interoperability issues. 

iv) Understanding and interpreting the decision-making processes of SemCom 
models capable of multi-tasking become increasingly challenging yet essential. 

v) Achieving performance trade-offs and fairness pose a substantial issue to 
optimally manage communication and computational resources while 
maintaining semantic accuracy and QoS in a heterogeneous users setup. 

vi) While semantic transmission reduces data size, it also introduces unique 
security and privacy vulnerabilities, addressing which will be of paramount 
importance against any potential semantic-level eavesdropping. 

vii) Extending SemCom to multi-hop or relay-aided networks remains 
underexplored. Semantic representation, aggregation, and transformation in 
cooperative networks pose new complexity and delay trade-offs. 

To maximize the potential of SemCom, future research should explore cross-layer 
optimization strategies that link the physical, medium access control, and application 
layers. Integrating semantic awareness into the physical layer through AI-native air interface 
designs could unlock new efficiencies in resource utilization in satellite communications. 
Additionally, such integration could enable protocol decisions that are responsive to 
semantic content and communication objectives under the resource-constrained devices, 
balancing computational overhead with performance gains. 

One promising direction is the deployment of pinching antennas system with SemCom for 
performance exploration. Traditionally, network throughput has been limited by the inherent 
properties of fixed wireless channels imposing substantial challenges due to intense path loss 
and frequent Line-of-Sight (LoS) blockages, especially at high-frequency bands like 
millimeter-wave and terahertz. The pinching antennas system makes it possible to position 
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antennas anywhere over the arbitrarily long dielectric waveguide to create strong LoS links 
for each user based on their specific signal conditions. The approach is also cost-effective and 
simple to install, since it only involves the physical addition or removal of passive dielectric 
parts. Optimization problems formulating joint semantic performance metrics and antenna 
activation strategies through dynamic positioning along dielectric waveguides could lead to 
innovative theoretical frameworks and algorithms for next-generation networks. 

As next-generation communication systems evolve, SemCom has the potential to become a 
cornerstone of intelligent, context-aware networks, reshaping how information is 
transmitted and processed in the wireless ecosystems of the future. 
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4 Conclusions 

This deliverable has presented a detailed exploration into the design and implementation of 
semantic encoders and decoders for 6G communication systems, with the goal of enhancing 
efficiency, adaptability, and intelligence in wireless communication networks. By addressing 
both the theoretical and practical aspects of SemCom, we have demonstrated its potential in 
contributing to the SE improvements, especially in scenarios involving heterogeneous users 
sharing the same time-frequency resource. With the incorporation of machine learning based 
methods for semantic features extraction and signal reconstruction, SemCom offers great 
potential for intelligent and adaptive networks. A structured classification of SemCom 
systems is also provided, emphasizing their relevance in both multi-modal TOC scenarios and 
satellite network applications. The benefits of integrating TOC into SemCom systems have 
been demonstrated, particularly in terms of efficiency and relevance to user tasks. A 
comprehensive TOC-based multi-modal framework has been proposed, serving as a 
foundation for future development. Furthermore, the potential of SemCom to enhance 
satellite system performance has been thoroughly analyzed. Most importantly, a practical 
and forward-looking satellite communication architecture leveraging SemCom techniques 
has been introduced, paving the way for next-generation intelligent and efficient satellite 
networks. 

A novel framework for enabling heterogeneous semantic and bit users network is proposed 
with the hybrid NOMA mechanism. Through this synergy, the formulated power allocation 
optimization problem optimally maximizes the equivalent ergodic semantic SE and allows 
more efficient use of available spectrum resources for both semantic and bit-based users. The 
bit-to-semantic decoding order is adopted for the detection of signals within the slots having 
both types of users, while channel reconstruction-based SIC is implemented in semantic 
users-only time slots. Comprehensive simulations have validated the effectiveness of the 
proposed framework in terms of improved semantic SE and decoding reliability of the 
semantic signal under diverse channel conditions. More specifically, the equivalent ergodic 
semantic SE using hybrid NOMA outperforms the OMA setup by roughly four times for the 
heterogeneous semantic and bit users at 𝑃<=> value of 20 dB. Therefore, the proposed user 
pairing and decoding strategy confirms the effectiveness of our power allocation 
optimization problem for the semantic-aware heterogeneous users networks. 

Looking ahead, further research is encouraged in areas such as multi-modal semantic fusion, 
energy-efficient system design for SemCom, and its integration with state-of-the-art 
pinching antennas architectures. These directions will be pivotal in the deployment of 
SemCom into next-generation intelligent and real-world applications, ultimately supporting 
SCION’s broader vision of secure, scalable, and massive machine-to-machine connectivity. 
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