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Abstract—With the advent of sixth-generation mobile commu-
nication technology (6G) and the emergence of future application
scenarios such as Metaverse and digital twin (DT), the exist-
ing traditional wireless communication technology based on
Shannon’s information theory has not been able to meet the
increasing demand for data transmission. Semantic commu-
nications (SemCom), which greatly reduces the amount of
information transmitted and alleviates the burden of communi-
cation by transmitting the meaning behind the information, has
been considered a promising 6G enabler. SemCom’s resource
allocation is critical to the system’s reliability and effectiveness.
Compared to traditional wireless communication systems, the
system architecture and performance metrics of SemCom have
undergone significant changes, making it difficult for traditional
resource allocation strategies to adapt well to this new architec-
ture. However, the issue remains unresolved and inadequately
researched. In order to provide researchers with valuable insight
to promote follow-up research, this paper reviews the latest
research results in recent years and presents an overview of
research progress in the field of resource allocation in wireless
SemCom.

Index Terms—Performance metrics, resource allocation,
semantic communications, semantic similarity.

I. INTRODUCTION
A. Context

N 1949, Weaver expanded Shannon’s theory to three levels:
Itechnical level, semantic level, and effectiveness level [1].
The lowest level is the technical level, which is mainly
responsible for the accurate and effective transmission of
information symbols; the middle level is the semantic level,
which points to the transmission of information symbols to
convey the desired meaning; the upper level is the effective-
ness level, which aims at effectively performing intelligent
tasks and providing the needed communication efficiency on
the lower two levels. Traditional communications operate at
the technical level, focusing on accurate bit transmission.
However, they transmit all information, including useless and
irrelevant data, to the receiver, leading to channel resource
waste. As sixth-generation mobile communication technology
(6G) emerges, scenarios such as Digital Twin (DT) and
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Metaverse require wireless communication networks to trans-
mit huge amounts of data. Wireless communication networks
must achieve an extremely low transmission delay in scenarios
such as autonomous driving and telemedicine. The emergence
of these applications presents new challenges to traditional
communication systems.

In the face of such a large communication load, how
can one go beyond Shannon’s limit to the future? Inspired
by the three levels of the previous communication problem,
a new communication paradigm, semantic communication
(SemCom) [2], [3], [4], has been proposed to shift the com-
munication paradigm to the semantic and effectiveness levels.

In traditional communication systems, data is compressed
by the source encoder, and redundancy is added to the channel
encoder to improve its robustness to interference/noise in the
channel. At the destination, a reverse process is performed to
recover the original sent data. The transmission and reception
of signals do not involve any intelligence and the semantic
information is omitted [5].

However, in a SemCom system, the semantic source and
destination are intelligent agents that can perform various
highly intelligent algorithms. Semantic coding replaces tradi-
tional source coding through deep learning (DL) and other
technologies to extract semantic information. Unlike tra-
ditional communication systems, which are easily affected
by channel conditions, SemCom performs well, especially
at low signal-to-noise ratios (SNR), because only semantic
information is transmitted. Goal-oriented SemCom or task-
oriented SemCom is a subset of SemCom that pays more
attention to the effectiveness level. Specifically, it focuses on
the efficient use of semantic information for the successful
execution of tasks at a suitable time [6]. The receiver in a
goal-oriented SemCom is interested in the significance and
effectiveness (semantics) of the transported source message
to achieve a certain task or goal [7]. In summary, SemCom
is becoming an excellent solution to the above questions.
SemCom is also regarded as a key enabling technology for
6G, and it is an important step towards the future of wireless
communication.

B. Resource Allocation

In general, resource allocation refers to a set of method-
ologies to achieve goals by efficiently allocating resources
and using resource allocation methods based on resource
availability. The resource allocation problem in wireless com-
munications and SemCom is mapped into a mathematical
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Fig. 1. The integrated framework of resource allocation in SemCom.

optimization problem by modeling the network structure and
designing the objective function. In resource allocation, the
available resources for allocation are optimization variables;
the availability of resources and other inherent conditions are
constraints; the objective function is the function to evaluate
the system performance of achieving a specific goal; the
resource allocation algorithm is a combination of optimization
techniques that are used to solve this optimization problem.
The resource allocation algorithms in SemCom can be divided
into centralized and distributed ways. The centralized algo-
rithm includes techniques based on convex optimization and
other mathematical methods, and based on deep reinforce-
ment learning (DRL), etc. The distributed algorithms include
techniques based on multi-agent deep reinforcement learning
(MADRL) and matching theory, etc. The integrative frame-
work of resource allocation in SemCom is illustrated in Fig. 1.

However, compared to the traditional wireless communica-
tion system, the SemCom system architecture and performance
metrics have undergone tremendous changes, making it diffi-
cult for traditional resource allocation strategies to adapt well
to this new architecture. In the next section, we will provide a
more detailed description of the difference between traditional
communication and SemCom in terms of resource allocation
and why it is important.

C. Related Surveys and Motivation

The development of SemCom has led to the publication
of numerous surveys in recent years. Existing surveys on
SemCom may address resource allocation to some extent,
they mostly provide a global perspective of SemCom and
often focus on broader aspects such as system architectures,
semantic information theory, enable techniques or general
applications of SemCom [3], [4], [5], [6], [81, [9], [10],
[11], [12], [13], [14], [15]. However, our work is the first to
present a dedicated and in-depth review of resource allocation
in SemCom systems. To highlight this distinction, we have
added a comparative table that outlines the resource allo-
cation aspects covered (or not) by existing surveys, thereby
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clarifying the unique contribution of this work. Table I pro-
vides a comparison between our survey and representative
prior works. Although there are some recent surveys on
resource allocation in other communication scenarios that
provided us with great insights, such as edge comput-
ing [16], fifth-generation mobile communication technology
(5G)-and-beyond mobile edge computing (MEC) [17], Internet
of Things (IoT) enabled vehicular edge computing [18],
energy-efficient Orthogonal Frequency Division Multiplexing
(OFDM) enabled networks [19], and ultra-dense networks
(UDNSs) [20]. Resource allocation is a critical and under-
explored aspect of SemCom, it significantly differs from
traditional communication systems, as it involves unique
allocatable resources like semantic fidelity and computation
overhead for semantic processing, alongside traditional factors
such as bandwidth and power. Moreover, SemCom introduces
novel performance metrics that will make the object function
more complicated, which we will provide a more explicit
description in Section III. These differences highlight the need
to focus specifically on resource allocation in SemCom, as
existing surveys tend to overlook the unique challenges and
optimization strategies required in this domain. By dedicating
our review entirely to this topic, our aim is to fill this
gap and provide a comprehensive and systematic overview
of how resource allocation can be effectively addressed
within the context of SemCom. Therefore, we review from
multiple perspectives, including SemCom network models,
performance metrics, resource allocation optimization algo-
rithms, as well as challenges and future research directions,
providing researchers with a new, comprehensive, and rich
perspective.

D. Research Methodology

In this subsection, the process followed to collect the
references used in this study is described. The methodology
includes the selection, inclusion, and exclusion criteria applied
to ensure the quality and relevance of the references. The steps
followed in the research process are as follows:

o Literature Search: The search was performed using
databases such as Google Scholar, IEEE Xplore, and
ScienceDirect. The primary focus was on peer-reviewed
journal articles, conference papers, books, and other
reputable sources related to SemCom, resource allocation,
optimization, and wireless communication networks.

o Inclusion Criteria: To be included in the study, references
must meet the following criteria: 1) Published in a peer-
reviewed journal or conference proceedings. Directly
related to resource allocation in SemCom networks
or relevant areas such as optimization, deep learning
techniques, and wireless communications. 2) Except
for some classic and fundamental literature, references
should be published within the last 10 years to ensure
that the research is up-to-date and relevant. 3) For
research papers, theoretical and empirical studies must be
included.

e Exclusion Criteria: References that met any of the
following conditions were excluded from the review:
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TABLE I

COMPARISON OF EXISTING SEMCOM SURVEYS AND THIS WORK

RA Specific

Ref. | Focus Aspects and Brief Description Challenges

System

Taxonomy, Tables, and In-depth Analysis RAPE(l)lsture

RA Metrics | RA Problem | o\ Tech.
Form.

Arch.

SemCom theory analysis, system architecture, similarity
metrics, DL techniques, frameworks and challenges.

v A X X X

SemCom and Task-oriented communications: History,
semantic information measures, information theoretic
[4] foundations, ML techniques, joint source-channel cod- X
ing, practical designs, semantic timeliness, -effec-
tive/pragmatic communications.

SemCom background, system architecture, differences
[5] from traditional communications, metrics, use cases, X
open issues and future research directions.

SemCom history, theories, metrics, taxonomy, frame-
works, enable-techniques and applications.

SemCom background, architecture, cross layer interac- A
tion, applications, issues and challenges.

SemCom background, architecture, enable technologies
[9] (semantic extraction, coding, segmentation), performance AN
improvement, applications, issues and challenges.

SemCom theory analysis, semantic extraction techniques,
information transmission, performance metrics, potential
applications, SemCom for future 6G Internet, challenges
and future directions.

[12]

Detailed numerous metrics for SemCom and Goal-

(131 oriented SemCom, very comprehensive.

Goal-oriented SemCom: Background, state-of-the-art
research landscape, trends, application, mathematical
frameworks and theories, challenges and future direc-
tions.

[14]

SemCom resource management (transmission, resource
allocation, MEC orchestration), challenges and future
directions. Mainly focus on security and privacy issue A
in SemCom along with their countermeasures. For RA in
SemCom, have partially discussed but lack of RA specific
in-depth analysis and systematic taxonomy.

[15]

This

Work All Aspects for RA in SemCom. v

v v v v v

* RA: Resource Allocation (in SemCom); System Arch.: System Architecture; RA Problem Form.: RA Problem Formation; RA Tech.: RA Techniques; RA Future

Pros.: RA Future Prospects

* 1 explicitly covered; X: not covered or only mentioned some few sentences. /A means partially discussed or moderate analysis.

1) Studies that were completely not related to SemCom
or resource allocation; 2) Non-peer-reviewed sources or
articles without sufficient methodological rigor. 3) Studies
published more than 10 years ago unless they introduced
foundational theories or seminal works that remain rele-
vant to current research.

o Information Extraction and Analysis: After finalizing the
selected references, the key information was extracted
and analyzed in resource allocation. This included under-
standing the research objectives, methodologies used,
findings, and how each study contributed to advance the
understanding of SemCom resource allocation.
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Fig. 2. The distribution of papers surveyed by year and source.

E. Contributions and Organization

This paper reviews the current state of research in the
period 2021-2025 (February) on resource allocation in wireless
SemCom. Fig. 2 shows the distribution of the articles surveyed
by year and source. The report encompasses arXiv articles
and website articles, while the conference category includes
conference and symposium papers, and the journal category
includes journal and magazine articles. The contributions of
this paper can be summarized as follows:

e We first explain the basics of resource allocation in

SemCom and introduce the network model in the cur-
rent literature on SemCom resource allocation, which is

divided into end-to-end (E2E) and multi-user situations.
We also investigated the use of the next generation of
multiple access (NGMA) technologies and hybrid seman-
tic/bit communications in SemCom resource allocation.
We give the overview of resource allocation in SemCom,
thereby explaining the reason why resource allocation
in SemCom is important for the theoretical perspective
and reality perspective, clarifying the unique specific
challenges that inherently exist in the resource allocation
of SemCom.

Authorized licensed use limited to: WUHAN UNIVERSITY OF TECHNOLOGY. Downloaded on February 09,2026 at 07:23:36 UTC from IEEE Xplore. Restrictions apply.



2968 IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOLUME 28, 2026
Section I. Introduction
Related Contribution
Resource Research
Context . Works and and
Allocation o Methodology ..
Motivation Organization
System Model and Problem Formulation
Section II. Basics of Resource Allocation in SemCom Section I11. Performance Metrics of Resource Allocation in SemCom
Overview of SemCom Overview of Resource Traditional Semantic New Performance
Allocation in SemCom Performance Metrics Similarity Metrics for SemCom

1) Basic End-to-End SemCom 1) The Difference with hs T

2 ics i 7 [ 1HE ti emantic Transmission
2) Mathematical System Modeling of T aditional Communications )d"'re.rg)’;:(;“sy“mp lon 1) Text Signal R)ate — gemantic Sl elctral
SemCor_n . 2) Why Resource Allocation in and ime delay 2) Image-to-Graph X P
3) Multi-User SemCom and Multiple gepnC is I tant 2) Utility Function N Efficiency

) em(Com Is Importan 3) Traditi 1 S and 3) Image Signal .
Access Techniques 3) Specific Challenges of Resource ) Traditional QoS an
4) Hybrid Semantic-Bit Allocation in SemCom QoE 13) SemCom QoS
Communication 4) Resource to Be Allocated
Optimization Problem Solution
Section IV. Centralized Resource Allocation Algorithms in SemCom Section V. Distributed Resource Allocation Algorithms in SemCom
Based on Traditional . q
., Based on Deep Heuristic Multi-Agent Deep .
Optimization .. . . 5 . Economic Methods
q Reinforcement Learning Algorithms Reinforcement Learning
Techniques
1) Lyapunov Optimization - Value Function Based: 1) Multi-Agent PPO/DDPG
2) Alternating Optimization (DQN, DDQN, D3QN, etc.) Algorithm 1) Matching Theory
3) Successive Convex - Policy Gradient Based 2) MADRL Based on Value 2) Auction
Approximation (DDPG,TD3,PPO, etc) Decomposition
4) Hungarian Algorithm - Combination:
5) Lagrange Method (DQN+DDPG D3QN+SAC, etc.)
Section VI. Challenges and Future Research Directions
Resource Allocation under . q
Establishment of SemCom SemCom Resource Allocation
Other SemCom Network o Other Challenges
X Related Theory Optimization Scheme
Architecture :
Section VII. Conclusion
Fig. 3. Road map of the survey.

e The construction of the objective function is the core of
the optimization problem modeling, so we introduce the
performance metrics in the SemCom resource allocation
in detail. We mainly summarized the construction meth-
ods into two types. One is utilizing traditional resource
allocation performance metrics, such as delay and energy
consumption. The other type is based on the semantic
similarity, establishing new performance metrics.

e We discuss in detail different optimization algorithms
in the allocation of SemCom resources, which are
divided into centralized and distributed algorithms.
Centralized algorithms include algorithms based on
convex optimization and other mathematical methods,
algorithms based on DRL, and heuristic algorithms.
Distributed algorithms include methods based on
MADRL, matching theory, and auction. These meth-
ods are summarized in three comprehensive tables for
comparison.

o Through the analysis presented above, we propose future
research directions and several challenges to be solved in
the field of SemCom resource allocation.

The remainder of this paper is organized as follows.
Section II introduces the basic architecture of the SemCom
resource allocation problem. Section III presents traditional
performance metrics, the definition of semantic similarity, and
new semantic-based performance metrics. Sections IV and V

summarize the different centralized and distributed resource
allocation optimization algorithms in detail. Section VI points
out the challenges and possible future research directions.
Finally, Section VII summarizes this survey. Fig. 3 shows the
organization and structure of this survey paper.

II. BASICS OF RESOURCE ALLOCATION IN SEMCOM

This section will explain the basics of the SemCom resource
allocation problem. We provide an overview of SemCom,
followed by a review of the fundamental network mod-
els found in various SemCom resource allocation studies.
Furthermore, we give an explicit contrast between bit-level
and semantic-level modeling in Table III, which provides a
side-by-side comparison between the two paradigms, high-
lighting their respective targets, metrics, modeling approaches,
and optimization goals. Next, we provide an overview of
resource allocation in SemCom. Besides, we give the taxon-
omy of system framework establishment in Fig. 5. Lastly, we
summarize the literature in Table IV.

A. Overview of SemCom

Traditional communications aim to reach the technical
level, which means achieving a high data transmission rate
and a low symbol error rate. However, the basic idea of
SemCom is to extract the “meanings” or “features” of the
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Fig. 4. A comparison between the basic end-to-end network architecture of traditional communication and SemCom.

source and “interpret the semantic information” at a des-
tination. Therefore, SemCom surpasses traditional bit-level
transmission to achieve semantic-level transmission, leading to
significant changes in the design of the network architecture.

1) Basic End-to-End SemCom: A comparison between the
basic end-to-end (E2E) network architecture of traditional
communication and SemCom is shown in Fig. 4. Fig. 4a
illustrates the typical traditional E2E communication archi-
tecture, where the source encoder receives the transmitted
data and compresses it initially, partially eliminating redundant
information through source encoding. The channel encoder
adds redundancy in various coding ways to combat noise
and attenuation in the channel, thereby enhancing its anti-
interference capability and error correction ability. At the
destination, a reverse process is conducted to recover the
original sent data. We can see in Fig. 4b that SemCom
primarily differs from traditional end-to-end architecture in
three key ways.

o Semantic Coding: A SemCom system extracts the seman-
tic information (features) from the original data through
semantic coding enabled by technologies such as DL
and then encodes these features for channel coding. Due
to the implicit meaning inherent in the message under
consideration, the amount of redundant data removed is
significantly greater than that achieved by source coding.
Not like semantic segmentation in computer vision, in
SemCom, all communication parties must maintain a
high degree of consistency in semantic expression and
understanding, which poses a challenge to semantic
compression.

¢ Knowledge Base: Another important feature of SemCom
is that it is a knowledge-based system [21]. This means
that semantic source and semantic purpose can be like
the human brain, through self-learning to establish their
own background knowledge bases (KBs) to guide the
transmitter to obtain multi-level semantic knowledge
description of source data, semantic inference, estimation
of transmission environment, and semantic requirements
of downstream tasks. The system performs semantic
coding and directs the receiver to execute the inverse
process, known as semantic decoding.

e Semantic Decoding: Based on technologies such as
semantic KBs and DL, the receiver can understand and

infer the received information to complete the recovery
of the received semantic information.
Currently, most of the research literature is focused on three
types of sources: fext signal, image signal, and speech signal.
Moreover, there is very little literature that points the research
direction to multi-modal tasks [22].

Text: Text SemCom systems have been widely stud-
ied. Various DL techniques are used to represent the
underlying meaning of texts. DL-enabled semantic codecs
have been through the early Long Short Term Memory
(LSTM)-based models [23], [24], to today’s Transformer-
based models [25], [26]. In 2018, Farsad et al. [23] proposed a
joint source-channel coding (JSCC) scheme for text SemCom,
in which the encoder and decoder are implemented by two
LSTM networks. Compared to the single source channel
coding (SSCC) scheme, the DL-based JSCC scheme per-
forms better [23]. In 2021, Xie et al. [25] proposed the
DeepSC framework by fine-tuning the basic structure of
Transformer [27]. DeepSC can adapt to different channel envi-
ronments, perform well under low SNR, and have excellent
robustness. The author of [28] proposed a semantic extraction
scheme based on the entity recognition model (NER) and
LSTM that transforms the transmitted sentence into multiple
triplets of semantic importance, and important triplets will be
allocated more transmission resources to improve reliability.
The authors of [29] introduce a life-long model updating
approach in which the receiver can learn from previously
received messages and automatically update the rules to
reasoning for hidden information when new unknown semantic
entities and relations have been discovered.

Image: The image SemCom system is similar to the text
SemCom system, and there is much research on it. In con-
trast to text systems, image SemCom systems extract the
original image’s features (which, in this context, represent
the image’s “meaning”) and extensively utilize convolutional
neural networks (CNNs). In addition, in many task-oriented
SemCom systems (such as image classification tasks), the
image does not need to be reconstructed at the receiver. In
2019, Bourtsoulatze et al. [30] first proposed an end-to-end
image transmission system using CNN’s JSCC scheme, which
has better performance than traditional image transmission
methods. In 2022, Dong et al. [31] proposed a layer-based
semantic communication system for images (LSCI), and
the concept of semantic slice-models (SeSM) is proposed
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to enable flexible model resemblance under the different
requirements of the model performance, channel situation, and
transmission goals. In 2023, Lokumarambage et al. [32] imple-
mented a semantic communication-based end-to-end image
transmission system, where a pre-trained GAN network is
used at the receiver as the transmission task to reconstruct
the realistic image based on the semantic segmented image
at the receiver input. Kadam and Kim [33] proposed a joint
CNN-LSTM-based SemCom model in which the semantic
encoder of a camera extracts the relevant semantics from the
raw images, resulting in a novel approach to the problem of
predicting vehicle counts.

Speech: Unlike the previous two modes of the SemCom
system, the speech signal possesses more complex
performance characteristics, including speech speed, volume,
tone, and dialect, all of which can express the same meaning.
The general approach is to convert the speech into text for
processing. However, the same text information expressed
in different intonations will produce different meanings.
Therefore, the process of voice semantic transmission is more
complex and challenging to manage [34], [35]. The majority
of the source modes in SemCom’s resource allocation are text
and image modes. Currently, there is no relevant research on
the allocation of resources for the SemCom speech system.
In the following content, we will introduce and compare
these papers comprehensively and organize them in tables for
reference.

2) Mathematical System Modeling of SemCom: While the
previous section has highlighted the core components of
semantic communication, it is equally important to understand
how these elements integrate into a mathematical frame-
work. We will introduce some essential parts of mathematical
modeling in papers, mainly on semantic extraction and seman-
tic metrics (it will be discussed thoroughly in Section III).

o NN features-based semantic extraction: It utilizes deep
learning models for end-to-end semantic encoding,
offering strong contextual understanding but lacking
interpretability and explicit semantic relationships. In
such an approach, the encoded symbol stream can be
represented by

x = Ca(55(9)), (1)

where, Sg(-) is the semantic encoder network with
parameter set 8 and C,/(-) is the channel encoder with
parameter set «, the specific networks are various in
different systems. In text SemCom systems [25], [36],
networks such as Transformer, BERT, or LSTM are
utilized for semantic extraction, s = [wy,ws, ..., w)
denotes the original sentence, w; represents the I[-
th word in each sentence. In speech SemCom
systems [34], [37], [38], ResNet, Transformer, CNN and
Recurrent Neural Network (RNN) are utilized for seman-
tic extraction in different studies, the input s is the speech
sample sequence, s = [s1, 82, ..., sy| with W samples,
where s, is the w-th item in s and it is a scalar value.
In the DeepSC-ST system [38], text-related semantic
features are extracted from the input speech spectrum
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samples using CNN and the gated recurrent unit (GRU)-
based bidirectional RNN (BRNN) modules. In the image
SemCom systems [30], [31], [32], [33], [39], networks
such as CNN and GAN are often used, and the input
is a n-dimensional image, not a sequence like text or
speech. Simulation results show that SemCom performs
well especially under the low SNR. This is because the
extracted semantic features reduce redundancy which will
use more channel resources. After semantic extraction,
high-level semantic representations are less sensitive to
noise, which makes the SemCom system more robust.

¢ Knowledge Graph-based semantic extraction: It extracts
structured information as semantic triples (subject, pred-
icate, object) to form a knowledge graph, which
enhances interpretability and enables reasoning but
requires high construction and maintenance costs. The
semantic information of a knowledge graph is typically
expressed as triples in the form of (head, relation,
tail). From a piece of text data, multiple triples can be
extracted, and these triples can be used to characterize a
knowledge graph. The knowledge graph extracted from
each sample data T, is represented as

1 2 M
Gn:{en,sn,...,gg”‘,...,sn } @)

where ¢ is the m-th triple in knowledge graph G, M is
the total number of triples. The triple €, can be written
in the following form:

where h;}* is the head entity of triple ], ¢ is the tail
entity, and r;* is the relation of head and tail entities.
For text, the work in [40] used an information extrac-
tion system to extract semantic triples from texts and
modeled as KGs, and the receiver used a graph-to-text
generative algorithm to recover the original texts based
on the received triples. In [41], a cognitive text semantic
communication framework is proposed by exploiting
knowledge graph. For image, the scene graph (SG) is
a visual KG that describes visual relationships between
entities, the authors in [42] and [43] used object detection
and RE algorithms to extract SG from images.

3) Multi-User SemCom and Multiple Access Techniques:
The previous section introduces several end-to-end SemCom
systems. However, all the above systems do not involve multi-
user transmission. In general, the connection density of 5G is
106 devices per square kilometer, while the connection density
of the 6G network will increase to 10 times that of 5G, and the
regional traffic density should be 100 times that of 5G, which
requires a significant improvement of spectral efficiency [5].
Moreover, the knowledge base within the SemCom system
may vary significantly. Therefore, from a more realistic point
of view, it is necessary to design a multi-user SemCom system.
Notably, we only survey the multi-user SemCom system in
papers on resource allocation in SemCom, not all SemCom-
related papers.

In the resource allocation problem of multi-user SemCom,
the classical multiple access (MA) techniques such as
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TABLE II
THE COMPARISON OF DIFFERENT NGMA TECHNIQUES

SDMA (Spatial Division NOMA (Non-orthogonal RSMA (Rate-splitting
Multiple Access) Multiple Acess) Multiple Acesss)
Interference Fully treat interference . Partially treating interference as
. Fully decode interference . . L
Management as noise noise and partially decoding interference
Rate of |hip, 2 h TPy 2 [n{7p,[”
user-1: | Blos2(lH ) | Blosa(lt i) | G Bloss (14 ey
Rate of nLps|? 1 ps |2 [d7po[”
user-2: Blogy(1+ \h§p1I2+N2) Blogy(1+ Na ) C2+ Blogy (1+ [hop1 |2+ N2

*Here, the BS wants to transmit two messages respectively to user-1 and user-2 in each time frame with bandwidth B,
where hy, is the channel gain matrix from user-k to BS, perfectly known at BS. p;, is beamforming vector, and Ny, is

the noise power of user-k.

*In NOMA, assume the successive interference cancellation (SIC) is deployed at user-2.
*In RSMA, py, is the power allocated to the private message, it differs from NOMA and SDMA.

frequency division multiple access (FDMA) [36], [44], [45],
[46], [47], [48], orthogonal frequency division multiple access
(OFDMA) [40], [49], [50], [51], [52], [53], [54], [55],
[56], [571, [58], [59], [60] or time division multiple access
(TDMA) [61], [62] techniques are mostly used. However, with
the continuous development of communication technology,
researchers have begun to explore the application of the
combination of next-generation multiple access (NGMA) and
SemCom in resource allocation. Before comparing different
MA techniques in papers on resource allocation in SemCom,
we summarized these three key NGMA techniques in Table II.

As in Table II, spatial division multiple access (SDMA)
treats the interference of other users fully as noise. Non-
orthogonal multiple access (NOMA) will employ successive
interference cancellation (SIC) at one user to fully decode the
interference. Rate splitting multiple access (RSMA), based on
the concept of rate splitting (RS), is considered to be a promis-
ing physical layer transmission paradigm for non-orthogonal
transmission, interference management, and multiple access
strategies in 6G. The main idea of RSMA is to divide
user messages into common and private parts (s. and s;)
and to be able to partially decode interference and partially
treat interference as noise, which is in stark contrast to the
extreme interference management strategies used in SDMA
and NOMA. The flexibility of RSMA makes it perform well
at all levels of interference [63]. In RSMA, p; and p. are
the power allocated to private messages and the common
message. The common stream s, is decoded first by treating
the interference from private streams s; and sp as noise. As
sc contains part of the intended message as well as part of
the message of the interferer, it enables the ability to partially
decode interference and partially treat interference as noise.
The instantaneous rates for decoding the common streams at

user-k are
lhyp1|? + [hypo| + Ny

R = Blogy (1 +

To guarantee that common message s. is decoded by both
users, the common rate shall not exceed

Re =min{R.1,Rc 2} (5)

Denote C}, as the common rate portion of user-k: C1 + Ca =
R.. Once s, is decoded and removed from the received signal

via SIC, user-k decodes its desired private stream s, so the

private rate of user k is
2
h{'pj,
L , (6)

R, = Blogy (1 + 5
’hkpj| + N

so that the achievable total rate of user k is
Ry 1ot = Ck + Ry (7

In [64] and [65], the authors used SDMA as the multiple
access method and established an SDMA-based multiuser
probabilistic SemCom (PSC) framework that considers both
transmission and computational consumption. The authors
of [61] proposed a new semantic-aware resource allocation
scheme in the integration of the radio frequency energy
harvesting (EH), cognitive radio (CR), and NOMA scenario.
An uplink network consisting of multiple primary users (PU)
using TDMA and a secondary user (SU) using NOMA and
PU multiplexing spectrum is considered. In the background of
PSC, the work in [66] studied the joint communication and
computation design in the reconfigurable intelligent surface
(RIS)-assisted industrial Internet of Things (IIoT).

Compared to SDMA and NOMA, the research on resource
allocation in the combination of RSMA and SemCom is
obviously more [67], [68], [69], [70], [71], [72]. In [67],
the optimization problem of the energy consumption of the
downlink SemCom network with RSMA is studied. The
authors of [69], [70] focused on the PSC framework based
on RSMA; reference [70] expanded the work of [64], and
the multiple access mode was changed from uplink SDMA
to downlink RSMA, while the authors of [69] paid more
attention to the energy-saving design of the PSC system.
The simulations of the above literature [68], [70] compare
the SDMA and NOMA-based schemes. The results show
that the RSMA based scheme performance is the best in terms
of total semantic transmission rate.

4) Hybrid Semantic-Bit Communication: While most
research on resource allocation focuses solely on SemCom
itself, the coexistence of SemCom and bit communication
(BitCom) modes has also received attention [44], [45], [73],
[74], [75], [76], [77], [78]. SemCom is more suitable for low
signal-to-interference-plus-noise ratio (SINR) and resource-
constrained scenarios, while BitCom performs well in high
SINR regions. Moreover, it is not possible to completely
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TABLE III

COMPARISON OF MODELING AND FRAMEWORKS: TRADITIONAL VS. SEMANTIC COMMUNICATION

2026

Aspect

Traditional Communication

Semantic Communication

Focus of Modeling

Bit-level modeling: focus on modulation, encoding, and
physical-layer performance

Semantic-level modeling: focus on semantic extraction, fea-
ture representation, and downstream task performance

Modeling Tools

Analytical models (e.g., traditional information theory, vari-
ous source and channel coding methods)

Deep learning models (e.g., Transformer, CNN, RNN),
knowledge graphs

Encoding on Transmit-
ter

Source coding reduces redundancy based on bit-level statistics
(will include redundant and useless information)

Semantic coding eliminates redundancy by extracting the
meaning or characteristics from the source information

Decoding on Receiver

Decode all information and ignore the true meaning of the
intended expression

Intelligent error correction and appropriate recovery on the
receiver side based on the knowledge combined with context

Channel Condition

Recovering accurate bits at the receiver to achieve low symbol
error rate requires good channel conditions and a high signal-

High-level semantic features are less sensitive to physical
noise which make SemCom are robust to bad channel con-

to-noise ratio

ditions, limited communication resources or relatively low
signal-to-noise ratios.

Noise Type Physical channel noise

Physical channel noise and semantic noise due to the ambi-
guity existing in words, sentences or symbols in the messages

Framework Design Separate source-channel coding (SSCC)

Enables Joint source-channel coding (JSCC)

Performance Metrics
rate)

Physical bit-level metrics (e.g. bit error rate and transmission

Semantic-level or task-oriented metrics (e.g., semantic spec-
tral efficiency and success probability of tasks)

Adaptivity to Task Task-agnostic (same design regardless of task)

Task-oriented/task-aware (customized for classification, trans-
lation, etc.)

replace BitCom’s current huge infrastructure and user bases
at once. In the future, hybrid semantic/bit communication
networks will become an inevitable and persistent example of
intermediate networks [78]. The authors of [73] proposed a
novel multi-carrier E2E system that combines both semantic
and Shannon (bit) communications, in which both the BS and
the user can communicate by choosing to utilize either bitCom
or SemCom on each subcarrier. For resource allocation in
the coexistence of semantic and bit communication networks,
the focus is how to combine the measurement of the two.
In [78], a bit-to-message (B2M) conversion function is used
to convert the rate metric into the capacity of the semantic
channel (i.e., the achievable message rate in units of messages
per unit time, msg/s), let R;;(-) denote the B2M function of
the SemCom link between mobile user (MU) i and BS j, its
instantaneous achievable message rate in time slot ¢ should be

M (1) = Bij (1) Ry (bij loga(1 + 75 (1))). (8)

Here, f3;;(t), by(t), and ~y;; () represents the knowledge-
matching degree, bandwidth, and SINR between MU i and its
communication counterpart at slot #. Compared to the SemCom
link, the instantaneous achievable message rate of the BitCom
link in slot # is given by

ME(t) = piyRaj (bij loga (1 + 4 (1))).- 9)
Here, by; (), and 7;;(t) denotes the same thing as in Eq. (8),
and p;; is an average B2M transformation ratio to measure
network performance with a message-related metric unified
with SemCom.

If taking both SemCom and BitCom into account, use Yij to
denote the communication mode selection (y; = 1 represents
that the SemCom mode is selected for the link between MU
i and BS j, and y; = 0 indicates that the BitCom mode is
selected), the time-averaged message rate of each link is

M;; = (10)

N

1 B

N Z [yijMi}S"(t) + (1 - yig) Mj; (t)}
t=1

In [75], the equivalent transformation method in [36] is

used to transform the bit rate into the equivalent semantic rate

(suts/s, which will be discussed in the next section), which
is unified into the semantic correlation measure to measure
the network performance. Compared with the combination
mode of SemCom and BitCom in [75], [78], the works
in [44], [45], [74] both studied another form of coexistence of
SemCom and BitCom separately in the downlink and uplink
transmission. A semantic relay (SemRelay)-aided system was
proposed. We use the uplink transmission scenario in [74] for
explanation: from the users to SemRelay using BitCom, from
SemRelay to the BS using SemCom. In the User-SemRelay
link, FDMA is adopted, the achievable rate R is:

|3t | *ps

Bo” = By loga | 1+ “pay ™ |-

(an

where Ny is the power spectral density of the additive white
Gaussian noise (AWGN), p denotes the transmission power
of user n, h;° denotes the channel gain from user n to
SemRelay and Bj® denotes the bandwidth allocated to the
link. The transmission delay for each user n is given by
ths = gég Here, D,, is the volume of text data in bits. The
computation time cost for semantic compression at SemRelay
is t¢, The achievable rate of the SemRelay-BS link is:

|hsb|2ps

R = B 1og, [ 1+ L2 |,
g2 BN,

(12)

where, p; denotes the transmission power of SemRelay, hﬁf’
denotes the channel gain from SemRelay to BS, and Bg°
denotes the bandwidth allocated to the link. The transmission
delay for SemRelay is given by 50 = DRbf: " Here, DSem
is the total number of bits for the compressed semantic
information. The explicit expression of ¢¢ and D¢™ can be
found in [74]. So the overall latency tall g

£ — max{t¥ Vn} + t¢ + 0. (13)

Another difference from [75], [78] is that [44] and [45]
transform the semantic rate into the bit rate to unify these two
rate metrics into a bit-based metric (bit/s).
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B. Overview of Resource Allocation in SemCom

We have given a brief description of resource allocation in
Section I. We are now giving a more detailed description of the
difference between traditional communication and SemCom in
terms of resource allocation, as well as why it is important.

1) The Difference With Traditional Communications:

e Optimization Problem: Compared with traditional wire-
less communication, SemCom’s network architecture has
changed in many aspects, from codec level to multiple
access modes. Due to the inexplicability of neural
networks, it is difficult to derive closed-form expressions
of some objective functions or variables. Therefore, the
constructed optimization problem, from the objective to
the constraints and optimization variables, differs signif-
icantly from the traditional architecture.

e Optimization Algorithm: As artificial intelligence and
machine learning technology continue to advance, an
increasing number of intelligent methods have emerged
to address resource allocation problems. For exam-
ple, neural networks are used to approximate the
function in which closed-form expressions cannot be
obtained, and deep reinforcement learning (DRL) has also
become a powerful tool for solving complex resource
allocation problems in recent years [79], [80], [81].
Though traditional methods like mathematical and con-
vex optimization-based algorithms are still widely used,
resource allocation in SemCom is more applicable
to intelligent methods, and many papers tend to use
intelligent method-based algorithms. We will give a com-
prehensive introduction to these algorithms in Section I'V.

2) The Reason Why Resource Allocation in SemCom is
Important:

o Theoretical perspective: Firstly, from the perspective of
the network model, SemCom has a lot of new modules to
consider, such as the semantic encoder and the knowledge
base. Most SemCom systems use DL techniques to adopt
semantic extraction. Neural networks will bring about a
lot of inexplicability and can result in the lack of a closed
form of part of the objective function. Moreover, as it
involves unique allocatable resources such as semantic
fidelity and computation overhead for semantic pro-
cessing. Optimization algorithms to optimize these new
semantic-related variables directly have a great influence
on the whole system performance. Besides, traditional
performance metrics do not consider the meaning of
information. Using traditional performance metrics for
resource allocation may even lead to a decrease in
system performance. Therefore, developing new metrics
that match the characteristics of SemCom and designing
proper optimization algorithms to deal with the new
objective functions and constraints caused by these new
metrics can also have a positive influence on system
performance. Recently, there has been a lot of research
on the new performance metrics of SemCom, such as
semantic similarity, semantic energy efficiency, and task
success rate, of which we will give a detailed description
in Section III-C.
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o Reality perspective: In the context of 6G, the amount of
data generated by terminal devices around the world is
explosively increasing. Coordinating limited resources to
better process these data requires an appropriate resource
allocation strategy. Data from different application sce-
narios may have different service requirements. Vehicles
in autonomous driving scenarios need to process data
in milliseconds to ensure traffic safety. Therefore, ultra-
low latency is its main goal. Semantic sensing systems
assisted by uncrewed aerial vehicles (UAVs) usually
pay more attention to the long battery life and expect
to achieve low energy consumption. In addition, some
mobile devices and IoT devices are designed to achieve
low data processing costs or achieve the best user satisfac-
tion. Therefore, appropriate resource allocation strategies
are needed to meet these diverse needs.

3) Specific Challenges of Resource Allocation in SemCom:
SemCom brings fundamental shifts to the modeling, evalu-
ation, and optimization of wireless communication systems.
These shifts give rise to several unique challenges that are
rare or nonexistent in traditional communications and funda-
mentally affect how resource allocation must be performed.
Although Section VI will discuss open research problems
and promising future directions for SemCom, this subsec-
tion focuses on the specific and practical challenges that
currently arise in existing SemCom system designs and imple-
mentations. These challenges reflect the inherent complexity
and unique characteristics of SemCom. By clarifying these
concrete issues, we lay the foundation for understanding
why the optimization techniques in SemCom (which will be
introduced in Sections IV and V) are necessary. These specific
challenges can be summarized as follows:

o Tradeoff Caused by Semantic Compression Ratio:
There are many tradeoffs, such as the energy-latency
tradeoff and the accuracy-efficiency tradeoff, that
already exist in traditional communications. However,
SemCom introduces the new resource type, the seman-
tic compression/extraction ratio, which directly affects
communication, computation, and semantic fidelity. For
instance, a higher compression ratio reduces the data
size for transmission and saves transmission delay and
energy consumption (communication load reduction), but
it lowers the semantic fidelity and task accuracy and
needs more computing resources to process the seman-
tic extraction and recover, which results in the local
extraction latency and energy consumption at the trans-
mitter, the recover latency and energy consumption
at the receiver (computation load increase). Moreover,
for intelligent tasks, a higher compression ratio (lower
in value) results in higher computing cycles for task
processing, thus increasing task computing latency and
energy consumption. These tightly coupled tradeoffs of
computing, communication, and accuracy make resource
allocation in SemCom inherently more complex. The
detailed description about how the semantic compression
ratio influences latency and energy consumption is in
Section III-A.
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o Optimization with Non-differentiable and Implicit
Objectives: Many SemCom key performance metrics
rely on semantic similarity, which is difficult to express
analytically. These objectives often lack closed-form
expressions, are non-differentiable, or even implicitly
defined through closed-box models, which make
traditional optimization methods hard to apply well.

e Highly Coupled and Non-convex Optimization Variables:
Unlike conventional systems where resource variables can
often be decomposed or linearized, SemCom involves
complex coupling between variables such as computation
capacity, transmission power, and semantic compression
ratio. The resulting optimization problems are typi-
cally non-convex and nonlinear, in both objectives and
constraints.

o Task-related Semantic Information Transmission in Task-
oriented SemCom: In task-oriented SemCom systems,
the resource allocation is closely tied to the task-related
importance of the semantic information. For example,
tasks involving safety-critical or context-rich data trans-
mission (e.g., autonomous driving) may need to acquire
high semantic fidelity, while other types of tasks may
tolerate coarse-grained transmission. This task depen-
dence necessitates adaptive resource allocation schemes
that align with task-related semantic information and their
utility, to complete the transmission of task-related and
high semantic-importance features. At the same time,
it ensures the allocation of other resources (bandwidth,
power, computing resources) to jointly optimize the
overall system performance.

These challenges motivate the development of novel
optimization formulations and solution algorithms, as will be
discussed in the following sections.

4) Resource to Be Allocated in SemCom: Generally speak-
ing, the current research on resource allocation mainly involves
computing, communication, and storage resources, with the
following resources typically requiring allocation.

e Computing resources: The computing frequency of
CPUs/GPUs on the BS or user side, also known as
computing capacity.

e Communication resources: The wireless resources used
by BS or clients for data transmission, including band-
width, power, etc.

e Network parameter resources: The network-parameter
resources are the parameter settings in the SemCom
system, including the semantic compression ratio, the
neural network parameters, and other parameters or pol-
icy settings.

o Storage resources: Edge servers or BS use these hardware
storage resources to cache computing tasks and popular
content (such as road monitoring).

In this paper, we summarize the resources to be allocated in the
literature in Tables IX, XI, and XIII, and we need to mention
that the storage resources are omitted since only one work [82]
considered them. The symbol “~" in the tables indicates that
this particular resource type is not allocated.

In this section, we outline the foundational structure of the
SemCom resource allocation. It begins with an introduction
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Fig. 5. The taxonomy of system framework establishment.

to SemCom, followed by an examination of key network
models used in SemCom resource allocation. We then dive into
the core aspects of resource allocation within SemCom and
conclude with a preliminary review of the relevant literature,
summarized in Table IV, which gives a preliminary summary
of the literature on resource allocation in SemCom based on
source modal, communication mode, multiple access mode,
and resource allocation type. In the table, one(many)-to-many
means one(many) BS(s)/edge server(s) to many users/end
devices (EDs). Furthermore, we use the symbol “~” to indicate
that this property is not presented in the paper.

III. PERFORMANCE METRICS OF RESOURCE ALLOCATION

Building upon the previous section, this section will review
the research on performance metrics in SemCom and the
formation of optimization objectives in different literature.

Usually, we evaluate a communication system based on
its accuracy and effectiveness. The traditional communica-
tion method is measured by the bit error rate and the bit
transmission rate. For SemCom, accuracy can be measured
by task performance and quantified by semantic similarity of
text transmission, character error rate of speech recognition,
etc. However, the efficiency of SemCom is usually difficult
to measure and quantify [121]. As a result, it is critical
and challenging to establish new performance metrics for
SemCom resource allocation. At present, the research of
SemCom resource allocation on constructing optimization
objectives is mainly divided into two methods: based on
traditional resource allocation performance metrics such as
energy consumption, delay, and utility; and establishing new
semantic-related performance metrics. See below for details.

In different articles, the symbols for the same variables may
be inconsistent. To improve the reader’s understanding of the
composition of these performance metrics, this paper modifies
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TABLE IV
COMPARISON OF PAPERS FOCUSING ON DIFFERENT SOURCE MODAL, COMMUNICATION MODES, AND SCENARIOS

Ref. i/(l)urce Communication Mode Scenarios
odal
[83] Uplink E2E communication between UAV and BS
[84] E2E Downlink No special cases
[73] Hybrid bitCom/SemCom system
[36] . No special cases
[74] Uplink-FDMA SemRelay-aided I?berid bitCom/SemCom
[44], [45] Downlink-EDMA SemRelay—aid;d Hybrid bithm/SemCom
[46] Physical layer security
[49] Fog radio access networks, intelligent
computing task, and computation offloading
[50] Uplink-OFDMA Machine translation and task offloading
[51] SemCom over energy harvesting networks
[52] Networks with limited resources
[53] Semantic bit quantization
[40], [54] Downlink-OFDMA No special cases
[55] One-to-many UAV-assisted and spectral sharing
[56] Text Multi-cell network
[62] Uplink-TDMA Energy-efficent semantic-aware wireless networks
[67] RSMA downlink SemCom system
[68] Downlink-RSMA RSMA SemCom with uRLLC service
[69], [70] Combination of PSC and RSMA
[64], [65] Uplink-SDMA Combination of PSC and SDMA
[75] Downlink-OMA+NOMA Hybrid bitCom/SemCom
[85] Energy harvesting of hybrid access point
. Semantic relevance-based task-oriented communications
[86] Uplink . .
with query-aware semantic encoder
[76] Hybrid bitCom/SemCom
[871-189] No special cases
[90] Intelligent reflecting surface (IRS)-assisted SemCom
[91]-[93] Downlink Integrated sensing and semantic communication (ISSC),
secure resource allocation
[94] IRS-assisted semantic spectrum sharing network
[95], [96] Uplink-OFDMA Semantic-aware 5G-Vehicle to everything heterogeneous Networks
[97] No special cases
[98] Many-to-many Different knowledge matching degree
[99] Downlink Coexistence of textual SemCom service and URLLC service
[100] Multi-cell downlink PSC system
[101] Combination of joint processing (JP) and SemCom
[102] E2E - IoV and image transmission in D2D communication
[57] Coexistence of uRLLC and SemCom system
[58] . Image-to-text semantic transmission
[103] Downlink-OFDMA IRS-enhanced sgecure semantic communication (IRS-SSC)
[104] UAV-assisted SemCom
[61] Uplink-TDMA+NOMA Integration of EH, CR and NOMA
[71] Downlink-RSMA Metaverse 3D construction
[105] Uplink-FDMA Joint optimization while training an image SemCom network
[106] No special cases
[107] Image One-to-many ToV; target recognition; FL-based SemCom model
[108] SemCom-enabled IIoT system; workpiece surface defect classification
[109] Uplink Feature importance perception and image classification
[53] Multi-user IoT system with adaptable semantic compression (ASC)
[110] Human pose estimation and DT construction
[77] Hybrid BitCom and SemCom
[111] Image classification
[112] Uplink and downlink Image classification
[113] UAV to users UAV-assisted DT construction
. Semantic IoT-based image retrieval services,
(114] Downlink defense to potential a%iversarial attacks

the expressions in some literature and unifies the mathematical
expressions of common variables in different literature, as
shown in Table V.

In most of the literature, for the subscript of a single
variable, we use n to represent the n-th user, m to represent
the m-th subchannel, b to represent the index of BS, z, ,n = 1
to represent the association of user n and subchannel m, and
Zn,m = 0 to represent disassociation. In some other references,
the subscript may refer to a task, a user group in a cellular

(Continued)

cell, etc. At this time, we follow the expressions in their work
and provide additional descriptions.

A. Traditional Performance Metrics in Resource Allocation

1) Energy Consumption and Time Delay: Energy con-
sumption and delay/latency are two of the most traditional
and commonly used performance metrics in resource
allocation.
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TABLE IV
(Continued.) COMPARISON OF PAPERS FOCUSING ON DIFFERENT SOURCE MODAL, COMMUNICATION MODES, AND SCENARIOS

Source

Ref. Modal Communication Mode Scenario
[58] Downlink-OFDMA Image-to-text semantic transmission
[115] Metaverse
e Uplink Heterogeneous wireless networks,
[116] Image Many-to-many energy-aware image-based SemCom
[117] UAV-assisted, target detection,
Re-identification (Re-ID), and cloud-edge collaboration
[118] Downlink F-RAN and image semantic segmentation
[119] Multi-cell multi-user MIMO system
[59] Semantic-aware dynamic long-term MEC systems
[60] One-to-man Uplink-OFDMA Task offloading
[120] Multi- y Multi-modal secure SemCom, VQA
[47] m(l)l dal Downlink-FDMA Multi-modal semantic transmission of UAV
[22], [121] Many-to-man Uplink Multi-cell/multi-modal task network; VQA
[122] Y Y Downlink Space-air-ground integrated networks (SAGINSs),
0 hybrid bit and semantic communications
Vehicles to BS/ Vehi- . Cellular vehicle-to-everything (C-V2X) multi-modal
[123] cle to Vehicle (V2V) Uplink-OFDMA communication platooning systems
[82], [124], [125] Video One-to-many Uplink IoV and target detection
[126] . Semantic coding model
[127] E2E Uplink Integrated sensing, communication and computation (ISCC)
[128] Uplink ' PSC in IIoT '
[129] One-to-man Edge-assisted SemCom network for ToT devices
[130] : y Uplink and downlink Joint sensing and communication model
[72] Downlink-RSMA Satellite-integrated RSMA SemCom downlink system
(48] Uplink-FDMA Adaptive SemCom
Many-to-many . Cyber-physical system, data-driven decision making,
[131] Uplink-OFDMA edge learning, federated learning, distributed optimization
[78] Uplink and downlink Hybrid bitCom/SemCom
[66] BS-RISs-Users Downlink-SDMA(RIS to users) RIS-assisted PSC in IIoT
[132] Downlink Distributed RISs assisted PSC
TABLE V

VARIABLES DESCRIPTION

Variables
Bandwidth
Power
Time delay
Energy consumption
Bit rate
Semantic rate
Original text sentence
Recovered text sentence
Expected values of text sentence length
Expected values of text sentence information
Average number of semantic symbols for each word
Semantic similarity
Subchannel association
Channel condition/SNR
Utility function

Single Total

S

R 8 | |~ | o [ H S| o | [
'

For applications sensitive to delay, the design of a resource
allocation algorithm to reduce latency is one of the main
concerns [42], [58], [60], [73]. Delay modeling generally
includes the following parts: a) semantic extraction latency
at the transmitter (7'!); b) transmission latency (7'); and
¢) semantic recovery latency or task process latency at the
receiver (7T3).

We previously mentioned in Section I[-B3) that the
influence of the semantic compression ratio is the computing-
transmission tradeoff in latency. For better understanding, we
simply model the latency of a single user in the semantic-
aware task process scenario, compression latency is

Tl _ F(va)

14
7, (14)

p is the compression ratio, f, is the computing capacity at
the transmitter, and F'(p, D) is the required compression CPU
cycles, which might be different across the literature. For
instance, [60] modeled F(p, D) as

_aD
= el
where o > 0, 8 > 0 are constants relevant to the tasks.
Transmission latency is

F(p, D) (3)

D
T2 = %, (16)
R is the transmission rate. Computing latency is
DG
T3 = P2 “} : 17
T

where w is the required CPU cycles per bit to process the task,
fr is the allocated computing capacity at the receiver. We use
G to denote the ratio of computation intensity of semantic data
to that of raw data. The increase is caused by computations
for processing semantic data and compensations for enhancing
accuracy [59]. G can be denoted as

1
G=—, (18)
p
where c is a constant related to specific tasks. Fig. 6 shows
the relation of compress ratio and G, where pni, is the
minimum compression ratio to maintain the integrity of
source information or task, which can vary from different
tasks/users/information modalities.
So the total latency is
F(p,D D DG
T:T1+T2+T3:M+a7 & (19)
fe ,Oﬁ fr
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o Compression

Ratio

Fig. 6. The relation of G and compression ratio p.

It is obvious that compression ratio affect all parts of the total
latency, and controls the tradeoff between computing (7' 1 and
T3) and transmission (T2).

When the focus of the article is on “Energy Efficiency”, the
total energy consumption of the entire system is often used as a
performance metric [50], [59], [62], [67], [87], [114]. In most
cases, delay and energy consumption are contradictory. The
other often becomes a constraint when one is the optimization
goal. In [50], the authors proposed a semantic-aware energy-
saving task offloading network model. The goal is to extend
the battery life of local users, so the sum of local users’ energy
consumption is used as the objective function. Considering
the power shortage of mobile devices, the study in [59] is
committed to the allocation of resources for semantic-aware
MEC systems to minimize energy consumption. As discussed
in [67], the authors modeled the delay and total energy
consumption of a single user that consists of these three parts.
The goal is to minimize the total energy consumption of the
entire system, considering constraints such as delay.

We also previously mentioned in Section I-B3) that the
influence of the semantic compression ratio is the computing-
transmission tradeoff in energy consumption. Similarly, we
also simply model the energy consumption in the semantic-
aware task process scenario. The energy consumption of
semantic compression can be denoted as

E' = kF(p, D)fZ, (20)

where k is a constant coefficient. F(p, D) also denotes the
CPU cycles required to compress the data D to pD. The
transmission energy is

pD
R
where p is the transmission power. And the task computing
energy can be denoted as

E3 = k(pwDG)f2.

E?=pT%?=p 1)

(22)

In many one-to-many uplink wireless communication scenar-
ios, only the transmitter’s energy consumption (B! = E! +
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E?) needs to be considered as a constraint since the user sides
(like mobile devices) often have energy budgets. However,
there are some other scenarios like energy minimization
of energy efficient communication system, which needs to
consider the total energy consumption of both transmitter and
receiver (E' + E? + E3).

To better show the relations of compression ratio and
latency/energy consumption, we illustrate them in Fig. 7a
and Fig. 7b, where pj is the optimal compression ratio for
the minimum latency of single user and p} is the optimal
compression ratio for the minimum energy consumption of
single user. In the figures, the range of compression ratio p is
in [pmin, 1] due to the p below threshold ppi, can not maintain
the integrity of source information or task. p,i, can vary from
different tasks/users/information modalities, here we set it to
0.5 for illustration,

In Fig. 7a and Fig. 7b, we can notice that the transmission
delay/energy decreases with decreasing compression ratio,
the computation delay/energy increases with the decrease
of compression ratio, and the optimal compression ratio to
reach the minimum value of latency and energy consumption
is different, thus leading to a tradeoff in computing and
transmission. (Note: This relation may vary in different system
models and with different users. The relation in Fig. 7 is an
example illustration of a certain user.)

2) Utility Function: The concept of utility in resource
allocation refers mainly to the satisfaction of users under
a certain resource allocation scheme. Utility is generally
expressed by the utility function. According to various objec-
tives, the utility function is represented and mathematically
transformed by different quality of service parameters, such as
data transmission rate, delay, energy consumption, and cost,
which can achieve a better overall effect. The mathematical
transformation mainly includes reciprocal, logarithmic, and
weighted summation. Finally, an effective optimization algo-
rithm is designed to maximize the utility [46], [48], [49],
[117], [118]. For example, the utility function established in
the literature [117] is shown in Eq. (23):

U=pA~-pT-pB3E,

where A is the total task accuracy, T is the total time delay, £
is the total energy consumption, and 31, B2, B3 are the weight
factors.

3) Traditional QoS and QoE:

e Quality of Service (QoS): Defined by the International
Telecommunication Union (ITU) as “the totality of char-
acteristics of a telecommunications service that bear on its
ability to satisfy the stated and implied needs of the user.”
It primarily focuses on system performance measured
through physical parameters [133].

o Quality of Experience (QoE): Refers to users’ subjective
perception of the system or service performance, influ-
enced by context, culture, expectations, psychological
factors, and more [133].

In resource allocation for wireless communications, QoS
modeling is often similar to the utility function, but the
mathematical complexity is higher than the general utility
function. In [47], the QoS modeling based on the transmission

(23)
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Fig. 7. Latency and energy consumption versus semantic compression ratio.

delay and the number of received semantic information is
shown in Eq. (24).

QoSm,n(t) =
1

1_|_ eﬁT(Tm,n(t)thh)} |:1 + eﬂHAm(t)(ch_[jIm,n(t))} 9
(24)

The two terms on the right side of the equation repre-
sent the transmission delay score and the received semantic
information score of the user n, respectively, where 7%, and
Hy;, are the transmission delay thresholds and the received
semantic information and Sp, Sy are the weight factors of
the delay in time and the received semantic information.

The primary goal of wireless communication network
services is to provide a user-satisfied quality of experience
(QoE) that is more user-centric. QoS does not contain any
human-related quality factors, which means that for two
different users, the same level of QoS may not guarantee
the same level of QoE [134]. Designing QoE and managing
it while providing a service is necessary for high-quality
experiences. This requires assessment methodologies that can
quantify QoE [135]. Reference [71] studied the transmission of
image semantic information in the Metaverse 3D construction.
Data rate, bit error rate (BER) and interest score (the degree
of interest in the image after semantic segmentation, which
is related to people) are considered when modeling QoE. In
Section III-C of this paper, the QoE in the context of Metaverse
and SemCom is introduced.

B. Semantic Similarity

Semantic similarity is defined as the degree of similarity
between the sender and the receiver’s semantic information
under a specific semantic task. For task-oriented SemCom,
semantic similarity can be extended to semantic fidelity.
The specific representation of semantic fidelity varies with
different target tasks. For automated tasks that do not require
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manual supervision and data reconstruction, such as text senti-
ment classification, image classification, and target detection,
semantic fidelity can be expressed as average classification
accuracy or detection accuracy. The establishment of most new
performance metrics for SemCom resource allocation must
rely on the concept of semantic similarity, so this section will
detail the current definition of various types of semantic
similarity. The comparison of different types of semantic
similarities is presented in Table VI.

1) Semantic Similarity of Text Signal: For text transmis-
sion, BER does not reflect the performance well. In machine
translation, bilingual evaluation understudy (BLEU) scores are
generally used to measure results [136]. However, the BLEU
score can only compare the differences between words in
two sentences, but cannot compare their semantic information.
BLEU outputs a number between 0 and 1, representing the
similarity between two sentences, with 1 representing the high-
est similarity. However, word errors may not alter the meaning
of sentences. For example, the two sentences “That car had
been deserted” and “That vehicle had been abandoned” have
the same meaning, but their BLEU scores are different due to
the use of different words to represent “car” and “deserted”,
which is a flaw in BLEU’s recognition of synonyms. A
word can have different meanings in different contexts. For
example, “bus” can have different meanings in terms of public
transportation and a microcomputer. Traditional methods, such
as word2vec [137], cannot recognize a polysemy. The problem
is how to represent the word with a numerical vector, which
is different in different contexts [25].

Therefore, based on the bidirectional encoder representa-
tion from transformers (BERT) model [138], Reference [25]
proposed a new metric, Sentence Similarity, which describes
the similarity of two sentences according to their semantic
information, as shown in Eq. (25).

By (s) - Bp(s
[ B (s) ||| Ba (

)T

7 25
il =

€=
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TABLE VI
COMPARISON BETWEEN DIFFERENT SEMANTIC SIMILARITIES
Modal Metric Name Semantic | pescription Strengths(+)/ Weaknesses(-)
Awareness
Sentence % Based on BERT, describes the similarity of two | *+ Recognize semantically equivalent expressions, more
Similarity sentences according to semantic information appropriate to SemCom .
— Not easy to generalize the pre-trained BERT model
Text on other unseen domains
Semantic Based on token matching, describes the degree | 1 Useful for assessing the correctness of the sentences
Accuracy v of correctness of the information in the recov- | _ Cannot independently assess the overall transmission
ered text quality, token matching approach struggles with
paraphrasing, synonym usage
Semantic Based on ¢ o}(en ma‘Chmg.’ descr1be§ the flegree + Useful for assessing if key information is missing
v of the original information contained in the . .2
Completeness - Cannot independently assess the overall transmission
recovered text .
quality
A composite function of semantic accuracy and + Can assess the overall transmission quality while
Metric of semantic semantic completeness, which can control the g - o
etric ot § v tradeoff between semantic accuracy and seman avoiding semantic errors caused by word vectorization,
similarity (MSS) . ‘ Y ‘ flexible in controlling the tradeoff between accuracy
tic completeness
and completeness
- May underestimate the semantic similarity
o . Only compare the differences between words asvy 2 »
Bilingual evaluation X in ti/NO sexﬁences ignore the meaning, flaw in ¥ Easy and fast 10 compie
understudy (BLEU) S > 18 8, - Ignores semantic meaning, synonyms, and paraphrases
recognition of synonyms
Image-to-graph The cosine angle between an image vector | 4 Directly capture the correlation between the original
semantic similarity v and its corresponding normalized semantic triple image and its semantic information
Image (SS) vectors - Pre-trained DNN have limited generalization in other
domains
Metric for image Combines the importance weight of each seman- . . .
. . . i . . - + Provides a more comprehensive evaluation than
semantic tic information with their respective transmission - .
- v L X X traditional metrics
transmission quality (i.e. SSIM) to obtain the final evaluation . .
- More computationally complex than standard metrics,
(MIST) results . . .
need to assign parameters to adjust the importance
among different semantic information
i + Simple and fast to compute
. }1) cak X Based on the errors between corresponding pixel | - Error-sensitive, do not take the characteristics of human
signal-to-noise points vision into account, and the evaluation results often do
ratio (PSNR) not align with human perception
Structural Measures the difference between the original | + Easy to implement, aligns more closely with the
similarity index X and the reconstructed image in terms of bright- | human visual system compared with PSNR
measure (SSIM) ness, contrast, and structural similarity - Particularly sensitive to relative translations, rotations,
and scalings of the image, less reliable when evaluating
images degraded by blurring or noise

where Bg represents the BERT model. The sentence similarity
defined in Eq. (25) is a number between 0 and 1, which
represents the similarity between the decoded sentence and the
transmitted sentence; 1 represents the highest similarity, and
0 represents no similarity.

Currently, to measure text semantic similarity, most of
the literature [36], [52], [53], [55], [89], [90], [101] uses
sentence similarity based on the BERT model as semantic
similarity. However, the authors of [40] proposed a metric of
semantic similarity (MSS), which is a function of semantic
accuracy and completeness. Based on token matching [139],
semantic accuracy is defined as the ratio of the sum of the
correct occurrences of each token in the recovered text to the
sum of the occurrences of each token in the recovered text.
Semantic completeness is defined as the ratio of the sum of
the correct occurrences of each token in the recovered text to
the sum of the occurrences of each token in the original text.
Due to the high complexity of the expressions, we omit the
explicit expression of MSS. Reference [40] includes a detailed
description of these metrics.

2) Image-to-Graph Semantic Similarity: Although most of
the current work in the resource allocation of SemCom
is text and image modalities, the work of [58] and [42]
combines the two in semantic extraction and establishes an
image-to-text semantic information extraction method. The

semantic information in the image is extracted into a scene
graph (SG) in the form of text, which captures the objects
and their relationships in the original image. This interpretable
semantic information can not only be directly read and
understood by humans but also be used to generate original
images and retrieve similar images.

[42] introduced a comprehensive image-to-graph semantic
similarity (ISS) metric, which uses a pre-trained deep neural
network (DNN) to directly capture the correlation between
the original image and its semantic information without
any reconstruction of the image. The DNN is trained by
Webimagetext [140], a dataset of 400 million image-text pairs
collected from the Internet. Compared with the structural
similarity index measure (SSIM) [141], which measures the
difference between the original image and the reconstructed
image on a set of pixels, the DNN can be used directly to
obtain the image vector and the semantic information vector of
the received SG. The ISS metric is defined as the cosine of the
angle between the image vector and its normalized semantic
triplet vector, which is calculated by the projection of the
image vector on the set of semantic information vectors. The
specific calculation steps and formulas are detailed in [42].

3) Semantic Similarity of Image Signal: The semantic sim-
ilarity of the image signal is used to measure the similarity
between the original image and the restored image. The
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TABLE VII
MAPPING BETWEEN RESOURCE TYPES AND SEMANTIC PERFORMANCE METRICS
Rels‘;;:ce Resource Influence Metrics Description
Bandwid}h, All metries related to transmit rate Accor@ing to Shannor}’s theorem: R = WlogQ(l + SNR), _SNR is influence by
Transmit . bandwidth and transmit power, so higher bandwidth and transmit power allows faster
. (e.g. STM, Transmit Latency, S-R) .
Communi- Power transmission.
cation Transmit Energy consumption, S-EE Higher transmit power will consume more energy.
Power All metrics related to semantic . . . ) . . .
R Affects received signal quality and thus recovery accuracy; stronger signals improve
accuracy/similarity (e.g. S-SE, semantic recovery
Semantic QoE, Semantic Score) :
Subchannel All metrics rel_at;d to multi-user Controls how subchannels are distributed across users/tasks, each subchannel has
Allocation FDMA transmission (e.g. ES-SE, different channel conditions, thus affecting throughput, delay, and reliability.
SC-QoS, STM) ? ? ? .
User/MEC Energy Use 2f to denote computing cap_acity. C_omputatiqn energy can be denoted as: £ =
. K7 f*, where c a constant coefficient, -y is the required CPU cycles to process the task.
Computing computing User computing capacity affects the local execution latency, MEC computing capacity
capacity Latency affects the offloading execution latency. Use the same expression as above, we have
execution latency: T = %
Local and MEC computing resources affect the cost function in the expression of EoSI
EoSI [108] [108]
Offloadi Offloading tasks to the MEC server reduces user-side energy and delay but possibly
oading . . o . . 2
Decision Energy and Latency increasing transml-ssmn delay and- energy consumption. So it controls the tradeoff
between computation and communication cost.
Smaller compress ratio can reduce the data volume to be transmitted, thus reduce the
transmission latency. But it will result local extraction latency at transmitter and recover
Semantic Latency latency (or increased task computing cycles, which affect task execution latency). So the
Network Compress allocation of semantic compress ratio is a tradeoff of computing and communication,
Parameters Ratio which is very important in SemCom. Detailed description is in Section IIL.A.
The compression of data requires extraction CPU cycles, thus generate extraction energy
consumption. Reduced data volume will decrease the transmission delay, thus reducing
Energy Consumption the transmission energy. But it also result in the recover energy consumption, or the
) additional task computing cycles, which will affect task execution energy consumption.
It is also a tradeoff of computing and communication. Detailed description is in Section
IILA.
Affect the task processing at receiving, low compress ratio will influence the task
accuracy. Therefore, how to find the right compression ratio to achieve an optimal
Task Accuracy, Success Probability tradeoff between transmission costs and semantic correctness is another critical issue in
of Tasks the resource allocation of SemCom. Fig. 9 shows the typical relation between accuracy
and compression ratio. (Note: This relation may vary in different system modeling, the
relation in Fig. 9 is a typical type.)

more classical method is measured by the peak signal-to-
noise ratio (PSNR), which is based on the errors between
corresponding pixel points. In the previous section, SSIM
is mentioned. It is widely used in the application of image
similarity measurement, including the resource allocation of
SemCom [47]. These two metrics are used mainly in the
image signal similarity evaluation. However, in [113], a metric
for image semantic transmission (MIST) is proposed, which
combines the importance weight of each semantic information
with its respective transmission quality to obtain the final
evaluation results. After capturing the image, the UAV sends it
to the user and first extracts the semantic information through
the target detector. Specifically, a total of U 0 objects are
detected, where i represents the i-th object and c¢; represents
its corresponding confidence. The relationship between the
importance score A; and the confidence c; of the object i can
be expressed as A; = ¢7, where o is a variable that regulates
the importance between different semantic information. The
final MIST can be expressed as follows:

U
E(A, A4, Q(m)) = A (Ai x Q(m)), (26)
i=1
where A represents the accuracy of extracting semantic
information, and Q(p;) represents the SSIM value of target
i before and after transmission, which is a function that is

positively correlated with the transmission power p; [43].

C. New Performance Metrics for SemCom

As mentioned above, the traditional resource allocation
model is usually modeled based on Shannon capacity,
which fails to give full play to the performance advan-
tages of SemCom to ensure the best performance of the
SemCom network. SemCom does not require error-free trans-
mission of bits or symbols, so the optimization problem
based on Shannon capacity construction may reduce system
performance. Therefore, it is essential to reconsider resource
utilization from a semantic perspective to develop new
performance metrics [142].

Similarly, we will give a systematic summary and com-
parison of these new metrics in Table VIII, including a
critical evaluation of their strengths,limitations and suitabil-
ity for different modalities and applications. Considering
that most of these new metrics are based on the con-
cept of semantic similarity, we illustrate the connections
and evolution of the semantic similarity-based metrics in
Fig. 8.

1) Semantic Transmission Rate and Semantic Spectral
Efficiency: Firstly, reference [36] assumes that the semantic
unit (sut), representing the basic unit of semantic information,
can measure semantic information in the text transmission sce-
nario. Then, two critical semantic-based performance metrics
are defined: semantic transmission rate (S-R) and semantic
spectral efficiency (S-SE).
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e S-R: S-R refers to the effective transmission of semantic
information per second, measured by suts/s, as follows:

WI

Fn,m = mﬁn,nly (27)

all subchannel bandwidth was allocated equally, using W
to represent the subchannel bandwidth. Since the article
focuses on long-term text transmission rather than the
transmission of a single sentence, I, L should take the
expected value and not the random value, that is, for each
user n, I/L is a fixed value, so omit the subscript n. The
unit of I/ky L is suts/symbol, and the channel bandwidth
of the band pass transmission in the ideal state is equal
to the symbol rate (unit: symbol/s), so the unit becomes
suts/s after multiplying by W. The semantic similarity
based on BERT &, 1, depends on the structure of the
DeepSC neural network k£, and the channel conditions
Yn,m- It can be expressed as £, m = f(kn>7'n,m)~

e S-SE: S-SE refers to the rate at which semantic
information is successfully transmitted within a unit
bandwidth, measured by suts/s-Hz, as follows:

r 1
Pnm = i = pp o (28)
The proposal of S-R and S-SE provides an impor-

tant theoretical basis for many subsequent studies such
as [88], [90], [109]. Based on these two metrics, they made
expansions and cross-domain transformations, and we now
continue with our discussion of them.

2) Effective S-SE: The study in [90] considered the require-
ment of semantic information similarity for downstream
semantic tasks, and the concept of effective semantic spectral
efficiency (ES-SE) is introduced. The serious deviation of
semantic similarity will directly lead to inaccurate results.

2981

Only SemCom that reaches the semantic similarity threshold
&4, required by the downstream task is considered effective.
Let np,m denote whether the user n performs an effective
semantic transmission on the subchannel m. If &, . > &y,
then 1, ., = 1; otherwise, 1, m = 0. ¥ is called ES-SE,
which can be expressed as:

N M
U= Z Z Tn,mMn,mPn,m,

n=1m=1

(29)

where ®,, ;, is the S-SE of the user n in the subchannel m.
3) Task-Oriented S-R and S-SE: The authors of [109]
integrate S-R and S-SE into the scenario of feature importance-
aware image classification, and two performance metrics of
the task-oriented SemCom system are defined: fask-oriented
semantic transmission rate (TOSR) and task-oriented semantic
spectral efficiency (TOSSE). Unlike the definition of [36],
which considers long-term text transmission rather than single-
sentence transmission, the work of [109] focuses on the
performance of each user. When a semantic transmission time
slot begins, there are S semantic features after joint source-
channel coding (JSCC). BS obtains the feature transmission
rate decision vector r/ based on the channel conditions and the
historical data distribution of each user. Then r,fi is fed back
to the feature selection module in each user n to determine the
number of features that need to be transmitted: S, = 73,.5/2.
Therefore, the average semantic information for each symbol
of user n i I m/Sn.
e TOSR: TOSR refers to the amount of semantic
information effectively transmitted per second for a spe-
cific task. The expression is as follows:

W1
wn,m = %gn,m
n

(30)
Compared to [36], it is equivalent to replacing I/k, L
(unit: sut/symbol) with I, »,/Sp, (unit: sut/symbol) of
Eq. (27) in this paper, while the other parts remain
unchanged.

e TOSSE: TOSSE refers to the rate at which task-related
semantic information is successfully transmitted through
a single bandwidth unit. The expression is as follows:

_ wn,m _ In,m

¢n,m W S, §n,m-

3D

4) Semantic Energy Efficiency: Based on the concept of
S-R [36], semantic energy efficiency (S-EE) is introduced
in [88] as a measure of energy efficiency in the SemCom
system, which is quantified by suts/Joule. Traditional com-
munication systems define energy efficiency as the number
of bits that the system can transmit per unit of consumed
energy. From a semantic point of view, the feature of S-
EE is the number of semantic symbols transmitted by unit
energy consumption. It is expressed as the S-R ratio that can
be achieved by the total power consumed in the SemCom
network. The S-EE of user n is denoted by:

I, wp, 1

o+t (pn +pc)knL§"’

E, (32)
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pp, is the transmit power of user n, p¢ is the electrical power
that the circuit consumed, and b,, is the bandwidth. The I',,
here represents the S-R of user n.

5) Semantic Entropy: Semantic information relies not only
on the source data, but also on the specific task, which
is significantly different from the information defined by
Shannon. Consequently, the same data may contain different
amounts of semantic information for different tasks. In this
regard, the authors of [121] defined the semantic entropy as
follows.

Definition 1: Given semantic source X', semantic entropy is
defined as the minimum average number of semantic symbols
about data X € A& that is sufficient to predict task Y, i.e.,

H(X;Y) 2 min]E(dim(C’odeES (X))), Eg € &g

Eg

s.t. P(Y|CodeES(X)) = P(Y|X), (33)
where Code™ (X)) denotes the semantic symbol vector
extracted from X with the semantic encoder Eg, £g is the
set of semantic encoders, and P(Y|X) is the conditional
probability of achieving the goal of Y given X.

The constraint in Definition 1 implies that the defined
semantic entropy is lossless and that it is actually defined as an
expected value throughout the data set X, that is, the semantic
entropy is constant for the same task and dataset. However,
it is intractable to find an optimal semantic encoder, Eg, to
derive the semantic entropy [143]. To obtain a measure that is
both meaningful and manipulable for semantic communication
systems, [121] utilize a well-designed DL model as the
encoder to obtain an approximate semantic entropy for a task,
which is:

HX;Y) 2 minE(dim(C’odeEDL(X)))
st. P(Y]X)— P(Y|CodeEDL(X)) <e (34

where the constraint indicates that the task performance
degradation can not exceed e. From Eq. (34), the defined
approximate semantic entropy is lossy. According to the
aforementioned method, the approximate semantic entropy of
the considered tasks can be derived based the corresponding
DL models. Therefore, [121] use semantic entropy to construct
the semantic rate and semantic QoE model. We now move on
to this semantic entropy-based metric - semantic QoE.

6) Semantic QoE: The accuracy and efficiency of message
transmission are different from the user’s point of view, and
depending on the application, users may have their own
preferences for them. For example, some users prefer higher
accuracy but have a certain tolerance for delay, while some
users may want to get a higher rate but do not need high
accuracy [144]. The semantic rate of user based on semantic
entropy is given as

on = -HDL
n ]ﬂn/ W I
where the meaning of W and £y, is the same as in Table V.

Hpy, is the semantic entropy based on specific DL model. For
text modal task, it can be DeepSC [25]. For bi-modal task,

(35)
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it can be DeepSC-VQA [145]. In order to more reasonably
reflect the user’s QoE requirements, reference [22] established
a semantic QoE model, which is expressed as:

Z wn G+ (1 — w,) GH
negﬁi

QoEé’ =

Wn, (1 - wn)

+ .
req req
negé’ 1+ 65"(@” 50") 1+ e>\n(€n $n)
(36)

It should be noted that the authors of [22] modeled the
complex situation of multi cell task and user. b denotes the
cell index and ¢ denotes the index of the user group in cells.
In Eq. (36), gg denotes the ¢-th user group in the b-th cell.
wp, and (1 — wy,) are the weights of the semantic rate ¢,
and the semantic accuracy &, on the user n, respectively. GT}E
and G,ﬁ? are the semantic rate and semantic accuracy for user
n, respectively. 3, and A\, represent the growth rates of Gf
and G;. In addition, o5 and £, represent the minimum
semantic rate and semantic accuracy of 50% scores [22].

7) QoE of Metaverse Service Providers: With the support
of virtual reality (VR), augmented reality (AR), and the tactile
Internet, Metaverse hardware devices cannot only mobilize
all senses of the user and provide an immersive experi-
ence [146], but also revolutionize the way people interact
with each other and even with objects. Therefore, it is crucial
to design the QoE of Metaverse Service Providers (MSPs)
as a performance indicator to measure the performance of
Metaverse Service [147]. In the proposed framework in refer-
ence [71], the authors aim to transmit the semantic information
of interest to each MSP. Therefore, the performance metrics
of the data rate, the BER, and the interest rating should be
considered together. Thus, the QoE of the k-th MSP U} can
be defined as [148]:

Ny,
Qr = Zj;CiT(l — Bi),
=1

where N} is the number of objects that Uj is interested, «712
is the normalized interest rating of U; for the i-th object
recommended to Uy, 7 is the normalized time that all MSPs
finish the transmission, and ch is the BER of transmitting the
i-th object’s semantic information to Uy.

8) System Throughput in Message: System throughput in
message (STM) represents the network performance from
a semantic point of view, proposed by [97]. In text com-
munication, an entire text sentence ending in a cycle, or
in voice communication, a completely emitted voice signal,
can be regarded as a message. Taking this into account, the
message rate (unit: msg/s) is interpreted as the number of
messages transmitted or processed per unit time under the
reference of the bit rate (unit: bit/s) definition. Because the
system throughput has a very perfect expression of the system
framework based on Shannon’s theory:

ST =" " anbras = Y Y Znbwnp 10ga(1+ Vnp)-
n p n b

(38)

(37)
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Here, n and b represent the n-th user and the b-th BS, respec-
tively. Among them, w,; and ~,,; represent the bandwidth
and SNR, respectively. The system throughput represents
the number of bits successfully transmitted per unit time
in the system, reflecting the network performance. Therefore,
the authors of [97] defined a general bit-to-message (B2M)
conversion function S(-), which is related to different seman-
tic encoders, knowledge matching, and message properties.
Therefore, according to the bit rate r,; given by the Shannon
theorem, the message rate 7"7% = Sp(ryp) can be naturally
defined by S(-), and the expression of STM is derived as
follows:

ST =3 S M =30 1 S (39)
nob n b

STM characterizes the number of messages successfully trans-
mitted in the system per unit time, which can well characterize
network performance from a semantic perspective.

9) Age of Semantic Information: In traditional communi-
cation systems, Age of Information (Aol) [149] is a popular
measure of information importance, which is defined as
AA°l(f) = ¢ — u(t) by measuring the information delay
of the destination. u(?) is the generation time of the latest
received data packet. In order to capture the freshness of
information and semantic loss in the SemCom system, the lit-
erature [89] proposed a new measurement method called Age
of Semantic Importance (AoSI). Before giving the definition of
AoSI, the reference [89] first defined the semantic importance
(SI): semantic loss caused by missing or incorrect semantic
content [150]. It can be expressed as ¢p = 1 — &. Here, £ is
the semantic similarity, which we discussed in the previous
subsection. For example, in a text transmission task, semantic
importance can be denoted as

B(z)-B(#)"
[B(2)| - |B(@)]

where B(-) represents the BERT model. The definition of
AoSI can be obtained by the definition of SI and Aol:

ARSIty = ARL(8) - p(u(t)) = (= u(t)) - (u(t))(4D)

where ¥ (u(t)) is the semantic importance of the last received
packet.

10) Utility of Information: Reference [72] introduced a
utility of information (Uol) metric. It encompasses multiple
contextual attributes to capture the utility grade of the updates
transmitted to communication systems or services. From a
mathematical perspective, it can be modeled using a composite
function:

p=1-€6=1- (40)

U(t) = (0o U)(Dy). (42)

Here, ©(-) : R™ — [0, M] is a non-increasing function
that converts the penalty into the corresponding utility grade.
U :R™ — R™ n > m, is a non-decreasing non-linear penalty
function with respect to the three attributes as follows:

(F(1), g(Xe, X2), C(Xe,dp)) € T x X x € 5 U(Dy) e R™.
(43)
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The first attribute is usually represented by a non-decreasing
time penalty function f(¢) € 7, which includes metrics like
Aol. The second attribute is captured by an error detection
function g (X%, f(t) € X, typically encompassing metrics such
as mean square error (MSE) or mean percentage error (MPE).
The third comes from practical constraints like spectrum limit
and energy consumption, denoted by a predefined function
C(Xt, dt) € C based on source states X; and action d¢, where
the latter refers to the transmission policies like generation
decisions, code rate, and resource allocation.

11) Efficiency of Semantic Information: In the context
of the SemCom-Industrial Internet of Things (SemCom-
IIoT), traditional performance metrics are no longer the best
choice. As reported in [108], a new performance metric was
designed at the semantic level, named Efficiency of Semantic
Information (EoSI). The scenario is relatively different, and we
need to state that n, m does not refer to the user and subchannel
indexes only here. The intelligent sensing device (ISD) in
the scene is divided into m categories, so the subscript of
ISDpy, , means the n-th ISD in the m-th class. The preliminary
expression of EoSI is as follows:

UoSIy n(t)
EoSI, t) = ————=. 44
051m,n(t) costm n(t) “4)
UoSI is semantic information utility: considering both seman-
tic timeliness and task accuracy, the expression is as follows:

UoSTpn(t) = F& ()2 (1) (45)

Among them, task accuracy Fyj (¢) quantifies the impact
of semantic information on task accuracy, F#%n(t) quantifies
the impact of the timeliness of semantic information on the
timeliness of task results, and the timeliness of task results is
also the standard for judging whether the task is successfully
completed. costy, ,(t) represents the resource overhead of
ISDp, n to complete intelligent tasks, which is a weighting
function of bandwidth resources, local computing resources,
and MEC computing resources. The complete expression of
EoSI is complex. If you are interested in the details and the
derivation process, see [108].

12) Success Probability of Tasks: In order to simulta-
neously evaluate the impact of transmission and adaptive
semantic compression (ASC) on the performance of SemCom,
a new performance metric is defined in [106]: success prob-
ability of tasks. Reference [111] further improved the work
in reference [106] and also adapted this performance metric.
According to [106], the definition of success transmission
probability of users is first introduced, as follows:

1)

where ¢, is the transmission delay of user n, P(-) is the
probability, and o, is the semantic compression ratio. In
practical scenarios, such as the Internet of Vehicles (IoV),
a large number of tasks are delay sensitive, so there are
always strict transmission delay constraints, represented by
to. Therefore, the user’s transmission success probability is
Pty < t). ap = wy, is the bandwidth of user n,

2an(1_on) _

™ (46)

P(tnStO)ZQQ<

do
wnto’
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Fig. 9. The relation of task accuracy and semantic compression ratio.

and dy is the initial extraction of semantic information for
users without semantic compression. b, = ﬁ, pn is the
transmission power of the user n, and Ny is the spectral density
of the noise power. 62 is the variance of channel gain. The Q
function represents the tail distribution function of a standard
normal distribution. So we can obtain the n-th user’s success
probability of tasks:

Qn =n(on) X Pt < o), (47)

where 7(oy,) is the probability of which task is success-
fully executed under successful transmission. It can be seen
from (47) that the task success probability proposed by [106]
for evaluating SemCom performance can control the tradeoff
between semantic transmission and semantic understanding.

13) Transmission Efficiency of Tasks: In [112], the authors
modeled the physical channel as a non-trainable fully con-
nected layer to simulate different channel states. With the
help of the curve fitting method, the mathematical relation-
ship between compression ratio and task performance under
different channel states is explored. Then a new measurement
standard is established in [112]: transmission efficiency of
tasks.

The transmission efficiency of the task is defined as the
weighted sum of the number of packets from each user and
the corresponding achievable task accuracy at the receiver.
Specifically, the semantic task transmission efficiency v; in
time slot ¢ is defined as follows:

J Nj . .
vt:Zthn’j XA?J.

j=1n=1

(43)

The subscript # denotes user 7 and j denotes the intelligent task
J corresponding to user n. A?’] is the classification accuracy
and vtn  is the number of data packets that each user can
transmit in slot .

14) Semantic Utility: The reference [107] proposed a
semantic utility measurement method that considers semantic
timeliness and semantic fidelity.

IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOLUME 28, 2026

o Semantic Fidelity: Defined as the fidelity between the
original vectorized data X and the received information
X. It is expressed as:

SFem (x x) = foa (X x)

where the subscript n represents the vehicle n, € repre-
sents the index of the edge server, and fyq(+) is the fidelity
mapping function, which varies with the task.

o Semantic Timeliness: Semantics will evolve over time.
By modeling and tracking temporal changes, includ-
ing aggregating new semantic information as much as
possible, communication efficiency can be significantly
improved, and the probability of errors in semantic trans-
mission can be reduced. The timeliness of the semantic
information extracted by the system is defined as:

Ty, — T
ST&,n(') = fst,g <t}§—‘th) )

where fs; c(-) is a non-linear decreasing function with
parameter ¢ on semantic timeliness. 7 is the total delay
of the system, and T}y, is the delay constraint. The lower
the total delay, the greater the semantic timeliness.

The following formula defines semantic utility:

QZ” = CnS}-a,n + XnSTEJp

Among them, (, and yx, are the preferences of semantic
fidelity and semantic timeliness, respectively.

15) SemCom QoS: Semantic similarity is further promoted
by [53], and SemCom QoS (SC-QoS) based on Semantic
Quantization Efficiency (SQE) is created as follows:

e SQE: In order to solve the tradeoff between semantic
accuracy and the number of bits consumed, a new metric,
SQE, is proposed. This metric quantifies the ratio of the
semantic similarity gain of each semantic feature to the
bit-related semantic similarity gain. Due to its strong cor-
relation with the novel semantic bit quantization (SBQ)
proposed in their work, these contents are not introduced.
See [53] for more details.

e SC-QoS: Defined based on SQE and transmission delay,
and the effective SC-QoS is expressed as:

N
v =3 (8 - 0gGn).
n=1

where the user’s index is n, z%gl is the effective SQE
(the sum of SQE whose semantic similarity satisfies the
minimum threshold), G, is the delay, and ¢g is the
balance coefficient.

16) Semantic Score: To measure the overall semantic loss
between the original sentence s and the reconstructed sentence
$ at the receiver, the work in [151] defines a new metric named
Semantic Score (SS). which combines the best of two different
quantities, BLEU score and sentence similarity which uses
BERT. The BLEU score cannot handle word synonyms, but it
is a fast and low-cost algorithm that is language independent
and corresponds to human judgment. The sentence similarity
score using BERT vectors is slow and has ratings comparable
to the BLEU, but it also handles synonyms. Let Ay(s, §)

(49)

(50)

(G

(52)
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denote the SS between sentence s and §, which is a convex
combination of BLEU(s, §) and (s, §).

Ay (s;8) = (1 — \)BLEU(s, ) + (s, 8), (53)

where A € [0,1] is a parameter.

In this section, we explore the construction of the objective
function in resource allocation of SemCom, which is a key
to the modeling of optimization problems. We provide a
detailed review of performance metrics, categorizing them
into two types. The first type includes traditional metrics
such as delay and energy consumption, while the second type
focuses on new metrics based on semantic similarity. We give
two comprehensive comparative matrices to better synthesize
findings across references. To further clarify the influence of
different resource types on these performance metrics, we
provide a resource—metric mapping summary in Table VII,
in which we use some clear examples in different studies to
illustrate this influence.

IV. CENTRALIZED RESOURCE ALLOCATION ALGORITHMS

In order to realize resource allocation in SemCom and
meet the requirements of these performance metrics proposed
above, advanced resource allocation strategies and algo-
rithms are essential. The optimization problem constructed
is extremely complex and differs significantly from the tra-
ditional communication architecture in terms of objectives,
constraints, and optimization variables. It is a challenge to
construct a well-performing optimization algorithm that can
adapt well to SemCom. Currently, there are a variety of
centralized algorithms for resource allocation in SemCom,
mainly consisting of convex optimization, heuristic algorithms,
and DRL. Fig. 10 shows the taxonomy of centralized resource
allocation algorithms in SemCom.

In recent years, many researchers have summarized the
state-of-the-art resource allocation algorithms of various sce-
narios in their surveys. In [16], the authors summarized
different optimization methods for resource allocation in edge
computing. The comparison tables of different papers are
designed according to the objective, brief description of
the methods, advantages, and disadvantages. Reference [152]
summarized different resource allocation schemes for the
two dominant vehicular network technologies, e.g., Dedicated
Short Range Communications (DSRC) and cellular-based
vehicular networks. In this subsection, centralized resource
allocation optimization algorithms from different literature in
SemCom are reviewed.

A. Algorithms Based on Convex Optimization and
Mathematical Techniques

Because resource allocation involves a lot of variables
and constraints, the corresponding optimization problems are
usually complex, even non-convex or NP-hard. A considerable
part of the research transforms the non-convex problems into
near-convex or convex optimization problems, which leads
to feasible convex optimization methods. The main tech-
niques include Lyapunov optimization techniques, alternating
optimization (AO) algorithms, successive convex approximate
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The taxonomy of centralized resource allocation algorithms in

(SCA) methods, and the interior point method, as well as
some other mathematical algorithms based on other mathe-
matical algorithms, such as the Hungarian algorithm [153]. An
optimization algorithm based on convex optimization typically
combines several of these techniques.

1) Lyapunov Optimization: Lyapunov optimization is a
powerful long-term resource optimization scheme to find
stability or equilibrium points of dynamical systems with
stochastic properties of nonlinear systems. It requires less
prior knowledge and has low computational complexity [154].
Lyapunov optimization focuses on analyzing and optimizing
stochastic networks (networks characterized by random events,
time-varying dynamics, and uncertainties). It is particularly
well-suited for applications in communication systems and
queueing systems. The authors of [102] adopted the Lyapunov
optimization method to solve the problem, which first trans-
forms the long-term constraints into queue stability conditions
using the concept of virtual queue and then transforms the
long-term objective function and the queue stability conditions
into solvable short-term subproblems. Similarly, [59] and [118]
also used Lyapunov optimization techniques to transform
the original stochastic optimization problem of multiple time
slots into a series of deterministic problems in a single
time slot. Lyapunov optimization, as a stochastic optimization
method, enables online decision making while maintaining
sub-optimal performance. Therefore, it applies well in a
long-term stochastic scenario in SemCom system, like the
semantic-aware dynamic long-term MEC systems using time
division duplexing (TDD) in [59]. Lyapunov optimization can
also combine with DRL-based method, in [72], expanding on
the Lyapunov transformation, the Uol minimization problem
is converted into a sequence of deterministic single time-slot
optimization problems. Subsequently, the DRL-based method
PPO (will be introduced later in Section IV-B) is used to tackle
this problem.

2) Alternating Optimization Algorithm: The alternating
optimization (AO) algorithm is to decompose the optimization
problem into several sub-problems, and then these sub-
problems are solved iteratively. Commonly used in the case
of multi-variable optimization, which iteratively optimizes
each variable while treating other variables as a fixed value.
Depending on the specific problem, the complexity of the
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TABLE VIII

COMPARISON BETWEEN DIFFERENT NEW SEMANTIC METRICS

Limitations

Relies on the BERT model, computationally
expensive, limited generalization and real-time
applicability.

Introduces a binary constraint that may ignore
near-threshold transmissions, potentially lead-
ing to under-utilization of spectral resources.

Relies on the BERT model, computationally
expensive, limited generalization, and accurate
circuit-level energy consumption may be hard
to obtain.

Relies on semantic-bit quantization (SBQ), lim-
iting generalization and increasing implementa-
tion complexity.

Sensitive to the choice of the weight parameter
A; BERT-based similarity is computationally
expensive and may not generalize well.

Highly depends on the accuracy and general-
ization of the feature selection module, which
is difficult to design and validate. May be
sensitive to dynamic variations in user data
distributions

Can only be adopted to communications be-
tween intelligent devices, limited generalizabil-
ity.

Relies on the interest rating predicted by the
central server, accurate estimation of user in-
terest requires prior behavioral data, which may
not always be available.

The metric structure is application-specific
and complex, requiring careful modeling and
weight tuning for different resource types and
task goals.

The probability of which task is successfully
executed under successful transmission 7(0r)
is often application-dependent and hard to ob-
tain.

The B2M conversion function is related to dif-
ferent semantic encoders, knowledge matching,
and message properties, though flexible, it is
difficult to obtain and apply uniformly across
different applications.

Intractable to compute exactly; approximation
depends heavily on the quality and architecture
of the DL-based encoder.

Relies on accurate estimation of user-side se-
mantic preferences and DL-based semantic en-
tropy, which are hard to quantify or obtain in
real-world systems.

Requires task-specific fidelity and timeliness
functions, which may lack universality and in-
troduce modeling complexity.

Depends on the computation of semantic simi-
larity (e.g., using BERT for text), which means
the metric may be less meaningful in scenarios
where semantic similarity is difficult to define
or quantify.

. . Suited Applications and
Metric Modality ppiica Strengths
Scenarios
S-SE Long-term text Measures the communication efficiency from the
transmission semantic perspective.
Text Text task-oriented Ensures that only transmissions meeting seman-
ES-SE SemCom tic similarity thresholds contribute to efficiency,
aligning better with task requirements.
Evaluate the performance of semantic transmis-
S-EE Energy-constrained text sion from a energy perspective, suitable for IoT-
semantic transmission devices, industrial wireless communications and
battery-powered devices like UAVs.
. . Provides a quantitative balance between seman-
SemCom Dynamic task-oriented . . .
tic representation and resource allocation through
QoS SemCom .
SQE, granular control over quality and delay.
Semantic Combines the efficiency of BLEU with the seman-
Score Text transmission tic awareness of BERT-based similarity, offering a
more comprehensive and flexible assessment.
Captures the transmission performance of task-
Task-related feature P . perto .
. related semantic features by integrating user-
TOSSE importance-aware . . . .
L specific feature selection, enabling fine-grained
applications S
Image optimization for downstream tasks.
. Considering both the number of packets transmit-
Transmission . . . .
- Task-oriented SemCom ted and the classification accuracy, which accounts
Efficiency . . e L
of Tasks of intelligent devices for the tradeoff between communication and task
performance.
Jointly considers interest level, transmission delay,
QOoE of Interest-aware Metaverse Y C. elay
. A and BER for a more realistic user experience
MSPs semantic transmission
assessment
Balances semantic task accuracy, timeliness, and
SemCom-enabled IIoT e Y .
EoSI resource efficiency for evaluating task-oriented
systems : e
semantic transmission.
. Captures the joint impact of transmission dela
Success . Task-oriented SemCom; P e P: . y
L Multi-modal i and semantic compression on task execution suc-
Probability . Delay sensitive SemCom . o .
/Generic - cess, enabling quantitative tradeoff analysis be-
of Tasks applications such as IoV .
tween efficiency and accuracy.
Characterizes the number of messages success-
fully transmitted in the system per unit time,
STM Most scenarios which can well characterize network performance
from a semantic perspective; flexible for different
scenarios.
. Captures the minimal task-relevant semantic rep-
Semantic . . L L .
Entropy Task-oriented SemCom resentation, aligning communication with down-
stream goals.
. User-centric multi-cell Balances semantic rate and accuracy based on
Semantic . P . SR
QoE and multi-modal individual user preferences, enabling personalized
SemCom QoE optimization.
. Dynamical environments Balances semantic fidelity and timeliness, en-
Semantic " . . . o e
Utility consider both accuracy abling flexible adaptation to task-specific prefer-
and timeliness ences.
Considering both the freshness of data and its
Time-sensitive semantic accuracy. This is especially useful for ap-
AoSI S plications/scenarios where both the timeliness and
applications . . . . .
semantic accuracy are critical like video streaming
and emergency rescue communication.
L. . Provides a very comprehensive assessment of in-
Applications with . Ty prehensive . N
. . formation value by considering various factors
multiple constraints .
Uol L such as delay, error, and resource constraints,
(timeli- . .. L .
allowing for better decision-making in multiple
ness/energy/accuracy) : S
constraints communication systems.

The complexity of modeling and calculating
Uol increases with the number of attributes con-
sidered. And the sub-metrics used to evaluate
each part need to be deeply considered to avoid
the conflicts.

decomposed problem varies; the simpler case is decom-
posed into two to three subproblems, where each subproblem
optimizes a single variable in [44], [45], [57], [91], [98],
[119], [130], [132]. As the problem and the optimization
variables increase, the optimization problem is decomposed
into three subproblems in which the subproblem has two or
more optimization variables in [59], [66], [67], [74], [93],
[100], [105]. A more complicated situation occurs in [68],
where the paper employs a nested AO algorithm to divide
the optimization problem into two subproblems: the semantic

extraction strategy subproblem and the wireless resource
allocation subproblem, which will be optimized alternately and
iteratively, where each of the two subproblems also employs
the AO algorithm to optimize the corresponding parameters.
An iteration of the algorithm for the total optimization problem
contains the number of iterations L and Lo of the AO
algorithm for the two sub-problems.

3) Successive Convex Approximate: The idea behind suc-
cessive convex approximate (SCA) is to find a locally optimal
solution to the original problem by iteratively solving a series
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Algorithm 1 Basic SCA Algorithm for Problem P
Find a feasible solution x € &X' in P, choose a step size
6 € (0,1] and set k = 0.
Repeat
1) Compute %(x*), the solution of P ;
2) Set xFH1 = xF + 9(x(xF)—)xF;
3)Setk«+—k+1
Until convergence criterion is met.

of convex optimization problems similar to the original non-
convex problem. Consider the following optimization:

P:min  U(x) (54)

X
st.  g(x)<0, Vi=1,...,m (54a)
xek (54b)

where the objective function and constraint (54a) is smooth
(possibly nonconvex), the feasible set is denoted as X. The
original non-convex or non-concave function is transformed
into a series of convex or concave functions. The convex
approximation of the original problem can be stated as follows:
given x* € X

ka:nt;(in U(x; xk) (55)
st § (x; xk) <0, Vi=1,....m  (55a)
xek (55b)

where U (x;x*) and §;(x;x"*) represent the approximations of
U(x) and g;(x) at current iteration xk, respectively, the feasible
set is denoted as X'(x*). We can summarize the basic SCA
algorithm in Algorithm 1.

This process is repeated until the stopping criterion is
satisfied. It is assumed that at each iteration, some original
functions are approximated by their upper bounds, where the
same first-order behavior is preserved [155].

Since an approximate solution to the original optimization
problem is solved in each iteration, there 1is no
guarantee that the global optimum will be obtained.
The convergence of the method is guaranteed due to
convexity/concavity [19].

AO algorithms and the SCA algorithm are two methods
that work well with each other, and almost all the literature
on SCA uses a combination of the two. Decomposing a
large non-convex optimization problem into several small non-
convex optimization subproblems to solve iteratively reduces
the difficulty/complexity of the SCA algorithm, thus allowing
the difficulty and complexity of the overall problem to be
reduced [44], [45], [49], [59], [67], [68], [70], [91], [92], [106],
[111], [119].

4) Hungarian Algorithm: The solution to the maximum
matching problem in bipartite graphs is the origin of the
Hungarian algorithm. Since a maximum matching of a bipar-
tite graph necessarily exists, e.g., the upper bound is a perfect
matching that contains all vertices, it is possible to get a
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maximum matching of a bipartite graph based on any matching
if we have a way to keep searching for augmenting paths until
eventually we find no new augmenting paths. The core idea of
the Hungarian algorithm is to iteratively search for augmenting
paths to get a maximum match.

The Hungarian algorithm can solve the allocation problem
in polynomial time, which can significantly reduce the algo-
rithmic complexity. When it comes to the scenario of the
resource allocation problem in SemCom, it is usually used
for the subproblem of subcarrier pairing/subchannel alloca-
tion after the original optimization problem is decomposed
by the AO algorithm above. In the literature [36], [109],
and [57], the optimization subproblem of channel allocation
is regarded as a bipartite graph matching problem, and then
the Hungarian algorithm is used to solve this optimization
subproblem. Among them, the knowledge-assisted proximal
policy optimization (K-PPO) algorithm is proposed in [109],
which uses the Hungarian method to determine channel
allocation, greatly reducing the complexity of the original
proximal policy optimization (PPO) algorithm by introducing
the Hungarian algorithm. The details of PPO will be intro-
duced later in Section IV-B.

5) Lagrange Methods: The Lagrange multiplier method
is a common method for solving constrained optimization
problems. For the optimization problem with only equation
constraints, you can directly use the Lagrange multiplier
method to list the Lagrange function, which will be trans-
formed into an unconstrained optimization problem to solve.
For the optimization problem with inequality constraints, using
the Lagrange function to optimize it must satisfy the Karush-
Kuhn-Tucker (KKT) condition, which is a necessary condition
for taking the optimal parameter values and a sufficient
condition for some special convex optimization problems.
Problems containing inequality constraints after listing the
Lagrangian function still have constraints that are not easy to
deal with, then it can be transformed into a Lagrangian dual
problem; this dual problem must be a convex optimization
problem and therefore easy to solve. But in order to make
the dual problem and the original problem have the same
solution, it must satisfy the strong duality. The sufficient
condition is Slater’s condition; the necessary condition is the
KKT condition. Lagrangian methods have been employed
in many works, where the problem is decomposed into
subproblems and then the sub-optimization problem is solved
using Lagrangian methods [57], [68], [102], or the problem
is transformed directly using the Lagrangian methods to
solve [78].

Summary: Traditional optimization algorithms based on
convex optimization techniques and other mathematical
algorithms are applicable to small-scale solutions and high-
reliability demand scenarios. They have the following
advantages: a) mature and widely used; b) easy to obtain sub-
optimal optimization results; c) not relying on data. However,
algorithms based on these techniques are often too complex.
As a result, its complexity makes it difficult to implement in
practical systems and not suitable for large-scale problems.

Although algorithm complexity may vary due to different
problems and scenarios, we can still give a brief summary
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of these algorithms. In terms of computational complexity,
Lyapunov optimization itself typically has the lowest complex-
ity due to its online and dynamic nature, making it suitable for
real-time systems. The complexity of Lyapunov optimization
is primarily determined by the per-slot deterministic sub-
problem, and often falls in the range of O(n?) to O(n?)
when convex formulations are involved, making it particu-
larly suitable for low-latency real-time systems. Alternating
optimization (AO) and Lagrangian methods exhibit moderate
complexity, with AO being effective for decomposable non-
convex problems and Lagrangian methods for constrained
optimization. The complexity of AO is mainly determined by
the complexity of solving each subproblem. For instance, if
each subproblem involves convex optimization with complex-
ity O(n?’), and k such subproblems are solved per iteration,
the total complexity per iteration becomes approximately O (k-
n3). For Lagrangian-based methods, the overall complexity
depends on both the structure of the primal problem and the
method used for updating dual variables. If the primal problem
admits a closed-form solution, each iteration may involve only
dual updates with complexity around O(n?), leading to a
total complexity of O(K - n?), where K is the number of
iterations. However, if the primal problem requires solving
a numerical optimization (e.g., quadratic programming), the
per-iteration cost may increase to O(n3), resulting in a total
complexity of O(K - n3). Successive convex approximation
(SCA) tends to have higher complexity due to iterative convex
approximations. Each subproblem often requires O(n3) time,
and the total complexity O(T - n3) grows linearly with the
number of iterations 7. Thus, SCA is suitable for non-
convex problems with a manageable size and structure. The
Hungarian algorithm, with a complexity of O(n?3), is efficient
for small-scale linear assignment problems but less scalable
for larger systems. Table IX reviews the literature using
these traditional optimization techniques, which are based
on convex optimization techniques and other mathematical
algorithms.

B. Algorithms Based on Deep Reinforcement Learning

In the context of SemCom, direct modeling of the relation-
ship between semantic accuracy (or fidelity) and optimization
variables, such as the semantic compression ratio, is often
infeasible due to the absence of explicit analytical expressions.
Then results in the non-differentiable and implicit objectives.
To address this challenge, some authors [112], [121] use
different curve fitting techniques to approximate this implicit
relationship. For instance, in [121], neural networks are
adopted to fit the relationship curve of semantic fidelity and
optimization variables (power, channel assignment, semantic
compression) for each task (single modal and bi-modal). Once
this approximation is obtained, the originally implicit objec-
tive becomes differentiable or at least numerically tractable.
However, after curve fitting, the output fitting function is still
complex and non-convex. Traditional mathematical methods
are often difficult to model or calculate in the face of these
complexities.
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With the development of DL and reinforcement learning
(RL) techniques, pure data-driven DRL has become a powerful
tool to solve complex resource management problems in recent
years [81], [156], [157]. By efficiently learning the dynamics
of the environment, DRL can provide resource allocation
strategies that maximize long-term returns based on pretrained
policy networks.

RL and DRL approaches can be mainly distributed in two
ways: based on value functions (1-4) and based on policy gra-
dients (5-9). This paper also provides a brief description of the
algorithms based on these techniques in various publications.

1) Q-Learning: Q-Learning (QL) [158] is an off-policy
control method for finding the optimal policy, mainly used in
discrete action space. The core idea is to utilize a Q function
that represents the expected reward of taking an action in
a particular state. The Q function updating rule satisfies the
Bellman equation:

Q(s,a) + Q(s,a) +a|r +7H1a<‘}X Q(s',d') — Q(s,a)l.
(56)

In [71], the selection of public messages uses QL techniques.
The work of [124] compares the QL-based approach with
the convex optimization-based approach under the video
semantics-driven resource allocation problem. The experimen-
tal results prove that the QL-based approach performs better
than the convex optimization-based approach.

2) Deep Q Network: Mnih et al. [159] introduced the deep
Q network (DQN), which pioneered the field of DRL. In real-
world scenarios, the number of states can be large, making
the construction of Q-tables computationally intractable. To
address this limitation, DQN uses a neural network to estimate
the Q-values of each state-action pair. The most important
feature of DQN is that it uses experience replay [160]
and target networks to stabilize the training of deep neural
networks [161]. As mentioned in the previous paper, [89]
defined the AoSI metric. In the paper, the long-term average
AoSI optimization problem is modeled as an MDP, and a
DQN-based algorithm is proposed to find the suboptimal
solution for source scheduling and the number of semantic
symbols. Compared with the simpler state space case modeled
in the literature [71] using QL, most of the resource allocation
problems in SemCom have a more complex state space, so
DQN is obviously more suitable. In [22], the exhaustive search
to solve the semantic compression subproblem will lead to
high computational complexity. Because when using exhaus-
tive search to solve this combination optimization problem (for
K -users, there are K'! permutations), the complexity will grow
exponentially with the number of users and cells. Therefore,
in the journal version of [22], that is, the reference [121], the
authors proposed a solution that combines DQN and matching
theory. The exhaustive search is replaced by the DQN-based
method to improve overall QoE effectively.

3) Double Deep Q Network: Hasselt et al. [162] proposed
the double deep Q network (DDQN) to solve the over-
estimation problem in QL. The DDQN algorithm borrows
from the double-Q learning algorithm [163] and makes
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Resource to be allocated

Ref. Optimization Optimization
. L. . Network .
objective Communication Computing o algorithm
parameter
Single-resource Allocation
[129] Total semantic rate - - SCM selection Dynamic programming algorithm
[130] Semantic spectrum Sensing bandwidth, AO algorithm, Gradient descent
) efficiency transmission bandwidth - - method, Projected gradient method
[102] Long-term satisfaction P(‘)wer,,applvlvcaflon Fyapunpvl qptlmlzatl'on, Bernstein
layer access rate approximation, Lagrange method
Joint Two Resources Allocation
[45] Effective bit rate Bandwidth SemRelay BCD algorithm, SCA
placement
. . . . Semantic AO algorithm, Dinkelbach
[91], [92] | Secure semantic efficiency Transmit beamforming parameter algorithm, SCA
(57] Average data Channel allocation, po- Network BCD, Hungarian algorithm,
reconstruction error wer, uRLLC scheduling parameters Lagrange method
[46] Combmappn of laFency Power, SCA, Fractional programming
and utility function . .
- bandwidth SI Selection -
[87] Energy consumption (Seletion of AO algorithm, Graph theory
. . Exhaustive search algorithm,
[84] Energy consumption Power - Semantic . .
. . Gradient descent algorithm
Bandwidth, power, Information)
[74] Overall time cost . - P ’ BCD, Exhaustive searching Algorithm
time cost
C e User selection, AO algorithm,
1521 Semantic efficiency bandwidth, power Linear programming
[36] S-SE User association AO a.lgorlthm, Ex}}austlve search
algorithm, Hungarian algorithm
Weighted sum semantic Common rate, Lagrange dual method, Fractional pro-
[68] information time delay, gramming, BCD, Interior point method,
transmission rate transmit beamforming SCA, Low-complexity initial point search
[70] Total semantic rate Common rate, AO algorithm, SCA,
transmit beamforming Greedy algorithm
. Transmit power, SC Ratio MMSE strategy, AO algorithm,
(641 Sum of equivalent rate receive beamforming (Semantic Gradient ascent algorithm
. RISV—U§er association, Compri':ssmn AO algorithm, Many-to-many matching,
[66] Semantic-aware sum rate transmit power, beam- Ratio) . .
. X Tensor beamforming, Greedy algorithm
forming, phase shift
[53] Probability of task success Bandwidth, power Particle swarm optimization algorithm
Transmission latency and User association, AO algorithm, SCA, Hungarian
[119] N . . .
semantic similarity transceiver beamformer algorithm, Exhaustive search
b e . Bandwidth, power, AO algorithm, SCA,
(1] Task success probability user selection Branch and bound method
Sum semantic-aware RIS_-user assoclation, trans- AO algorithm, many-to-many
[132] - mit power, beamforming :
transmission rate . matching
vector, phase shift
User association, .. Lagrange dual method, preference list-
(78] ST™ bandwidth ?no(;g;n:l;lecztif: based heuristic algorithm, AO algorithm
[73] Max transmission delay Power ’ AO algorithm, Heuristic algorithm
System access. user Lyapunov optimization, AO algorithm,
[118] System utility ystem C CcC Interior point method,
association, bandwidth . R
(Computing - Greedy algorithm
[59] Long-term total Transmit power, Capacity) Lyapunov optimization, BCD algorithm,
energy consumption slot division SCA
. Time duration
[62] Total energy consumption allocation, power Lagrange method
- . Offloading stra- . .
[49] Utility function - tegy, CC of MEC SC Ratio AO algorithm, SCA
Joint Communication-Computation-Network Parameters Resources Allocation
’ . Semantic AO algorithm,
(88] S-EE Power, bandwidth ce symbol allocation | Heuristic algorithm: WOARA
Common message rate,
[67] Energy consumption power, private message CcC SI Selection AO algorithm, SCA
transform beamforming
. . . Geometric programming algorithm,
[60] Time delay Transmit power CcC SC Ratio Tnterior point method, AO algorithm
48] Utility function User assvomauo‘n,'resour— CC, CC 'for Transmit AO algorithm
ce blocks, transmit power compression data volume
[105] Training delay and Bandwidth, CC of (BS SC Ratio AO algorithm, Lagrange method,
energy consumption transmission power and Users) Modified Newton method

improvements to the DQN algorithm: estimating the pol-
icy based on the online Q-network, selecting the action,
and estimating the Q-value with the target network. Some
experimental results show that DDQN finds a better strat-
egy than DQN in Atari games. The authors of [82]

went one step further than the QL-based work [124]
that was already mentioned. They wanted to improve the
accuracy of video semantic understanding and build a
multidimensional resource allocation model that combined
communication, computation, and caching. They designed
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the DDQN-based algorithm, which is shown to achieve bet-
ter results than those achieved by the QL-based approach
in [124].

4) Dueling Double Deep Q Network: Dueling double deep
Q network (D3QN) is a combination of Dueling DQN [164]
and DDQN. Dueling DQN separates the computation of
Q-values into two components: the value function (V') and
the advantage function (A), which enables Dueling DQN to
provide more accurate Q-value estimation while needing less
discrete action data, thus improving sample efficiency. As in
Table X, the authors of [90] and [94] both use D3QN for
discrete action in the whole DRL framework.

5) Actor-Critic: The actor-critic (AC) [165] algorithm
learns both the policy and the state-value function, using the
value function to reduce variance in policy updates. Actor-
critic methods tend to be more stable than pure policy gradient
methods. In the work of [58], the allocation of transmitted
semantic information and resource block (RB) was jointly
optimized to minimize the average transmission delay, based
on the improved AC algorithm, in which a novel value function
is designed to improve the probability of action exploration
and finding the optimal solution. In traditional model-free
DRL, the value function V'(s1) is approximated by DNN:
Es, ,1~P[V (sk4+1)]- In the model-based DRL proposed in the
article, due to the deterministic nature of the state transitions,
there is Eg,  ~p[V(sky1)] = V(sgy1). Therefore, the
proposed algorithm does not need to use DNN to approximate
the value function. As a result, the estimation error resulting
from the approximation of the value function can be prevented,
and the state-action value function can be computed accurately.
More details about the algorithm can be found in [58].

6) Deep Deterministic Policy Gradient: Silver et al. [166]
proposed the deterministic policy gradient (DPG) algorithm
for RL problems with continuous action spaces. The deter-
ministic policy gradient is the expected gradient of the
action-valued function, which integrates over the state space
and can be estimated more efficiently than the stochastic policy
gradient. Lilicrap et al. [167] proposed the deep deterministic
policy gradient (DDPG) algorithm in the continuous action
space by extending DQN and DPG. DQN can only handle
discrete and low-dimensional action spaces, but many cases,
especially physical control tasks, have continuous and high-
dimensional action spaces, and DQN cannot be directly
applied to continuous domains, so DDPG adopts the AC
method based on the DPG algorithm.

The authors of [112] developed a joint optimization problem
of semantic feature compression rate, transmit power, and
bandwidth for each smart device to maximize the long-term
transmission efficiency of the task. A DDPG-based wireless
resource allocation scheme is proposed to efficiently handle
the continuous action space.

7) Twin Delayed Deep Deterministic Policy Gradient:
Twin delayed deep deterministic policy gradient (TD3) is
proposed by Fujimoto et al. [168] based on the improvement of
the DDPG algorithm. The TD3 algorithm incorporates the idea
of the double Q-learning algorithm into the DDPG algorithm.
A detailed description can refer to [161]. From AC and DDPG
to TD3, with the evolution of these RL algorithms, there
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have also been attempts in the literature to use TD3 instead
of DDPG as the base algorithm of the scheme [107], [108],
in which [107] proposed a TD3-driven dynamic semantic-
aware algorithm: dynamic semantic-aware TD3 (DSATD3)
for a federated learning-driven semantic vehicular network
to guide agents in adopting accurate semantic extraction and
resource allocation strategies. The simulation results showed
that DSATD3 has better performance compared to DDPG-
based approaches.

In contrast to the previous two papers, the work in [75]
improves the TD3 algorithm and proposes the TD3-RNS
algorithm (TD3 with reference neuron-enhanced Softmax) to
solve a long-term semantic throughput maximization problem.
The actor network uses a reference neuron technique and a
linearly decreasing Gaussian action noise in the output layer
to enhance training efficiency and balance exploration and
utilization by the agent.

8) Proximal  Policy  Optimization: Proximal Policy
Optimization (PPO) is proposed by Schulman et al. [169]
in 2017. PPO aims to improve and simplify previous policy
gradient algorithms, such as Trust Region Policy Optimization
(TRPO). The key aspect of the PPO algorithm is that it makes
the learning process more stable by limiting the magnitude
of policy updates. The authors of [71] designed a power
allocation algorithm to maximize the total QoE based on
PPO. The algorithm can appropriately allocate the power of
public and private messages to maximize the total QoE while
guaranteeing individual QoE for each MSP. According to [95],
the authors proposed a semantic-aware resource allocation
framework with a flexible duty cycle co-existence mechanism
(SARADC) algorithm that utilizes PPO to optimize resource
allocation in high-speed vehicular networks.

We mentioned in Section II-B3 that in task-oriented
SemCom systems, the resource allocation is closely tied
to the task-related importance of the semantic information.
This task dependence necessitates adaptive resource allocation
schemes that align with the utility of semantic content,
ensuring the transmission of task-related and semantically
important features, while jointly optimizing bandwidth, power,
and computing resources for overall system performance.
However, traditional PPO methods struggle to handle such
cross-layer optimization under semantic-aware constraints. To
this end, [109] and [40] made novel improvements to the PPO
algorithm. Reference [109] proposes a knowledge-assisted
PPO (K-PPO) algorithm, which utilizes a prior model and
the Hungarian algorithm to assist PPO in solving the joint
optimization problem of importance-aware semantic feature
selection and channel assignment within the joint semantic-
channel transmission (JSCT) mechanism. Meanwhile, [40]
develops an attention-enhanced PPO (APPO) by introducing
the attention network [27], enabling the base station to learn
the correlation between the semantic importance distribution
f:(G;) and the task performance metric MSS, thus optimizing
the resource block (RB) allocation and semantic information
selection strategies accordingly.

9) Soft Actor-Critic: The soft actor-critic (SAC) algo-
rithm [170] is a model-free DRL algorithm based on maximum
entropy, introducing the concept of maximum entropy on
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TABLE X

DIFFERENCE IN COMBINATION OF DRL ALGORITHMS

Refs. Discrete actions Continuous actions
DQN: Semantic compression DDPG:_Tlme slot d1v151_0n
[61] ratio coefficients and transmit
power
DDQN: Semantic symbol DDPG: UAV trajectory and
numbers and subchannels . .
[55] allocation transmit beamforming
(71] DDQIZI:IOSC‘;JSSHHCIS DDPG: Power allocation
D3QN: DeepSC selection and DDPG:'Transmn
X beamforming and IRS
[90] subchannel assignment .
reflection array
D3QN: DeepSC selection and SAC: Transmit beamforming
[90] subchannel assignment and IRS reflection array
D3QN: Semantic symbol and TD3: Transmit beamforming
[94] subchannel allocation and IRS reflective elements
DDQN: Variation of travel
[125] speed, time interval and A3C: Bandwidth allocation
transmitting carrier frequency

top of maximizing future cumulative rewards to enhance
the robustness and exploration ability of agents. In refer-
ence [53], a dynamic intelligent resource allocation scheme
was designed. It is based on SAC and D-SAC to realize
real-time decision-making based on perceptual semantic tasks
and channel features. Among them, D-SAC is to extend SAC
to discrete space to solve the discrete variable allocation
problem. The Four-Soft Actor Critical (4-SAC) algorithm is
proposed in [83]. It comprises four SAC intelligent agents,
which collectively optimize the trajectory of a UAV, number
of semantic symbols, and power allocation to strike a balance
between data transmission efficiency and energy efficiency,
and QL was used to facilitate learning for the optimal policy.

In fact, the challenge of highly coupled and non-convex
optimization variables is particularly critical in SemCom.
Unlike conventional systems, where optimization variables can
often be easily decoupled or approximated linearly. In the
resource allocation problem of SemCom, the composition of
optimization variables is very complex and hard to decouple,
which may be both in the case of discrete action space:
semantic symbol number selection, subchannel allocation,
communication mode selection, and some discretized vari-
ables, etc., and in the case of continuous action space: power
allocation, bandwidth allocation, semantic compression rate,
etc. To tackle this complexity, recent studies chose to combine
two or more of these methods to solve the problem [47],
[55], [61], [71], [90], [94], combining the value function-based
method and the policy gradient-based methods to form a two-
layer DRL framework, which is also succinctly summarized
in Table X.

Summary: Centralized optimization algorithms based on
DRL are applicable to highly dynamic scenarios. They have
the following advantages: a) They can deal with high-
dimensional, nonlinear state and action spaces, making them
suitable for complex decision problems. b) It can adap-
tively learn the optimal policy without excessive mathematical
derivation and computation. However, it also has the following
disadvantages: a) High complexity of training. b) Closed-box
process: the learning process is unobservable, and the output

results are difficult to interpret, which will affect the credi-
bility and acceptability of the results. ¢) DRL algorithms are
sensitive to the selection of hyperparameters and training data,
and the instability is higher. Table XI reviews the literature
using DRL-based centralized optimization algorithms.

C. Heuristic Algorithms

A heuristic algorithm is an algorithm based on an intuitive
or empirical construction that usually performs well with
limited computational resources and is suitable for scenarios
with low performance requirements to fulfill engineering
needs. They can provide effective approximations, but are not
guaranteed to find the global-optimal solution.

As we mentioned earlier, semantic similarity does not
have a closed-form expression. This can be regarded as a
closed-box optimization problem, which is difficult to solve
with traditional optimization algorithms. Heuristic algorithms
provide a feasible way to solve the closed-box problem.
Reference [88] proposed a variant of the Whale Optimization
Algorithm (WOA) [171] that introduces a penalty strategy:
the Whale Optimization Algorithm with a Penalty Strategy
(WOARA) to solve the optimal resource allocation problem.
More details about WOA and WOARA can be seen in [88].
The authors of [53] use the particle swarm optimization (PSO)
algorithm to optimize the compression ratio and the allocation
of power and bandwidth for each user jointly. In [77], the
PSO algorithm is developed to determine the computation
resource allocation in each step of the matching game. There
are also a few other works that incorporate heuristics into
the overall program design, such as [78], which also uses a
preference list-based heuristic algorithm for problem solving.
Furthermore, [66], [70], [118], [131] have incorporated simple
heuristics such as greedy algorithms into their overall pro-
gram design. Table IX also includes papers that use heuristic
algorithms.

Summary: Heuristic algorithms have some advantages in
terms of cost and convergence speed, but their performance
is relatively poor, are prone to fall into local optimal, and
are sensitive to parameters. Therefore, they are applicable for
scenarios that only have requirements on low latency and do
not have high demands on other performance metrics.

In this section, centralized resource allocation optimization
algorithms from different literature in SemCom are reviewed.
These algorithms are categorized into several types, includ-
ing those based on mathematical optimization (Lyapunov
optimization, AO algorithm, SCA, etc.), DRL (value-based
and policy-based), and heuristic methods. While previous
sections have systematically categorized performance metrics
and optimization strategies, it is also crucial to understand
how these elements interact across various network scenarios.
While existing works propose various optimization techniques
tailored to SemCom scenarios, there remains a lack of in-
depth discussion on how these methods specifically address
the unique challenges Table XII provides a challenge-centric
synthesis of representative works, their applied optimization
techniques, and directions for future hybrid or enhanced
methods.
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TABLE XI
CENTRALIZED OPTIMIZATION ALGORITHMS BASED ON DRL

Resource to be allocated

Ref. Optimization Optimization
I L . Network .
objective Communication Computing algorithm
parameter
Single-Resource Allocation
Scheduling decision,
(89] AoSI ] B semantic symbols DQN
Joint Two Resources Allocation
[40] MSS i - APPO algorithm
[58] Average transmit latency RB allocation SI Selection Actor-critic
[107] Semantic utility Bandwidth TD3-based: DSATD3
Subchannel allocation,
[90] ES-SE transmit beamforming, D3QN+SAC
IRS’s reflection array elements
Subchannel allocation, beam- Semantic
[94] S-SE forming of SBS, IRS’s symbol D3QN+TD3
reflective elements selection
[101] S-SE Transmit beamforming DSMRA algorithm
95] HSSE PoweF, channel_a‘llt_)catlon, - PPO
time slot division
[96] HSSE and SRS Power, Channel selection SAC
[47] Combmanon.of QoS Transmit power, bandwidth DQN+DDPG
and transmit cost
. . DQN, Matching theory,
[121] Semantic QoE Channel assignment, power AO algorithm
. Semantic
[55] S-SE Subchannel allocation, symbol allocation, DDQN+DDPG
UAV’s transmit beamforming .
UAV trajectory
. Power, subchannel Knowledge match
[56] Semantic throughput allocation coefficient DDQN+DDPG
Long-term equivalent . Mode selection, .
[75] semantic throughput Power, bandwidth NOMA user pairing TD3-RNS algorithm
. Order of L
[72] Long-term average Uol Power allocation, rate control public rates PPO, Lyapunov Optimization
[109] TOSSE Channel assignment Feature transmission ratio E—PPO'algorlthr_n,
ungarian algorithm
[112] Long-.term task Transmit power, bandwidth Compression ratio DDPG
transmit efficency
Subchannel allocation, .
[53] SC-QoS bandwidth, power SBQ allocation SAC, D-SAC
[113] MIST Transmit power Sema_ntlc cxtraction accuracy Diffusion model, DRL
object importance score
System’s overall spectrum s
[125] utilization and object Channel stability intervals, Driving speeds DDQN+A3C
. carrier frequency, bandwidth
detection accuracy
(76] Sum of shor.t—te':rm semantic Resource unit assignment Mode selection, se.mantlc DON
transmission rate symbol allocation
Overall secure semantic Subchanne assignment, . .. .
[103] spectrum efficiency IRS reflective coefficients Bit decision set Dueling DQN+SAC
Joint Communication-Computation-Network Parameters/Storage Resources Allocation
[108] EoSI Bandwidth cC Semantic retention rfmo TD3
(82] Average target Storage Resource: DDQN
detection accuracy Cache

V. DISTRIBUTED RESOURCE ALLOCATION ALGORITHMS

Nowadays, the network structure of wireless commu-
nications is increasingly oriented toward a multilevel
heterogeneous network structure, and efficiently managing
resource allocation in such a complex environment requires a
fundamental shift from traditional centralized mechanisms to
self-organizing and self-optimizing approaches [172]. In this
context, more and more distributed methods have been utilized
to meet the increasingly complex situation. This section will
provide an illustration of the distributed optimization algo-
rithms used in the literature on resource allocation in SemCom,
among them matching theory and auctions originating from
the field of economics, and a portion of reinforcement learning
with multi-agents. Fig. 11 shows the taxonomy of centralized
resource allocation algorithms in SemCom.

Multi-Agent PPO/DDPG

W Multi-Agent Deep Reinforcement¥
Learning \ Value Decomposition-based

Matching Theory

Distributed

Algorithms

Economic Methods
Auction

Fig. 11.
SemCom.

The taxonomy of distributed resource allocation algorithms in

A. Multi-Agent Deep Reinforcement Learning

Multi-agent reinforcement learning (MARL) is the appli-
cation of reinforcement learning ideas and algorithms to
multi-intelligent systems, extending MARL to deep reinforce-
ment learning is multi-agent deep reinforcement learning
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MAPPING OF SEMCOM-SPECIFIC CHALLENGES TO OPTIMIZATION STRATEGIES AND POTENTIAL EXTENSIONS

Tradeoff caused
by Semantic
Compression Ratio

Semantic-aware
MEC; Tradeoff of
transmission and

computing

Programming;
Bisection and
Interior-Point

gramming to transform the original non-convex
optimization problem to convex. AO decouple it
to three subproblems, iteratively solve them by

Method bisection method and interior-point method.
DRL for Complex Trade-offs: Use TD3 to cap-
[108]: ture the nonlinear tradeoffs between semantic time-
SemCom-IIoT; liness, task accuracy, and resource cost, adaptively
Trade-off between EoSI: TD3 learn how to allocate these coupled resources

semantic timeliness,
task accuracy and
resource cost

(bandwidth, computing capacity, compress ratio)
in the EoSI objective, which are intractable for
traditional methods.

SemCom- Representative Metric and Potential Extensions or Hybridiza-
specific Works and Optimization How They Address the Challenge tion ¥
Challenges SemCom Scenario Methods
. Latency: AO, Transform then Decouple and Iteratively Solv-
[60]: . . e . d
Geometric ing: Use auxiliary variable and geometric pro-

Explore game-theoretic approaches
(e.g., non-cooperative or Stackelberg
games) to model the interaction
among users making semantic
compression decisions under limited
resources. Hybridize DRL with
analytical solvers (e.g., AO, GP) for
better convergence and
interpretability, improve reward
designing.

Optimization with
Non-differentiable
and Implicit
Objectives

[121]:Multi-
cell/modal network;
No close-from
expression on
semantic fidelity

Semantic QoE:
DL-Approximation;
DQN + Matching
theory

DL-based Curve Fitting: Adopt DNN to fit the re-
lationship curve of semantic fidelity and optimiza-
tion variables for each task (single modal and bi-
modal); Then use DQN to derive semantic symbol
allocation and use matching theory to solve channel
assignment and power allocation subproblem.

[112]: Image
classification task;
No close-from
expression on task

Transmission
efficiency of tasks:
Curve fitting
method; DDPG

Parameter-based Curve Fitting: Use three pa-
rameter (a1, a2, a3) to model classification ac-
curacy as A = ai1(p)®? + ag, then MSE of
the prediction accuracy and the actual accuracy
is used as the loss function, and the Levenberg-
Marquardt method is employed to minimize the

Future research can explore
close-box optimization techniques
such as evolutionary strategies or
Bayesian optimization to directly
optimize non-differentiable objectives
without requiring explicit functional
forms. These approaches can be
further hybridized with DRL
frameworks to improve adaptability
in complex environments.

Highly Coupled

accuracy loss function and solve the three parameters. Then
use DDPG to optimize bandwidth, power, and

semantic compression ratio.
[59]: Multiple-decoupling: Use Lyapunov optimization

Semantic-aware
dynamic long-term

Energy: Lyapunov
Optimization, AO,

transforms long-term coupling into per-slot prob-
lem; AO decomposed per-slot problem into 3 sub-

Introduce hierarchical RL to model

Transmission

classification

and Hungarian algorithm is used to optimize chan-
nel assignment at each step in PPO, thus forming
the K-PPO framework for the joint optimization of
feature selection and channel assignment.

and Non-convex i SCA problems and iteratively optimized using SCA and | different levels of variable optimi-
L MEC systems L . . ) .
Optimization bisection method. zation (e.g., semantic-aware scheduling
Variables [90]:IRS-assisted Double DRL Framework: Use value-based DRL | at upper level, other resource tuning at
Sen.1Com ‘\;vi>th ES-SE: method D3QN to solve subchannel assignment, | lower level). Leverage graph-based NN
) D3QN+SAC and policy-based method SAC to solve IRS-related | to capture latent coupling structures.
subchannels . X
actions (IRS reflection array).
Traditional Method Assisted DRL: In the sys-
tem model, an importance-aware feature selecFlon Use Graph Neural Networks (GNNs)
. module evaluates semantic importance and decides .
[109]: S . ) to model correlations between features
Task-related the feature transmission ratio for each user. To . . L
. Importance-aware TOSSE: K-PPO; S - or tasks, improving semantic impor-
Semantic . . jointly maximize the overall system TOSSE, PPO L
. task-oriented Hungarian . X - . tance estimation. Introduce meta-RL
Information . is adopted to complete importance ratio selection . .
SemCom; Image Algorithm to quickly adapt the importance se-

lection policy to new tasks or user
demands with few-shot learning.

(MADRL). In [117], direct DQN is generalized to multi-agent
DQN, and UAVs in the coverage area of different MEC servers
are considered agents in the DQN algorithm. However, other
literature utilized more refined and mature multi-intelligent
body deep reinforcement learning methods, as follows:

1) Multi-Agent PPO/DDPG Algorithm: The multi-agent
PPO (MAPPO) algorithm [173] is a variant of the PPO
algorithm applied to multi-agent tasks, the critic can observe
the global state, including information about other agents and
the environment. The basic idea of the MAPPO algorithm
is centralized training and decentralized execution (CTDE).
The optimization problem of joint computational resources
and bandwidth allocation is established in [126] with the
objective of maximizing semantic accuracy. The problem is
then transformed into a DRL framework, and MAPPO is
utilized to solve the problem.

MADDPG (Multi-Agent Deep Deterministic Policy
Gradient) is specifically designed for multi-agent systems, also

leveraging a CTDE approach. During training, agents share
observations and actions to learn coordinated strategies, while
during execution, each agent acts independently based on its
own policy. Reference [123], the modified MADDPG method
is designed to optimize both global system performance
and individual agent behavior in a dynamic semantic
communication environment. The simulation results show that
the proposed algorithm performs better than centralized DRL
methods like DDPG and TD3.

2) MADRL Based on Value Decomposition: MADRL
based on Value Decomposition (VD) is one of the many
MADRL algorithms. It utilizes some constraints to decompose
the joint action-value function of a multi-agent system into a
specific combination of individual action-value functions and
is able to effectively solve problems such as environmental
non-stability and exponential explosion of the action space
in multi-agent systems, ensuring the convergence of the
algorithm.
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In [51], a VD-based DQN is used to allow users and BSs
to work together to find a team RB allocation and partial
semantic information transmission scheme to optimize the
similarity of all users. The work of [42] proposed a VD-
based entropy-maximized MARL (VD-ERL) algorithm. The
algorithm enables each server to coordinate its work with
other servers in the training phase, perform RB allocation
in a distributed manner, and approximate the global-optimal
performance with fewer training iterations.

Summary: The advantage of MADRL is the ability to
solve complex multi-intelligent collaboration problems, which
is in line with the trend of increasingly complex real-world
network changes. The disadvantages are the complexity of the
training process and the difficulty of balancing collaboration
and competition.

B. Economic Methods

There are two main economic methods used in distributed
optimization algorithms in resource allocation of SemCom:
matching theory and auction. They are subfields of economics
and are promising concepts in distributed resource manage-
ment and allocation.

1) Matching Theory: As a powerful tool for studying
the dynamics and mutually beneficial relationships formed
between different types of agents, the matching theory
is particularly well suited to develop practical and high-
performance, low-complexity, decentralized solutions in these
complex networks. In particular, it can effectively cope with
the high dynamics of the network, the selfish, competitive,
and distributed nature of the network elements, the limited
wireless resources, and the QoS constraints of the different
elements [174].

The authors of [66] used many-to-many matching to
solve the subproblem of the association between RIS users.
However, the authors of [22] utilized matching theory to solve
the subproblems of channel association and power allocation.
In order to cope with the tight coupling between users in
multi-cell user and bimodal user pairs, a matching game pair
is constructed for modeling, and a low-complexity matching
algorithm is proposed to obtain stable matching in this part.
The authors of [77] establish a many-to-one matching game
to determine the joint communication mode and the channel
selection problem, in which the users and channels act as the
game players. The computational resource was allocated by
the PSO algorithm in each step of the matching game.

2) Auction: As a subfield of economics and business
management, auction theory provides an interdisciplinary
technique for the allocation of wireless resources (e.g.,
subchannels, time slots, and transmit power levels) in wire-
less systems. Auction methods are widely used in areas
such as cognitive radio, cellular networks, and wireless grid
networks [175]. In [85], the bids of IoT devices (bidders)
for energy and power transmitters (auctioneers) are used to
determine the winner and payment by competing for the
energy of the hybrid access point (H-AP) through an optimal
auction based on DL [176]. The IoT devices will bid for energy
based on sentence similarity and BLEU score derived from
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the BERT-based model. In general, when the BLEU score and
similarity score are higher, the device has a greater incentive
to pay a higher price for energy.

Summary: The advantages of the economic approaches
is: effective in highly dynamic and complex heterogeneous
networks, practical in real-world scenarios. However, there
are some disadvantages, which include: a) the global optimal
solution may not be obtained; b) in the auction, the need
for an additional third-party trusted organization for auction
management may incur additional costs.

In this section, we explore distributed resource allocation
algorithms in SemCom, focusing on multi-agent deep rein-
forcement learning (MADRL), matching theory and auction
methods. MADRL, including the multi-agent PPO and value
decomposition-based algorithms, is discussed for its ability
to handle complex coordination tasks. Economic methods,
such as matching theory and auction theory, are highlighted
for their efficiency in decentralized resource allocation in
dynamic environments. Table XIII reviews the literature using
distributed resource allocation optimization algorithms.

VI. OPEN CHALLENGES AND FUTURE RESEARCH
DIRECTIONS

Despite the significant achievements in resource allocation
research in SemCom, many key issues remain unexplored.
This section discusses several open research challenges and
future research directions.

A. Resource Allocation Under Other SemCom Network
Architectures

The diversity of SemCom network architectures reflects
its adaptability to a wide range of application scenarios,
from dynamic environments to multimodal communications.
However, without tailored resource allocation strategies, these
architectures cannot achieve their full potential. Developing
solutions for specific frameworks is critical to maximize
performance under real-world constraints. This progress will
expand the scope of SemCom’s applications, driving innova-
tions in areas such as smart homes, autonomous vehicles, and
immersive metaverse applications.

1) Network Architecture Combined With NGMA: Resource
allocation problem of multi-user SemCom is particularly
critical in scenarios with dense user environments or limited
communication resources, most of the previous multiple access
methods used FDMA, OFDMA, or TDMA. However, as
communication technology continues to develop, researchers
have begun to investigate the application of the combination
of NGMA and SemCom in resource allocation. Incorporating
NGMA into SemCom architectures could lead to transforma-
tive advances in scenarios requiring high connectivity, such
as smart cities, industrial IoT, and Metaverse. Currently, some
scholars have carried out research in this field; see Section II.
A 2) of this article.

2) Network Architecture in a Dynamic Environment:
Dynamic environments, such as vehicular networks or disaster
emergency communications, are highly unpredictable due to
factors such as user mobility, interference, and time-varying
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TABLE XIII
DISTRIBUTED OPTIMIZATION ALGORITHMS BASED ON MADRL AND ECONOMIC METHODS

Resource to be allocated

Ref. Optimization Optimization
o o . Network .
objective Communication Computing algorithm
parameter
Single-Resource Allocation
Averaged service satis- Sub-channel assignment, Multi-agent DDQN*’.DDPG with
(991 | faction level of all users ower allocation . . CTDE and Event-Triggered
o P Control (ETC) mechanisms
Average semantic Semantic coding model
[126] & - - (SCM) selection, MAPPO
accuracy . . .
semantic compression ratio
Joint Two Resources Allocation
L. . . Sub-task offloading, .
[117] Utility function Power, coding rate GPUs of edge server ) Multi-agent DQN
(50] E ) " Transmit Offloading decision, Self-designed MAPPO algorithm,
nergy consumption ransmit power local GPU frequency Federated learning
[51] Semantic similarity Ul:e]i: :E:)i?;?gn SI Selection VD-based DQN
[42] Time delay RB allocation B VD-ERL
(22] Semantic QoE Channel allocation, Semantic symbol Matchlng theory, AO algor]thm,
power . Exhaustive search algorithm
Secrecy semantic allocation Matching theory, Stackelber
[120] Y Channel allocation 2 Y, g
transmission rate game
QoE and success rate j s . )
[123] of effective semantic Channel dllOCdFlon’ Se_mantlc symbols . Modified MADDPG
. . . power allocation allocation, Mode selection
information transmission
Joint Communication-Computation-Network Parameters Resources Allocation
. Computation capacity . Matching theory, AO algorithm,
[77] Overall user cost Channel selection (BS and users) Mode selection PSO algorithm

channel conditions. Designing resource allocation strategies
that account for these dynamic characteristics is critical
to ensuring robust and reliable SemCom performance. The
ability to adapt to dynamic environments directly affects
the network’s ability to deliver semantically accurate and
timely communication. Moreover, this adaptability is essential
for applications like real-time AR/VR, autonomous systems,
and telemedicine, where latency and semantic accuracy are
paramount.

3) Network Architecture of Speech SemCom: The rise of
speech-based interfaces in consumer electronics, smart homes,
and healthcare applications highlights the need for optimized
resource allocation in speech SemCom. Unlike text and image
modalities, speech signals have unique characteristics, such
as real-time requirements, continuous data streams, and high
sensitivity to latency and noise. Addressing these challenges
in resource allocation will be crucial for improving the quality
and efficiency of speech communication systems. Improved
resource allocation for speech SemCom could enhance appli-
cations such as real-time voice recognition, smart home
automation, and voice-assisted healthcare, ensuring that these
systems operate smoothly with minimal delay.

4) Network Architecture of Multi-Modal SemCom: Most of
the existing SemCom network models are developed around
a single modality. However, scenarios such as Metaverse
require a multi-modal service model that includes multiple
types of instant interactions, such as audio, image, video, and
tactile services. This requires a multi-modal SemCom network
to solve. As a result, resource allocation for multi-modal
SemCom networks becomes a critical challenge. Traditional
single-modal resource allocation techniques, optimized for
simple scenarios, are inadequate when it comes to managing
the dynamic and diverse needs of multi-modal data streams.
This problem is even more important from a user-centric

standpoint, as efficient resource allocation is essential to ensure
seamless, high-quality interactions across different types of
services. At this time, the resource allocation problem for
multimodal SemCom networks will also become a major
challenge.

B. Establishment of SemCom Related Theory

Carnap and Bar-Hillel first proposed Classic Semantic
Information Theory (CSIT) in 1952, based on logical proba-
bility [177]. Inspired by this pioneering work, some theoretical
research has been carried out in the past two decades, such
as [2] and [178], but it is not sufficient, especially in SemCom
based on the DL framework. This gap in foundational theory
presents a critical opportunity for advancing SemCom, as
developing a solid theoretical framework will enable more
effective, robust communication systems in dynamic and
evolving environments.

1) Building a Universal Semantic Information Theory
Framework: Compared to traditional information theory,
which has been studied for many years, the development
of semantic information theory is relatively weak. Mainly
reflected in three aspects: a) So far, there has been no
unified theoretical method for how to represent and measure
semantics. b) SemCom lacks a comprehensive mathematical
basis. c¢) It is difficult to extend the theory of traditional
information theory to semantic information theory.

2) Building More Advanced Semantic Performance Metrics:
The diversity of different scenarios and tasks in which
SemCom systems are deployed means that a single static
performance metric will not suffice. Moreover, shifting
towards a user-centric SemCom paradigm is another critical
challenge. Traditional metrics, such as bit error rates, typically
focus on technical performance, but do not capture the real-
world effectiveness of SemCom systems from the user’s
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TABLE XIV
CHALLENGES AND FUTURE DIRECTIONS

2026

Exisiting Chanllenges

Proposed Future Directions

Resource Allocation under
Other SemCom Network
Architectures

Architecture Combined with NGMA: Significantly enhance SemCom system performance in high-connectivity scenarios
like smart cities, industrial IoT, and the Metaverse.

Architecture in a Dynamic Environment: Maintaining reliability and accuracy in high mobility SemCom systems, especially
for time-sensitive applications like AR/VR, autonomous systems, and telemedicine.

Architecture of Speech SemCom: Improve the performance of speech applications like international conferences and voice-
assisted healthcare.

Architecture of Multi-modal SemCom: Manage dynamic and diverse data streams across multiple modalities, such as
audio, image, video, and tactile services. Enhance seamless, high-quality interactions in applications like the Metaverse.

Establishment of SemCom
Related Theory

Building a Universal Semantic Information Theory Framework: Prove theoretical support for the critical improvements
of SemCom, enable more effective, robust communication systems in dynamic and evolving environments.

Building More Advanced Semantic Performance Metrics: Accurately evaluate the real-world effectiveness and versatility
of SemCom systems across diverse scenarios and tasks. Enhance user satisfaction from the perspective of evaluation.

SemCom Resource Allocation
Optimization Scheme

Combination of Multiple Algorithms: Improved service quality, reduced energy consumption, and the ability to handle
growing user demands.

FL-enabled and other DL-enabled Techniques: Other under-explored ways, lack of research, have potential advantages.

Other Challenges

Transformation of Focus: A shift from system-level to user-centric in metrics and resource allocation schemes, address
diverse user needs and preferences, ensuring more user-satisfying and efficient communications.

Security and Privacy Issue: Failures or attacks can compromise network reliability while safeguarding sensitive data is

essential to prevent financial and reputational damage in applications like IoV, IIoT, and telemedicine.

perspective. Establishing such advanced metrics will enable a
more accurate evaluation of a system’s ability to provide value
to users, beyond just raw data transmission efficiency.

C. SemCom Resource Allocation Optimization Scheme

1) Combination of Multiple Algorithms: The resource allo-
cation problem can be solved by combining mathematical
optimization and the RL method to save computing resources
and achieve the optimal solution. Similarly, combining heuris-
tic algorithms with optimization allows fast, near-optimal
solutions in time-sensitive situations. The impact of these
combined techniques is significant: improved service quality,
reduced energy consumption, and the ability to meet the
demands of the growing user.

2) FL-Enabled and Other DL-Enabled Techniques:
Federated learning (FL) is a machine learning technology
that can train resource scheduling algorithms on multiple
distributed edge devices or servers that do not exchange local
data samples [179]. FL allows edge devices to collaboratively
learn resource scheduling policies without sharing raw
semantic data. This decentralized training paradigm naturally
protects user privacy, making it well-suited for privacy-
sensitive SemCom applications such as telemedicine or
autonomous driving. While this approach remains largely
unexplored, the following outline presents one possible way
to incorporate federated learning into semantic resource
allocation:

1) A local model is trained on each device to make resource
allocation schemes (e.g., semantic compression ratio,
offloading decision).

2) Devices send model updates (e.g., gradients or parame-
ters) to a central aggregator.

3) The server performs model aggregation and updates the
global model.

4) The global model is redistributed to devices for the next
training round.

Additionally, other deep learning techniques, such as dif-

fusion models and graph neural networks (GNNs), can also
play a crucial role in resource allocation optimization. GNNs

are particularly useful for modeling complex, structured data,
such as network topologies or relationships between devices in
a distributed SemCom environment. GNNs can help optimize
communication pathways and improve resource allocation by
modeling dependencies between nodes in real time, problems
partially modeled as combination optimization problems, or
other special scenarios. A simple outline below illustrates
how GNNs could help address channel assignment as a
combinatorial problem in semantic communication systems:

1) Graph modeling: Represent users and interference links

as a graph.

2) Problem setup: Frame channel assignment as a combi-

natorial optimization problem.

3) GNN encoding: Use GNNs to learn node embeddings

that capture interference and task demands.

4) Solution generation: Predict channel assignments

directly or guide heuristics with learned scores.

5) Training feedback: Optimize GNN using corresponding

metrics like S-SE.

Diffusion models, with their generative capabilities, may
support joint optimization of semantic compression and
resource usage under strict delay or accuracy constraints.
Here are some open research issues about utilizing these DL-
enabled techniques in resource allocation in SemCom:

¢ Communication overhead for frequent model updates can
be significant in FL.

o Lightweight FL protocols are needed for resource-
constrained devices.

o Scalability challenges for large-scale distributed systems
and difficulty in integrating multiple objectives (e.g.,
latency, accuracy, energy) into GNN-based models.

e High computational cost of diffusion models may hinder
real-time deployment.

D. Other Challenges

There are still some other challenges that need to be
considered in the resource allocation of SemCom.32

1) Transformation of Focus: Resource allocation in
SemCom is undergoing a shift from system-level optimization
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to a user-centric approach. Traditionally, resource allocation
schemes in SemCom primarily aim to maximize system-
wide performance metrics, such as throughput, latency,
or energy efficiency. However, with the growing demand
for personalized services and the increasing diversity of
user requirements, future resource allocation schemes must
prioritize individual user satisfaction. Despite its importance,
transforming resource allocation into a user-centric paradigm
poses significant challenges. One of the biggest obstacles is the
design of meaningful and measurable metrics that accurately
reflect user satisfaction, as it requires accounting for subjective
factors such as preferences and context. Additionally, these
metrics need to be dynamic and adaptable to varying scenarios,
such as real-time changes in user behavior or network
conditions. Another challenge lies in the inherent complexity
of resource allocation to meet diverse and sometimes
conflicting user needs. For example, balancing the satisfaction
of multiple users while ensuring the fairness and efficient
use of network resources requires advanced algorithms and
computationally efficient solutions. Moreover, these resource
allocation algorithms must be scalable to accommodate the
huge number of devices and users envisioned in 6G.

2) Security and Privacy Issue: In existing research on
SemCom resource allocation, security and privacy concerns
have not been adequately addressed. However, the failure
of a SemCom model or an attack on the system can sig-
nificantly undermine the reliability and robustness of the
entire network, rendering resource allocation ineffective. It
is critical to develop mechanisms to enhance the robustness
of the system and to formulate intrusion detection strategies
to protect against vulnerabilities. In real-world applications
such as semantic-aware IoV, SemCom IIoT, 6G-envisioned
telemedicine, and the Metaverse, large amounts of transmitted
data often involve user privacy and even business-sensitive
information. If these data are exposed or leaked during trans-
mission and processing, it could lead to substantial financial
and reputational losses. One promising approach to address
privacy issues is the application of federated learning (FL)
in SemCom. By enabling devices to collaboratively train
semantic extraction models without sharing raw data, FL
helps preserve user privacy and reduces the risk of sensitive
information leakage. This decentralized learning paradigm is
especially suitable for privacy-critical scenarios, where tradi-
tional centralized training may not be viable. Therefore, this is
an important future research direction. This research direction
is crucial for the scalability and trustworthiness of SemCom
networks in the future, helping them meet the increasing
demands of emerging applications without compromising user
privacy or system performance.

In this section, we discuss various challenges and future
research directions for resource allocation in SemCom
networks. These challenges and their future directions are
summarized in Table XIV.

VII. CONCLUSION

In this survey, we provide a systematic and comprehensive
overview of the resource allocation problem in SemCom. We
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also summarize and explain the network structure and resource
allocation types in these studies, emphasize the performance
indicators and resource allocation optimization algorithms in
these studies, and provide detailed tables to summarize these
studies. We identify current research bottlenecks and chal-
lenges in the allocation of SemCom resources and anticipate
further research in the future. We hope that our work can
provide references and insight to future researchers, as well
as encourage follow-up research.
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