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Introduction

Wireless communication systems have undergone vigorous advancements from
the first generation (1G) to the fifth generation (5G) over the past few decades
by developing numerous coding algorithms and channel models to recover accu-
rate sources at the bit level. However, in recent years, the flourishing of artificial
intelligence (AI) has revolutionized various industries and incubatedmultifarious
intelligent tasks, which increases the amount of data transmission to the zetta-byte
level and requires massive machine connectivity with low transmission latency
and energy consumption. In this context, conventional communication systems
face severe challenges imposed by ubiquitous AI tasks. Therefore, it is inevitable
that a new communication paradigm needs to be developed. Semantic commu-
nications have been proposed to address the challenges by extracting semantic
information inherent in source data while omitting irrelative redundant informa-
tion to reduce the transmission data, thereby lowering communication resources
and facilitating high semantic fidelity transmission. Nevertheless, the exploration
of semantic communications has gone through decades of stagnation since it was
first identified because of the inadequacy of mathematical models for semantic
information. Inspired by the thriving of AI, deep learning (DL)-enabled semantic
communications have been scrutinized as promising solutions to the bottlenecks
in conventional communications by leveraging the learning and fitting capabili-
ties of neural networks (NNs) to bypass mathematical models for semantic extrac-
tion and representation.
To this end, this book introduces DL-enabled semantic communications,

including concepts, applications, and challenges. In particular, it comprehensively
covers semantic communications for source reconstruction, task-oriented seman-
tic communications, semantic impairments, semantic knowledge bases (SKBs),
and large model-driven semantic communications. The objective of this book is
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2 1 Introduction

to help readers gain a fundamental appreciation and understanding of the emerg-
ing DL-enabled semantic communications and their implications for future intel-
ligent wireless networks.

1.1 Conventional Communications versus Semantic
Communications

In this section, we introduce the basic yet important theory of wireless communi-
cations and briefly present the history of semantic communications.

1.1.1 Three-level Communications

In 1949, Shannon and Weaver [1] categorized communications into three levels:

• Level A: how accurately can the symbols of communication be transmitted?
(The technical problem)

• Level B: how precisely do the transmitted symbols convey the desired mean-
ing? (The semantic problem)

• Level C: how effectively does the received meaning affect conduct in the
desired way? (The effectiveness problem)

The first level of communications is to deliver the symbol transmission
accurately, that is, syntactic communications, which improves the data rate by
expanding the bandwidth resources, increasing the transmission power, and
adding transmission antennas. The 1G to 5G wireless communication networks
belong to syntactic communications, and the system capacity has been proven to
be approaching the Shannon limit by utilizing efficient source coding and channel
coding algorithms [2]. The different coding modules in conventional communica-
tion systems are designed and optimized separately, which converts the inputmes-
sage into the bit sequence and focuses on performance improvement at the bit or
symbol level by taking bit-error rate (BER) or symbol-error rate (SER) asmetrics to
measure the information loss. However, the bit-oriented transmission framework
requires the precise alignment of input and recovery messages. Still, it neglects
the underlying meaning behind bits, which augments the possibility of transmit-
ting unnecessary data beyond user requirements, accelerating the consumption of
communication resources and increasing transmission latency. Moreover, due to
the wide deployment of Internet-of-things (IoT) applications, conventional com-
munications are no longer ideal as they transmit information that could be irrele-
vant to the downstream intelligent tasks at the receiver.
To this end, the second level of communications, that is, semantic communica-

tions, considers the inherent semantics of input information to tackle the technical
problems in the bit-oriented paradigm. Semantics take into account the meaning
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and veracity of source information because they can be both informative and fac-
tual [3]. Besides, semantic data can be compressed to a proper size for transmission
by using a lossless method [4], which leverages the semantic relationship between
different messages, while the traditional lossless source coding represents a sig-
nal with the minimum number of binary bits by exploring the dependencies or
statistical properties of the input message. Moreover, the semantic information
varies for different transmission purposes, which could be in various formats, for
example, age of information [5], or more complicated semantic features. Inspired
by this, semantic communications deviate from the bit-oriented paradigm by
extracting semantics from the input message with minimal ambiguity to facilitate
semantic exchange between the transmitter and the receiver, committing to reduc-
ing network traffic by transmitting low-dimensional semantic information and
optimizing the system performance by minimizing the semantic error instead of
the BER or SER. It is worth mentioning that there is currently no consensus on
the definition of semantic error in the field of semantic communications. In some
works, semantic errors refer to inaccurate semantics that lead to misunderstand-
ing and ambiguity, such as spelling errors in the text.
Furthermore, the third level of communications involves the effectiveness of

semantic transmission, that is, pragmatic communications, which condenses the
inputmessage to obtain the semantics only associated with user requests. Inspired
by this mechanism, goal/task-oriented semantic communications are boosted
to perform specific downstream tasks required by receiver users by delivering
task-related semantic features [6]. Conventional communication systems are con-
strained to achieve source reconstruction in the samemodal before performing any
modal conversion at the receiver. However, in goal/task-oriented semantic com-
munications, the recoveredmessage is no longer confined to the samemodality as
the input message, facilitating flexible cross-modal or single-modal to multimodal
transmissions, such as speech-to-text and text-to-image/speech, to satisfy different
user requests and improve the user quality of experience (QoE).

1.1.2 History of Semantic Communications

Decades ago, the concept of semantic communication was pioneered by engineers
and philosophers. As far back as 1925, Dewey [7] asserted that “communication
should be regarded as amechanism for attaining purposes,” whileWittgenstein [8]
emphasized the centrality of meaning in philosophical discourse. Later, in 1938,
Cherry went on to define semantics in terms of signs, which fall into the following
categories:

• Syntax: studies the signs and their relations to other signs;
• Semantics: studies the signs and their relation to the world;
• Pragmatics: studies the signs and their relations to users.
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Potentially influenced by the aforementioned definition, in 1949, Weaver [1]
formulated semantics with the perspective of engineering and outlined three com-
munication levels, that is, technical-, semantic-, and effectiveness-levels, as noted
earlier. Shannon defined communication as the precise or approximate recon-
struction of information from one point to another, falling under the technical
level. Consequently, Shannon applied statistical methods to quantify the uncer-
tainty of information while overlooking the semantic and effectiveness levels.
Despite Shannon’s clear indication, many researchers still tried to adapt the statis-
tical framework to interpret or evaluate semantics. Carnap and Bar-Hillel [3] first
attempted to develop a “theory of semantic communication” in 1952 with the con-
cept of logical probability. Since then, explorations into semantic communication
have continued steadily.
Up until recently, semantic communication gained more and more attention as

a possible solution to enablemore efficient ways to exchange information. In 2003,
Jeong et al. [9] first employed a knowledge graph in semantic communications.
After one year, Floridi et al. [10] outlined the “theory of strongly semantic infor-
mation.” In 2011, Bao et al. [11] proposed a generic model of semantic communi-
cations. After a period in the wilderness, the bloom of DL has prepared the way for
all progress and development of semantic communications because of the signifi-
cant progress in semantic extraction and understanding. For example, the remark-
able works [12, 13] designed the initial deep joint source-channel coding (JSCC)
for text transmission and proposed a single-user joint semantic-channel coding in
2018 and 2021, respectively. After that, the research of semantic communications
mainly focuses on the DL-enabled paradigm.

1.2 Introducing Deep Learning to Semantic
Communications

We first introduce the concept of DL and present some cutting-edge algorithms
relevant to the following chapters. Then, we discuss the motivations and details of
applying deep learning in semantic communication systems.

1.2.1 Deep Learning Basics

DL is defined as a subset ofmachine learning (ML) that falls under the umbrella of
AI. DL leverages numerous classifiers working together based on linear regression
followed by specific activation functions. The principle behind DL mirrors that of
conventional statistical linear regression, albeit with considerable neural nodes in
DL instead of just one node in traditional approaches. These neural nodes are con-
nected through complicated topological structures to form a NN. The motivation
of theNNderives from the human brain, which allows it tomimic intricatemathe-
matical patterns and learn data representations through hierarchical intelligence.
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Inspired by this, DL leads to unprecedented success in various areas, such as com-
puter vision (CV) and natural language processing (NLP). The fundamental DL
algorithms are briefly introduced as follows.

1.2.1.1 Fully Connected Neural Network
A fully connected NN is a classic DL model consisting of multiple fully connected
layers, also termed dense layers, where each neuron establishes connections with
all neurons in the preceding layer. Based on sufficient training data, the fully con-
nected NN adaptively adjusts its weights and/or bias matrices to steer the output
toward the predetermined target. An example of the fully connected NN is shown
in Figure 1.1. From the figure, the output of each neuron can be denoted as:

Outputj = fa (

∑
i=1

(i, j × Intputi) + biasj), (1.1)

where i, j represents the trainable weight corresponding to the i-th neuron in
the previous layer to the j-th neuron in the current layer; biaj and fa(·) denote the
bias of the j-th neuron in the current layer and the adopted activation function,
respectively.
The fully connected NN has proved remarkable adaptability and compatibility

with multimodal data and intricate cognitive tasks, owing to its robust nonlin-
ear learning and fitting prowess. Nevertheless, it is susceptible to overfitting and
demands tremendous computational resources for efficient model training. Con-
sequently, it usually synergizes with other DL algorithms to construct a sophisti-
cated NN architecture.

1.2.1.2 Convolutional Neural Network
The inception of the convolutional neural network (CNN) can be attributed to
LeCun et al. [14], who initially proposed it as an end-to-end (E2E) image anal-
ysis framework tailored for handwritten digit recognition. Over the intervening
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Figure 1.1 (a) The fully connected NN architecture; (b) one neuron processing unit.
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decades, CNN and its variants have shown significant superiority in handling
visual data, surmounting substantial bottlenecks in CV that exceed human limits.
The central concept of CNN is the comprehensive processing and fusion of fea-
ture maps, enabling the inference of nonlinear correlations between input data
and established ground truths.
The typical CNN architecture for the image classification task is shown in

Figure 1.2. From the figure, the CNN architecture consists of the upstream fea-
ture extractor and the downstream classifier. The backbone of the feature extractor
includesmultiple convolutional layers and pooling layers. In particular, the convo-
lutional layer meticulously orchestrates the output of neurons connected to local
regions of the input image by utilizing the property of translation invariance and
determines the output of each neuron by calculating scalar products between neu-
ral weights within the convolutional kernel and the corresponding input region.
Subsequently, the pooling layer adeptly executes the spatial downsampling on the
output of the convolutional layer to diminish the number of parameters during
the activation process. Note that the depth of extracted features depends on the
number of kernels, and the trainableweightswithin these kernels are updated dur-
ing the training phase. Moreover, the classifier contains tandem fully connected
layers, transforming the extracted features into class predictions and returning a
probability vector. As a result, the accurate classification label for the input image
can be inferred by indexing the position within the predefined label vector that
corresponds to the highest probability.
CNNs exhibit lower complexity without sacrificing performance compared to

fully connectedNNs and dramaticallymitigate the risk of overfitting through shar-
ing parameters across the network. In addition, CNN is designed based on parallel
computing architecture, providing great superiority for acceleration when imple-
mented on hardware. CNNs are considered a pivotal DL algorithm and have been
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Figure 1.2 The typical CNN architecture for image classification.
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extended from image processing tomultimodal, for example, text and speech. Fur-
thermore, the compatibility and universality of CNNs have been verified across
diverse domains.

1.2.1.3 Recurrent Neural Network
The Hopfield network [15] developed the precursor of the recurrent neural net-
work (RNN), showcasing the feasibility of recurrent structures within NNs. RNNs
are bespoke to detect patterns in sequential data by maintaining an internal state,
that is, memory, that captures information about previous inputs, allowing it to
demonstrate dynamic temporal behavior and perform intelligent tasks, for exam-
ple, time series prediction,machine translation, and speech recognition. RNNs are
structured with recurrent connections, facilitating the effective extraction of fea-
tures and modeling of dependencies inherent in sequential data. The basic RNN
architecture is shown in Figure 1.3. From the figure, the input from the previous
layer at the current time step and the hidden state of the current layer at the previ-
ous time step are both fed into the hidden state of the current layer at the current
time step to produce the output.
However, the phenomenon of memory decay amplifies with the continuous

expansion of temporal sequences, constraining the capacity to understand long-
term dependencies and precipitating the predicament of gradient vanishing/-
exploding. Toward this end, variants of the standard RNN, for example, long
short-term memory (LSTM) [16] and gated recurrent unit (GRU) [17], were pro-
posed to contend with the challenge of prolonged temporal interdependencies by
incorporating specialized mechanisms to better process and preserve information
over time.
The structure diagrams of the LSTM unit and the GRU unit are shown in

Figure 1.4. From the figure, the LSTM unit introduces an innovative module,
the memory cell, to control the information flow and maintain the ability to
retain long-termmemory. Specifically, the memory cell consists of the forget gate,

Input

Hidden state

Output

Time step 1 Time step 2 Time step 3 Time step 4

Figure 1.3 The basic RNN architecture.
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Figure 1.4 The structure diagrams of (a) RNN unit, (b) LSTM unit, (c) GRU unit.

the input gate, and the output gate, taking responsibility for adjudicating which
information should be forgotten, managing the input of new information, and
supervising the generation of the hidden state, respectively. Inspired by the LSTM
unit, the GRU unit modifies the gate-controlled architecture and simplifies the
data flow process by omitting the memory cell, thereby alleviating the computing
complexity. Moreover, the reset gate and the update gate are devised to enable the
reset of information from the previous time step and regulate the degree of inte-
gration of new information.
RNNs and RNN variants, for example, bidirectional RNN (BRNN) [18], have

demonstrated superior performance compared to CNNs in intelligent tasks related
to time series analysis. Nonetheless, the limited attention of RNNs restricts the
comprehension of vast multilingual information, while the training complexity
and instability hinder the deployment of RNNs in large language models.

1.2.1.4 Transformer
The transformer model [19] was originally carried out to implement machine
translation tasks, relying solely on the novel fully connected layer-enabled
attentionmechanism and completely dispensing with RNNs and CNNs. The basic
transformer architecture is shown in Figure 1.5. From the figure, the transformer
skeleton comprises multiple encoder blocks and decoder blocks. The positional
encoding is injected into the embedded tokens to record the relative or absolute
positions of tokens within the sequence. At the encoder, the multi-headed self-
attention (MHSA)module is invoked to facilitate comprehensive token representa-
tion learningwhile simultaneously identifying critical tokens. Besides, it leverages
a softmax activation to calculate the self-attention based on three projections of
tokens, that is, query, key, and value, denoted as

Attention (, , ) = softmax (T

√dk
)  , (1.2)
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Figure 1.5 The basic transformer architecture.

where , , and  represent projections query, key, and value, respectively. The
scaling factor, √dk, is the dimension of the fully connected layer in the key
projection.
The feed-forward network (FFN) reduces the intricacy of the MHSA output and

extracts local patterns within the input sequence by introducing nonlinear trans-
formation, which supports varied attention allocation and independent process-
ing of each position. In FNN, the rectified linear units (ReLU) activation function
is adopted between two fully connected layers. Therefore, the processing of the
MHSA output, MHSA, can be expressed as

FFN (MHSA) =max (0, MHSA1 + 𝒃𝒊𝒂𝒔1)2 + 𝒃𝒊𝒂𝒔2, (1.3)

where1 and2 are the weight matrices of the first and second fully connected
layers, and bias1 and bias2 are the corresponding bias vectors, respectively.
Similarly, the decoder block involves three components, including the MHSA

module, the multi-head guided-attention module, and the FNN. Specifically, the
embedded tokens at the decoder are fed to the MHSA module after the positional
encoding and produce the output as query position for the multi-head guided-
attention module. In addition, the FNN output from the encoder is passed to the
decoder and adopted as the input positions, key and value, for the multi-head
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guided-attention module. The FNN further refines the learned token representa-
tion and attains the transformer output. It is noteworthy that the layer normaliza-
tion followed by the residual connection is employed for all modules across the
transformer encoder and decoder.
The transformer architecture outperforms RNNs and CNNs on multifarious

intelligent tasks, characterized by enhanced parallelizability and notably dimin-
ished training time. In the past few years, the meteoric emergence of numerous
foundation models in the transformer realm, such as universal transformer [20]
and vision transformer [21], was witnessed, contributing to the advancement of
the NLP field and propelling the advent of the much-touted large language mod-
els, such as bidirectional encoder representations from transformers (BERT) [22]
and generative pre-trained transformer 4 (GPT-4) [23].

1.2.1.5 Generative Adversarial Network
The generative adversarial network (GAN) model is an emerging technique that
offers a solution for acquiring deep representations without the requisite of enor-
mous labeled training data. It is achieved by backpropagating gradients through
a pair of competing NNs to estimate the high-dimensional data distribution. The
GAN framework was first proposed to generate realistic images [24], and the
model structure is shown in Figure 1.6. From the figure, the GANmodel includes
two major parts: the generator and the discriminator. The generator has no access
to real images but functions as a forger to synthesize plausible data from the
latent space input. The discriminator plays the role of an expert in distinguishing
between the real labels from the training set and the fake labels generated by the
generator, providing a simple ground truth of the discriminative result. The ulti-
mate goal of the generator is to create forgeries indistinguishable from the real data
to deceive the discriminator. In contrast, the discriminator continuously sharpens
its observation to detect fake samples, driving both entities to evolve and reinforce
competitive capabilities to combat each other.

Training set

imageGeneratorLatent space

Real

Fake
Discriminator

Fake

Figure 1.6 The GAN model structure for image generation.
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The generator and discriminator are typically implemented usingmultiple NNs,
such as CNNs and RNNs, for various generation tasks, adopting an alternate train-
ing manner to ensure iterative weight updates. The loss function to train the dis-
criminator can be denoted as

D =
1
2 log𝔗D () + 1

2 log (1 −𝔗D (𝔗G (𝒁))), (1.4)

where 𝔗D(·) and 𝔗G(·) are the discriminator and the generator, respectively.  is
the real data, and the 𝒁 is the latent space. Note that the NN parameters of the
generators remain fixed throughout the discriminator’s entire training process.
Besides, the loss function can be varied according to different tasks.
Similarly, the loss function to train the generator can be expressed as

G = log (1 −𝔗D (𝔗G (𝒁))), (1.5)

where the loss convergence is stabilized until the discriminator can no longer
detect counterfeits of the generator from the real data. The NN parameters of the
discriminator are fixed when training the generator.
GANs have experienced swift development over the past decade, andmany vari-

ants have been developed, including conditional GANs [25] that control the gen-
eration by introducing additional information and deep convolutional GANs [26]
that tackle the inherent training problems. However, further endeavors are neces-
sary to tackle many challenges in GANs, such as the mode collapse, the training
instability, and the ethical considerations regarding the generated content.

1.2.2 Deep Learning-enabled Semantic Communications

The conventional bit-oriented transmission protocol has evolved from syntax com-
munications and undergone thriving developments from the 1G to the 5G wire-
less communicationnetworks.Nonetheless, attention to semantic informationhas
been neglected in conventional communications and ubiquitous intelligent tasks
in the 5G and beyond communication era have aggravated the burden of data
transmission to satisfy personalized andmultifarious user requests. In this context,
the semantic communication problemhas been listed as one of the promising tech-
niques for future intelligent communications to alleviate the scarcity of bandwidth
resources and the explosion of data traffic [27–29]. Therefore, it is imperative to
reconceive the framework of semantic communications and establish an innova-
tive architecture capable of catering to escalating transmission requirements and
serving on-demand mobile applications.
Thanks to the success of AI in recent years, a DL-enabled semantic communi-

cation paradigm has been proposed and has shown its great potential to tackle
the technical challenges across many aspects of conventional communications,
for example, physical-layer communications [30, 31] and wireless resource alloca-
tion [32, 33]. Such success is attributed to the learning and fitting capabilities of
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Figure 1.7 The structure of the DL-enabled semantic communication framework.

sophisticated NNs, breaking the constraint of a mathematical model to represent
and exchange semantic information. A general DL-enabled semantic communi-
cation system is shown in Figure 1.7. From the figure, the semantic encoder takes
responsibility for extracting the semantic information from the input source, and
the semantic impairment suppressionmechanism commits to perceiving and alle-
viating semantic impairments. The transmitter and receiver SKBs are invoked to
better facilitate semantic representation and semantic recovery, respectively. The
DL-enabled semantic communication paradigm requires the least semantic ambi-
guity between the source and the recovered messages. It maps the source message
into low-dimensional semantic features, reducing the volume of transmission data
and mitigating the network traffic without performance degradation. According
to the cutting-edge DL-enabled semantic communications, the transmission goal
could be categorized into two types: source data reconstruction and intelligent task
execution. It is noteworthy that theDL-based JSCC also adoptsNNs to replace con-
ventional coding and decoding modules. The principal differences are clarified as
follows to clarify the distinction between DL-based JSCC and DL-enabled seman-
tic communications.

• The DL-based JSCC is a semantic-agnostic solution that jointly optimizes
the source compression and error correction by training an integrated NN
to improve the E2E system performance. Meanwhile, DL-enabled semantic
communications utilize NNs to learn critical semantic information from the
source and facilitate semantic transmission to convey the meaning of the
transmitter to the receiver.

• The JSCC architecture only considers the physical noise, whereas seman-
tic communications take into account both the physical noise and the
specific semantic impairments. Consequently, DL-enabled semantic commu-
nications incorporate the semantic impairment suppression module to miti-
gate the effects of semantic impairments.
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• JSCC has no SKBs. DL-enabled semantic communications synergize with
SKBs to ensure high semantic fidelity transmission.

SKBs are memorable knowledge network models that are intricately structured
and offer relevant semantic descriptions for data. As shown in Figure 1.7, SKBs
are divided into the transmitter SKB, the shared cloud SKB, and the receiver
SKB. In semantic communications, the semantic encoder produces the com-
pressed codestream based on the learning and inference algorithm, where the
transmitter SKB acts as a booster to accelerate the learning process and standardize
the optimal inference path by providing multi-level semantic knowledge vectors.
The description of propagation environments is shared between the transmitter
and the receiver based on the shared cloud SKB to facilitate high semantic fidelity
transmission. At the receiver, the resilient decoding mechanism is adopted to cali-
brate corrupted semantic features by sequentially incorporating received semantic
knowledge vectors from the highest level to the lowest level.
DL-enabled semantic communications for source reconstruction have proven

superior in tackling the performance bottlenecks of conventional communica-
tions. To achieve precise source reconstruction, the global semantic information
is extracted for transmission. To serve intelligent downstream tasks, only task-
related semantic features are extracted, while other irrelative features are ignored
to minimize the transmitted data. Besides, the produced data is not required to
exhibit precise alignment with the source data at the binary level, and it typically
diverges from the source. More details of DL-enabled semantic communications
and task-oriented semantic communications are introduced in Chapters 3 and 4,
respectively.

1.3 Semantic Communications for Further Networks

The previous 5G has rapidly changed the lifestyle of humans and given birth to
connected intelligence, which transforms society and industry into data-centric
and automated. In the era of 6G and beyond, it is anticipated that the trend will
be further enhanced. The fusion of digital and physical realities, combined with
intelligently interconnected systems, is fueling the upcoming technological inno-
vation. The necessary technological advancements for 6G and beyond are expected
to be more intelligent, more efficient, and more secure. The semantic communi-
cation paradigm is expected to play a crucial role in the 6G and beyond, as it can
provide amore efficient and intelligent way to transmit information. The semantic
communication paradigm can be used to reduce the amount of data transmitted,
improve the accuracy of the transmitted information, and enable more intelligent
communication between devices. In Section 1.3, we discuss the potential applica-
tions of semantic communications in the 6G and beyond.
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Semantic communications can support a wide range of 6G use cases as follow-
ing table,1 for example, multi-sense services, extended reality (XR), human-to-
machine communications, and so forth. What these use cases have in common
is intensive computation, accurate generation, and reliable communication. Due
to the paradigm of semantic communications, the integration between compu-
tation, communication, and generation can effectively support these use cases.
Take the XR as an example, virtual reality is generated by human interaction and
requires cooperation between the edge server and theuser’s device. In this case, the
semantic communications can extract the accurate semantics behind the human
language, then transmit the meanings to the edge, and finally receive the gener-
ated data, for example, three-dimensional (3D) scenarios, from the edge. Semantic
communications can reduce the data transmission and improve the accuracy of
generated data. Besides, semantic communications can also supportmulti-sensory
services, for example,multi-sensory holographic teleportation,multi-sensory hap-
tic communications for virtual and augmented reality, and multi-sensory affec-
tive computing. These services require the accurate transmission of the human
senses, for example, vision, hearing, and touch. Semantic communications can
extract the accurate semantics behind the human senses, then transmit the mean-
ings to the edge, and finally receive the generated data, for example, holographic
teleportation, haptic communications, and affective computing, from the edge.
Semantic communications can reduce data transmission and improve the user
experience. In addition, semantic communications can also support human-
centric AI, brain-to-computer interactions, and wireless robotics. These services
require the accurate transmission of the human’s intentions, for example, the com-
mands, the thoughts, and the actions. Semantic communications can extract the
accurate semantics behind the human’s intentions, then transmit the meanings to
the edge, and finally receive the generated data, for example, the AI support, the
brain–computer interactions, and the robotics, from the edge. Semantic commu-
nications can improve the accuracy of interactions.

Use Case Service

Multi-sense Services URLLCCC, Semantic

Multi-sensory and mobile immersive XR URLLCCC, Semantic

Multi-sensory holographic teleportation URLLCCC, Semantic

1 Machine Type Communications supporting Distributed Intelligence (MMTCCxDI);
Geographically Mobile Broadband (GeMBB); Ultra Reliable Low Latency Communications and
Computing (URLLCCC).
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Use Case Service

Multi-sensory haptic communications for vir-
tual and augmented reality

URLLCCC, Semantic

Multi-sensory affective computing URLLCCC, Semantic

Holographic communication & telepresence URLLCCC, Semantic

Remote XR education URLLCCC, Semantic

Consumption of digital experiences over physi-
cal products

URLLCCC, Semantic

Human-centric AI support URLLCCC, Semantic

Brain-to-computer interactions URLLCCC, Semantic

Wireless robotics MMTCCxDI, URLLCCC, Semantic

Sustainable connectivity & AI support MMTCCxDI, GeMBB, URLLCCC,
Semantic

Society 5.0 MMTCCxDI, GeMBB, URLLCCC,
Semantic

High precision manufacturing, remote moni-
toring & control

MMTCCxDI, GeMBB, URLLCCC,
Semantic

Intelligent disaster prediction MMTCCxDI, GeMBB, URLLCCC,
Semantic

Smart digital-twin environments MMTCCxDI, GeMBB, URLLCCC,
Semantic

Bidirectional intelligence intertwining (natural
and/or artificial)

Semantic
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